CHAPTER 4

FINDINGS AND DISCUSSION (.}
4.1 Introduction z

After collecting data, the most significant task is to anq!éze llected data
r

through different statistical tools. These tools help rese to ’et valuable

findings from the study. Therefore, this chapter nts he s and
conclusions of this study with the help of statistical iques.f Th sf p&ﬂ*ﬁw
of the chapter presents the demographic infor f es In%\z{'rast
the second portion includes parametric tesw luam\the les’ @b ility and
validity and test the developed hypotN)
_\
A
n S
4.2 Demographic Informat <Z.'}—
thr anks including Jordan

This study is based Iole

Islamic, Islamic Interr% rab E} K, (}éa Bank The employees from

each of these bank the ': \N)ased e proportion of total employees
in a bank. Flrs fa 36 ( mpl or respondents are included from
Fk.

Wﬂl}e, Jordan Islamic Bank has the highest
o

?'efor he researcher has chosen 103 (47%)

I onal Arab Bank, thus counting to 219 samples.

Q Secondly, Table 4.1 presents information about the frequency distribution
f gender. Out of 219 total employees, 144 (65.8%) are males, while 75 (34.2%)
are females. It means the majority of the respondents are males in this study.
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Also, from another point of view, these three banks may have the majority
of males. Moving ahead, Table 4.1 shows the frequency distributionY'
respondents concerning their age the highest number, 97 (44.3%) particip@i
in the age range of 20-30 years. 87 (39.7%) of total respondents fal age
category of 30-40. However, only 19 (8.7%) and 16 (7.3%) respondWl in the
age ranges of 40-50 and 50-60 years, respectively. Here, it i%eant to note

that most respondents are young employees. Also, as the anges To up, there

are fewer employees, meaning the banks prefer to hir ng ;Ws the

]
banking workers need energetic, knowledgeable, and‘active employees obe‘r@u

arduous duties (Aktar & Pangil, 2017). 4 \Y

Table 4.1: Demographic Chara

a A
Demographics Frequency % Valid Cumulative
Percent Percent
Bank Jordan Islamic Bank , % 103 | _“470] 47.0 63.5
Islamic International 80 36.5 36.5 100.0
Arab Bank

Safwa Bank %, "N 36 1649 164 16.4

Total 219 100.0 100.0
Gender Male N/ 144 668 | 658 65.8
Female 75 34.2 34.2 100.0

219 . 100.0 100.0
Age 20-30 Years 97 44.3 44.3 44.3
B0-AQyears | N 87 "~ 39.7 39.7 84.0
40-50 years 19 8.7 8.7 92.7
4,.50-60 years 16 7.3 7.3 100.0

Total 219 100.0 100.0
Qualification | ) Bachelor.. § ° 101 46.1 46.1 46.1
L Master 86 39.3 39.3 85.4
2rio S, < 26 11.9 11.9 97.3
Other 6 2.7 2.7 100.0

Total N 219 100.0 100.0
Experience <5 years 54 24.7 24.7 24.7
5-10 years 55 25.1 25.1 49.8
10-15 years 55 25.1 25.1 74.9
>15 years 55 25.1 25.1 100.0

Total 219 100.0 100.0
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Following the age category, Table 4.1 presents information about the
qualification of participants. This information is divided into bachelor, mas
Ph.D., and other types. Among 219 participants, 101 banking employ@
bachelor's degrees, which accounted for 46.1% of the total samplAww the
highest number of employees falling in this category. In contrast, 86%espondents

have master’s degrees, thus, accounting to be 39.3% Q( Mespondents.
Similarly, 26 (11.9%) respondents hold a Ph.D. degree, fo y 0|'Iy 6 (2.7%)
participants holding other degrees. Thus, based on Tabl info Man be

note that not even a single respondent who is |

included in this study. Tolonen, Dobsonw i

noted that highly educated responden%ae the rese stu %accuracy and

authenticity. (') \T ,Q\
: y N
Thus, Table 4.1 shows th%4.7%ﬁ em yees(l?(? less than five years
of experience; 55 (25.1%) @es T 10 ye% f experience. Similarly,
with a little differenc :1%) respon nts h@ 10-15 years of experience,
’ 4 ¢ &
followed by 55 (25 %Jartic"o \Mho ha\gn()re than 15 years of experience.

