CHAPTER 4

DATA ANALYSIS

4.1 Introduction

Data analysis is a critical step in research that involves organising, cleaning,
transforming, examining, and interpreting data to extract meaningful insights and draw
conclusions. There are various methods available fom, datal analysis, including
descriptive statistics, inferential statistics, qualitative amalysis, and_mixed-methods
analysis. This chapter highlights and presents thesanalysis_of the.coellected data in this
study. The selected statistical tests, which“werejnoted*in theyprevious chapter, were
performed. All results are presented in tabularforms accompanied by the interpretation

of results for better understanding.

4.2  Data Preparation

In this section, thestesearcher presented selected instruments to measure the
variables contributingito the study’s.conceptualmedel. A distinction was made between
independent and, dependentvariables. Additionally, appropriate measurement scales

were chosen,based on the study’s context,

4.3 s Data Collection Method
There are various survey methods available, which include interview (either
face-to-face or telephone), questionnaire survey (e.g., administered personally, by mail,

email, or online), and panel discussion group methods. Babbie (1989) and Miller (1991)
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discussed the relative advantages and disadvantages of these methods in social sciences,
especially mail survey and personal and telephone interview methods. In general,
personal interview method is superior to the other methods, but this method is,the'most
expensive and can be rather challenging to secure information (Miller, 1991; Kerlinger
& Lee, 2000). On the contrary, the mail survey method has considerable advantages in
terms of cost and ease of getting information (Miller, 1991). Arguably, each of these
data collection methods has its advantages and disadvantages. However, evidence
shows that surveys are more often carried out by mail (Dillman, 1991;Battholomew &
Smith, 2006). As a general guide, it is recommended that researchers weigh-up the
advantages and disadvantages of the availablegmethods in telation to their research
context and resources (Babbie, 1989; Miller,x199 1;' Sandford, 1995; Eyans et al., 1996).

In the context of small businesses,s Forsgren (1989) fecommended using
altruistic appeal in the cover letter €onsidering the.preper design of the questionnaire
survey, and ensuring anonymitysfor-a sensitive study-as further measures can increase
the response rate. In another _recent dévelopment, Dennis (2003) argued that not all
measures can improve thesesponse rate'and recognised only four specific measures that
improve the response,rate, namely, follow-ups.and reminders, monetary incentives,
university sponsershipyand stamped return-envelopes.

This_study’s questionnaire Survey was administered among several groups via
Google Forms A total. of 450 questionnaire sets were distributed among randomly
seleeted ‘respondents through Ppersonal visits and emails. A total of 384 useable
questionnaire sets were returned, which represented an overall response rate of 75% of
the'net sampling frame. The survey was conducted from September 2021 to February
2022. After further screening, 384 questionnaire sets were deemed valid for analysis.

The demographic characteristics of respondents included the type of business activity,
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current position, the average number of staff, accounting records, and registration for

VAT. Details of the study’s constructs, dimensions, and indicators are given i?ﬂﬁ
4.1. (0\

Table 4.1: Constructs, Dimensions, and Indicators q

Variables Indicat N

Compliance cost CO '

Tax rate

Y'

Probability of detection éOF ’ _\C}

Complexity Y. C% \/‘r

Penalty impositioN ;T? g
T

2

Tax incen\
VAT complian%naviour \\% B
% & ; y o

4.4  Demographic Prof%spl nts §
Descriptive an%v s conducted to gbmb'the frequencies and percentages

’ &
of the responde;qmogr p \characte ics. Many respondents who were
associated with%s the
@

voluntary pazticipation in thi

ipondé}&{) the survey, reflecting their interest and

)

{ "J@ response rate of 75% was deemed ideal and

o

consist ith'the arg Etion @, 2018) for a survey-based study. Referring to
Tabhhin regards to the t)@f)f business activities, 27.3% (N = 105) of the total
re nts were from trading companies, followed by those in the services sector

3%, N =97) and industrial companies (23.7%, N =91) and other sectors (23.7%, N

= 91).
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Table 4.2: Demographic Profile of Respondents

Constructs Characteristics N %
Business ~ Trade 105 @
Activity Industrial 91 *
Services 97 q 253
Others 91 \’ 237
Total 3 z 100.0

Current Chief Executive Officer .\da

Position Managing Director éZ jl i‘-‘)
Finance Manager Y. 6< @'
Accountant V VVO é 8.2
Others \) 6 20.3
Total Q) \$s ,{\' 100.0

f )

