CHAPTER FIVE : METHODOLOGY

5.1 Introduction :c' ,

Two methods were developed in order to reach a conclusion a rts findings

by researchers, these includes qualitative and quantitative resear ualitative research

is empirical research where the data are not in the form of pum unch, 1998, p. 4).
Qualitative research is multimethod in focus, involvi inter e!ive, turalistic
approach to its subject matter. This means that qualitative researcher tu’dy'tlgjkﬁﬁ's in
their natural settings, attempting to make sense oﬂ%pre} en ena{?, erms of
the meanings people bring to them. Denzin mco , p. S(\('juantitative

0 ca);(igories, or in rank

order, or measured in units of measuEemen w7 iw a g{ncae used to construct

graphs and tables of raw data. Qu%’ ative res rchers aim ugastablish general laws of

“« Q-

behavior and phenomenon ac&\ erent setti /cont\a%?é. Research is used to test a
N

concept and ultimately ppg or reject it. ' §

In statistical analys'DcollecQ

ath @ys a significant part. The method of

collecting inforn@iiv' (!d into‘two d@nt sections, such as primary data and
i 2
secondary da% IS process um'ary(a%‘l‘é is assembling of data or information for

the first t!&v sec‘gn ary)a [ ﬁta that has been already gathered or collected

'

by others. "Bhe most cricial Va@lgl.e of primary data is it’s original and first-hand,

e

wm@, secondary data is the}rterpretation and analysis of the primary data.

This chapter explains the data and method used in this study (i.e. quantitative
gwj secondary data). The first section started by describing the data and its sources and

concluded with methods of the data collection. This section is followed by the
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explanation of the method followed in deriving the LCR and NSFR series in order to
conduct the empirical analysis. It also explains the data filtering technique and i

for sample selection. The subsequent section explained the software (i. \S‘EM
3.0) used to conduct the analysis and why the researcher chooses this s although
there is other software that can perform the same function. A brief explanation of the

model specification was made in the next section, and it is fol VM an explanation

of the data before as well as after the crisis period. The sec a|S(i explain various

equations used and their directions and it shows why a vari blw ‘study are
formative rather than reflective. Later the chapter W”E~ \l

sub-model and mediation effects used in the stu

of the multi-group analysis (MGA) methods,used"in tlv'? reSearch t Y:Jare Islamic

and conventional banks as well as bef n er the cr

5.1.1 Research Methodology E ,
The initial raw data SM or this r h includes annual financial data of
N
over 100 (including bot comimercial, devel n?er@rcultural and Industry) Islamic
and conventional Malaysianfbank dF erf:) m 2000 to 2016. The study period
was chosen bec@he m@ny of@ as prior to 2000, most data are not

N
reported (i.e.@\re iSsi )rl aﬁ-elgn)on, the sample is chosen to enable the

research rm‘i‘n a population®s characteristics by directly observing only a
or%ple

>

portio ) of th popula@ In order to conduct econometric analysis, the data

W, bsequently narrowed do}n to achieve a more homogeneous sample of 42 banks

m both conventional and Islamic banks operating in Malaysia (see Table 2.1 and 2.2
Ochapter 2). The sample was narrowed down because of two reasons. Firstly, there is

enough data quality for banks throughout the sample period. This comprises continuous
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observations of data series, which are essential for the investigation of dynamic effects.
At the same time, some banks disclosure does not allow a consistent calculation?ei(
and NSFR in all the sample periods. Nevertheless, since the study is con@ only
one country, the data are analogous with regards to banking cultu@&tradition,
geography and economy, and regulatory and political environment. S, aspects such
as system and country-specific control variables should be le M in the analysis
framework. Relatively, the limited sample may make it v iffi ultto draw definite
conclusions for the whole Malaysia or even the Sou ast Asiahan 9 sygiem.
Nonetheless, it allows the researcher to analyze the rch questio fctr @icam
and representative results towards the diverse a the Mdlaysi fina@'l market.

Other applied filtering criteria (see lﬂe\zl, fapan Ices) incl@\-&gnk size, the
structure of the asset criteria (the fin 'g%tivity of ank Qst be substantial),
and selected activity specializatior&jdefine \Ethi j(éonnect database. The
second condition is specifically. de s&ciali ina@ institutions like finance
or security companies and i %nt M@e bank is chosen, additional
criteria are applied to @: and TSF fir{an@ data are developed based on the

4 ¢ &
following guideli a'\(l) ce[t \n cogmntly available and (2) showcase

satisfactory qualitativesstan

oA

512 V and their Proxi &

& s
:s IS research, bank specif ic factors from the Fitch connect database is used.

T tabase provides annuahlnancial information for banks in over 200 countries
un

JQ€

the world. Fitch connects databased coverage is comprehensive in many

Ountries, whereby the data for banks cover for almost 90 percent of all bank’s assets

and Granularity of over 700 financial data points. Data on macroeconomic factors are
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acquired from various sources, including World Bank database, IMF and World
Economic Outlook.

