CHAPTER 4

DATA ANALYSIS AND FINDINGS (q\
4.1 Introduction Q

This chapter presents the data analysis and research fi sed on the data

t Nigeria. The main

non chtors that
‘X

er-marage 'n'N&ﬁt{)- est

re%‘s' the\gz}tionship

collected from the sampled MSMESs owner-managers in N

goal of this empirical survey study was to investigate

influence general takaful adoption among MSMEs
Nigeria, as well as examine the moderating

between the predictor variables and generalw

the response rate, data preparation ant&atg follow th@&rlptlve statistics

of the respondents’ demographic p Secon,\ﬂcx a e %sents the descriptive
statistics of latent constructs the'stud wd@ chapter discusses the
assessment of the measure ter ctura ‘gﬁmer) model using PLS-SEM

v'as e aldatob'o establish convergent validity,

technique. The measu% odel
¢ Ay

discriminant validi mtern'a ency éwtmllty. The structural model was also

assessed to che the nifi efficients the variance explained in the

endogenous &Dct( ), eff ts&eé:? predictive relevance of the model (Q?) and

out-of- s edictive r )‘ance‘é\Spredlct) Fourth, the results of the moderating

Y-v
Qrellglosny on the @a{rch model was presented. Fifth, the summary of

h%NHhses testing was reported. Finally, the chapter summary was presented.
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4.2 Test of Non-Response Bias

Non-response (late-response) bias is a situation in which non- respondentsw
responders) from a given sample differ systematically from respondents \same
sample (i.e., early responders) (Prince, 2012). Non-response bias |sacoﬂ&challenge
encountered in survey studies (Sedgwick, 2014; Armstrong &We'ﬁon 1977).

Moreover, non-response bias can threaten the external vallditéw ralizability) of

research outcomes. However, ensuring a high response r dure non-response

bias (Sedgwick, 2014). Also, another way of estimatin -res on |s through

infer the k'om-) non-
b\ pre Rotlon that
respondents who respond late are like non- &g&rton 1977).

A common extrapolatlon meth sed )y researc to e@‘rate non-response

extrapolation. Extrapolation techniques are used

respondents) from the known (late responders

bias is by comparing the group m d stan gat' <ol the two groups (i.e.,
N,

early and late respondents) (Shﬁ%tvtattﬂgly, ; Aqg.s?rong & Overton, 1977).

In this study, respondent XCat into t@ independent groups: early

responders and late r basedwlﬂ m@nse time to the questionnaires
arch

concerning 9 latent &Rtucts T

QdEI (relative advantage, compatibility,

complexity, u tal omat'-rl%fuence government support, religiosity,
and gener al u ado |on ( efatﬂ:?l) Non-response bias is not an issue if the
group d stafi watmé.\of the two groups do not vary significantly.
Ad IIy, Levene's Test f@uality of Variances (i.e., independent sample t-test

t s shown in Table 4.1 further confirms the null hypothesis (i.e., there is no
ficant difference between the two groups) Thus, non-response bias was not a threat

chls study.
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Table 4.1: Non-Response Bias Test

Group Statistics

Levene's Tt
Equality of VVagiances

Var Resp.Time N Mean Error F % ig.
Deviation
Mean
CP  Early A
Response 213 5.2962 1.6921 11594
Late
Response 82  5.3964 1.6669 .18408 xog 963
CX Early
Response 213 3.8327 1.8811 .12889 Yv
Late
Response 82  3.3793 1.8576 .2051 Loil 789
ve  Eary 213 33189 19233 .13l \d.
esponse , C}Y.
Late
Response 82 29512 1.9932 220113 j ‘;\ 817
AW  Early : Y
Response 213 4.2030 . : Y})
Late 82  4.2073 @ 463
Response : 2. .
Sl Early S
Response 213 ‘P
Late
Response 82 & 334 .564
GS Early
Response 213
ros 82 1.707 192
Response . .
|
RA - Farly .0976 '1. 04 \}.1185
Response \,’ é}’
Late
Response %\Q 2 1.75%5 1933 .001 .980
RG  Early & NY;
Respons \ 1 cg?l 119
Late % P 4
Res 8 8 1.640 181 .663 416
| ) AN
Al E
% ’ Mz? 1.8616 12756
L
%onse 82 @1 1.7872 19736 .354 552
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4.3 Response Rate

A total of 400 survey questionnaires were administered to MSMW—
managers and 347 (86.8%) were returned. Out of the 347 questionnaires % , 45
(11.3%) respondents did not meet the study scope inclusion criteria (iAﬂy Muslim
MSME owner-manager and number of employees within 1-50) and tme excluded.
Furthermore, additional 7 (1.7%) questionnaires were deem%n. id due to large

percentage of missing values. Hence, 295 returned questionfiaikes Were considered valid

for subsequent analysis in the study. Overall, a respon te of 735%# achieved

3
(Table 4.1). Comparable with similar and related stu in the literature, ’hg@)onse
rate was considered adequate and within the r previoﬁs les @ﬁeh et al.,

2021; Dandago et al., 2020; Musah et al., Dand@;z;t al. (2020)

conducted a survey on takaful patron@g entrep rs id(ano (North-West,
Nigeria) and achieved a 70.5% res;@srate. LI $Sa ej@*\bal. (2021) conducted
ﬂ% )

a study on SMEs demand for g kaful'in Malaysia Qd achieved a response rate

&

of 69.5%. Furthermore, Q!Io%g t]e idalines ested by previous scholars

2015; Hairket dI., 4) the response rate in this study

was satisfactory. Additionally, f 4 |onn%<sl<v/vere distributed in Kano and 160 in
Kaduna (total o@ec i tota 6 questionnaires were returned in Kano
of which 21 g!!)stdi ar:je ue'to gc‘)Be inclusion criteria. Furthermore, additional

NN
due .lo "gompls@responses reducing the number to 181 valid

s

respenses. Similarly, 141 ques@#aires were returned in Kaduna and 24 were excluded
fE}nweeting study scope inclusion criteria. Also, another 3 were considered invalid
0

incomplete responses reducing the total number of valid responses to 114. Table

(Sekaran & Bougie, 2

4 were

.3 presents the breakdown of the respondents by state.
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Table 4.2: Questionnaires Response Rate

Response Frequency rate
Number of questionnaires distributed 400 \?
Returned questionnaires 347 (ﬁ
Excluded due to unfulfilled criteria 45 *
Returned and excluded questionnaires 7
Returned and usable questionnaires 29 Y'
Questionnaires not returned 5&
Overall response rate 8&%7
Valid response rate iR '
NY.
Table 4.3: Respondents by, State Jy [ _\g}
SIN Location of Respondent 2F Fre ency (%)

1 Kano

2 Kaduna ‘ 14 v‘\\‘ )

Total

\

4.4 Common Method Bias Tes Cf) >\7T I\K'-\
One way of ensuring th y, vali ty a r@lla@?of study outcomes is by
applying rigorous methodsxﬁ% ertakingre arc[@n of the most common factors
n beh

l
that hinders rigour, es

(also known as c@metht‘d
k .

|s common method bias (CMB)

ce [C (Jordan & Troth, 2020; Podsakoff,

MacKenzie & f, 20 ?koff@acKenme Lee & Podsakoff, 2003). CMB
is more co sur ey u 'es’th(_yse self-reported data (i.e., such as in survey
questlo and i Iythe @rch data are collected using the same method

result in the “artlf@},lnﬂatlon of relationships” (Jordan & Troth, 2020).

the major potential causes of CMB include social desirability, consistency

, transient mood, item ambiguity, scale length, common scale anchors, item
haracterlstlc effects, acquiescence biases (yea-saying and nay-saying) among others

(Podsakoff et al., 2003).
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Since this study used self-reported data from MSMEs owner-managers in
Northwest Nigeria, the need then arises to apply remedies suggested in the Imr?wo
diminish the effect of CMB. Two techniques have been suggested in the@re to
minimize the effect of CMB in research studies (Jordan & Troth, Zoﬁxdsakoff et

., 2003). The first approach is by applying procedural remedies Which should be
embedded in the study design. Example of some procedural r \M clude ensuring
respondents anonymity and confidentiality, reducing evalu hhrnsmn reducing

item ambiguity among others. The second approach is b remedles

such as the Harman’s single-factor test. Consequently is study bo r}cg@l and

statistical remedies were employed.

First, the research instrument was s@w\xpe ewev;@ascertam the
clarity, appropriateness and content @of the q nn@cg(see Chapter 3).
Furthermore, a covering letter w ac e(ﬁv\ﬁ;t ”Pronnalre assuring the

anonymity and privacy of the r ts, wel smnfo g them that there are no

right or wrong responses a hat eyr dea\% answer the questions to the
ix T

best of their knowle Appen ’ hegb‘applled remedies can diminish
respondents’ evalu appre nd red e_influence of socially desirability
bias, acqwesce ency fW|th how they presume the researcher
wants the nd t th:%ténré?@odsakoff et al., 2003).

S 0 e H 'g)gle @or test was calculated in SPSS (un-rotated factor

anal IS |th fifty-six items of ztu\)}étent constructs). The results of the test revealed that
‘% e factor accounted for more than 50% of the variance. Furthermore, only
6 36% of the total variance (Table 4.4) was accounted by a single factor which is
elow the threshold of 50% (Podsakoff & Organ 1986), suggesting that common

method bias was not a threat in this study.
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Table 4.4: Results of the Harman’s Single Factor Test

Initial Eigenvalues Extraction Sums of Squared Loa
% of Cumulative % of lative

Component Total Variance % Total Varlanc‘e(f)
1 15.812 28.236 28.236 15.812  28. ZA 28.236

4.5 Data Screening V

Data Screening is an essential aspect of data analysi W if skipped could
jeopardize the entire outcome of the analysis. Hence, Cchers arw to spend
some time in screening their data for possible erro allant, 2016). a ?&mg
ensures the cleanliness and accuracy of collecte d datawData syre ni t ai hecklng

gj&'tlve for data

alysis results and to confirm

for missing values, outliers, normality and multico nea‘gﬁt

screening is to ensure the accuracy an %y of da

that the assumptions of multivariat naly5|s t M

o

fulfilled (Hair et al.,
N,

2014; Kline, 2005). Hence, the dat enhg Ss arg;gucussed in the following
subsections. \ A} \A
X" | 7ls
4 ¢ &
45.1 Assessm tof SSI I (J

After coIIe I he d xt st as to code and input the data into the

SPSS (IBM I‘SIO 23) ej‘aten nstructs items were coded with two letters

and a n der}tl be.da ecj{?g RAL, CP1, CX5 etc.). The options in the

demogNhl section (A) as we i\§. he Likert scale options in sections B and C were
ed in numerical form. For instance, gender was coded as 1 for male and 2 for
e.

The next stage of the data screening process was to check for missing values.

stmg values are a common phenomenon in survey studies utilising questionnaires.