Average 10 or less 4 23 23.7

Number of  11-50 \ , <299 25.8

Staff  51-1 z Q" s 24.7
4 F &
10 ore ® ‘%(J 99 25.8
ota \‘5’ 384 100.0
@ f C.SJ
Registrati %s 4 5 122 31.8
N
for% No & oSy ‘i’g\ 143 37.2
45 Notsure .57 119 31.0
\ \"‘)
E Total 384 100.0
0 counting Manual 80 20.8
Records In a partially computerised 96 25.0
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system

In a fully computerised system 104 27.1
Using external accountant 104 27.1
Total 384 100.0

Furthermore, in regards of the current position (designation) of the respondents,
most of the respondents (22.1%, N = 85) indicated holding the position of Chief
Executive Officer (CEO), which was followed by those in.the position of Managing
Director (MD) (21.4%, N = 82) and other positions(20.3%, N _='78). Different
individuals, including CEOs, MDs, FinancewManagers, accountants,~and others,
participated in this study’s survey. Thus, theumajority 6f the respondents in this study
held a prominent position within the companies. Concerning the average number of
staff, most of the participating SMEs.in, this study-had eitherll ["to 50 staff members
(25.8%, N =99) or more than FQl"staff members (25:8%, N-= 99). Meanwhile, 24.5%
(N =95) of the total respondents indicated having 51 to~100 staff members, and another
23.7% (N=91) indicated-having 10 staff members or.fewer.

Similarly, in'regards ofjthe-tegistration.for VAT, 37.2% (N = 143) of the total
respondents indicated 'not registered for VAT. About 31.8% (N = 122) of the total
respondents indicated registered. Meanwhile, 31% (N = 119) of the total respondents
reported not sure. Finally,.according-to the accounting records, 27.1% (N = 04) of the
totalsgespondents indicated to_use€ either a fully computerised system or an external
account: The remaining 25% (N = 96) of the total respondents indicated using a partially
computerised system. Only 20.8% (N = 80) of the total respondents reported using the

manual approach.
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4.4.1 Compliance Cost

Compliance cost encompasses time cost and monetary cost. Section, 3:471
explained the measurement of total compliance cost. Following the estimation of
compliance cost, several statistical tests were conducted to examine the influence of e-
filing on compliance cost (by comparing the e-filing and manual filing compliance
costs). Prior to any statistical analysis, it was crucial to examine the condition of the
data, specifically on whether the data were normally distributed’and to determine the
appropriate type of analysis (parametric or non-paramettic tests). Refémring to the
results of normality test, most of the data for compliance cost estimation, 'was not
normally distributed (p < 0.05). Therefore, non-parametric ‘tests.were employed for
inferential statistics. Field (2009, p. 790) defined non*parametric tests as a family of
statistical procedures that do not rely onithe restrictive assumptions of parametric tests.
In particular, non-parametric tests{dosnot assume that the sampling distribution is
normally distributed. In this studyy*Mann-Whitney U and:Kruskal-Wallis tests were
performed to analyse two,.independent” groups and. several independent groups,
respectively. Pearson’s chissquare was‘used to ascertain the presence of a relationship

between two categofieal variables:

4.4.2 Internal Costs

Internalv cost /bias_was tested in this study, as the reasons of why certain
respendents did not return the quéstionnaire survey were not known (Benke & Street,
1992 ).“In this study, the non-response bias was tested for the determinants of e-filing
usage behaviour and compliance cost results. T-test was performed to compare the
responses before reminders were sent (early responses) with the responses generated

after the reminders (late responses) to ascertain the presence of any non-response bias
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in the samples (Benke & Street, 1992). The responses generated after the reminders
served as proxies for non-respondents. Selected items of perceptions towards the
internal cost system were chosen. The means for these items were compatred,between
the early response and late response samples to determine whether there is'evidence of
non-response bias affecting the determinants of internal cost usage behaviour.

Overall, there were 155 cases from the accounting staff groupand 54 cases from
the manager/accountant group. Based on the obtained p-value of two-tailed test, this
study determined whether the groups were significantly different front-each other.

As for the non-response bias in regards to imternal 'cost, compliance, an
independent sample Mann-Whitney U test wasyperformed to”aseertain the differences
between early and late response groups. Thissnonsparametric test wasused because the
data for compliance costs were not normally.distributed."Four major compliance cost
items, specifically total time, valuelof time, total monetary/cost, ‘and total compliance
cost, were included in the analysis.” The results an Table 4.3 suggested similar
distribution in the early and late response“groups for these four items. Therefore, non-
response bias was not'a cencern in this study forthe analysis of the determinants of

internal cost usage behaviour and ‘eompliance cost.
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Table 4.3: Compliance Cost Items

Early Response Late Response

Items Group Group P-Value
(N =155) (N=54)
Total time 4.83 4.00 0.71
Value of time 20.00 23.00 0.34
Total monetary cost 8.00 10.00 0.27
Total compliance 166.94 25624 0.44

cost

Notes: * denotes 0.05 level of significance. A p-valuevef.greater than“0.05_indicates.no:significant

difference between both groups.