The most critical factors analyzed in this research is liquidity which \Mially
introduced in chapter one and two. These ratios have been defined q ntly (see
Basel Committess on Banking Supervision, 2010) and the calculationSgrequire the; raw
balance sheet, maturity structures of banks deposits and fina iNivities, and off-
balance sheet data to reproduce both LCR and NSFR! rL?u.na ely, some data

elements required for LCR and NSFR calculations wer vailable. ample is a
X

breakdown of customer deposits into stable and %Ie components 4nc_i¥%n}(urity
V

profiles of bank deposits and financing activitiY@ e er,*ﬁ app@%ation of
appro

LCR and NSFR seems feasible. The follo a&li is ired Qé‘gt.ker-Robe &

Pazarbasioglu (2010) who derived t}‘@ time se na arable way and
Yaakub, et al (2017) who derived%LCRm oltowing the guidelines
.% 3
: 6

issued by Islamic Financial Se he ‘GQ/ ce Note on Quantitative
Measures for Liquidity Ri%gej stitu f& Offering Islamic Financial
Services Excluding Is% suranf‘ (Ta ;u‘l)*%ﬁtutions and Islamic Collective

d NS&&Q’f Islamic Banks in Malaysia (Islamic

Investment Scheme measurr

Financial Servir&B d(l
¢

anci é"e’rvices Board, 2015).

i
The idity Cove Rﬁti({_(JL R): This ratio measures the high-quality
NN
liquid agSe he I,the to&' net cash outflows. The main goal of Liquidity

CongRatio (LCR) isto er@sufﬁcient high-quality liquid assets for the banks to

& activities up to 30 days under severe stress conditions to meet short term

& itution-specific and systemic withdrawal. It also protects the bank from run on its

olesale liabilities, including secured funding. In order to obtain stock of high-quality

liquid assets held by a bank, the researcher multiplies the on-balance sheet accounting
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values by internationally set factor and consider the quality of each asset’s category.
Total net cash outflows are calculated by deducting total expected cash mflo

the total expected cash outflows for the next 30 days in the same pen@
aggregate of 75% of the total expected cash outflows in the specifie scenario
(outflows-min {inflows; 75 % of outflows}. Total expected cash outflews are obtained
through the multiplication of the outstanding on- and off-balanc et commitments
by the rates at which they are expected to run off or drawn mr 'he next 30 days

under stress, individual or systemic conditions. Tab an appendlx

summarized the factors used to calculate LCR an@gwde by aia@ data
in the bank's database and other researches (Ya?; al,, 201
Net Stable Funding Ratio (NSF tio

S ‘T
funding (Basel Committee on Bank\@wvlsmn

able @quwed stable

). '@ Available Stable

Funding (ASF) is a weighted sum |n sou t)q':fo their stable features.
N

Similarly, the Required Stable (R ) is @ weig Ig‘?sum of uses of funding

sources according to their li I eag e required amount of stable

funding, specific RSF % appll to e a{ss the on-balance sheet assets and

liabilities and the @nce sr g:wr denotes the percentage or amount
I

of the exposure that sheuld 'ed b Ie funding: higher liquid asset has lower

RSF factor. e 3 in he x ides a summary of ASF and RSF factors
\

applled researc pre a simplified version of Basel Committee on

uperV|S|on (2010) r{&g in line with the method applied in Otker-Robe &

|0qu (2010), supported based on the financial data available in the database.

Q The bank specific factors and macroeconomic factors use for this research are
ategorized into eight. First is the capital adequacy ratios measured by equity to total

assets (Mohd Amin, et al. 2017) and equity over net loans (Ghenimi , & Omri 2015).
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Second factors are variables that show the quality of the assets held by the banks; these
include; growth of gross loans and Loan Loss Provision (Dietrich, 2014). Third?ﬂs
are the variables that show the management efficiency, these are, overhe total
assets (Dietrich, 2014), total expenses over total revenue (Said e,F;QOOS) and
personnel expenses over net income. Fourth factors are the variableWmeasure the
bank’s earnings; these are; non-interest share, interest ear 'nm and operating
income over average total assets (Dietrich, 2014). The fifth r%.m li’ue variables that

show the credit risk which is the ratio of risk-weighted%assets dkb%nce-sheet

"X
activities divided by assets ( Horvath et al. 2016) and ixth factors are ‘hg@ables

that measure the concentration in which HHI i n@ cent.@zan risk as
used by Horvath et al. (2016). As for the facr onosTic ependég‘/;riables, the
research employed factors such as atiop, GDP ¢ a@SDP per Capital
(Dietrich, 2014). These independen%bles are asur. a%gainst liquidity (LCR

N
and NSFR) as dependent vari% V\ﬁuile i the se(é?d and third steps, these

N‘@erest Margin and Z score as

dependent variables u EMa h. ! Q’
)
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Table 5. 1: Measurement of Bank Specific Factors and Macroeconomic Factors

No. Variables Proxies/ltems Description (Items) Fac
1 Capital Adequacy Ratio 1. EQNL and 1. Equity over total assets (in %) and nk-Specific factor
2. EQTA 2. Equity to net loans (in %) Bxpz
2 Assets Quality 1. GGL, 1. Annual growth of Gross loans (in -Specific factor
2. RILIL and %),
3. CRISK 2. Reserves for Impaired Lo
Impaired Loans and
3. Risk-weighted assets and
balance-sheet activities divided
assets
3. Management Efficiency 1. TE/TR, 1.Total Expense over Total Revenue Bank-Specific factor
2. PE/NI and 2. Personnel Expenses Net
3. OHITA income and
3. Overhead over To S
4 Earnings Quality 1.NI/GR. 1.Total non-int me over, total nk-Specific factor
2. Ol/AS and income (in %),
3. IER 2. Operating i etotal = X~
assets. ' L}
3. Net Int 3 %
5 Inflation Inf. Yearly avera ro Factor
6 Gross Domestic Products 1. GDPC, and 1. GDP \ﬁzzro factor
2. GDPG 2. yearly real GD Yz‘
7 Concentration Risk CON Herfindal i Bank-specific factor
8 Liquidity 1. LCR and . LCRAS defi tal o }ﬁ Bank-Specific factor
2. NSFR ity liquid as ided tal
utflows; thegratios are, defined
based o g Weight shown in
%{Zable 3oft %di aﬂgd\&
. e netk}i a bank’s
'u%( SF) divided
dﬁ unding (RSF)
\ SF are calculated
as g weights shown in
Ap r 3
9 Profitability 1 oﬂ'@er average® total assets  Profitability Factor
] “@e')z ;
NIM \ . Net( profits over average® total
l equity.(in %) and
& 3. terest income divided by total
erage® assets (in %),
10 :' %& (E/A)/ Zroa Insolvency Factor

O

Insolvency Risk C\scoy P
‘

rep

is called “financing revenue’ and ‘int

N
%\ample Data

value.

a. Average ing and end of ye
Note: Gir. e (2004); ir anks: ans’ are identified as financing activities, ‘interest income’

expenses’ are labeled as ‘financing expenses.’