Overall, this study haswincl rien mployees to increase the research's

!
validity and %icity ’ 4 (j)
L

43& iptive Statisti 4
. riptive Statistics
p \%

\evious scholars often use mean and standard deviation (SD) to present the
ummarized information of latent constructs (Jeet & Sayeeduzzafar, 2014,
chuler & MacMillan, 1984; Taamneh, Alsaad, & Elrehail, 2018). Like previous

authors, the current study has used descriptive statistics to present summarized
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results regarding the study variables. Table 4.2 shows that training has a 3.787
mean value with an SD of 0.884. With a little difference, direct compensation wv
a 3.427 mean value with SD=0.940. The mean values of (IWB), @}t
compensation, and (CA) are 3.218 (SD=0.877), 3.699 (SD=0.832); .648
(SD=0.790), respectively. It means that (IWB) has the lowest meaw, while

training has the highest mean value. N

Table 4.2: Descriptive Statistic z

)

N Minimum Maximum Mean -
Training 219 1.00 500, | 3.7869 188379
Direct Compensation 219 2.00 5.00 3.4265 .93996
IWB 219 2.00 w 3.2179 .87683
Indirect Compensation 219 1.00 5.00 3.6986 .83165
CA 219 1.00 ‘ 5.00 3.6484 | \79035
Valid N (listwise) 219

\J Cr
Overall, all the latent constr%have a \fe%th @ree mean values,
N

indicating the inclination of rex%\owaﬂjs theppasiti gree) side. It means

the relationships among variable re' ctedto b ﬁéitive. Also, these mean
mat

values and SD valu% e info i rl"tha@ata is usually distributed.
'3
Iis,m g h ¥

Amongst independeh%riab aéQ.zhigher mean value than direct

compensation, whichindica \éinin{%ﬁwore important to affect (IWB).
B ! (..)
% 4 ¢
o

4.4 R% , Coff ry Factor Analysis, and Validity
X

lars always highligh importance of measurement authenticity while
e

c%\&ing a quantitative survey-based study. Roberts and Priest (2006) asserted

& good measurement always provides reproducible results. In other words, a

ood measurement provides consistent and similar results when tested multiple

times. Thus, reliability and validity are important in enhancing the study's
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authenticity. Fink and Litwin (1995) defined reliability as a measure and process
to evaluate the scale or measurement’s consistency. Similarly, Hammer
(1987) asserted that reliability could be termed as up to what extent the ﬁ%&
or precedes generate unchanging and stable results.

SEM applies the confirmatory factor analysis (CFA) toWrm the

usefulness of study models, such as data reliability and val'dNyle, 1995),
and assure the goodness of model fit using instrumenta g. s TLI, IFI,
CFI, and RMSEA (Hair et al., 2006). After confirming%he mo eIWSEM
tests the research hypotheses through the direct and i ct relationshi s'Je ‘ﬁey

the model variables. v. ‘\ \_;,

First, the interpretation starts with the unstandardized coefficients produced

LY o

by the linear regression model using the mdependent variables measured in their
original scales. Unstandardized coeﬂgsxts are u ve)p& he effect of each
independent variable on the ou
In Table 4.3, SE hs rd @ (sampling distribution
regression), CR repre crltlcal rati h@e is equal to the estimated
value divided by s hkd errcir uch CR value of DC3 is equal to
4.192, which i equ Iue is the test value of the linear
regression ¢ e%nt, |c:?h€cctje ponding probability value) will fall into
%ge Jindic the nlflcant difference between the regression

coe i t and the mfluence e eigenvector on non-observable variables. It

the rej

S e noted that the crltlcal ratio (C.R. value) is distinguished from the
\ osite reliability; both can be abbreviated as CR values. Inregression
\analysw P-values and coefficients tell us which relationships in the model are

statistically significant and the nature of those relationships. The linear regression
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https://statisticsbyjim.com/glossary/regression-analysis/
https://statisticsbyjim.com/glossary/regression-analysis/
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coefficients describe the mathematical relationship between independent and
dependent variables. The p values for the coefficients indicate whether these/™w

relationships are statistically significant. The table below is a non-stand@

coefficient; it can be seen that whoever carries a factor of less than 0! three
B B ) ) B h B
stars) is meaningful for measuring variables; the unstandardized regression
L N\

weights, the item score is the regression coefficient for that particular item.