The formula used for the anpalysis 1s the.t=test for independent samples. This
statistical test compares the means of .compliance cost items-between two groups: the
early responses group and the late;responses.group. Each.eompliance cost item, such as
total time, value of time, total monetaryy costs,~and total compliance cost, has
corresponding mean, values for.both the early and late response groups. The t-test
calculates a p-valueyfor each.itemy whichtindicates whether there is a significant
difference between the means of‘theé twogroups. If the p-value is greater than 0.05, it
suggests thatithere is not a significant-difference between the early and late responses
for that'particular compliance cost item. Conversely, if the p-value is less than or equal
t0,0.05, it indicates a significant difference between the means of the two groups for
that item. Based on the responses provided by 384 SMEs, the compliance cost items

commonly faced by SMEs and the obtained standard deviations are shown in Table 4.4.

112



Table 4.4: Test for Compliance Cost Items

Early Responses
Items P-w
(N =384) (_)

Staff time and training 71% 15
Equipment and technology upgrades 62% T 0.17
Data management and reporting 51% V 0.19
Auditing and monitoring Y. ' 0.14

Legal fees % .\d()’.w
g

Insurance costs 26% ' &(1'0

Opportunity costs (diverted resources) % \/V)-.S

Notes: * denotes 0.05 level of significance. A p-w reatéi\than 5 ind@‘no significant

difference between both groups. \% é

Standard deviation indica%hadeg{e of iatior(%f dispersion of the data
“« Q-
viation ies a @fe’ dispersion of data that are
\

less tightly clustered around the mean. ‘or e
and training was 15% (P—Vale), indicati

m%
SMEs facing tl@cul@ The @ined results would provide better
N
understandin@}le nge? y!m iance cost SMEs may encounter for the

develop &nore aceur dg nd resource allocation plans. Through a data-
f ; | '

driven ch to conipliance, SMEs can minimise their exposure to compliance-

&’

r:lwis s and improve their}Ierall financial performance.

S

from the mean. A higher stan

Ple, standard deviation of staff time

aﬁ.i ificant variation in the percentage of

.
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4.4.3 External Costs

The analysis revealed that nearly 95% of SMEs opted for professionals“to
manage their corporate tax affairs for the assessment year of 2022. It isinotable that
the maximum working hours for employees in the UAE during the month of Ramadan
are six hours per day. This translates to a weekly limit of 36 hours for a'six-day working
week or 30 hours for a five-day working week. As of 5 April 2021 vthis arrangement
was deemed effective (SHRM, 2022). External costs wef ‘non-compliance are
straightforward monetary cost charged by external tax“professionals, solely on tax
activities. It is common in the UAE to have tax fees chatged separately from, financial
audits or other fees. However, certain SMEs maystefuse to indicate their actual external
costs. Thus, respondents were required to provide or éstimate, their extérnal costs for
the financial year of 2022.

As summarised in Table 4.5,4in 2022, SMEs paid<an average tax fee of
AED25,000, with the lowestsand~highest externali costs-being AED150,000 and
AED15,000, respectively (European Commission, Ditectorate-General for Taxation
and Customs Union et'al.;:2022; Government of UAE, 2022). In other words, external
costs can vary signifiecantly, depending.on the nature and size of the business, industry,
location, and other factors. “Fhese external~costs include legal fees, consultant fees,
permit and licensel fees, and_costs Telated to environmental compliance. Based on the
obtainedresponses (n'=.384), it can'be concluded that external costs can be a significant
burden_for SMEs. SMEs should-¢arefully manage and monitor their external costs to
remain competitive and profitable. It is also important for SMEs to identify areas where
they can potentially reduce costs, such as negotiating with suppliers, outsourcing non-

core functions, or adopting more efficient processes and technologies.
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Table 4.5: External Costs of SMEs in the UAE for the Financial Year of 2022

Standard
Cost Category Mean Minimum?® Maximum
Deviation
External Costs (AED) 25,000 15,000 150,000 15:000

Note: 2 denotes the exclusion of 10 SMEs with no component of external costs.