Out of the entire sample, incomplete records were excluded from the data

analyzed, also non- financial institutions such as manufacturing companies, insurance
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companies and investment companies, which generally have different characteristics
from the banks, and are not subject to any regulatory requirements (e.g., the mw
capital required) have also been excluded. The final sample consists of 13,@&5. . 561
banks year samples) banks year observations (from 2000-2016) which WA@Vided into
7 subsamples. The subsamples for Islamic and conventional banks are 4§196 (222 banks

year samples) and 9,632 (339 banks year samples) baqks r observations,

respectively. On the other and, the subsamples for Islami befTre and after the
crisis are 1,135 (49 banks year samples) and 3,0 24 nw‘samples)
respectively, while subsample of conventional ban ore and a t’ne @Yare
4,780 (195 banks year samples) and 4,852 (19 e% respr@-ﬁely. The

study has 10 constructs (Latent and Obsw arial")Ies r 21.i Y;tors whose

proxies have been indicated in table S.W hese 10c uct %e latent variables

because they includes more than 1 ie%while 2 \mw [ rx@“d insolvency risk) are
A N
t%l Rave wl iteté%easurement.

consider as obserble variables

N

5.1.4 Data Analysis oftw' I §
i : (
A unique bank specific fach aB.r nomic factors of a bank’s liquidity
in the risk-retum‘a&e- ff

proxies canm@j resénted
This res@mloycgd he app a@{DLS-SEM in the Smart PLS 3 software, which
4
ly"and c

practi onceptually m@-é combination of both multiple regressions and

Lce S oft\ bserved non-directly. The accounting

i}ély feg(é)ach of the factors that determine liquidity.

/)

ect of mediation on the model, the PLS can be used to handle the model since the

C.-)
p:i?%l component analysis(%A). As one of the main contribution of this study is
e

Qective of the research is for the prediction and concept development in the liquidity,

profitability and insolvency risks.
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5.1.5 Methodology and Model Specification

As illustrated in the Conceptual Framework Model Figures 4.2 and ? of

chapter four, the research is analyzed in three steps. Step one, an inve how
é&o

bank and macroeconomic factors ( exogenous variables) affect the level fitability
and insolvency risks (endogenous variables) , which is called as “ Step two,
analyzed bank specific factors and macroeconomic factor on the level of
liquidity (X on M). Step three analyzed the impact of liq n b*ks profitability
and insolvency risks (M on Y). It should be noted that the le media rgcea%was
carried out simultaneously using PLS-SEM soft aIIy the Ana‘i)(c'sbd the
mediating effects of liquidity between the reI ip ban emﬂ&&gtors and

macroeconomic factors of profitability an ncy ?ffk. ed omﬁ\s the research

broadly explains banks’ profitability ude scopes of @ditional financial

performance in addition to macr ‘ﬂntlal f d r@ency risks measured
through equity plus ROA di y th stand d“de i n of the ROA (Vander
Vennet, 1996; and De Haa yt On% sample of banks is identified,
the researcher analyze%’Y:e statisti f‘a Q |gn|f|cant differences across the
factors between t rouqs4 mpreh%&sfve explanation of the bank specific
factors and ma con |c ?n3|d red in this study is included in table 5.1.
5. aI eb} e- S ctural Equation Modelling
Aﬂh section, the conc I structure of the research is presented to serve as

a Nne of how and why the research was performed using Partial Least Squares
, hereafter), which is a variance-based Structural Equation Modelling (SEM,
reafter) approach. An explanation of the characteristics of PLS-SEM using the

4 |slamic and Conventional banks
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formative measurement model, PLS path model assessment, sources and types of
information, sampling procedure and techniques to collect and analyze data are

In recent years, partial least squares (PLS) path modeling @ome
increasingly attractive in different disciplines (Hair et al., 2012a, b; H ., 2012a,
Henseler etal., 2009; Lee etal., 2011; Ringle et al., 2012; Sosik et al., 9 and Roemer
E. (2016). Despite the increasing number of publications (Hal%:l\'héomx relatively

few researchers have used PLS in their studies so far. Som able e*eptions are, for

example, Jacobs et al. (2011), Johnson et al. (2006) or s et al. Wnd Ramli

@

changes in technologies nowadays enable us

example, online survey tools enable resear

Callegaro et al., 2014). As another ¢ le-:>c

continuously collected in e-comrr@b(Turban\al_\e_g.
a% Sompani

currently challenges many res

for methods and tools to an%ch I olumb :
The need to an ks andicom ni'es%bntitative data also holds true for
’ 4 ¢ &
phenomena in industrial manﬁeﬁﬁnd finﬁéeﬂhat are more complex in nature and
require specifi(w h desi ialssett‘g"PaaviIainen-Mantymaki, 2013; Van de
¢
Ven, 1992 %Wli, 2014 r&altrgja (i) academician/ researchers are interested

NN
to knov% act of P inter@ and external factors that drives the company’s

Y-
perfﬂ&ce (Ramli 2014) (ii@tﬁstrial managers are interested in understanding and

p %g the adoption of new integrated service solutions over time (Davies et al.,

; and Ulaga & Loveland, 2014). Or, (iii), industrial managers strive after
nderstanding and predicting the creation of value in business relationships at different

stages of the relationship lifecycle (Eggert et al., 2006).
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The analysis of unobservable, complex variables such as ‘“adoption” or
“relationship value” over time as well as related causal relationships requires aw
methods. In this case, researches turn toward structural equation mod@EM)
techniques instead of regression analyses to incorporate unobse variables
(subsequently termed constructs, see Rigdon, 2012) that are indirmeasured by
indicators (Hair et al., 2014; and Mooi & Sarstedt, 2011). Re aMhave the option
to choose between covariance-based SEM, represented by Y:n' variance-based
SEM, with PLS path modeling as the most prominent od ( ewal., 2009;

procedur obl&ﬁggz:sed

Mooi & Sarstedt, 2011). The choice of the appropriat

on its methodological characteristics (Hair et al ., 2009).