Cohen & Cohen (1983) suggested that missing values of 10% and below may not affect
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the results of a study. However, for extreme cases of missing values (25% and above),
Tabachnick & Fidell (2013), Sekaran & Bougie (2016) advised that the cases sh?ﬂe
removed from the analysis. \

After cross-checking through manual as well as descriptive statlﬁ'&o extreme
cases of missing data were found and thus all 295 cases were left fo Wer analysis.
Furthermore, descriptive statistics was run again to check f Wg values within
acceptable range (i.e., <10%). Out of 16,520 data points, QY:

a domly missing,

which accounted for 1.42% of the total. Missing ues fw Iess are

, relative arita&é—}ad 25
16m\|§s Iues\&l*certalnty

es, gq@:ﬁent support
18, religiosity had 14, and adoption |@1ad 36 missing v@ each. Hair et al.

(2014) suggested that mean replac can be \heg @ng values below 5%
N,

inconsequential (Tabachnick & Fidell, 2013). Partic

missing values, compatibility had 22, complexi

had 11, awareness had 18, social influenceh@

per item. From the descrlptlve S of%e missing v@s none of the items had
missing values above 5%. ntll, n re$ ent was applied for missing
values in this study. T Iow WS étaﬂ@cs of missing values in the study.
F &
5 qt erce of Missing Values

z

COX/ ‘\ . , > Number of Missing Values
Rela g€ ‘- C')V 25
mpatibili (J 22

NN
plexi f Q\ 16
ncertaint X~ 11

Awareness \'c'}/ 18
Somal Influence 74
‘é Government Support 18
Religiosity 14
Adoption Intention 36
Total percentage 234/6,520 x 100 = 1.42%

Note: Percentage of missing values is arrived at by dividing the total number of missing
values for the entire data set by total number of data points multiplied by 100.
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45.2 Assessment of Outliers
Outliers are common occurrences encountered by researchers especially i |n

with large samples. An outlier is an observation having extreme value on @hable
(a univariate outlier) or a sequence of extreme values on two or varlables
(multivariate outlier) which adversely affect statistical analysis and s Wuent results
(Tabachnick & Fidell 2013). Outliers in a data are observations ha not correspond
with the rest of the dataset (Barnett & Lewis, 1994). Multi ’R:alyfls such as PLS-
SEM requires that outliers be handled before main re h an Iy.s‘(sqrdonducted

Failure to treat outliers (especially extreme outliers)

ignifigantl |s'or_t\%arch
3) I thi dy,@' tivariate

ion O@Chnick and
ted 6?88 to detect and

g@*distance (D2) values

findings (Hair et al., 2014; Tabachnick & Fi

outliers were checked and treated based he
Fidell (2013). The Mahalanobis (D2) %est was ca

handle multivariate outliers. To de%ﬂllers

were compared to the crltlcal Lfé and emu of independent variables
(i.e., 9) were set as the de e of¥freedom. §\greater than the critical chi-
square value points to % in the tatas : A mparing the D2 values with the
critical value, 6 ob e\{tions w ed as |ers The critical chi-square value in
this study was .88 (Fable wev 6 observations detected exceeded the

critical vaIuE em |mu D!'h@ a value of 34.761. To ascertain the level of

influen outligrs o Ptlsca& sults, Cook’s distance was calculated in SPSS.

Fol%the recommendaﬂ@ Tabachnick & Fidell (2013), cases having values

a should be removed while those with lower values should be retained. After
nlng the maximum value for Cook’s distance, the maximum value was 0.042

able 4.7). Consequently, the outliers were retained for further analysis.
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Table 4.6: Critical Values for Evaluating Mahalanobis Distance

No. of independent variables (df)  Critical value of 2

1 10.83 z
13.82 q

2
3 16.27 *
4 18.47

5 20.52 Y’
6 22.4

7 24;

8 .1?

9 788 |

SourcewTabac nic\&dell (2007)
"X

N *h 13 1S
Table 4.7: Multivariate outliers and C IStance TestResults-
Case D2 Coe@ nce \/‘Z~
91 34.761 z 0.042 é\?
266 3473
202 % 0 X

7 32971 0.086
3 021.325 NN {006
19 % 0381 L4 oo

}»‘I Lod
453 Assessment of N ity ' l 0\
Normality of datataispibut'on SO%Q component of the assumption of

multivariate anal (Ef et a‘. 2014). Norzﬁﬁ'ﬁy refers to the symmetry, bell-shaped

N
curve distribgwin most of the degg-dcores concentrated in the middle leaving

S

smaller fr scorgs at/th tﬁs\&éil ends of the distribution (Pallant, 2016).

N
asw of data distribut'l“gn) (Astrachan, Patel & Wanzenried, 2014; Hair et al.,

4
AlthoinEM as on{aaraiqetric data analysis technique is lax on the normality

‘% it is however highly recommended to examine extreme deviations from
Omality (Hair et al., 2021). Extreme case of non-normal data can adversely distort

statistical tests results and hence pose a threat to the reliability and validity of research
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outcomes (Hair et al., 2014). The assumption of normality can be assessed through
either statistical or graphical procedures (Tabachnick & Fidell, 2013). Though,

of graphs is recommended for large sample size (i.e., above 200) instead Cf%\tical
methods (Tabachnick & Fidell, 2013). However, Hair et al. (2014) sugg;qgthat both

statistical tests and graphical plots should be applied to assess normality assumption.

Consequently, following the recommendation of Hair et al Mboth statistical
is

techniques (skewness & Kurtosis test) and graphical methads (hi toFram & normal
probability plot) were employed in this study to e te t w;i of data
distribution. J _\C}T
Skewness refers to the symmetry of the i ibl% i kurtqsﬁ' refers to
the peakedness of the data distribution. N ormal ither vely skewed

to the right or negatively skewed to t@ for ku osi@‘kurtosis signifies

a highly peaked distribution, whil%gaﬂve \tosg Q@a shorter and flatter
N,
distribution. Normal data distri%as sﬁewn and(lz}@sis of zero or near zero

(Tabachnick & Fidell 2013 hcor’ edithres for evaluating skewness and
bee

kurtosis deviation fror% ity ha‘\’/ ‘gi\/e@y scholars (Kline, 2016; Brown,

2015). Accordin%ne (ZP \he absol alues should be between < 3 for

skewness and forskurtosis. ermefﬁe?Brown (2015) suggested that for SEM

analysis, the sﬁye value ;h d Je \@Fl?n the range of -3 to +3 for skewness and -10
&

to +10 %

acc values for skewnes@ kurtosis (Brown, 2015). Since this study uses SEM,

&

- \ - - -
osis.JHow 'gr, oth&\analyms techniques may have more stringent

t% lines advanced by Kline (2016) and Brown (2015) were followed. The results
rom Table 4.8 revealed that the absolute values of the skewness and kurtosis of all
ariables in the study model were within the acceptable threshold of < 3 and <7

respectively. Also, the graphical plots of histogram and normal probability plot (Figure
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4.1 & 4.2 respectively) shows that the data in this study is normally distributed. The
histogram shows a near symmetrical bell-shaped curve distribution. AdditionaYﬂe
normal probability plot showed that the observed residuals (the dotted Iin@close

to the normal distribution line (the straight line). Consequently,‘dknormality

assumption was achieved in this study. Q

Table 4.8: Values of Skewness and Kurtosis of Mea ariables

Study Variables

Relative Advantage
Compatibility
Complexity
Uncertainty
Awareness
Social Influence
Government Support

Religiosity c \xlﬁ &\ 0.672
Prior Loss Experi Py -1:49 c.} -0.569
Adoption In& : :

“q
/1,,2':3’;;
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45.4 Assessment of Multicollinearity

After assessment of normality, the next multivariate technique assumptio?'be
examined is multicollinearity. Multicollinearity occurs when an indepen@iable
has a high correlation with other independent variables (Hair et al., ZOﬂst means
that the inter-correlation among independent variables is so high thmnﬂuence of
one predictor variable (reaching 0.90 and above) can be explainéd by other set of
predictors (Pallant, 2016; Tabachnick & Fidell, 2013). The %f Tulticollinearity
weakens the effect of independent variables on the de ent v. rizwihermore,

ts and/pos t’wr@‘zt:oth

multicollinearity amplifies the standard errors of coe

logical and statiscal level (Tabachnick & Fidell
To assess the presence of multicolipeari

correlation matrix were examined. \ho i

tolerance value (1-squared multlpfﬂrelatlon\ﬂuw

factor (VIF) column were eva olerghce ues I an 0.20 and VIF value

greater than 5 are indicativ the res Itico arlty(Halr etal., 2011). The

a——g

outcome of collineari lagnostics tests olN t the tolerance values for all

endogenous constr wl betv‘ , which are all above the given value

of 0.20 (Hair etal., 1). i @'{'F values were within the range of 1.498

t0 2.222 beIEv%ut 0 vaIu Iﬂe_;i'r)et al., 2011). Hence, multicollinearity issues
\

were ab con ts.

@ermore the corre@h matrix table (Table 4.10) for all endogenous

ts was examined to check for multicollinearity. A high correlation coefficient

O

90 and above denotes multicollinearity issues between predictor constructs
abachnick & Fidell, 2013). The results of correlations show that all predictor

constructs were below the limit of 0.90, ranging between + 0.003 to 0.437, indicating
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the independence of predictor constructs. Thus, multicollinearity was not an issue in

this study. T
N
Table 4.9: Tolerance and Variance Inflation Factors (VIF) %
Collinearity Statistics A
Model
Tolerance VIF
(Constant) Y.
RA 468
CpP 450*
CX .668
1 uc 651
AW .640
Sl 569
GS
RG
L/E
L/E 1
GS -.003
uC .093
RG -.068
AW .060
CX -111

Sl .052 % . .
RA -.oz(ot 5 | -09 :-.2;)5') 070 151 -042 1

CP -% .002 2 -437**  -105  -.086 053  -.376 1
&y S

4.6 &ile of Respondents\c-}’
%\is section presents the demographic characteristics of the sampled respondents
ho' participated in the study. The following characteristics in terms of frequency

istribution and percentages were analysed through SPSS and further described:

designation in company, age, gender, education level, type of company, religion, marital
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status, number of years in operation, number of employees, line of business, location,

awareness of takaful, patronage of takaful products, prior loss experienw

perception of takaful support to MSMEs. (0\
4.6.1 Position of Respondents Q

The designation of sampled respondents was captured in the graphic profile.
;an

The designations were categorized into 5 to represent the er (i.e., owner,

e statistics
@

shows that most of the respondents were owner-@ (207 Jow 1?0;\ﬁa}1ager
=87]) constituting more than 70% of the tot?m le._Thie thre@%&tegories
constitute less than 30% (Director = 14.6‘}% rm

respectively) of the total sample size.

r
director, senior manager, manager & others). As anticli , thejde

=

1.99 ers = 3.4%,

the @VIES were directly

@all characteristics of
N

managed by the owner-managers.
MSMEs in the country which by the owners directly

(SMEDAN & NBS, 2017). \
: ) 4
4.6.2 Age ofzgdenti \
The age group of sa ondet)%’was also captured in the demographic
¢
profile. Th@ups erec siﬁecti_‘rja 4, representing the young and the old. The

NN
first tw% oups (18- }& 30'@ represented the young, whereas the third and
fourﬁ&group (41-50 & ab%e\jﬁ)) represented the old. From the table below (Table

.\is seen that the young age group dominate in the sampled MSMEs owner-

G gers. Specifically, the 30-40 age group (50.8%) and 18-29 age group (25.8%)
0

nstitute 76.6% of the total sample. The other two age groups (41-50 & above 50)

N

constitute only 23.4%. The dominance of the 30-40 age group closely reflects the
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findings of SMEDAN & NBS (2017). Furthermore, this trend is not surprising because
of the high youth unemployment rate (42.5%) in the country (NBS, n.d.). TheV&s
have resorted to engage in business activities to earn their living. S ther
plausible reason for the low percentage of the old age group might b%d to who
answered the questionnaire in the company. Most elderly personWr to assign

responsibilities to their subordinates who are mostly young. V

Table 4.11: Age Group of Respon : '

Age Group Frequency Percentage [%)

®
18-29 76 25.8 | Q}Y'
30-40 150 50.8 AN
41-50 1800 .