Table 4.6 shows legal fees as one of the most common. external costs that SMEs
in the UAE encounter, which may be due to legal advice'required;to navigate complex
regulations, compliance with labour laws, or drafting legal documents like contracts.
These legal fees ranged from AED5,000 to AED100,000, with an average cost of AED
25,000. Consultant fees are also part of, the common “external costs for SMEs
(Government of UAE, 2022). Consultants ean be hired/to helpr SMEs navigate
regulatory compliance requirements or to provide.specialised.expertise. Based on the
provided responses, consultant fees.ecanrange fromrAED10;000 to AED75,000, with an
average cost of AED30,000. Permit and licetise, fees arealso significant external costs
for SMEs. These fees lare incurred when SMEs need-to obtain permits or licenses to
operate their businesses. Based, on. the.obtained\responses, permit and license fees can
range from AED2,500,to0 AED25,000, with-an average cost of AED10,000 (European
Commission, Directorate-General for Taxation and Customs Union et al., 2022). Costs
related to environmental complianee' are also a significant concern for SMEs. These
costs_can include the cost ofimplementing environmentally friendly practices,
obtaining certifications, and complying with regulations. Based on the valid responses
obtained, environmental compliance costs can range from AEDS5,000 to AED75,000,

with an average cost of AED20,000.
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Table 4.6: A Summary of External Costs

External Costs Mean Standard Deviation
15,000-50,000 22,500 9,250
20,001-100,000 75,000 15,750
100,001-150,000 125,000 22,500
150,001-200,000 175,000 23,000
200,001-250,000 225,000 26,000
250,001-300,000 275,000 28,250

4.5  Descriptive Statistics

This section presents the resultsef prelimihary “analysis=in this study.
Descriptive statistics were applied to identify.and manage the data statistically. All data
were verified using the mean, standard.deviation, variance, skewness, and kurtosis. The
subsequent tables present descriptive statistics (item<wisé)-that constitute item code,
sample size, minimum andvmaximum yalues, standard-deviation, variance, skewness,

and kurtosis.

4.5.1 Independent Variables

Table, 4.7 'presents .descriptive , statistics (item-wise) for six independent
variables, namely compliance cost, POD, tax rate, complexity, penalty, and incentive
tax./EFhe sample size (N) was consistent at 384. The mean value indicates the average
score, while standard deviation reflects the dispersion of data around the mean value
(variability). Overall, the mean values ranged from 3.61 (POD) to 4.65 (tax rate), and
the values of standard deviation ranged from 0.961 (POD) to 2.568 (incentive tax). In
particular, the recorded mean values for compliance cost ranged from 4.23 to 4.33. Tax
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rate recorded mean values ranging from 4.21 to 4.65, while POD recorded mean values
ranging from 3.61 to 3.90. The mean values for complexity varied from 4.42 yﬂ,
while the mean values for penalty varied from 3.67 to 3.94. Lastly, the me@s for
incentive tax ranged from 4.01 to 4.46. Meanwhile, variance, skewness, kurtosis
provide insights on the distribution of data. The values for skewnessWurtosis were
found to be not within the recommended interval range of +£3, the cut-off point proposed
(Ringle & Sarstedt, 2016). The recorded minimum and ma te varied for each

variable. These descriptive statistics offered a snaps of t ewtendency,
L ]

variability, and distribution of each variable in the @iding r‘ar@s and
s N~

interpretation.
NV >
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Table 4.7: Descriptive Statistics (Item-Wise) for Independent Variables

N Min. Max. Mean SD Variance Skewness Kurtosis
Compliance Cost
COMCl1 384 1 7 433 1635 2.672 -0.027 0.887
coMcC2 384 1 7 4.23 1.782 3174 -0.52 1.077
COMC3 384 1 7 423 1.675 2,809 -0.125 1.023
Tax Rate
RT1 384 1 7 4.65 1.579 2.493 0.079 1.244
RT2 384 1 7 4.21 1:588 2.522 0.043 0.893
RT3 384 1 7 450 1.818 3.305 0.037 1.288
Probability of Detection
POD1 384 1 7 361 1.178 3.027 -0.452 -0.785
POD2 384 1 7 3.78 1.262 2.920 -0.427 -0.887
POD3 384 i 7 3.90 1.146 3.419 -2.970 1.134
POD4 384 1 7 3.68 0.961 3.201 -0.125 1.050
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N Min. Max. Mean SD Variance Skewness Kurtosis

Complexity

COMP1 384 1 7 4.42 1.055 1.113 -1.297 1.213
COMP2 384 1 7 4.35 1697 0.976 -1.267 1.464
COMP3 384 1 7 4.35 1.586 0:772 -1.387 2.201
COMP4 384 1 7 4.52 1.593 0.775 -1.456 3.556
Penalty