Table 4.3: Unstandardized Regressi igb{d
NS

Estimate | S.E. .| R | q
T1 |<—| TR | .88 | .280 | 1.080 | .280 A
T2 |<—| TR | 1.000 F N b
T3 |<—-| TR | .97 |.278| 1490 | .136 N
DC1 | < | DC 85 | 200 . 905 X
DC2 | <— | DC 175 | 652 | 514 é\

81

DC3 | <— | DC |, %o, 7 1894 103][ === 4,
DC4 | <—| DC | 96 | .240 | 4194 | ***
DC5 |<— [ DC.| 1000 [N, |ev N[\
IWBL | <— [ IWB | 81 | .054 | 2.735 | .006
IWB2 | <— | B | .96, 26.3814,%**
IWB3 | <— | IWB | 1.000

IWB4 <-%M 8T | 040 | 23242 | ***

IWBS5 | <--- | IWB 91 .064 | .858 | .391

IWB6 | & pwB | | .84¢, | .076 [~1'953 | .051
IWB7 | <-— | IWB | .86 |.059| .981 | .326
cAw& T cA Y o [, 1197 8121 | o+
CA2 | < | CA | 1.000

<|* .92 3108 | 8.132 | ***
CA4 | <— | CA 91 | .110 | 8.047 | ***
NCAT| 9307 | 112 8.274 | **
A6 | <— | CA 81 | .106 | 7.906 | ***
A7) | <-4 CA |, 76 108 | 7.811 | ***
CA8 | <— | CA 84 | .109 | 8.240 | ***

% GA9 | - CALM 91  |.108 | 8.065 | ***
: CA10 | <[ CA 93 | .110 | 8.007 | ***

CAll | <--- |CA .92 118 | 7.353 | ***
CA12 | < | CA 81 | 115 | 7.923 | **=*
CAl13 | < | CA 89 | 117 | 8.032 | **=*

IC3 |<— 1 1IC 97 | 052 | 337 |.736
IC2 | <— | IC | 1.000 |.052 | .337 |.736
Q ICL | <— | IC 83 | .047 | 337 |.736

Continuing the interpretation, primarily, there are two methods to measure

the reliability of a scale comprising Cronbach’s Alpha (a) and Composite
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Reliability (CR). Although some researchers asserted that CR is more preferable
to Cronbach’s alpha (Peterson & Kim, 2013; Raykov, 1997); however,
majority of the researchers either use alpha or both methods (Padilla 8@5 :
2016; Raykov, 1998; Simsek & Noyan, 2013). Thus, this study ha?ksured
reliability through both methods to provide more accurate results (se&x.trre 4.4).

Although Hair et al. (2010) proposed that the minimu th for alpha
zas

and CR is 0.6; however, the majority of researchers prefe : the minimum
value for both reliability measures (Bernardi, 1994; Mo -vanjLo reem,
L 4

Donkers, Van der Vleuten, & Driessen, 2013; Pin@liaﬂo, a’i, &O&
' 4

Taber, 2018). \ \,‘T
Table 4.4 shows that all the alpha an@eware ater L@ST?, thus,

proving the reliability of the scales. > CS<
Table 4.4: Réiability, c%%?m Q\
~ o

r
Variables & Items Cronbach’s CR Factor Loadings AVE
Alpha
Training 871%, | 9196 | ~ 7923
T1 .88
T2 RN
T3 91
Direct Compensation 820 N4 8765 |, 5887
DC1 \ ' 72
DC2 5 .67
| 4

DC3 76
DC4 » ! .88
DC5 ’ 79

Innovative Work ’ : 83) « .9064 5872
Behavior €
IWB1 b 4 X 57

2.