),
appnéhate to analyze
avo@f% methodological

Shea & Howell, 2000). Espeei PLSﬂ path modelﬂig') gives researchers and

\m &/
practitioners the possibility%g ict[ strugts (I—@t al., 2011; Henseler et al.,
2009). Second, model@ it kly

4 b o @
shall be analyzed i panies/t)\ﬁ*qu ntita% ata. This is due to the larger number

iffer ints in time and the respective effects

ity qu ncn‘eas@'when development and change

of constructs that are“meas

i
¢
between tho %truct (s oﬂ'o s“oz et al., 2006). PLS path modeling is highly
NN
suitable% with Pplex odels (e.g., Fornell, 1982; Fornell & Cha, 1994;
L 9

Wolg&S). Third, sample si@.’an become quite small (see also Jones et al., 2002),

f ple, due to panel attrition (e.g., Frees, 2004; Laurie, 2008). This argument
& mes even more severe, if the studies are conducted in areas of research in which
e sample sizes are notoriously small, such as industrial market research (e.g., Slater

& Narver, 2000). PLS path modeling is particularly appropriate in case of small sample
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sizes ( Henseler et al., 2009) as well as the large sample size (Ramli. 2014). For these
reasons, PLS has already been used in some papers for some research de&gr?g
Hennig-Thurau et al., 2006; Jacobs et al., 2011; Johnson et al., 2006; Jone ,2002;
Shea & Howell, 2000; and Ramli 2014). However, the way how data ﬁ;gated how

PLS models are built and how additional analyses enrich PLS pat%nalyses varies

¥,

Structural equation modeling (SEM) includés,a diverse; set r?atﬁga)gﬁcal

significantly between those papers.

5.2.1 Benefits of using PLS — SEM

models, computer algorithms, and statistical metho at fit ‘Qet orks of c@ructs to

\'h-natory é{&br analysis,

data (Haenlein & Kaplan, 2004). SEM incides

confirmatory composite analysis, p h@(s, p

modeling, and latent growth modell Kl NQ\IrT or&paper by Division of
Statistics and Scientific Computati vew y of Tgxas %{-@}stin in 2012; among the
top reasons the researchers us & hich th |t§3‘fvﬁ language is because of its

N
ability to fairly use sgme stfingent s I'aswb‘%ﬁions. SEM has a number of
attractive virtues which mc&ies "C}Q
- Assumpti@r @aﬂstm’\%&nalyses are clear and testable, giving
N
the m@ /4 an&—g tentially furthering understanding of the

/q

& ol s
- cal interface Sogjg; boosts creativity and facilitates rapid model
N\

debugging (a feature limited to selected SEM software packages).

0‘% SEM programs provide overall tests of model fit and individual parameter

estimate tests simultaneously.
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- Regression coefficients, means, and variances may be compared

simultaneously, even across multiple between-subjects’ groups. Yv
- Measurement and confirmatory factor analysis models can be u@}mrge
errors, making estimated relationships among latent variables | aminated

by measurement error. ?
- Ability to fit non-standard models, including erxiEIe\Mdling the data,

databases with autocorrelated error structures riesl analysis), and
databases with non-normally distributed variableS'and inc mWa.
‘X
- This last feature of SEM is its most attractive ity. SEM pr 'dﬂs @Tying

framework under which numerous lin els{ it using flexible,

powerful software. c}, oa é\v

&
5.2.2 PLS-SEM vs Traditional ReM M@ _\O
N

Ramli (2014). examines capital s%tae determin t?u{s'{n}'a simultaneous causal
7]
model with interaction effectM en man nd Iﬂéﬁf variables over the period
N
i& PLS-S @ssion analysis, the following

<

1990 to 2010. In compar M sys

superiority of PLS SE& tradnjé grégtfsbs were observed by the researcher.

First, the stand@s O@EM X icients are smaller than those from
u

regression an@} hus, the R ‘Sé Its are preferable because of their smaller
standard Q‘me re
L

involves several individual regre@ﬁs whereas PLS-SEM is a simultaneous approach.

on for the ~éhperiority might be because regression analysis
I Mci et al. (2007, p.146)$te that “fitting components of models simultaneously

ways statistically superior to doing so in a piece-meal fashion....”, and they argue
dt a simultaneous approach produces more consistent estimates that are closer to the

true values. Thus, the powerful simultaneous approach might have been able to reduce
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standard errors. Second, the significant t-values for testing the effects of mediation in
PLS-SEMs appear to be consistent. These results demonstrate the power of PL?EWA
over regression analysis in determining the presence of mediation even@mple
model. The results from regression analysis show inconsistent signific timates.

In sum, the choice between regression and PLS-SEM matters even with the simplest
scenarios per item for each of the constructs. PLS-SEM _is m beneficial for
researchers because of its convenience to knowing all 'Km diation effects.