PENI 384 1 7 3.94 1.134 1.286 -1.124 0.508
PEN2 384 1 7 3.78 1:262 2.920 -0.427 -0.887
PEN3 384 1 7 3.68 0.961 3.201 -0.125 1.050
PEN4 384 1 7 3:67 1.431 2411 0.202 0.887

Incentive Tax

INCET1 384 1 7 4.05 1.886 3.812 -0.224 1.141
INCET2 384 1 7 4.31 1.503 2.337 -0.140 0.868
INCET3 384 1 7 4.01 1.690 2.666 0.350 1.026
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N Min. Max. Mean SD ")’ariance Skewness Kurtosis
INCET4 384 1 7 4.35 1.581 2.500 0.181 0.957
INCETS 384 1 7 435 2.532\/ 2.442 0.125 1.253
INCET6 384 1 7 4.46 gg | 2.548 0.107 0.910
NY.
e
Valid N 384 P o \,Y'
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4.5.2 Dependent Variable

Table 4.8 presents descriptive statistics (item-wise) for “ VAT
compliance behaviour (dependent variable), which includes information on
the minimum and maximum values, measures of central “tendency and
variability (mean and standard deviation), and variance) Accordingly,
standard deviation reveals the extent of variability or dispersion of data
around the mean value. Variance provides a complementary jperspective on
the spread of data points. Skewness and kurtosis values offer “nsights on the
distributional characteristics of the data. Skewness, values approaching) zero
suggest symmetry, while positive or negative values, indicate ‘skewness
towards the right or left, respectively.“sSimilarly,“kurtosis values* approaching
zero indicate normal distribution, “with positive values indicating peakedness,

and negative values indicating flatness.

Table 4.8: VAT Compliance Behaviour

Min. Max. -Mean SD Variance Skewness Kurtosis
VATI1 1 7 4.43 1851 3.425 0.028 -1.315
VAT2 1 7 367 1.721 2.963 0.412 -0.819
VAT3 1 7 3.84 1686 2.842 0.398 0.910
VAT4 1 7 3.97 1.814 3.289 0.261 1.142

The minimum score of 1 indicated the lowest level of compliance,
while the maximum score of 7 represented the highest level of compliance.
The mean values for VATI, VAT2, VAT3, and VAT4 ranged from 3.67 to
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4.43, reflecting the average level of compliance across different aspects of
VAT compliance. Additionally, the values for skewness and kurtosis’, were
not within the recommended interval range of =£3, the cut-off point proposed
(Lei & Lomax, 2005 Wilson, 2010). The results also reaffirmed™the absence
of missing data for all items.

Based on these results, it was evident that SMEs in“the UAE spent
significant amount of money to comply with VAT “segulations. This study
estimated total cost for SMEs to comply with VAT%at AED 12:8_billion. This
generally includes expenses like registration, filing, taxes, and.) implementing
necessary procedures to ensure complianee.. This study . also. looked at
different aspects of compliance cost, sueh as'the “time™and money spent, and
found similar distribution of these “eosts .among SMES, regardless of whether
they responded prior or after the reminders.

Interestingly, the study==observed higher: VAT-" compliance behaviour
among SMEs following the increage™in compliance cost. When SMEs face
higher costs to complysgwith VAT regulations; they tend to adhere more
closely to the regulations. This. highlighted..the financial burden of VAT on
SMEs and underscored the “importanee-,'of policymakers to understand and
manage these costs effectiyely. Thes obtained results were specific to SMEs in
the UAE and¥ their compliance “with VAT regulations. However, these results
offered ‘valuable insights that-may be relevant to other contexts. The general
principle on the relationship between higher compliance cost and increased
compliance behaviour may hold across different regions and regulatory
frameworks, suggesting the need for policymakers and business owners in

various countries to learn from the UAE’s experience and consider the
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implications of compliance cost on businesses and the country’s overall

economy.

4.6  Assessment of Measurement Model

The assessment of measurement model encompasses composite reliability for
the determination of internal consistency, outer loadings of items (individual item’s
reliability) and Cronbach’s a (overall dimension’s reliability), average variance
extracted (AVE) for the determination of convergent validity,!and~EFornell-Larcker
criterion and cross-loadings for the determination of disctiminant validity. The collected
data were analysed using SmartPLS 4. Exploratory analysis was#first conducted to
assess the reliability and validity of the méasurement scales*used in.this study and to
identify all the purified items. In the second step, confirmatery analysis was carried out
using a path weighting scheme, a maximum of.500 literations, a stop criterion of
0.0000001 (1 x 1077), and equalgindicator weightsfor the4dhnitialisation (Wilson, 2010;
Ting et al., 2021). This analysis assessed the reliability‘and validity of the measurement

model and to associate'eaehylatent variable with'the.corresponding indicator.