Above 50

4.6.3 Gender of Respondents

ents\mmgsa QQ-.\I'he results show that
| 5

his, frend is plausible due to the
&

blicd n. As most business activities require

is (%s engaged in formal business ventures.

are hi @d in informal business activities that are not
easy to i termd'obdaz‘;l:olI(at%~ n.

N
Tab!'ec@.‘lz: Gender of Respondents

\ Gender Frequency Percentage (%)
Q Male 247 83.7

Female 48 16.3
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4.6.4 Education Level of Respondents

The education level of the MSME owner-managers in the sample was cap
the demographic characteristics section. Table 4.13 shows the educat@l of
respondents in the sample. The results show that most of the sampled dents are
relatively educated. Those with degree certificate accounted for BSWf the whole
sample followed by those with diploma (27.5%). This is an important trend that has

o

links with the rate of youth unemployment (42.5%) (NB 1 country. To be

able to survive and provide for their needs, unemplo radu te.s\Wdesorted to

business activities. é ' _\L}
£ b

Table 4.13: Education Lex?ﬁes n Y,
E‘EQ\ 4 V:'

Education Level ’\,
Primary School \‘f)

Junior Secondary School

'l &4l

O 2.0

Senior Secondary Scl@) \T 5 ,<\ 19.3
": ¥y '

Vocational certifi L) 3.7
Diploma/NCE (Nigeria Cert in Education)” (%' 27.5
Degree/HND (Higher Natiepal Di 104 35.3
Postgra [i ? \é\ 24 8.1

(,) S
4.6.5 Type of (Wany | \ é_}
The Sole 4Proprietorshi 'artnéflp ownership structure were the most
¢
prevalent t &Domp ny st ctdre Cmtituting about 80% of the whole sample.
gl

. AT N
Specm% e Propri Phlp @Stltute more than half of the total sampled
resp ts. The company str@é frequency in this study is similar to the findings of

N & NBS (2017) report which showed that Sole Proprietorship is the major

Gépany structure in the MSME sector in Nigeria.
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4.6.6 Religion of Respondents

The religion of the respondents was captured in the demographic sectw!s
expected, 100% of the sampled respondents identified with Islam. Based on@amh
scope and sample selection criteria, other religions were excluded fr analysis.

Christianity and other traditional religions constitute an insignificant proportion in the

North-West region of Nigeria. V
Table 4.14: Religion of Responde : '
Religion Frequency Percent %) .\,d‘ T
Islam 295 0 N
B A
_ _ 4 b 4§
4.6.7 Number of Years in Operation \ N
RN
Table 4.15 shows that most of the Wre re'ﬁtiv youn((g their business
life cycle (5-10 years). A sizeable numb SMEs (46:1%) a@/ithin the range of

5-10 years in operation. Addition % a oun ou)ﬁhelr business life cycle,
@
9% agov@' years) are fairly matured

an
AN
in their business life cycle. Yv ' ,é\

whereas another 19. 7% (11- rs)

(
TaBIe).lS: fi??é@in Operation
A - -
Numb@ars il Opénation ~Frequency Percentage (%)

'\ 4y (59 51 17.3
(0 5- 136 46.1
58 19.7

k A 50 16.9

Y—v

N 2
4.6K arital Status of ﬁé'f)ondents

% able 4.16 shows that more than half of the respondents are married (63.1%).

0wever, the number of singles is also large (35.6%) which can be linked with the age
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of the respondents of which majority are relatively young. The percentage of others

(which include widow & divorcee) is very low at 1.4% of the total sample. Yv

Table 4.16: Marital Status of Respondents

Marital Status Frequency Percentage (%A

Married 186 63.1
Single 105 35.6
Others 4 1.4\/

4.6.9 Number of Employees .Lq
Table 4.17 shows the frequency distributiongof number of empl ye%\m'the
t.)
sampled MSMEs. From the results it can be obseﬂ% 100,% 1-1 11-2@ 26-50)

1-50. y}éium sized

of all MSMEs in the sample have employees Wliln the }go\
enterprises were excluded from analysis t% the study e and sample inclusion
criteria. Furthermore, this correspondmhe ara

Micro and small enterprises form;s bDK oaa%'

NBS, 2017).

Number of o0 y Percentage (%0)
> 54.6
30.8

Qgﬁ;SO emplo 14.6

NN
4.6.10 %kof Bugi MSMES
Y-v
table below (Table @fdisplays the frequency distribution of MSMEs line
0 ss. The wholesale/retail (21.7%) and agriculture (17.6%) account for the major
roportion of MSME business lines in the sample. A similar statistic was reported in
e survey report by SMEDAN & NBS (2017). The other business lines include

Manufacturing  (13.6%), electronics/computer/power  (12.5%), food and
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beverages/accommodation (9.8%), construction (8.8%), machinery (8.1%), transport

and storage (5.8%) and others (2%). Y~

Table 4.18: Line of Business of MSMEs (ﬁ
Line of Business Frequency Percenta‘g*)
Transport & storage 17
Construction 26 X'
Machinery 24 M
Electronics/computer/power 37 Y’Z.S
Manufacturing 40 13

Wholesale/retail
Others

Food & beverages/accommodation 29 w
Agriculture I -
¥

4.6.11 Location of Business

ints e‘.fr Hkano and 38.6% from Kaduna.

61.4
38.6

NN

N

4.6. Takaful Awarene5\°)
? e sampled respondent’s awareness of takaful was also asked in the
@ ographic section. The table below (Table 4.20) shows the frequency distribution of
akaful awareness among owner-managers. The responses reveal that there is a

moderate awareness of takaful products for MSMEs among the sampled respondents.
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More than half of the sample were aware of takaful (50.8%), whereas the other half
were not aware of takaful (49.2%). This finding suggests that more awareness cal

and promotional activities are required from takaful operators and other @ders

such as takaful regulators. *

Table 4.20: Takaful Awareness

Takaful Awareness Frequency Percen %
0%

Yes 150 .
No 145 y |
Nd.
4.6.13  Takaful Product Usage [ _\L}

The sampled respondents were also asked, aboUt their ésage tak{)ﬁrproducts

for their business risk management. The results f shows'that more than

70% of the sampled MSMEs (70.5%@1%9 an ral @ful product. This

finding reflects the general trend in insuran \qu% AN & NBS, 2017).

N
As was stated in the problem s{%, most MS ar&g"’?to adopt general takaful
&

as a risk mitigation strate e}uho of t have suffered loss in their
business undertakings.% usibler
maybe the lack of uwta di A
takaful product\éw busi (_)

C . ﬁ'
Tahle4.21: Takaful Product Usage
RS

% Lbakafﬁl.ﬁr ct Us@' Frequency Percentage (%)
ire & Special eri@ﬁaful 23 7.8

A Burglary & Thef{ Takaful 9 3.1

\ Marine Cargo Takaful 5 1.7
% Agricultural Takaful 26 8.8
Q Motor takaful 7 2.4

easois Hin@ng the use of takaful by MSMEs

' g
owledge of the benefits and compatibility of

—

ures. &

Goods in Transit Takaful 7 2.4
Group Personal Accident Takaful 10 3.4
None 208 70.5
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4.6.14  Past Business Loss Experience

The respondents were further asked whether they have any prior loss exp?l!e
in their business. This question was asked to measure the influence %\ loss
experience on takaful adoption intention. It is logically presumed tha that have
suffered business loss in the past will be more willing to participate imgakaful schemes
as a risk protection strategy. The results from Table 4.22 sho Mre than 75% of
the sampled MSMEs (76.3%) have experienced busineﬁnc‘ing supports the
past study of Dandago et al. (2020) which highligh he vulnéerabi and risk

X

exposure of entrepreneurs, particularly risk related ike and athe ty'rak@ards.
Thus, it is expected that loss experience will inl@ e%ﬁj&@%ﬁ.

{\T

A f
.%

“« &
N RN
N
4.6.15  Perception TWSup ort {JSS%
This question was asked to\j@ ighte’thécgeneral perception towards general

takaful among thg@ien .lThe results f W%the frequency distribution table (Table

N
4.23) shows @hjori of t s?hple,g'a(/e a positive perception towards takaful.
r

Precisely ee that ge takaful can support their business in the event of loss.
’
This f wuggests that t{ka%RBperators need to take advantage of the positive

&
pehﬂtio among MSME owkr-managers in North-West Nigeria and increase their

S

share in the MSME segment.
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Table 4.23: Perception of Takaful Support to Business

Perception of Takaful Support Frequency Percentage (%0) Y.