IWB2 .83
IWB3 \C.}’ .69
IWB4 .75
IWB5 .73
IWB6 12
IWB7 .68
Indirect .828 .8226 .6130
Compensation

IC1 .94

IC2 .65

IC3 .73
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Competitive 793 .9443 .5686
Advantage
CA1l .73
CA2 .80
CA3 .70
CA4 .85
CA5 .88
CA6 .69
.58

712

.80

.80

.68

CA7
CA8
CA9
CA10
CAll

CA12 AI

CA13 .80

: ‘
Confirmatory Factor Analysis (CFA) is a parametric test com np/ utilized in
=\
n

social sciences to evaluate how well the measur der @ variable rep(esent the
variable and model fitness (Brown & Moowzoz; H \00 Ko ‘5020) First,
each item's contribution to measuring e eise th@gﬁ factor loadings

(see Table 4.4). Previous researcher, have prop f loadings, including

D

small (0.3 or less), medium (u , and lar rea \an 0.5) (Sharma et al.,

2005; Shevlin & Miles, 1998)Nt rese mm@c')'se items which have factor
loadings of 0.3 or less. eMOZooI W&]USE po@CFA as it is valuable software
used repeatedly to c@t | "s j é}’

In this stu fact adings of @rent items, including DC6, IWBS,

|
IWB9, IWB1 1, CA14 AlS, a$@CA16 were below 0.3; therefore, they

were re Qgﬁevl nd |I S @) asserted that factor loadings higher than
0.3 areﬁc ted, while factor &;37193 greater than 0.5 are preferred. Table 4.4

all the factor Ioadlngs greater than 0.5, meaning they provide enough

ribution to measuring the variables for which they are developed.
0 Apart from the above, factor loadings are also presented in Figure 4.1. Also,
the model fitness is proved through commonly utilized indexes like CMIN/DF
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(Chi-square), CFI (Comparative Fit Index), GFI (Goodness of Fit), IFI (), NFI
(Normed Fit Index), and RMSEA (Root Mean Square Error of Approximatio?~
These indexes are presented along with their accepted standards. For @
CFI, GFl, IFI, and NFI should be greater than 0.9, while RMSEA shonﬂﬂxvower
than 0.08 (Byrne, 1994; Rigdon, 1996). Similarly, the P-value of thefChi-square

should be lower than 0.05 (Kline, 1998). \,

@ .
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‘ 4.1 ‘JJ J@@M del
re 4.1:4Fact sis Mode
Figure 4.1 Mt at all the ;todel fit,Standards are met, which means the

\ar )

model fits theéggj al equati !jelﬁag(fechnique. In sum, the overall model’s
O

CFA, re &U by “th values/of @goodness of fit, reliability and convergent

4

validitygandddiscriminant validity, Supported the usefulness of the construction of

Apart from the above, Table 4.4 also shows information regarding the

5
t:N{all model, as evidenced\by the results in the previous figure.

Oidity of the scales. Majorly two prominent forms of validity are mentioned by

most researchers, including convergent and discriminant. The table above shows
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only convergent validity, calculated through a famous Average Variance
Extracted (AVE) measure. Russell (1978) defined convergent validity a?
technique to evaluate how much there is a relationship between the ne@
constructs with the items of another scale and the items within the cale.
Similarly, Carlson and Herdman (2012) explained it simply as anique to
examine how closely the items within and outside a variable are related. To fulfill
a scale's convergent validity requirements, the minimum &:V should be

0.5 (Alarcén, Sanchez, & De Olavide, 2015; Lin, 2008; iu, 2003). ‘M. this study,
@

| N | | X
amongst all variables, the minimum AVE value is 0 , whilg ot c<jns&u§ S
have higher AVE values; thus, these values cﬁu e% ch@gFgent

validity. u\ g
The second necessary type of \W discriminant, W@ests whether
the constructs/measures or items ur%variab e\mlgn p{ sociated and are

unrelated (Farrell, 2010; Hens%wgle,%i Sarstedt, 2@. However, Fornell
and Larcker (1981) have mthij ce frogxﬁifferent point of view.
Vi .