4.6.1 Reliability Analysis

The_results of reliability “ for multiple indicators are tabulated in Table
4.9. All items recorded .outer loadings of above 0.5, which demonstrated the
items’_ quality representation “ef the data. Moreover, the results of reflective
measurement model specified strong internal consistency. Compliance cost
(0.855), tax rate (0.803), POD (0.879), complexity (0.825), penalty (0.872),
incentive tax (0.894), and VAT compliance behaviour (0.879) also recorded

high CR. Likewise, compliance cost (0.865), tax rate (0.830), POD (0.883),
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complexity (0.865), penalty (0.878), incentive tax (0.908), and VAT
compliance behaviour  (0.873) recorded high Cronbach’s @, which e)?!ﬂ
the threshold value of 0.7. Thus, these constructs and items w med
statistically reliable (Hair et al., 2021). Likewise, the results‘kAVE for
compliance cost (0.781), tax rate (0.718), POD (0.735), COIWW (0.659),
penalty (0.727), incentive tax (0.660), and VAT (MICC behaviour
(0.720) exceeded 0.5, which corresponded to Forn Le'rcker’s (1981)
recommended threshold value for acceptable co ent \W In this

Y
confirmed e'v@y of

. % la;.g' variable

V&ﬂlanc of i@orresponding
indicator \) é

regard, this study’s results of confirmatory anal
the instrument. This study empirically

effectively explained more than 50% w

N
Constructs It?\.‘oaii S a §'ho A CR AVE
Compliance cost T 108550 0865 0915 0781
2F &

N
%\ 0.803  0.830  0.884  0.718

A RTJ\c.}Yo.m

%\ RT2 0.778
0 RT3 0712

5
>
2
e |
e §
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Constructs Items Loadings Ca rho A CR AVE
Probability of 0879  0.883 0917 w
detection POD1 0.630 %\

POD2  0.754 ‘\
POD3  0.794 Y'
POD4  0.762 \’
Complexity 0.825 0 YZSFS 0.659
COMPI  0.718 '\d'
COMP2  0.624 é | _@Y
COMP3  0.767 \" \T
COMP4  0.529 \3. o é\v
Penalty \CQ).872 8 045)14 0.727

Incentive tax

INCETS

INCET6

<03
‘Z’49

INCE@’ 0.753

0.582

0.739

0.908 0.921 0.660
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Constructs Items Loadings Ca rho A CR

VAT compliance 0879 0873 0911 W
behaviour VATL  0.719 (,}

VAT2 0.685
VAT3 0.684 T
VAT4 0.794 V
l
The indicator of rtho A for all constructsy, exceede Proposed
threshold value of 0.7. Thus, the results icated [tha hJ _&éﬂectlve
measurement model satisfied the rele se n terla\,TVarlance

r th@sessment of

ustl@. However, the

inflation factor (VIF) and t-statistics w provi

measurement model and confirm thD

E
o
a
e
=

flexible approach can reach up accordln ?ch & archers’ established

criteria. As all values of Vl%s stuely were | \é?han the minimum cut-

off value (p > 3), f dt gqonstructs of the conceptual
a stati

model were reliable av\% u1(% él @ able 4.10).

Table 4.1 %ce i actot,”-%étatlstics, and Significance Results

J ¢ (
First-Or 0 trufs ) I enQJ y VIF T-Statistics P-Value
N3
Comph%)t o’ ) : COMC1 2.226 41.388 0.000
A X~
MC2 1.681 18.033 0.000
N N
COMC3 2511 41.142 0.000

3 rate RT1 1.439 13.565 0.000
RT2 2.649 39.082 0.000
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First-Order Constructs Items VIF T-Statistics P-Value

RT3 1760 24.200 O.W
Probability of detection PODI 2973 44.943 @

POD2 2.762 43.395 Ao.ooo

POD3 2.167 33.929? " 0.000
POD4 1.939 .\m/ 0.000
Zz

Complexity COMP1 2.536

COMP2 2444 N 2195 0.000

. 4
COMP3 %\ 45,690 ) | &‘e}o
COMP4 s 000

\’ .
\ T
Penalty PENI1 \ S.S 6%‘ 0.66 0.000
) 7 .