Yes 242 82.0
No 53 18.0 (,)
AY
4.7 Descriptive Statistics of Latent Constructs Y-
This section presents the descriptive statistics of all cons mployed in the

study. The mean and standard deviation of all latent c trmere calculated. A
seven-point Likert scale was used to mea spondents’ gree of
agreement/disagreement with the measurement itemSaJ he scale range a's b‘azggn 1
(extremely disagree) to 7 (extremely disagree). The n vaIL?f ral xo‘g:j@s latent

constructs ranges between 3.22 for uncertainty g;str to 5.5Q_for religiosity

o

construct (RG). Furthermore, the stand ati endégenous constructs
sgcial influence (SI) and

ranges between 1.34 for relative adentage R \% Z

government support. Precisely, rela vantage hasa meaﬁ-}ld standard deviation of

4]
(M=4.97 SD=1.34). This indi@bgt at theé%pion o\m‘?‘é\t—ive advantage is relatively
high. For compatibility, emnd smn:?dpvi %were (M=5.28 SD=1.38). This
shows that the resp@t
standard deviatic&c m
perceived co@ of genera lg#ul Ergw'éderate to low among the respondents. The

mean an s%ﬂdei ionyfor n@intyconstructwere (M=3.22 SD=1.58). This is

s
indicaﬁe perceived uncertainty of general takaful among respondents is low. For

o

a Nss, the mean and stand\ard deviation were (M=4.4 SD=1.50). This means that

ondents agree that awareness has moderate influence on general takaful adoption.
Qe mean and standard deviation for social influence were (M=4.5 SD=1.62). This

result indicate that the respondents agree that social influence moderately influence
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general takaful adoption intention. The descriptive results for government support
(M=3.73 SD=1.62) implies that government support has a low influence on I
takaful adoption. Furthermore, the mean and standard deviation for rell@w

(M=5.50 SD=1.46). This result suggest that respondents agree that rellgﬂ%fluences
general takaful adoption. Finally, the mean and standard deviation f&e'endogenous

construct (Al) were (M=5.49 SD=1.48) suggesting that the rQiE)on ts agree general

takaful adoption was partly due to the influence of some o gen<'us constructs in

the study. Table 4.24 shows the results of the descriptive statistic

Yv

c,}
Table 4.24: Descriptive Statistics tent Con ru
Constructs Item v
Relative Advantage 7 234
Compatibility N 1.38
‘@ 1.44

Complexity \

Uncertainty ' 1.58

Awareness Cf) 8 \; 4, \/<\ 1.50
Social Influence ? 9 4 1.62

Government Suppov\ 1.62
Relig|05|ty

<550 1.46
Adoption In [ \%5.49 1.48
| | \J
s/
Q
4.8 Evaluatlo SEI\/' Re %

&
After pre ng p eli yana@fs and descriptive statistics, the next stage

)

was to evaluate t PLS SEM r uﬁs (A two-step approach was applied as suggested

"
by Hair 019)£ rﬁeler‘ﬁ\ ngle and Sinkovics (2009). The first step consists
ing the measurement.fi deI (outer model) through assessing the following:
al item reliability (indicator loadings), internal consistency reliability,
ergent validity and discriminant validity. If the measurement model fulfils the
requisite criteria, then the structural model can be evaluated. The second step was to

evaluate the structural model (outer model) through examining the following:
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significance of path coefficients, the coefficient of determination (R? value), the effect

size (f?), the blindfolding-based cross-validated redundancy measure (prw

relevance [Q?]), the model’s out-of-sample predictive power by using th@edict
technique (Hair et al., 2019; Shmueli, Ray, Estrada & Chatla, 2016) andinificance

of the moderating effect. Q

48.1 Measurement Model Evaluation z '

To estimate the appropriateness of the measure mo thudy, the

"X
ility test, in al’c@ency

reliability test, convergent validity assessment |m% : yte@airetal.,

48.1.1 Individual Items Relia@s \> ,<\
The reliability of individu%s flecti

following analysis were conducted: individual item r

2019; Henseler et al., 2009).

4

N
(reflectiv onstruqcs? is evaluated by looking

\‘ &
at the standardized factor loadin fiT' u indi(‘x§k(item5). Standardized factor

loadings that are abov: e usually re mfne@d, as that implies that more than
4 ¢ &
50% of the indica't@nce ii M d by nstruct being measured (Hair et al.,
2019). Howeve% t al . 77&_‘§ﬁtended that items with factor loadings
¢
between the rg‘l@of 0.40 and0.70 @he retained if removal of items will affect

%v N
content yalidity. Neverthe ; theg&vised that items with loadings less than 0.40

X
sho ays be deleted. Fur@ﬂore, Hair et al. (2021 p. 77) recommended that “....
I%’ s with loadings between 0.40 and 0.708 should be considered for removal only

deleting the indicator leads to an increase in the internal consistency reliability or

onvergent validity above the suggested threshold value”.
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In the present study, 6 items (AW1=0.669, AW7=0.691, CX2=0.561,
RA1=0.662, RA5=0.681, UC1=0.599) were found to be below the recomw
threshold of 0.708. However, given that the removal of the indicators v@mgs
between 0.40 and 0.708 did not increase the composite reliability scor nvergent
validity values, the items were retained (Table 4.25). Moreover, sorrWns if deleted
(for instance CX2) can adversely affect the content validity %eylstruct and thus

retained. Nevertheless, 2 items (CX1 & CX4) were delet 0 veiry low loadings

(<0.40).
O
N4
| S
48.1.2 Internal Consistency Reliability T

The second test was to examine the in aI nsi Ilablll@f he measures

that make up the construct. Internal cowa reliability |cat@% degree to which

items measuring the same construct reselated w Wot e&‘aﬁhlret al., 2021). The

two popular techniques comm to eQ/ lua mte nS|stency reliability are
Cronbach’s alpha and co rt:l[a ity CR) S present study used both
ility/co éff t to assess internal consistency

%

Cronbach’s alpha and% te reli

reliability of items ch con s‘ ted , 2017) However, Cronbach’s alpha
&p osit

gives lower val b111ty Moreover, Cronbach’s alpha has
less measu reC|s n be UJ ti‘ej ms are unweighted. Conversely, composite
reliab|I| eighted.it jbase@the factor loadings of individual indicators and,
a higher reliability@rf etal., 2019). Scholars have set a minimum of 0.60

nt (for both Cronbach’s alpha & composite reliability) as acceptable for

ratory research (Hair et al., 2019: Sekaran & Bougie, 2016). However, coefficient
0 70 to 0.95 are preferred (Hair et al., 2021; Hair et al., 2019; Sarstedt et al., 2017).

In this study, both Cronbach’s alpha and composite reliability (CR) coefficients of all
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latent constructs were within the satisfactory threshold recommended by scholars (see

Table 4.25). Thus, internal consistency reliability of constructs items was achlw'm

this study. ('}
4.8.1.3 Convergent Validity Q

After assessing the reliability of items, the third evaluating the
measurement model entails confirmation of convergent i éCOr]vergent validity
refers to the extent measurement items correlate with eac ertofrep partlcular

construct (Hair et al., 2019; Hair et al., 2014). Toe e the conver, ertt V. ty of
ave

indicators in relation to the individual construc i m varlance
extracted (AVE) value was calculated. A ag mwce racte E) measure
shows the average variance shared ber\%nstruct a e |n ors measuring it.
Average variance extracted (AV calcula ?qu he loading of each
individual item measuring a co nd ttﬁ eaft e value is computed (Hair
et al., 2019). The minimum_ stan d flr houI t least 0.50 or above, which

indicates that a constr ts at ni f the variance of the indicators
4 .‘

measuring it (Hair ., 2021, \E&a ., 201 he results of AVE for this study are

|d|ty achieved for all latent constructs as the

l
AVE values | above the coﬁme} d threshold of 0.50. The AVE values in this
o

shown in Table#4.25.
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Table 4.25: Loadings, Cronbach’s Alpha, Composite Reliability (CR) and AVE

. Cronbach's ~ Composite X Tﬁ
Constructs Items  Loadings A Vakrlance
Alpha Reliability tad (AVE)
Awareness AW1 0.669 0.887 0.915 % 75*
AW2 0.782 s
AW3 0.784
AW4 0.750
AWS5 0.819 Y.
AW6 0.813
AW7  0.691 \/
AWS 0.745
Compatibility CP1 0.849 0.881 3 0.679
CP2 0.875 '
CP3  0.859 ‘\d
CP4 0.744 o
CP5 0.786 I Q. ,\Y'
Complexity CX2 0.561 0 0.818 I @.610
CX3 0.785 2 Y.
CX5 0.948 - )
General Takaful Adoption ~ All 0.915 ﬁm 0981 0.772¢
A2 0897 \, o‘ é\
Al3 0.920
Al4 . (') f-$
Government Support GS1 0.939' 0.718
GS2 AN
GS3 \&
GS4 )
GS5 -
GS6
Relative Advantage 0.912 0.601
Religiosity 0.932 0.696
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Table 4.25, continued

%;gge
. Cronbach's Composite iance
Constructs Items  Loadings Alpha Reliabilityw acted

(9 AVE)
Social Influence SI1 0.804 0.936 0.946 0.662
SI2 0.828
SI3 0.801
SI4 0.800 Y'
SI5 0.819
SI6 0.874 \/

SI7 0.779
SI8 0.801
SI9 0.813

Uncertainty uCl1 0.599 0. 14 0.642
uc2 0.816 "

UC3  0.865

uca 0842 | _\"}
UC5  0.820

Ucé 0836 ’ X~

b SN
4814 DiSCl iminant Valldlty %V |

&
Confirmation of discriminant validity |§Q s&Qn evaluating the
A

measurement model in PLS-SEM.E’ ch' in&r‘%yy S a petric measure that reveals
“« Q-

the extent to which a particuldmconstruct is i |caIIAﬁ€$tinct from other constructs

\
in the structural model? (HRetI al., 4)21p. l). IS distinction entails two things

“how much it correlates wit then&n‘s ahddaow distinctly the indicators represent

only this single c@ (S@al., 2@. 18). The two popular techniques for
B

assessing dis 'hﬂmt lidity e: rcué-r’ the assessment of cross-loadings (Chin,

d

and Larcker (19 (L/riterion. In establishing discriminant validity
4

e lgading?)f each indicator is expected to be greater than all

1998) an

through, c oadings °
S’
of'\cr s-loadings” (Hense%r et al., 2009 p. 300). Chin (1998) argues that for
inant validity to be established each indicator should load highest on the
OStruct it is meant to measure than with other constructs in the structural model. For

Fornell and Larcker criterion, discriminant validity is established if the square root of a
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construct’s AVE is greater than the correlations with other constructs in the structural
model. This means that the AVE value of an individual latent construct sh?ﬂe
greater than the squared correlations with other latent constructs in the model.*Thus,
each construct has more variance with its own block of items than Withﬂ&onstructs
representing a distinct block of items (Henseler et al., 2009). T

Nevertheless, recent research has shown that the Fornell and awriterion, as well
as cross-loadings are poor measures of discriminant v mn'eler, Ringle &

Sarstedt, 2015). For instance, a study by Henseler et al.,;42015) v!h&e@t both the

@

| Y
y When the_i n’lq@gs on

ad%' ' the@éofO.GS

tio vﬂ-| ) of ﬁaﬂons was
proposed by Henseler et al. (2015) N%@er alternative’ to ate discriminant

validity. The HTMT ratio is definedlas, .. the m We @ndicator correlations
N

across constructs (i.e., the 't—heﬂzrom od Ei;@ations) relative to the

(geometric) mean of the a hor]l ns for t@icators measuring the same

construct (i.e., the mo%iterom hod orfeh@ns)”. (Hair et al., 2021 p. 7). A

lower HTMT ratio 'ﬂd\icatlvel 4 I inai&}lildity, whereas a higher HTMT ratio
indicates a Iackg{&‘ lty. Fédnstructs that are similar conceptually, a
maximum t w of .9:) d Seltv&(?uggests discriminant validity is achieved.
Howev%f{r, nstruets th ?re con&\)tually different, a more modest maximum limit
of 0 d below indicates th@triminant validity was established (Hair et al., 2021,