Because, one is more likely to spot whether there is medration by Io‘o‘k«agdthe model

diagram rather than the regression approach that need

In addition, this study supports lacobucci et

ooz{ LS-SEM
op tio tI’UCtLI.@YE;I‘aCteI’IStICS

and finally be more convincing and re&@h simulta S st@ﬁtal estimations.

estimates tend to be true and close to the W

5.2.3 Formative Measurement ons uc 0}&

In PLS-SEM, there aN) easure consﬁ& called as “formative” and

“refective”. In a form gstruct, 4 e in cqto@se the construct, whereas in a

more conventional Iatent anabl{ efimés, called reflective constructs, the

indicators are ca&y he h@mble@ term for the formative construct is a
"cause indlc o o @fl’ldl " which represent the same meaning.
ed'th

Format CtI}C Icul .aéﬁ‘multlple regression analysis. For example, if

C%‘

the "S |o onomic Status (SFQY]S modeled as a formative indicator (cause), then
n be defined by a comb| ation of formative indicators such as income, home
nershlp qualification of a professional certificate, and the prestige of occupation. If
erson finishes his professional certificate in a university, SES will probably increase

even if the salary, occupation and house ownership stay the same.
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This differs from the reflective construct that a higher degree of SES does not
imply that a person’s salary increased, gets a new house property, finlshesvr
professional tertiary education and better job position all at the same time. @these
events itself may be sufficient. Thus, the concept of causal indicators nﬂ&oosmvely
correlated, negatively correlated or not be correlated. MacKenzie eWOOS) claim:

“Dropping a measure from a formative-indicator model may Qmit ique part of the

conceptual domain and change the meaning of the variables¥eecause tre construct is a
composite of all the indicators. This means that the truct fis ted Imear
combination of all its indicators measured. Rem the inco |r]d.® can
eliminate an important item that contributes to S, nsé ssess\%' the error
term at the indicator level, it would acco the nstru eIf Besides,
internal consistency and reliability ev. |o re not ess ial |f is more than one

formative indicator.

The mathematical repr%w of tﬂe equation |2$
Yi=yiy1+ y2ye.. Y.I, + yayn + C1 $ (Eq. 2)
- ' - -

/

where Yi denotes the L enotesdhe i c,atg(s/ termining the LV rather than the
inverse (i.e.,, y1 ; y2,|ho\\/nersb@(;§/s educational qualification; ya,

occupational

denotes t xpe&eﬁ to be the effect of Y1 on Y1. The associated

? qs m@rement errors for the Yi (LV), and vyi1

mntﬁ
coeffieie r this rel onﬁlp ||’RPLS -SEM are referred to as the outer weight. The

owa assumes that Y1 and Y& are deviation scores, COV (Yi,c1). 0 for all i, and E

g = 0(Bollen & Lennox, 1991). The formative equation is considered regression
duations. Note that in equation 2, y is the explanatory variable and the LV () is the

dependent variable.
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5.2.4 Reasons for Choosing Formative Construct in this Study

Formative indicators are an integral part of the construct, as such, it q:se's
creation, and it can change the construct direction when any of it is remo @ered.
Since the correlation between formative indicators is low, it is unnec$o test the

reliability of measurement items, and a high level of internal consisteng is not required

(Bollen & Lennox, 1991; Chin, 1998). However, the resvﬁs the Variance

Inflation Factor (VIF) to test the multicollinearity for varilables under the
formative measurement model. ‘\d, NS

N
Furthermore, according to Rodgers & Guirals(2011), all ¢ ralem{t omes,

4 r

including financial performance and customer tiony.are ified*as formative
indicators variables. Based on this, corpora orm‘ﬁTce ., bafik’s liquidity and
% &
profitability) measurement has tow with th orm@ procedures for
A
measurement (Fornell, 1982). Th%dy a'ﬁ}&t (uidity and profitability

0 e,
evaluation using formative % IS more a r(‘j'pri@hat will narrow the gap
between academia and pr nd j gai creo@luty because it allows for the

determination of the w% ;ub-in(i; #j}(j@l relationships. Accordingly, this

research employz& matlvf i or to ée)ss the liquidity and performance of
banks in Mala hrough medh It sh@ be noted that, in this research both latent
N ,\f’?’i &

and obser\w ableg are-employed. If there are more than one item for a particular

N
constru ep it wil‘r ent v le (i.e. Bank profitability). But, if there is only

on&r particular construs&men it will be observable variable (example, inflation).

0% The Structural Sub-Model

The structural sub-model between the path coefficients of the construct, X, M,

and Y are the construct (LVs) that relate the exogenous variable (X) and the endogenous
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variable (Y). However, “M” can be exogenous to the endogenous “Y” and endogenous
to exogenous X. The exogenous variable is used to describe the construct (LV) Tﬂn
never be the dependent variable; exogenous variables are not involv@ any
structural path relationships pointing to them. The endogenous variaﬂ'l;ggenerated
within the model; the value of the variable is changed (determined) Dy one functional
relationship in the model. In short, the construct is explained b othe\donstructs via the

structural model relationships. The structural sub-model (f;\lly IS given in

equation 3: .\d
@

Y =Bo+ X +BPM +¢ l(l;@
where Y is the endogenous variable,yBuis. the @ IX of\‘ﬁgression
coefficients to the vector of exogenous variables anduﬁ\d, and ¢ is tl@zs:dual for the

structural equation model (inner mode&%&ample, in tud@ path coefficient

relationship "a" is between the bar(;ﬁcific fac Wj qe{éeconomic factors (X)
N

and bank’s liquidity (M). The p icien? relatienship @s between bank liquidity

&
(M) and profitability and irﬁxy:ve rir d th@x coefficient relationship "c"
is between the bank%| f

profitability and in Wy rislts
g&e

the direct relatim\ ; banb?‘e’cific factors and macroeconomic factors
[

actor
4

an ‘r_n'ao@onomic factors (X) and bank

nk liquidity (M) is assumed to be mediated by

(X) and ban Itability and i olﬁan@%},sks(Y)."Mediated" means the third variable

NN
(M), th«% uidity, ?mes ﬁ&hanges in the relationships between X and Y.