34.244 0.000

00
Incentive tax E]l 2.8‘$ 59.426 0.000
(,)z INCE ;}:' N33 37825 0.000
&
N (2966 18.962 0.000
A 2.5
T4 1646 35.062 0.000

\ '
) ?&E@C‘) 1.935 13.901 0.000
Qv N
% 4 2 INY' 6 1.999 44.993 0.000

VAAoliance behaviour \C-}, AT1 2.162 31.051 0.000
E\ VAT2 1.935 23.787 0.000
Q VAT3 1.999 58.986 0.000

VAT4 2.683 53.325 0.000
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4.6.2 Discriminant Validity

Discriminant validity is assumed when the indicators that are inten
measure different phenomena are weakly correlated with one another (Chmﬁ%\ ang,
2017). According to Hair et al. (2021), discriminant validity is ob&when the
variance extracted for each dimension exceeds the squared value of'the correlation
between the dimensions. In other words, Rho of each factor must exceed the squared
value of its correlation with the other individual factor. Ba tr

elsults of Fornell-

Larcker criterion in Table 4.11, the highlighted valuesufor all cw reflected

adequate discriminant validity. Referring to Table 4.1 indicators’ d‘n \their
corresponding constructs exceeded the reco hre% of @nd were
lower on other constructs. The square roow E for eac constQﬁYe;ceeded the

inter-constructed correlations. These\ its}roved the “di crir@t validity of the

measurement model. % \T fé’
N\,
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Table 4.11: Fornell-Larcker Criterion

COMP COM PEN _ POD TR  TICEN wv

Table 4.12: Summ f Cross-Eoadi é
N £
COMP COM oD CEN VAT

0722 0872  0.730

9 0.761 0.665

97 ‘&).766 0.895 0.805
.SQ 0.843 0.707 0.575
0.655 0.819 0.696
0.633 0.719 0.646
0.689 0.841 0.774
0.917 0.868 0.797
0.896 0.762 0.871
0.661 0.651 0.862
0.758 0.794 0.873

POD1 0.625 0.654 0.656 0.859
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COMP COM PEN POD TR TICEN VAT
POD2 0.772 0.753 0.897 0.747 0.799 v
POD3 0.776 0.791 0.853 0.753 0.859 @28
POD4 0.817 0.809 0.795 0.727 O.A 0.790
TR1 0.761 0.508 0.603 0.569
TR2 0.809 0.661 0.867 0.803
TR3 0.771 0.666 0.845 O."86 0.884
TINCEN1 0.785 0.701 0.807 0.908 . 0.945
TINCEN2 0.929 0.859 0.707 0.77@). _\QYZ;;
TINCEN3 0.841 0.786 0.643 0.673
TINCEN4 0.951
TINCENS 0.767
TINCEN6 0.821
VAT1 0.773
VAT2 0.623
VAT3 0.783
VAT4

NS
rato§\and confirmatory results, the psychometric

s of this study’\f-%b'asurement model were found satisfactory. As

spe
qud by Myers et al. (2010), this study proceeded to assess the structural
§ :

ions between the constructs. In order to examine the adjustment quality

f the structural model, the values and significance of R? were obtained. Hair

et al. (2021) described R? as the amount of the explained variance in
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endogenous latent variables explained by its predictors in the structural
model. The higher the R’ value, the better the construct is explained YH&
latent variables in the structural model that point at it via strucﬁ%\odel
path relationships. Besides that, Nakagawa et al. (2018) explai&Z as the
predictive power of the exogenous variable. With that, VS' algorithm
statistics were run using the path setup, yielding tl%ﬁs of R? and

R?adjusted. Table 4.12 shows what we found e ':onducted that

analysis. .\d
@
g

Q\ | &
4.7.1 Predictive Relevance (Q?) 4 X~

\ N

Table 4.13 presents the obtai efﬁciYnts de;é’l’sglation and

predictive relevance of all const&a the structural @El. Overall, the

structural model demonstrated %quality i| ment. The adjusted R?

N
uO.S{{.? all constructs, which

=

[

and O? clearly exceeded th old ealue

ewise, thg%lues of Q? exceeded zero

they have a very high Vﬁxf RIL
for all constructs, re% he path m ‘gll’sﬁdictive relevance (Hair et al.,
2014). However, inw, our casle
confirmed sufficient “predicti
@
et al., 2014E:
d b)r

¢ &
\ ave é(positive and (Q* > 0.35), which
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Table 4.13: Coefficient of Determination and Predictive Relevance

Exogenous Constructs R? Q?
Complexity 0.866 0.865
Penalty 0.861 0:861
Probability of Detection 0.801 0.801
Tax rate 0.643 0.642
Tax incentive 0.934 0.934
Vat compliance behaviour 1.089 1.091