Fornell and Larcker technique performed poorly, esp

a construct vary even if marginally (for example

to 0.85). Therefore, the heterotrait-monatgait

Xr etal., 2015). In the present study, all three techniques (i.e., the popular Fornell

G rcker criterion, cross-loadings and the HTMT ratio of correlations proposed by
e

nseler et al., 2015) were applied. The results from the Tables (4.26, 4.27, 4.28) below

indicate that discriminant validity has been established in this study in all the three
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criteria proposed by scholars (Henseler et al., 2015; Chin, 1998; Fornell & Larcker,
1981). Table 4.26 shows that AVE values for all constructs (bold text) are Iartwm
their corresponding correlation coefficients (plain text), indicating eﬁ tory
discriminant validity for this criterion. Furthermore, discriminant vﬂ&was also
achieved based on the criterion of cross-loadings. All indicators load¢higher on their
respective constructs (bold text) than with other constructs Imt) in the model
(Table 4.27). Finally, the HTMT ratio for all constructs h the maximum
threshold of 0.85 (Table 4.28), suggesting discrimi vali ithaximum
'YX
correlation (0.8) was between general takaful adop GTA) and_r, Iidio @(RG)

Thus, in all three criteria, discriminant validity

Table 4.26: Fornel

Constructs 1 2 3 8 9
Awareness 0.758
Compatibility 0.348 0.824 %
Complexity -0.091  -0.185 g i P
General Takaful 0.380 0.595 . .879
Adoption

Government Support -0.465
Relative Advantage 0.375
Religiosity 0.340
Social Influence 0.522
Uncertainty 0.0

0.329 0.351 0.814
-0.149  -0.147 0.067 0.801
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Table 4.27: Loadings and Cross-loadings

Constructs  Loadings 1 2 3 4 5 6 7 9
AW AW1 0.669 0202 0018 0202 -0.319 0227  0.209 % 0.087
AW2 0782 0415 -0.177 0378 -0.313 0421 0.3 \46 -0.039
AW3 0.784 0319 -0046 0282 -0.396 0301 O. %.492 0.065
AW4 0750 0367 -0.238 0400 -0.287  0.381 &k 0.287  -0.195
AW5 0819 0213 0062 0276 -0.373 0233 _ 0153 0479  0.102
AW6 0813 0182 -0.018 0240 -0.388  0.243 ; 0496  0.077
AW7 0.691 0036 0082 0144  -0.447 0. 136 0.441  0.188
AWS 0745  0.097  0.002 0183  -0.427 o.ig&/o.lsz 0465  0.070
CP CP1 0273 0849 -0.192 0492 -0208, O 0564 0224  -0.150
CP2 0303  0.875 -0.160 0.568 576 0161  -0.244
CP3 0.348  0.859 -0.194 0515 547 4 0196  -0.184
CP4 0244 0744 -0.158 0414 4 0203  -0.195
CP5 0256  0.786  -0.049  0.442 g8 * 0794 -0.72
CX CX2 0042 -0.041 0561 -0.034 020 _\‘-—9‘047 0.339
CX3 0020 -0.093 0785  -0.102 -0.108_ ¥0.104  0.442
CX5 -0.124  -0.209  0.948 0206 0037  0.556
Al All 0338 0583 -0.189 0915 {ilgi 0305  -0.182
Al2 0355 0506  -0.163  0.897 673 0361  -0.140
Al3 0362 0575 -0.196 | 0.920 4 0700 0361  -0.152
Al4 0273 0405 -0.1 0.775 0521 ) 0494 0214  -0.106
GS GS1 0363  -0.162  -0.167 ‘.2@ 3 -0.194 -0.462  -0.200
GS2 -0.409  -0.219 % 0242 0293  -0.498  -0.122
GS3 -0.428  -0.238 . 0287 0266  -0.478  -0.132
GS4 -0.453  -0.26 108 :0.297 | -0.318  -0.497  -0.100
GS5 -0.367 -0.20& 171 - -0.200  -0.464  -0.150
GS6 -0.330 -o.‘,..-o.m’ - 0277  -0.440  -0.174
RA RAL 0.290 0.4K -0.15! 0510 0281  -0.010
RA2 0.271 : 0.23 0503 0193  -0.129
RA3 0.35 0549 . * 0526 0330 -0.108
RA4 0. &0.491 | 0501 0240  -0.133
RA5 1 0.44 1 686 0344 0119  -0.012
RA6 %v,g 0.559 194 (o512 0493 0295  -0.204
RA7 CQO 0.600 -¢12§('70.529 0541 0287 -0.175
RG RGQ, 46 ’ 0.6 ) -0.1.@./ 0.644 0.854 0319  -0.172
2 0277p 1 0562 Qézs 0.618 0866 0260 -0.168
g@ 0.248 484 0436 0586 0842 0213  -0.153
% 0314 0532 0}0.119 0.578 0825 0276  -0.092
0301  0540™°-0.072  0.567 0791 0365  -0.048
0315 0553 -0.161  0.663 0825 0322  -0.096
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Table 4.27, continued

Constructs Loadings 1 2 3 4 5 6 7 8 9

Si Si1 0.491 0.184 -0.009 0.307 -0.478 0.304 0.318 I 0.804 0.024
SI2 0.456 0.184 0.051 0.275 -0.508 0.311 0.28 0.828 0.086
SI3 0.377 0.078 0.130 0.168 -0.488 0.209 0.18 0.801 0.176
Sl4 0.408 0.236 0.092 0.277 -0.391 0.228 ﬂk 0.800 0.036
SI5 0.402 0.229 0.049 0.303 -0.418 0.300 0.356 0.819 0.017
SI6 0.441 0.188 0.045 0.348 -0.467 0.276 YM 0.874 0.028
SI7 0.374 0.156 0.118 0.199 -0.441 0.2 203 0.779 0.067
SI8 0.406 0.263 -0.003 0.344 -0.446 0.309 313 0.801 0.018
SI9 0.441 0.135 0.083 0.303 -0.464 0.254 0.813 0.110

ucC UCl1 0.002 -0.092 0.399 0.005 -0.095 i 0.046 -0.010 0.599
ucz2 0.034 -0.209 0.427 -0.131 - . 0.816
ucC3 0.043 -0.208 0.437 -0.199 0.865
uc4 0.005 -0.203 0.541 -0.115 0.842
uUC5 -0.002 -0.164 0.582 -0.102 0.820
uC6 -0.037 -0.160 0.516 -0.096 0.836

Table 4.2 i
Constructs 1 2 4 9

Awareness

Compatibility

Complexity

General Takaful

Adoption

Government Support
Relative Advantage
Religiosity

Social Influence
Uncertainty

0.347
0.162

0.368
0.143 0.098
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Figure 4.3 a rem r ?é)é“
In general, reliability an M ity Mure@%ﬁt model was established in

this study. The next s essmg PLS EM 'ﬁts is to evaluate the structural

model. j “é)‘/
&
Str%\ Modél E ua IEJ (J
%&'{he ?r tur} ode @\talls testing the significance and importance of

the ips among Iaten&)nstructs (i.e., hypotheses testing). Also, the
tory and predictive relevance of the research model is verified in this stage (Hair

2021). The main statistical tests to evaluate the structural model in PLS-SEM
Qludes the inspection of the following: significance of path coefficients in the model,

the coefficient of determination (R2), the effect size (f2), predictive relevance (Q2),
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goodness of fit (GoF) of the model, and the out-of-sample predictive relevance
(PLSpredict) (Hair et al., 2021; Hair et al., 2019). PLS-SEM as a non- pa

approach relies on the bootstrapping procedure which does not dep@ any
distributional assumptions to estimate the significance of the path coem&s (Hair et
al., 2021). This study relied on the bootstrapping procedure (5000 &ts’rap samples
with 295 cases) to calculate the t-values of path coefﬁcients% uently, these t-

values were evaluated based on the critical values from the normal distribution

to decide whether the path coefficients are statistically®signifi n’[\(gdaluate the
23
significance and relevance of the relationships amo constructs i t’ne@tural

ai%m., 2014).

odel@;n the direct

nst@% were evaluated,

The structural model in this study consisted

relationships between the exogenous@e

and the interaction model wherein oderatin ts ,Q}I‘glosny was tested on

the relationships between the a%s coﬁstruc and ggiz?al takaful adoption. The

results for the structural m h& sh igure A%nd Table 4.29 for the main

effects and Figure 4% able

&
Moreover, the mo %(Gol—");ﬁ essgppior to the test of significance (i.e.,
y

hypotheses testing) a Harﬁsﬁer Hubona and Ray (2016). Henseler et

w

4 :' ‘(he@oderating effects, respectively.

al. (2016) su that he st a&hzefij ot mean square residual (SRMR) should be
applled te thé mo ‘jlt A@QMR value of less than 0.08 is recommended to
achigyve atlsfactory model f@h SRMR value of 0.066 which is less than the

threshold of 0.08 was achieved in this study, suggesting satisfactory model

GE nseler et.al., 2016).
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48.2.1 Hypotheses (Testing) of the Main Effects

The hypotheses for the main effects were developed based on the first r?!h
question mentioned in chapter one. Specifically, the first research questi%x “Do
relative advantage, compatibility, complexity, uncertainty, awareness, Q&nfluence,
government support, religiosity, and prior loss experience influenc%feﬁeral takaful

adoption among MSMEs owner-managers in North-West Ni M Based on this

research questions, the following nine (9) hypotheses wer Nm: '

H1: Relative advantage positively influences the adop of gene :J| among
MSMEs owner-managers in North-West Nigeria. ' _\‘—}

H2: Compatibility positively influences th on_of| taQ/m among

MSMEs owner-managers in North- i ria.u\ g
H3: Complexity negatively influenc e aaption of general ta@l among MSMEs
owner-managers in North-W@?eria. \Y ,<\

N
H4: Uncertainty negatively inié the &iopti of ge takaful among MSMEs

\o@ RN
owner-managers in Nquh- st T Ia. %\
H5: Awareness posit influences the a oJE{ioqs@‘ general takaful among MSMEs
d &
owner-mana in Nortkl- N geria.%
H6: Social inévosi' i 'uen the adoption of general takaful among
¢
MSMEs r-manager nﬁor&g\’/?lestNigeria.
N

H7: G@’ nt support iitivelyéhfluencesthe adoption of general takaful among

Y-v
Es owner-managersc@*N’ orth-West Nigeria.
@ N

: ligiosity positively influences the adoption of general takaful among MSMEs

: owner-managers in North-West Nigeria.
9: Prior loss experience positively influences the adoption of general takaful among

MSMEs owner-managers in North-West Nigeria.
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Thus, the results of significance test were used to accept/reject these hypotheses
advanced. Hypothesis 1 predicted that relative advantage has a positive influenc?me

adoption of general takaful. The results from Figure 4.4 and Table 4. \ tha

~+

relative advantage had a significant and positive influence on general A@ adoption
among MSME owner-managers in North-West Nigeria (f =0.150; t¥.676; p <0.01),
supporting hypothesis 1. Hypothesis 2 predicted that compatibi im significant and
positive influence on general takaful adoption. The findin igu[e 4.4 and Table
4.29 reveal that compatibility had a significant and positiveginflue ceWal takaful