X

2 Autocorrelationségt

O/‘Q\ocorrelation is a mathematical representation of the degree of similarity between a

en time series and a lagged version of itself over successive time intervals. It is the

same as calculating the correlation between two different time series, except
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autocorrelation uses the same time series twice: once in its original form and once
lagged one or more time periods. Though as explained in section 5.2.1 above, tYEG
SEM has the ability to handle autocorrelation issues, however, in ord(ﬁ\rther
confirm that the data is accurate, prior to the running the analysis, research
conducted an autocorrelation to find out whether the data haS¢suffered from
autocorrelation. The Durbin Watson (DW) statistic is a test f errelation in the
residuals from a statistical regression analysis. The Durbin X;afstic will always
have a value between 0 and 4. A value of 2.0 means thagthere fis w?rrelation
icate pasitiv ub@zion
correldti cccq@g to the

alu fabo@wvhich means
no autocorrelation is detected in the sawae appendi or a@)rrelaﬁon tests at

detected in the sample. Values from O to less than 2

and values from from 2 to 4 indicate negati

s

Heteroscedasticity means u tter on @I distribution). In regression
analysis, the researchers taDabo e'te

U&K edg ICity in the context of the residuals or
error term. Speci&uz\,ete Lce |city'\
residuals ove@gfjf me %d'va . An important assumption assumed by the

classical iQ!gressi
4
t

Whenéwer assumption is

ystematic change in the spread of the

madelis thatthe error term should be homogeneous in nature.

<

io,@@, then one can assume that heteroscedasticity has
N
0 w In the data. In section'5.2.1 above, the researcher shows the SEM has the
‘%to handle any non normality in the data. However, in order to further confirm
Ot the data does not suffer from heteroskedasticity issues, SPSS software is used

through graph plot to examine whether the error terms are normally distributed (i.e. no
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heteroskedasticity is found in the sample). The plotted graph shows the error terms are
homoscedastic (i.e. are normally distributed), thus, the reseach concluded t?me

sample did not suffered from any heteroskedasticity issues (see app@g}: for

heteroskedasticity tests at the bottom of the thesis). &
5,5 Chow Test (Stability/Structural Break of «.& Test)
The Chow test tells if the regression coefficients are for split data sets.
Basically, it tests whether one regression line or two s regresw best fit a
O
split set of data.
.\

Sometimes data will have a break point or structur oint (@ périod of si ggrrflcant or

violent change), splitting a data set into two arts or ex % E\T

« Donations given to an orgamz&3 re an
o Stock market prices before and afterBlac ridY
» House prices before and after a signifi intere tcl&@’e.

e Asset prices before ank

N
The d % the left has smg]g'regressmn line. The set on the right has a break
p in t e middle and two re}essmn lines.
wo parts can be represented by one single regression line, it can be said that the

ress1on can be “pooled.” Let’s say the linear regression analysis of two parts of a
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https://www.statisticshowto.com/wp-content/uploads/2016/10/chow-test.png

data set (shown on the right above) resulted in the following two linear regression

equations:

« First part of the data: yt = X1*b1 + (,}
e Second part of the data: yt = Xo*b2 + p2 A
The Chow test would tell if the coefficients b1 = by and pl = po. If Yﬁﬁe equal, the

data set can be represented with a single regression line.

Procedure for Running the Test ?

The null hypothesis for the test is that there is no bre (ie. t tthe ta set can

be represented with a single regression line). The following pro edu |s foI din

s
order to run the Chow test successfully: T
1. Run a regression for the entire data se (the regr Bﬁ”) Collect

the error Sum of Squares data. c\, °\

2. Run separate regressions on e aI f the data Col@ he Error Sum of

Squares data for the two regr ssmn
3. Calculate the Chow F statls( us t Iea &tlbsample. The formula
(RSS, —(RSS, + RSS,))/ k
CHOW =

(RSS, + RS 5,) (\1 N, -2k)
is:

where: h‘ \,‘ZEJ.‘IQ)
« RS WIed(':o ) regression line.

-critical value fro F-table.
4
he null h othﬁ Nzrh calculated F-value fallsmto the rejection region
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https://www.statisticshowto.com/probability-and-statistics/statistics-definitions/what-is-a-regression-equation/
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https://www.statisticshowto.com/probability-and-statistics/hypothesis-testing/support-or-reject-null-hypothesis/
https://www.statisticshowto.com/wp-content/uploads/2016/10/chow-test-formula.png

5.5.1 Rationale for Pooling and Separating the Data in this Study

In order to confirm whether there is a stability or structural break in the diKRno't,

Chow (Stability/Structural break) test for 17 years’ time series data was S(%

the results shows there is no structural breaks in the data as F test Is Statistically

ed and

significant (i.e. F test =7.65, and p. value = 0.0058). This suggests pog'ng the data for
17 years (the procedure followed to conduct the F tests is explai ove and the Stata
software was used to run the test). However, since accordi e stL'dy by Sulaiman