They noted that discrimi lidity provides Ev@'lce that the items developed
F 4 $ &
to measure a vari;@uld hzi \MQ corgfmn compared to their correlation
with the items of.another vari
¢

con% In simple terms, t e(ﬂj&@onal highlighted values should be greater than

@responding cross-values in rows and columns (see Table 4.4).
Q In Table 4.4, the diagonal values are the square root of AVE, while the other
alues are correlations among variables. As suggested by Fornell and Larcker

(1981) criterion, these diagonal values are higher than their corresponding values
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in rows and columns, thus, proving the existence of discriminant validity. This

method demonstrates that the items of a variable only measure the variable tw.

are developed to measure. ('}
4.5 Correlation Coefficients ?

To examine the strength of the relationship betwegn twe" constructs’

movement, the correlation coefficient is suggested by pr SZU'[hC"S (Benesty

et al., 2009; Taylor, 1990). Table 4.5 presents this v. le informatign along
]

i information ecaring discriminant vl . X
with information regarding discriminant validity. T risk symb r‘p&%
the level of significance. A double asteris % i P\&- the
relationship at 0.0l p-value or 99.99% coﬁ,@ inteﬁva. owev. e single
asterisk indicates that the relations IS ;bnificant .0 é‘alue or 95%

confidence interval, (') \T /<\
o N
Based on information i ini Qc:é

4.5, 'train gqhazo 1.5% positive and

significant association with.direc om]e ation at p . Similarly, training has

a positive association i er construct s&ch@' (IWB) (r=64.2%, p<0.01),
4 ¢ &

indirect compensati r=14.9°fo >D~Q , an%(ao\) (r=28.8%, p<0.01). It means

training has th@st

weak positi %iatio with d‘ec{f(;anpensation. Apart from this, Table 4.5

'posit&}%*elationship with (IWB); however,

\ .-, . - - -
shows that diréet co Pn has%\posmve relationship with all the constructs

| X |

like ) (r=20.8%, p<0.0®ﬁd|rect compensation (r=15.2%, p<0.05), and
(%\KM.?%, p<0.01). Like training, direct compensation has a weak positive
elationship with indirect compensation. However, direct compensation has a

Qong positive relationship with a (CA).
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Table 4.5: Correlations and Discriminant Validity

1 2 3 4 5 AVE
Training .890 .71923
Direct .315™ 767 .5887
Compensation
IWB 642" .208™ .766 .5872
Indirect 149" 152" 1877 .783 .6130
Compensation
CA .288™ 44T 254" .360™ 184 .5686
219 219 219 219 219 .5686
**_Correlation is significant at the 0.01 level (2-tailed).
*, Correlation is significant at the 0.05 level (2-tailed).

Furthermore, (IWB) has a positive and signifieant relatignshi ith Q%X~
- . A\
indirect compensation (r=18.7%, p<0.01) and (CA ¥25.4% p<0. ). Hovzever
\ Y
the strength of both relationships is weak. Also, Itys cruciaktonote th Similar to
other constructs, and (IWB) has a I@struct diregqompensation
compared to its relationship with t(CA). mv ,c&dmpensation has a
36% positive association with a t p&0.01._I add@ it is significant to

d

note here that a positive symN fer[ me {h@g&ion of two variables.

Conversely, a negativi ymgl refers ;oy qp@ direction of both related
, 4 ¢ &
K > &
ti

variables.

S

N
p ) O
4.6 Hypot S b C’)
@)
To th(}i luence/or effect of one variable on another variable, the
fg‘( 2
r h

researﬁ er utilize regression analysis or structural equation modeling

( In this study, the researcher employed SEM by using AMOS software.

SEM combines factor analysis (explained above) and multiple regression
Qellysis (Hoyle, 1995; Ullman & Bentler, 2003).