3
adoption among MSME owner-managers in Nort@igeria B =0.
< 0.05) substantiating hypothesis 2. Furth hypothesi

07', t_@‘g&p
yp\

p%&ted that

I taka.@(;option. The
xit)@(d an insignificant

complexity has a significant and negative Wte 0

results from Figure 4.4 and Table 4.&%3& that co
influence on general takaful adoptiwong %‘n

@\agers in North-West

N
Nigeria ( =-0.047; t =1.029; ing poth%(/ . Similarly, hypothesis 4
predicted that uncertainty mnifl andi nega '%nfluence on general takaful
adoption. Figure 4.4 a l&r4.29 show that &no@inty had no significant negative

influence on gener %fu a

Nigeria (B = -04023;

' g

’ &
\NA ong gy\AE owner-managers in North-West

.OS)(tjfdrefore hypothesis 4 was not supported.

o

Additionall pathesi 5' r icéd Qh)a awareness has a significant and positive
ianuenq(m%éraIw f 'qoption{\'\he findings (Figure 4.4 and Table 4.29) showed
thatj&ness had a significa@:g. positive effect on general takaful adoption among
@owner-managers in North-West Nigeria (B =0.077; t =1.724; p < 0.05),
G borating hypothesis 5. Also, hypothesis 6 predicted that social influence has a
ignificant and positive impact on general takaful adoption. The results (Figure 4.4 and

Table 4.29) reveal that social influence had a significant and positive influence on
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general takaful adoption among MSME owner-managers in North-West Nigeria (8
=0.077; t =1.813; p < 0.05), substantiating hypothesis 6. For hypothesis 7,

hypothesized that government support has a significant and positive effe@neral
takaful adoption. From the results (Figure 4.4 and Table 4.29) governn‘ﬁ&pport had
no significant positive influence on general takaful adoption amorWME owner-
managers in North-West Nigeria (B = -0.002; t =0.044; p >w Consequently,
hypothesis 7 was not supported. The next hypothesis pre m rfligiosity would

have a significant and positive impact on general takafu tion FWFigure 4.4
L ]

and Table 4.29) indicate that religiosity had a signific

al hypothesis (hy@z;is 9) in the
main effect model predicts that prior Iw ence has a'si ifi(@‘bositiveinfluence

on general takaful adoption. Result@s Figure\hmwT ]{)?29 indicate that prior

N
t inﬁ'uenc n ge takaful adoption among

takaful adoption among MSME owner-manag

=7.738; p < 0.01), validating hypothesis 8:

loss experience had a positive
\m &
MSME owner-managers i‘ No -W’s igeria (B~=0.087; t =2.202; p < 0.01),

supporting hypothesis

Furthermore, results f

4.4 and Table A@abli '
¢
general tak %)ptio , reli os{ycaj the highest standardized beta coefficient
%v NN
(0.499)% thatreligi }tyw@e most important construct in predicting general
taka@)ption among MSM ner-managers in North-West Nigeria.
oy

amméﬁ*e nine exogenous constructs predicting

176



RG3

w | '\'\'\ ]‘/‘/‘

30101 36990 27.633 21181 33302 31.581

ative
Advantage

36580 s

¥45.557]
435.0077
19.141

P4 ,15854 Compatibility 1.926.

! uppo
15.837 28764 30155 51294 5232 23.776 26:530

Awareness )
o 2007 \\‘
w7 518
e 4

AWS GS1 G52 G54 G55 GS6 ]

Figure 4. A}%ural Model &
\ \A

Table 4,29: ctural rfodely lalu@(Maln Effects)

~
Std. -
H (%) Relatlonshlps ‘\o' v./ I?;:ia% Error t-values p-values  Decision
Relative Advantage e al Takafuhk, ™ g N
H1(+) Adoption 1 &%0 0.057 2.616 0.005 Supported
H2 (+) Compatlblllty—> era Tak a ?On(—) 107 0.055 1.926* 0.028 Supported
Not
H3 (-) CompIeX|ty aI Ta aful optfon(J -0.047  0.046 1.029 0.153 Supported
Not
H4 () Uncerta — era ’T af A op@ -0.023  0.052 0.452 0.326 Supported
H5 (+) Aware eneral Ta afuIAd t%?\ 0.077 0.045 1.724* 0.044 Supported
He (+) 0 C"'xence_’Ge”era' Ta'“@’ 0077 0042 1813 0036  Supported
H7 (+) n ent Support — General Takaful 0.002  0.041 0.044 0483 Not
n Supported
H8 (+ iosity — General Takaful Adoption 0.499 0.065  7.738** 0.000 Supported
H9 s Experience — General Takaful 0.087 0039 2202** 0015  Supported

doption

Note: **Significant at 0.01 (1-tailed), *Significant at 0.05 (1-tailed)
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4.8.2.2 Assessment of Variance Explained in the Endogenous Construct (R?)
After evaluating the significance of the path coefficients, the next ste
examine the explanatory power of the model. The coefficient of determination also
called the in-sample predictive power) is the standard used to evaluate‘ﬂ&planatory
power of the structural model (Hair et al., 2021). The R? value refers 1@ the proportion
of variance in the endogenous variable which can be accou eMy the predictor
variables in the structural model (Hair et al., 2014). The mrz'nges between 0
and 1, and the closer to one the R? is, the higher the explanatoryjpo he model.

23
There is no agreed standard among scholars of a sati ry R?valu (jwiﬁe} Hair

et al., (2021; 2014) argue that the research c ndg i sho% uide the
decision of the adequacy of the R? value. Hdig.et al’ (20@%) erela@e.d that an R?
value of 0.10 is regarded as satisfactowak returns icti@&urthermore, Falk

and Miller (1992) suggested a mir@s thresh 2Yal
acceptable. Additionally, Cohe%

value as follows: 0.02 (weak), O.

(2011) suggested that% .75 can be classified as weak,

moderate and substantial, resto i social science research studies.

,@9.10 is considered as

N
deline for acceptable R?

Moreover, Ching(1998) als le R? values for PLS-SEM as follows:
0.19 (weak) (&)node ate .67 (substantial). Table 4.30 presents the R? values

\
for the rQi{e,tct model his s@. The results show that the model explains 60%

Y-
(0.6we variance in the er@énous construct (main effect model). Thus, based on

t lines proposed above, the main effect model can be considered moderate (Hair

d ., 2011; Chin, 1998) or substantial according to the standards of Cohen (1988).
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Table 4.30: Variance Explained in the Endogenous Construct

Endogenous Construct Construct Variance Y'

Explained (R?)

General Takaful Adoption (Main effect) 60% c\

48.23  Assessment of the Effect Size (f?) v

Another means of assessing the explanatory power of the structusal model is by
examining the change in the R? value when a given predictor T’e is excluded from
the model. This measure of evaluation is known as the effectysiz (“2). The unique
contribution of each predictor variable in the model is.known‘through t ect si:?-(fz)

| N | &
assessment (Sarstedt et.al., 2017). Essentially, e ize is used t6)demonstrate the
s Y

practical significance of predictor variables in ife SW . The f

%’calculated
based on the following formula (Cohen, 1@ Q\ «é
f2 _ R;?ncluded B Rgxcluded é

| 2
— Mincluded

N
Y "(‘ §
(4.1) N A
‘C\ S
2 ; 2 l @ 2 H
Where R“ inclu exg ded e}er e R“ values of the independent
N &
variable when a g’i@epenqen table is{&e&hded or excluded from the structural
model. Furthermgre, the denonii
R\ p

(1988) provi %ener st d f:Jr @evaluation of f2values as follows: 0.02 (small

NN
effect), diund’ "and Vié\S (large effect), respectively. Values of f2 below
0.0%old are considered@d effect. Table 4.31 below shows the 2 values of the

pr\r variables in the study. Following the guideline of Cohen (1988), the results
Q that the effect sizes of the predictor variables can be categorized as (1) none
compatibility=0.013, complexity=0.003, uncertainty=0.001, awareness=0.009, social
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influence=0.008, & government support=0.000), (2) small (relative advantage=0.026 &

prior loss experience=0.020), and (3), and medium (religiosity=0.296), respectively:

Effect Size

f2

Table 4.31: Effect Size (f%) (Main Effect Model) (ﬁ\
Alz

Awareness
Compatibility
Complexity
Government Support
Loss Experience

0.009

0.013 m
0.003 \%ne
0.000 Y'None
0.020 Sthall

Relative Advantage 0.026 al
Religiosity 0.296 Medium #
. g
Social Influence 0.008 e/ _{f)
Uncertainty 0.00 Py ONe o
Y. v N
\ <
48.2.4 Construct Cross-validated wncy 2)
Since PLS-SEM is more incline iction and Iana@ of variance in the

endogenous variable, the assess

essential. In PLS-SEM, the p@
based on cross-validated rvﬁéanc
Stone, 1974). To caICI%e Q

approach was emp Msing@
et al., 2017). TW] oldin dur

L., hfﬁ iCtiv

ﬁ\hﬁi$ cgs}nce of the model is

nce of the tural model is evaluated

K\

(Q9) Indfo@g procedure (Geisser, 1974;

I

is ztgg the cross-validated redundancy

: .@i‘(h an omission distance of 7 (Sarstedt

icts and imputes the omitted data points

ir et al., 2019; Sarstedt et al., 2017). To get a

ance) the difference between the predicted and

N
ori lues should be sms&')The smaller the variance, the higher the predictive

acc (Q?) of the structural model (Sarstedt et al., 2017). Q? value greater than zero

n endogenous latent variable signify an acceptable predictive accuracy (Hair et al.,
019). Like f? effect size, Q? effect size can be computed to examine the change in the

Q2 value when a given exogenous variable is excluded from the structural model. As a
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general guide, predictor variables with Q? values of 0.02, 0.15, and 0.35 are considered
to have small, medium, and large predictive relevance, respectively, on a cw
variable in a structural model (Sarstedt et al. 2017; Chin, 1998). The Q? \@f this
study is shown in Table 4.32 below. The result (column labelled 1-SSBM revealed
that the Q2 value for the study’s endogenous variable was above z€ro (Q%=0.472),

indicating a high predictive accuracy and relevance of the merI E edtetal., 2017,

l

Table 4.32: Construct Cross-Validated Redtipdan \7\4, S

Construct SSE 2 (=1- 18 _\(,}
General takaful Adoption 1356 715. Ol472 e
Y

Chin, 1998).

4.8.2.5 Out-of-Sample Predictive P@\@_Spr

arch studi using@_S-SEM approach

s@iﬁl |
e explanatory power
C.)