& Abdul Basit (2017), the 2008 financial crisis significantlyaimpacts ea per&_are

share price and deposit lending ratio of Malaysm@—(owe r, thkc@ld not

measure the other factors (i.e. liquidity and oth tabl m es). 'Fleresearch
closes this gap by separating the data be M and i rs pooled data)
&g NI
and use other factors not used by other or th@e-crlsw confirmed
A
that between 2000-2008 there w ruct f r'fhe data (suggesting the
0

pooled data in these 8 years i ay the F tes rﬂj p e are 16.32 and 0.0001

respectively. This means Jectet e3|s in favour of alternate

hypothesis. On the othw, the p cri ‘n data (i.e. 2009-2016) also shows
no sign of any str &ﬁ&break‘s in ata est and p value are 3.72 and 0.0546
respectively. In mary, t finding’ shows this study can either pooled the
pectively. In‘sumary, e~ test 0@ y p
sample for Q a can se@te between pre and post crisis and pooled the
data in w egor f < $
\/

5 B\Structural Break Tes%for Pooling 17 year and 8 year- Period

der to address the above issues, a Chow test was conducted. The Chow test tells if
e regression coefficients are different for split data sets. Basically, it tests whether one

regression line or two separate regression lines best fit a split set of data. Sometimes the
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data will have a break point or structural point (a period of significant or violent change),
in this research, since other researches shows 2008 financial crisis negatively a?!!d
Malaysian banking sector (Sulaiman & Andulbasit 2017), splitting data{e}s two
parts (i.e. before and after the crisis period) is feasible. After splitting for both

17 and 8 years, the F test (i.e. 7.65, 3.72 and 16.32) shows that therQs no structural

break in the data. Accordingly, this justify either pooling QE seE ting the data is

5.5.3 Separating the Data Between Islamic and Gonvention BN‘ X~
| &
Unlike the PLS-MGA findings for pre and post crisi eriod‘,t P -MGQ. indings
Y
\aciables a5~ significant

difference between Islamic and Conv@ks, uld
the data in order to know the overall effect o vaST S i_nkeach banking sector.
% A
Fortunately, after separating the dataytheresylts of th slam'n%?anks significantly differ
Pl
a

feasible in all the cases.

between Islamic and conventional banks sho%d )

that, (J{e study separated

[/}
accor , the Etédmmendations made in the

N
thesis for each bankin ate&y differ,. Fur. eqm@e Chow test which is the tests
nom/

developed in order to k hethe@ ing fﬁe‘jata IS appropriate or also separating

the data will giv@nfo atio conw@}d using the stata software. The results

N

indicated that@ng /wedat ;Ubl ore information as F test (Chow test shows

an insign'&!’dlue}i. b
S

from that of conventional ba

1.4%,.P-value =0.2266). This means we failed to reject

the n hesis. So, there iz._;gfructural break when the data is pooled. This also
J ied the reasons why the\research further done an analysis for Islamic and

onventional banks separately.
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5.6 Mediation Effect

Testing the causal and indirect effects such as mediation has been o@n
marketing, social science, psychology, sociology, and education. H \Ls those
effects are notable exceptions in the finance field because only rec$t became
increasingly vital to examine the direct and indirect/mediation effe&:].determining

the relationships (see De Jong et al., 2008; Ramadhan et al., As stated earlier,

fluence an outcome

variable (Y) through a mediating variable (M). In short, thedigclus onMd angble
N
clarifies the effect of the relationship of two var@e., the jpredi or’()Qt%d the

outcome variable (). The mediation relationsh ists Wh@ i variah‘}gplays an

essential role in governing the relationtwwee other twé}ariables. The

or c@ the Y variable?".

mediation is a set of causal hypotheses. The predictor (X)

commonly asked question is, "Does th

However, this simple question cou &? bey@hi';\t
? @

as "how" or "why" X causes Y IS where the d'ﬂ/arj.% (mediator) plays its role.

A mediator variable explai \elati nshi twe@a predictor X and an outcome
(

(Y). For example, a Ia% k size baﬁ‘;h% ks to generate higher returns on

N acce the money market and other short-

&

car@'a proxy for predictor X, the return can be

)

a proxy forseutcome Y and nding market (liquidity) can be a proxy for mediator
nAES
variabl% ‘o’
3
NS

5 Nypology of Mediation
% Understanding the typology of mediation and non-mediation as proposed by

hao et al. (2010) and Rucker et al. (2011), cited by Ramli (2014), can be helpful in the

S .
@Je complex issues such
oy

%

discussion for the mediation effects.
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“A typology of mediation is as follows:

i.  Complementary mediation: the indirect effect (path: a x b) an?!‘
effect (path c) both significant and the signs are pointing@}same
direction. For example, the three path coefficients % X C are
significant, and multiplying the three coefficients re&'n a positive
number.

ii.  Competitive mediation: the indirect effect ( . ib) nd direct effect

(path c) both are significant, and the sighyis poi t| e opposne
direction. For example, the three oefficient >‘b 6«} are
significant and multiplying the eff ent negatlve

Its
AV &
iii.  Indirect-only medlatlom irect effec th: 4(b) significant, but

the direct effect (pat not S|g

number. o\

-so

\
iv.  Direct-only no o he indirect Q%Et (path: a x b) is not

<</
significant,&t& we]! ath |gn|f|cant;
V. No-effe% ediation: ne eF ndlrect nor the direct effect is

sign nt.” %

ha Ru@ét al. 2011, as cited by Ramli 2014.

P

O
5.6.2 B |ng
%{ "v)f- =

apping is the final procedure to obtain the significant value of the t-

S cs for the path relatio§|)ips in the structural sub-model. This procedure is
ucted after the measurement model has been estimated through the PLS-SEM
orlthms iterative procedures (if the research variables use reflective constructs).