140




SEM is the second most crucial process in the SEM statistical analysis
process. Following the validation of the measurement model, the variab]?'
relationships are assessed, and the structural model encapsulates the relati \R
between the independent and dependent variables (Ho, 2006). First,‘f&/erall
model fit is focused on, followed by the size, direction and paran&r.'estimate

previously hypothesized. V

Hair et al. (2006) proposed indicating the relations Zg ajone-headed

path diagram. Finally, the structural model is con db M the
@

proposed relationships among the identified and asse ariables. ' _\C}

The SEM’s representation of the direct indirec pih ng L@{udy

factors is presented in Figure 4.2 as a ct

compensation are considered inde@ariables c@* many sub-

dimensions. On the other hand, @ is consi Wt @diating variable.
\

Furthermore, indirect compen% re a?ded e Qr@rated variable; last,

(CA) is assumed to be the mt VI ‘%\A
Accordingly, th examined ;'d@t effects of the variables

’ &
involving the im%impaf ning IWB), representing hypothesis
H1. The dire& t o 'comtb/%ﬁtion was examined on (IWB),
R <IN
o
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Figure 42?&”“1@“@ Variables
Z {
Figure 4.2 dep% AMO?{JtJ;«aLQ del graphs for all relationships.

This study also ined th \relatio.@if)s using a significance level of p-
value=0.05 to Ne ssi 'theé)@lonshlp effect in one direction. Through
the parame esta ates,the hesi\(e_zgl direct impact can be determined. Figure 4.3

displayw coefficientsand Its of the hypothesized direct impact through the

sta@d regression weig

3
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Figure 4.3: Path Coefficient I \d
"X
Innovative work behavior here (IWB ultiplied ﬁn t

compensation to create the new interaction vari

(INT) is entered as a mediator between W ompﬁ‘nsatl
tca1

show the direct effects of predictors
unstandardized results of path coel%ts,
estimates that get results for
values (C.R.) for each path;

among the variables in

N

new iable

and@hmg To

6 T@ presents the

Nﬂw@?xs ;@ion weights; the

tandislﬁerrors (S.E.), critical

sig[i canc val@ for all the direct effect

tural model }Auoﬁlg

T:ﬁd\G Re‘;r\b'nWelg&-dr Path Coefficients

NT‘).{

e variabl

- & Estimate | SE. | CR. | P

N N0 (O
IWB <--- Tralnlng .635 .054 | 11.708 | ***
| WCompensatior] | <-2 | J  Trdining 262 | .068 | 3.872 | ***
INT <--- Training .045 062 | .731 | .465
JiwB ~ U<+ | DxGempensation | .006 | .051 | .114 | .909
I _Compensation | <--- | D_Compensation 77 .069 | 2.580 | .010
INT <--4.D’ Compensation .024 .063 | .379 | .705
CA <--- INT .028 .064 | .437 | .662
CA <--- | 1_Compensation 176 .059 | 2.999 | .003
CA <--- IWB .229 .059 | 3.872 [ ***
CA <--- Training 11 .062 | 1.796 | .073
CA <--- | D_Compensation .267 .062 | 4.280 | ***
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According to this table, the first hypothesis is supported as training has a
63.5% positive impact on (IWB) with a p-value less than 0.01. However, di%
compensation has no significant influence on (IWB), as a significanc@h
0.909>0.05. Thus, the second hypothesis of this study is rejected. sely,
(IWB) has a 22.9% positive influence on (CA) with a p-value lessfthan 0.01.
Therefore, the third hypothesis of this study is accepted. N

In sum, this study supports the first hypothesis Xs:b-rypotheses,

indicating a positive relationship between training (W )Wbank
]

| | | | X
employees in Jordan Islamic banks. In this regar high leve fﬁr:@g
methods and quality could improve the (IWEYW err% 0 f%more

p@ﬁg other

trained and experienced in the workinw n

innovative ideas to do their jobs acc y. Otherwise,™ eqL@training may

negatively affect the (IWB). ﬁjver, t\io?s ,@\ork with  direct
N
compensation, the second hyp%Simﬂ’ar to Suhyp@@sis, the high (IWB)

\ .i"
could increase the level of ( I heIa S. N

=

After testing theffi e hypatheses, the@owing are the test of other

’ 4 4
indirect effects of th&%dy var"a \ éj}o

To show @ect e m&)@lion analysis, which has its basis in
B ! (_.)a
the correlaﬂg ong the rﬂbl@ n appropriate tool to examine the
\
covaria(eo tionshi 9{19 three variables (independent, dependent and
b 9
med'ﬁmvariables) is foIIo@in Table 4.7; the indirect effects of direct
c Xation, training and indirect compensation on (CA) through the mediation