(R?) but also its out-of- sampl ictive power (PES red@' A model’s out-of-sample

predictive power refers to abl|lr/ odel ‘predict the values of new or
l

future observations” w%e not i %Ej in the estimation process (Hair et al.,

2021 p. 119). The e h sbee mmo sed by researchers as the criterion for

The prediction orientation of ma

requires not only the estimation o t ctu r

evaluating a s pr 1ct1 vs.er 0 ever, this assertion is only valid for in-
sample pr cluélhe model’s ability to predict new and future
cases epal., Z(ﬁ ueI| ., 2019). Furthermore, the Q? value, which is
an ans of assessing th'sc;?cructural model’s predictive power suffers from the

‘@rawback as R The calculation of the Q2 value “does not draw on holdout

Onples but on single data points (as opposed to entire observations) being omitted and

imputed. Hence, the Q2 value can only be partly considered as a measure of out-of-

sample prediction, because the sample structure remains largely intact in its
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computation” (Sarstedt et al., 2017 p. 21). To overcome this limitation, Shmueli et al.,
(2016) developed PLSpredict procedure to estimate out-of-sample prediction T@
SEM. The PLSpredict procedure “involves estimating the model on an @! (i.e.
training) sample and evaluating its predictive performance on data'Ag than the
analysis sample, referred to as a holdout sample” (Hair et al., ZOIW. Given the
increasing importance assigned to a study’s practical usefulne smchers should as
a matter of routine, incorporate the out-of-sample predic E;t f the structural
model evaluation in PLS-SEM (Shmueli et al., 2019). .\d‘

The root-mean-square error (RMSE) metric an mean absolute irr&Q‘vﬂE)
metric are the two popular prediction statistic ap,Kl{d ess Kh?ﬁegree of
prediction error in the measurement items w indﬁpe nt co@z However,
the RMSE is the preferred choice in &Dapproac ir et@%OZl; Shmueli et
al., 2019). The PLSpredict proced@plies@yﬂ%ﬂc

model’s out-of-sample predicti%
%r

using these metrics, the RMSE

@valuate the structural

N\
luate t@odel’s predictive power

es o£ measurement items of the

dependent construct s compared 'thlaﬂEWe linear regression model (LM)

benchmark” (Hair %021 11

following guidelines are use

0 intege) and understand the comparison, the

li et C‘I}"QON):
’ J (.?
1. Ifall surement ite oP'th independent construct in the PLS-SEM model
NN
\ er RM j\/IAEa&xlues compared to the naive LM benchmark, the
.
del has high predlc@ower.

\f most of the measurement items of the independent construct have lower
QE RMSE (or MAE) values in PLS-SEM model compared to the LM benchmark,

the model has medium predictive power.
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3. If only few of the endogenous construct indicators in the PLS-SEM model have
lower prediction errors (RMSE) compared to the LM standard, the mo?ﬂﬁ
low predictive power. (ﬁ\

4. 1f none of the indicators of the dependent construct in the PLS %Odel has
lower prediction errors (RMSE) compared to the LM benchma , the model has
no predictive power.

Table 4.33 shows the results of PLSpredict procedu Y;c ors in the PLS-
SEM model (RMSE column) have lower prediction rs c mw‘ the LM

benchmark (RMSE column), indicating the model’s redictive eﬂ(%@eli et

al., 2019). Y. 4' ‘("
T
ower Spred&

Table 4.33: Out-of-Sample W/e P W
~

M (') PLS-LM

PLS \
ltems RMSE MAE Q2 predict RMSE MAE Q2 firedict \RMSE MAE Q2 predict

All 1284 0957 0518 2’0@ 1.0 ‘124’ 5.0.119 -0.058  0.094
Al2 1295 0923  0.440 0953 5 %0 374% .0.074 -0030  0.066
AI3 1261 0943 0544 & 33 0 0 &a‘y .0.072 -0027  0.053
Al4 1604 1221 033 682' Q@72 0078 -0.036  0.066

(? S
'3
4.8.2.6 Hypoth esT ting éj@cts)

The final m th i proce@ to evaluate the moderating effect of
reI|g|05|ty on Xe h'm ,‘Tl he"mpotheses for the moderating effects were
formulat: on}h se n r@ch question mentioned earlier in chapter one.

Speuﬂﬁ the second rese@ question was: “Does religiosity moderate the

Shlp between relatlve advantage, compatibility, complexity, uncertainty,
r

eness, social influence, government support, prior loss experience and general

Qaful adoption among MSMEs owner-managers in North-West Nigeria?”. From these

research questions eight (8) hypotheses were developed as follows:
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H10a:

H10b:

H10c:

H10d:

H10e:

H10f:

H10g:

Religiosity moderates the positive relationship between relative advantage and
general takaful adoption. Specifically, this relationship will be stron?‘lm
MSME owner-managers with high religiosity than those with low religiosity.

Religiosity moderates the positive relationship between coﬂMility and

general takaful adoption. Specifically, this relationship will\be stronger for

MSME owner-managers with high religiosity than those MW religiosity.
cpl

Religiosity moderates the negative relationship be c erity and general
takaful adoption. Specifically, this relationship®will bejw r MSME
X

owner-managers with high religiosity thantfm%th low religi SiW'_S
Religiosity moderates the negative relati i et@ aint@a general
takaful adoption. Specifically, this&@ nshi e Weég.for MSME
owner-managers with high reli@an those Wi Iow@‘giosity.
Religiosity moderates the p{i% relatiﬁg e,(éWareness and general
takaful adoption. Speci%this Qelati ship v@l".}be stronger for MSME
owner-managers wi melig OM@M low religiosity.
Religiosity mo %posil;ﬁgﬁon@p between social influence and
general tak %iopti . :' mll&fugs/ relationship will be stronger for
MSME Q@ana i f ighé{jiosity than those with low religiosity.

¢

Religio oderates t cgitier lationship between government support and

NN
% akaful .adoption. S@ifically, this relationship will be stronger for

o

ASME owner-manage@?(h high religiosity than those with low religiosity.

N

\.Religiosity moderates the positive relationship between prior loss experience and

general takaful adoption. Specifically, this relationship will be stronger for

MSME owner-managers with high religiosity than those with low religiosity.
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To validate these hypotheses, the significance of path coefficients in the
moderating effect structural model was examined. To calculate the interacti?m
(moderating effects) the product-indicator approach (Hair et al., 2021) i(%%tPLS
3.3.3 was used. Figure 4.5 and Table 4.34 show the results of the modﬁ* analysis.
The first moderation hypothesis (H10a) predicts that the positive inw of relative
advantage on general takaful adoption will be moderated by religiosity, such that the
impact will be stronger for MSME owner-managers wit ﬁgi')sity than those
with low religiosity. The results (Figure 4.9, Table 4.3 inter tiW(‘RA*RG-
<0.01). Hence) I—@‘ﬁsis
us%s' slopgﬁalysis to
nseq@’ﬂy the simple

i era@ with continuous

moderator to evaluate the moderatir&%cts. T%l g@‘ot (Figure 4.5) reveals
N,

that the influence of relative a&é on generalita afulq(iaption IS stronger among

MSME owner-managers with h
S

> GTA) was statistically significant ( =0.179,t = 2.

10a was supported. Additionally, it is recomm
interpret the results of moderating effects I% l.,

slopes graph (Dawson, 2013) was pl using two-wa

réligios Ie.
ste(-:‘%m(,r‘wjh‘higbﬁligiosity) than those with low
religiosity (i.e., sha wope)\.is‘ S th@SME owner-manager’s religiosity
influences the % jon 0 advet-}%(je of general takaful. Those with high

religiosity r. Bheral takafulfositiv ly On relative advantage more than those that

exhibit % iositrv)‘, ‘g\\

= &’
N

takaful adoption slop
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1 | = | 0wy Religiosity

1

25 4

4

== High Religiosity

Takaful Adoption

Low RA High RA

Takafu ption

\ ik
Furthermore, hypothesis H g@ictz t%lau@hﬂuence of complexity

o
on general takaful adoption wi oder by religigsity, such that the impact will

be weaker for MSME ow?lmnagtyr ng. giosity than those with low
] l

Figure 4.5: Interaction effect of Relat'cMntagaind Iigios‘lé\on General

religiosity. Figure 4.9 ble 4.34 ed @t the interaction term (CX *RG->

O

GTA) was statistigally Significant ( 0.086% 1.926, p < 0.05). Hence, Hypothesis
NG
10c was supp M thi s;uwi Qreodguthe simple slope analysis was applied to
ti

'3
effét& (Hair et al., 2021). The simple slopes graph

<>

S ) : o .
(Daws W) was pl edtﬁsmg;‘t-wo-way interaction with continuous moderator to

interpret t of moder

N
evalu e moderating effe&g?The simple slope plot (Figure 4.6) showed that the

ce of complexity on general takaful adoption is weaker among MSME owner-

Onagers with high religiosity (i.e., the complexity-general takaful adoption slope

becomes shallower with high religiosity) than those with low religiosity (i.e., steeper
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slope). This means that an MSME owner-manager’s religiosity influences the
perception of complexity of general takaful. Those high in religiosity rate %ﬁl

takaful complexity low when compared to those that exhibit low religiosi((’)

=y

Moderator

[
]

e v Religiosity

‘\—‘ *ngh Religiosit',r

Takaful Adoption

ey
(%, ]

[y

Low Complexity High Complexity

| _ 0 9
Figure 4.6: Interaction eff\ omplexity a Hellq@:rty on General Takaful

Ado N
X~ <
l
Also, hypothesis%edicted }hatt gositi, influence of government support

on general takafu&' n Wi' be erate religiosity, such that the impact will
be stronger f NQ/I Wne

¢

ggee)(v)th high religiosity than those with low

NN
(GS* Q}A) wak statititally-significant ((B = 0.188, t = 3.464, p < 0.01). Hence,
hy

. o d L : .
10g was valldated\ﬁ'«‘thls study. Likewise, the simple slope analysis was

% '
religiosity.Qe results ffomRigure 4 S(@ud Table 4.34 showed that the interaction term

to interpret the results of moderating effects (Hair et al., 2021). The simple
pes graph (Dawson, 2013) was plotted using two-way interaction with continuous
moderator to evaluate the moderating effects. The simple slope plot (Figure 4.7) showed

that the influence of government support (which was statistically insignificant in the
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main effects model) on general takaful adoption is stronger among MSME owner-
managers with high religiosity (i.e., the government support-general takaful awm
red slope becomes steeper with high religiosity). As for those with low rel@(l e.,
blue slope) the impact of government support on takaful adoption is (i.e., low

religiosity weakens the positive influence of government support on takaful adoption).