However, even though this study uses formative variables, but it still used the VIF to
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measure the multicollinearity. Bootstrapping is claimed to be a powerful method to test
hypotheses about causal and indirect/mediating variable effects (Bollen & Stin

Hayes, 2009; Mackinnon et al., 2004; Shrout & Bolger, 2002). Boots is a
process that repeatedly resamples the distribution by treating the&*g size as
mimicking the original sampling process to obtain the standard erw hypothesis
testing. This sampling is conducted many times with replacement to'a'total k, which is
a large number, e.g., 1000, 2000 or 5000, to construct rr?.sa'nple. Then, the

estimation of the significance test is done from the bootstrag . sample WEM (Hair
®

deviation for each model parameter that acts as
Bootstrapping analysis enables a statistical

is zero (the null hypothesis) as oppos %&oefficien q zero (alternative

hypothesis). Chin (1998) proposes %t statist|\ror$’ : ,QE}: S:("—W) where: temp is
0 S
the empirical t-value, wis the al PLS.estimate 6f acﬁnain path coefficient, and

se(w) is the bootstrapping va?‘l estln ard efror. Thessignificance test estimates are

claimed to perfectly su%LS-SEﬁA
@
5.6.3 N@up@ <$

O
\) o L (O | |
u aflyms d’adv&ﬁbe in PLS for group comparison. The multi-

e@h coefficients estimate between two or more

!
ec que( retal., 2017).
L

data. Heterogeneity occurs when two or more group of samples reveal

ificant differences in the model, i.e., countries, culture and gender. In PLS-SEM,

S
air et al. (2017) state that the categorical variables such as gender or country are called

moderator variables. This means that it is assumed that there is a categorical variable
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(moderator) that influences the relationships in the PLS-SEM model. Note that
according to Baron & Kenny (1986), the moderator variable (a qualitative variaw
as sex, class, race, group or sector, or a quantitative variable such as @el of
incentive) can affect the direction or strength of the independent- ictor- and
dependent — criterion relationship (Henseler & Chin, 2010)-. In PLS,Wnpossible to
test a group comparison on a global criterion. Nevertheless, i is\G!&ble to compare
two group path coefficients at a time. Meaning that the e LYpol.iff rences between

groups can be examined. In this study, the different mechamisms nWhe impact

oy
n be revea b)lﬂ&%dels’

S % : T@Bpulation

be Iogipo ized q@'g;ntly for two
sample populations: B (1) # B (2). In @, the sam op@(bns are from two

different bank categories operated laysia, \ls%m ,qﬁ\d' conventional banks,

N
and before and after the ZOO%iaI is st@ examines whether the

relationship between the n

profitability and insol Ks i
£
coefficients. The P S.%GA a[}o:c IS as f(gm!s: first, the subsamples are analyzed
separately, andathe tstr ' es C‘ré.%sed to test the hypotheses for group
¢

differences.i ondly, the pa e{aré?i%ates for the two subsamples, i.e., a path
d

N
coefﬁci%
dete&

B,Aa ftand error for both path parameters, i.e., s.e. and s.e.
the test statistics. '@t’est-statistics should consider whether the standard

on banks' profitability and insolvency risks and liquid

comparative results of the path estimators acr

parameter 3 in the multi-group analysis (M

e tween the two subgroups’ path estimators are equal. If they are not, Chin (2000)

@ s that the t-test is computed as follows:
t= pathOsample 1—PathBsample 2

0-)
(n [€D)

(2) -
se (p(1)2+ (n o (2; ) se (p(2)2
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Where 6 is the path coefficient for group one (Islamic banks or pre crisis
period), (6 @) is the path coefficient for group two (conventional banks or after t?wﬁs
period). se(p ) is the standard error coefficient for group one (Islamic bar@efore
the crisis period), and se(p®) is the standard error coefficient oup two
(conventional banks or after the crisis period). n® and n® arWnumber of
observations in group 1 and 2. This test assumes that th vMes between the
subsamples are different (which is called invariance), whi eYe.

d 0,1 the parametric

approach from the two subsamples after the data has beemsplit. T isWh uses the

_ Ay
re-sampling procedure for the standard errors from 0 sample t’le fg tural
path coefficients obtained from the bootstrappi ss thatis aIIyQJXTuated by

Yu
Chin’s (1998) model. \, o\ é\
e o
5.7 Summary of the ChapteN

(g \5 /(\

This chapter has outlined tE argh metho olog@d model used to test all
7]

the hypotheses and to satisfy esearch objeetives fo,[ﬁfé study. The chapter started

N
with the introductory @%on of qlalita € a@ntitative methods of research.

In addition, the chapter disetissed e" andr ethods followed to elicit the data,

in this sense the @xpl !1 thejgeriod fq/ he study (i.e. 2000-2016). The chapter

N

also explainew}etai 10 s’ﬂ'nd(a%'{ndicators used for the analysis for data.
Accord@!ch?)tprﬂe d PLS SEM software is suitable for the data

' 4

analysis, of'the LVs developed c"J,_)ijz.ﬁis research, however, before such an analysis is
p Med, an econometrics is&s (i.e. autocorreltion, heteroekedasticity and Chow test
%

uctural breaks that are not available in the PLS SEM must be conducted using

Oer softwares like stata or SPSS) . The chapter thoroughly explained PLS SEM used

for quantitative studies citing relevant journals to back how the research and how the
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econometrics issues are solved by using PLS SEM. Though there are quate alots of
research done recently on PLS SEM, however, only few papers were found to usw's
SEM for quantitative studies. This chapter explains the justifications anc@s for
using PLS SEM and the superiority of PLS SEM over traditional regr analysis.

In PLS SEM, the LVs are either reflective or formative LVS. The chapter
revealed that all the LVs variables in this research are forma 've,wis based on the
Rodgers (2010) paper. Since the structural sub-model rev Y:t y analyzed the
mediation effects, the chapter explained the media effe Wc;logy for
mediation. The bootstrapping analysis procedure is ained fin t selco_f}o the
section of the chapter while the explanations o It% alysi.ﬁtdone the

é\‘?

last section.

4
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