6 WB) and the moderation of indirect compensation can be noted as detailed:
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Table 4.7: The Indirect Effects of D_Compensation, Training and I_Compensation

D_Compensation (sig) Training (sig)
IWB 0.001(0.031) 0.154(0.004)
I_Compensation 0.041 (0.021) 0.060 (0 00

The indirect effects comprise the product of paths between va ?;;o long
i

as the end variable is endogenous. Results of the bootstrap prow ghlight a

Wg (B=0.060),

p<0.01, showing that (IWB) dimensions partially medi i i
Table 4.7 indicates the significant relationghip bétwe I g,' a,@'
indirect compensation through the mediatm% of ( : |@1‘?1e
standardized total result and p-value being Omd B’O&.\ speC| This
supports the significant impact of (IW@%%S)

(training and indirect compensation. Alse; the%

between direct and indirect com p:-:- awtlxo%

with the standardized total res\ p-valu 0. O&ﬁnd 0.021, respectively.

)\.‘? .05) on the relationship
dir é’compensatlon

<o

N
4.7 Moderatio aI (./
th ¢ Hyn : e&e(atlon analysis is also performed through
Ceds

significant indirect impact of indirect compensation

“—h

Xed@gng effect of (IWB),

This supports the signific impact! of

between the independent Vi bIe and

r, thlg'

coqrprlses two steps. The first step (IWB) is
multip by indirect comper@on to create the new interaction variable (INT).
second step, the (INT) variable is entered as a mediator between direct

pensatlon and training, as shown in Figure 4.3 in the Path Coefficients Model.
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In other words, we have to test whether indirect effects are statistically
significantly different across models; this would address whether the mediatioT
moderated. ('}

Hence, the above tells us that if we want to test the mediatio hesis
across groups, we must look at column 1 vs. column 2 coefficients. IS the test
of moderated mediation. If the pairwise comparison of column 1 te‘column 2 is

.

statistically significant, we have evidence to suggest th iven moderator

moderates the hypothesized mediation model. ‘\d
]

Table 4.8 shows the impact of direct compens

mediation of (IWB), moderated by indirect co

Table 4.8: Moderated mediai

b £,
D_Compensation (sig) Tr@ (sig)
INT 0.001 (.045) 0.001 (0.039)

.y / et
9, S
6 v,
In sum, hypothesis H4 upported in li t“of @B) mediating effects.

All indirect paths of (IW upp?ted, chr Is the (IWB) role in the

{
relationship between % direc& om rlaa@nd (CA) in Jordan Islamic
banks. As stated ?ﬂgthe t]est\revemgggdf (CA) can be enhanced as the
&
and the
¢

(IWB) is imp%
practices u the'training and

Testing ypotrﬁs 5 thetotal effects comprise the sum of direct and

] N
pact and hence ares@ple to compute. Table 4.9 shows the total sum of

irect impact of (IWB), indirect compensation and INT with their

FO@ improved through providing HRM

’
irec;\ﬁgmpensations practices.

ignificances. It simply indicates the relevant quantities in the direct and indirect

effects matrices.
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Table 4.9: The Total indirect effect (mediated and moderated)

D_Compensation (sig) Training (sig)
e
IWB 0.001(0.031) 0.154(0.004) )
I_Compensation 0.041 (0.021) 0.060 (0.000)usy, |
INT 0.001 (.045) 0.001 (0.039)
TOTAL 0.043 (0.001) 0.215 (014)%,

4.8 Chapter Summary V:

This chapter has presented that most respondents a inw from Jordan

Islamic Bank. Similarly, most participants have a r degr(!erking

@

experience of fewer than five years, and ages betwe§ 20 to 30 years. Is‘o, negg'

of the respondents are males. The chapter shows reliab‘Uit an valid{gy,\are

N
proved along with model fitness. All the eRcts a M (soméyare not

significant), indirect, indirect (moder:@on) u\c (INQwhich gives
er

power since two variables are strEng n ; hT es_e@%ts show that
training has a significant impact ( B'\,%i ect @mpensation has no

“« Q-
significant impact. In addition, ) has a Signi cantﬁis‘act on (CA), while the

N
moderated mediation eEct R signifigantly, efr@he influence of (IWB) on
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