’51

This suggests that government activities in terms of regulator , and incentive
Zt

onf MSME owner-

with IOWHy
' 2

support for general takaful will have a strong and positi

manager’s that exhibit high religiosity as compared to t

L N

s
1

w
un

/ Moderator

== Lowy Religiosity

\ —B—High Religiosity

Takaful Adoption

[y
i

=

Low G5 High GS

!
Figure 4. 7%actio effe fGo e(ﬂnent Support and Religiosity on General

%/ D) | 'Ij\& | Adoption

Amt esis 10h predlctectI?at the positive influence of prior loss experience on

akaful adoption will be moderated by religiosity, such that the impact will be

ger for MSME owner-managers with high religiosity than those with low
nglosny The findings (Figure 4.9 and Table 4.34) showed that the interaction term
(LE*RG-> GTA) was statistically significant (§ = 0.068, t = 1.812, p < 0.05). Hence,
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Hypothesis 10h was confirmed in this study. Likewise, the simple slope analysis was
used to interpret the findings of moderating effects (Hair et al., 2021). The simpl?pus
graph (Dawson, 2013) was plotted using two-way interaction with MUOUS
moderator to evaluate the moderating effects. The simple slope plot (Figﬂ&&) showed
that the influence of prior loss experience on general takaful adoptioanger among
MSME owner-managers with high religiosity (i.e., the prior IoMerience-general
takaful adoption slope[red] becomes steeper with high reli mar, those with low
religiosity (i.e., shallow[blue] slope). This implies that thesinflue ewimerience
on general takaful adoption is stronger among MSM er-managers x'ikf_'\@?;igh

religiosity than those with low religiosity. 4 \/Y_

45 4

35 - ./"". Moderator

7 e | Religiosity

25 | —

== High Religiosity

Takaful Adoption

1.5

Low Loss Exp High Loss Exp

S ' P Q
Figf&ﬂnteractio effé%t of Prior Loss Experience and Religiosity on General

\QT akaful Adoption

‘é(owever, the other moderating effect hypotheses were not substantiated in this

Qdy. Specifically, hypothesis 10b predicted that the positive influence of compatibility

on general takaful adoption will be moderated by religiosity, such that the impact will
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be stronger for MSME owner-managers with high religiosity than those with low
religiosity. Surprisingly, the finding (Figure 4.9 and Table 4.34) was contrarw
hypothesized relationship. The impact of compatibility on general takaful a@%& was
stronger (instead of weaker) for MSME owner-managers with low reli han those
with high religiosity. Although, the relationship (CP*RG-> GTAWstatistically
significant (B = -0.139, t = 2.468, p < 0.01), the hypothesis MSupported. This
unexpected finding was further discussed in the subsequen %

r. '
Similarly, Hypothesis 10e predicted that the posi influ ncWreness on
X

such that thedinipact-will be

general takaful adoption will be moderated by religi

stronger for MSME owner-managers with

igiosi& tho%‘zv*vith low

i 9 Tabl%s:l) from the
interaction term (AW*RG-> GTA) W&& ilsaallyinsig ifi

p > 0.05) and therefore the hypothe(saﬁs not M 'Lss\‘ﬂdy.
N,
Furthermore, Hypothesi posﬁ'jlate that ttgj negative influence of
uncertainty on general taka%;%ti

impact will be weaker %
low religiosity. T%thesis‘
> 0.05). Equall\h hesi
adon o
influence o eral takaful_a pt\‘%nQA_//il be moderated by religiosity, such that the
NN
impact will, b trong‘eMSM&&mer-managers with high religiosity than those

wit religiosity. The fin@V(Figure 4.9 and Table 4.34) in this study did not

religiosity. However, the findings obtai

ant Q%‘-o.log, t=1.612,

ich E(:}&ﬁlated that the positive effect of social

s?&iate this hypothesis (B = 0.041, t = 0.689, p > 0.05).
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Figure 4.9: Structural
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Table 4.34: StrucN 0 Mn (IVLQi&érating Effects)
N

Ve

A

LPRG
3073, 3

56

@

del Ev

RATRG
454 2468

se00e

2047 1672 1926 0689 05385

1812

i
Yv ' N 5 )
Hypotheses Relatignshi Sﬁ.ﬁe&'% ESrtgr va;[ues vali)ues Decision
H10a RA*R.G_’Ge”eralakaf' $ ‘o/o"{fy 0.088 2.047** 0022 Supported
Adoption \I
Hiob G R _’@ Tedul @39 0056 2.468** 0008 . MO
Adoptlor\ O ' ' ' Supported
*
H10c %o;&;’) i '%';' (570086 0045 1.926* 0028 Supported
U General Takaful -&J Not
H10d C& ’D);g: S5 003 004 o5 0280 g0
— General kafur Not
H10e §§|§?p ioGn \m\, 0109 0067 1612 0055 g
G — General Taka Not
H10f \doption 0041 0060 0689 0246 g i,
S*RG — General Takaful x
6, Adoption 0.188 0054 3.464** 0000 Supported
LE*RG — General Takaful *
0 Adoption 0.068 0037 1.812* 0.036 Supported

Note: **Significant at 0.01 (1-tailed), *Significant at 0.05 (1-tailed)
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4.8.2.7 Evaluating the Strength of the Moderating Effects

The R? value of the direct effect model and the moderating effect mowm
compared to assess the level of impact the moderating variable (i.e., religiﬁiﬁ}as on
the relationship between the predictor variables and general takaful ion among
MSMES owner-managers in North-West Nigeria (Wilden, Guderganmn, & Lings,
2013). The following formula was used to calculate the streng\%&%noderator in the

structural model (Cohen, 1988).

' | - K2 B
| S
“2 Y- \‘. N
where i = interaction model and m = mai@nod Q\ <§
Table 4.36 presents the effect sim od{at' fec SQ)del. The R2 value
erati

for the main model and the full eI}ncIH gm fects) were 0.600 and

“« Q-
0.648, respectively. The effec&e r the fu el WA‘SJ.I.364. The effect size of the

N
moderating effects in tEs Wan b' rega ld @all based on the guidelines of

Cohen (1988). Cohen (19 cata@ ffe'céﬁze values as follows: small (0.02),

0.@ver, I@\ny (2018) and Hair et al. (2021) argued
N
I

(
that standard \ize prepos (1988) are not realistic when applied to

cec })!/
interactioers. Thus, nAy é&ﬁ) proposed a more realistic standard for
’
measufi ﬁl

effect siz€ of O@ﬁon as follows: “effect size values of 0.005, 0.01,

medium (0.15), ap@,Jarg

ana% should be considereh‘as evidence for small, medium, and large effect sizes,

ively” (Hair et al., 2021 p. 162). Therefore, following this guideline, the effect

Qe of the moderation effect model can be considered as large.
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Furthermore, the effect sizes of each interaction of the predictor variables with
the moderator in the full model was calculated in Smartpls 3.3.3. Table 4.36 shyﬂe
effect sizes of the interaction terms. The effect sizes as shown below ra@/\/een
none to small based on Cohen (1988) standard. However, based on t?ﬂ%osed cut-

off standard by Kenny (2018) for interaction effects, the effect sizes range between none

to large. N

[ ]
Endogenous R? Included R2 Excl \¢
Construct (interaction) (mainymod T
General Takaful y
Adoption 0648 % n ‘!-f O’l&ﬁ{
g
N

193



Table 4.36: Effect Sizes of Interaction Effect Based on Kenny’s (2018)

Relationships f2 Size Y'
AW*RG 0.013 Ssmall \
CP*RG 0.020 Medium (')
CX*RG 0.012 Small *
GS*RG 0.040 Large
LE*RG 0.012 Small Y'
RA*RG 0.023 MediuN
SI*RG 0.002 N0Y~
UC*RG 0.002 e '
4.8.3 Summary of Findings L}Y
Having presented the results of both the maig_and n]pd rating eff@ model

evaluation in the previous sections, Table 4.37 présents t \urnmary ogmings for all

the 17 hypotheses investigated in this w\%w

Table 4.37: Summary of&
Hypothesis tendent _ & Finding
H1 Relative adyantage positively iffluenges the Supported
adoption of ral ,\A (Sig)
H2 Co atWositirelyi tences-the Supported
adopti eneral takafll | 5 (Sig)
H3 Complexity ne tiv flﬁ@gs the adoption  Not Supported
neral tzika (N.Sig)
H4 certain ely i@}nces the adoption  Not Supported
ﬂ ) i @) (N.Sig)
H5 %A areness iﬂ\/e&cﬁluences the adoption Supported
% of generaljta ful\ (Sig)
Social i #enc itively influences the Supported
adop gerieral takaful (Sig)
A Governme@ﬁport positively influences the Not Supported
\{ adoption of géneral takaful (N.Sig)
8 Religiosity positively influences the adoption Supported
of general takaful (Sig)
H9 Prior loss experience positively influences the Supported
adoption of general takaful (Sig)
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Table 4.37, continued

Hypothesis

H10a

H10b

H10c

H10d

H10e

H10f

Statement Findi
Religiosity moderates the positive relationship E
between relative advantage and general takaful
adoption. Specifically, this relationship will be L&?ed
stronger for MSME owner-managers with high Si
religiosity than those with low religiosity

Religiosity moderates the positive relationship i
between compatibility and general takaful \&
ot Supported

adoption. Specifically, this relationship wil )
stronger for MSME owner-managers with rﬁ‘ (Sig)
religiosity than those with low religiosi '

Religiosity moderates the negative

between complexity and general takafu

adoption. Specifically, this relatio will b por.r\T

weaker for MSME owner-ma th hig
religiosity than those with low re 03|ty‘¢

Religiosity moderates the neg\ﬁre t
between uncertainty andqgr&i tak
adoption. Specifically tionship wi
weaker for MSME %anagers i
religiosity than tho% eI|g|
Religiosity mod the posi %
between aware alt ful \
adoption. Sp%y, his relatfonshi be  NotSupported
stronger fo E owne agers high (N.Sig)
reI|g|05| th low reli

osit derat s th oplt@tlonshlp
bet |aI |nf enc al takaful

a Optlo hIS relaionship will be Not Supported
- (N.Sig)

shi

ot Supported
(N.Sig)

|ghe<3<~

etween go ment s port and general

H10g c\@llgl sity tﬁa’posmve relationship

ifically, this relationship Supported

will nger SME owner-managers (Sig)
W|th |gh eligigsity than those with low
religiosity g}’

Rellglosny}oderates the positive relationship

between prior loss experience and general

takaful adoption. Specifically, this relationship Supported
will be stronger for MSME owner-managers (Sig)
with high religiosity than those with low

religiosity
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4.9 Chapter Summary

The present chapter presents the analysis and results of the study. First, the
presented the preliminary analysis, including the descriptive profile of @ents.
Second, the model was assessed in two stages. The measurement was first
evaluated to establish reliability, convergent and discriminant validityyAfterwards, the

structural model was assessed to test the hypotheses advance imous chapters. A

total of nine hypotheses were developed to test the dire nce Ff the predictor

variables on general takaful adoption. Based on the resu iX ou OM alternate
@

hypotheses were substantiated. Furthermore, eight h eses were e,opl@o test

the moderating effect of religiosity on the stru odel. Thefi ing@wed that

e nif'nﬁant sup& Moreover,

the structural model predictive power % based on A éﬁhd RMSE values

realized in the study. The next ch:%presents\@dgcu j(‘@*of findings, research
;‘Sy S
implications, limitations, and c%n f v,

out of the eight alternate hypotheses, four 4ner
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