4.7.2 Effect Size (f°)

According to Forster (2008), £ ‘is, an) impofttant “statistical “analysis that
ensures generalisable treatment effeets to items from™ where) these items are
drawn that further indicate that(thes effect iswsuitably ,general among all the
items. A larger effect size implies greater deviation, “ftem the null hypothesis,
and vice versa. The nullghypothesis “corresponds.to the nullity of effect size
(ES = 0). Dividing "themdifference” between the two means by the standard
deviation is intendedyto neutralise_the effeet-of change in units. Following this
explication, this, study’s resultsw.confirmed that our data present a very strong
impact of .ene exogenous., variable/ explaining a specific endogenous variable
in R% In jothér words, tHes anal{sis reveals whether the deletion of a variable

fronmthe model exerts significantinfluence on the endogenous variable.

4.7.3 Collinearity Statistics
This study also examined the potential presence of multicollinearity
between the independent wvariables. Collinearity statistics determine whether
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and to what extent the independent variables are correlated (Asthana, 2018;
Shrestha, 2020). As noted by Daoud (2017), regression analysis-based w
are aimed at determining the correlation of the variables; ho@ this
correlation is based on the independent variables and depe variables.
Correlation between independent variables in such studies is not favoured, as
it further affects the generalisability of results. Notabl e presence of
multicollinearity between two or more predictor va ts s the chances

of standard error of coefficients (Kim, 2019), affecti fﬂ!}bntdctors and

@
| . | N\
reducing the model’s reliability. The tabul resul fa 4.14
ofc

demonstrated no  correlations  betwee Q sugges! ing no

multicollinearity. Thus, this study encounter nm‘col arity lem in the

data used. \% 6
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Table 4.14: Variance Inflation Factor

Effect Size Variance Inflation Factor

COMP PEN POD TR TICEN VAT PEN COMP PEN POD TR TICEN VAT

COMP 1.752 0.003 1.000 -3.358
COM 0.857 0.092 1.000 -4.073
PEN 0.094 -9.329
POD 1.806 2908 0323 1.000 1.000 -8.730

TR 0.000 -1.858

TICEN 1.421 0053 1.000 -13.159

VAT
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4.7.4 Testing of Variables

This study proceeded to test the proposed viarables to ascertain. the
proposed relationships in the conceptual framework (Habes et al., 2023).%Path
analysis, including regression weights and intercepts (t-value,” boetstrapping,
and statistical significance in terms of p-value), was conducted: This section
summarises the results of path analysis. The main_ results are further
discussed for better understanding.

The obtained statistical results provided “valuablel insights on the
relationships ~ between  different constructs ‘and, theit significanee’ in
influencing VAT compliance behaviour ameng_SMEs.* Statistical . significance
reflects the strength and reliability of the, observedsrelationships..In this study,
statistical significance was primarilyy, determined bythe obtained p-values of
the variables relationships. A p-value of below. the  predetermined threshold
value, which is often set at=0:05 (5%), indicates<a. statistically significant
relationship. In contrast, .a_p-value [that exceeds «the threshold value suggests
that the relationship fis_net ‘statistically significant and may be due to random
chance. The correlations betweenthe constructs were assessed through the
bootstrapping sprocedure, =~ which  provided estimation by examining T
(standard deviation), which must be superior to 2 and the significance of the
links offcorrelation (p), justified when the values (p) are lower than the risk of
5%.

This study first examined the direct relationships between the
constructs, as listed in Table 4.15. The statistical results revealed significant
correlations between the constructs (p < 0.05), except for the correlation

between tax rate and VAT compliance behaviour (5% < 0.950) and the
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correlation between complexity and VAT compliance behaviour (5% <

0.595). In other words, all the other variables were supported, confirmi

presence of direct relationships with VAT compliance behaviour. %\mdy
demonstrated the results of direct effect analysis, which ed the
positive and significant influence of compliance cost (f = 0.79&! 42.603, p

i m (B = 0.289, t

< 0.000), penalty (f# = 0.351, t = 3.033, p < 0.001), tax

= 2,361, p < 0.018), and POD (8 = 0.521, t = 6,

compliance behaviour. In conclusion, H1, H3, H4,

o
H11 were supported, whereas H2 and HI10 not suppo ’(siq able
4.15). 4 .\/‘T

Table 4.15: Res&%rect Rela

b 4
(,)Path \% ) > P-
Variables Path 0 N, Decision
oefficient atif&é? Value
A\
Compliance cost > VAT \ ' ! é 5 0.000  Accepted
compliance behaviou%z P Dj ‘-l 0’
Penalty > VAT 'wnce ® 0.75%./ 9.735 0.000  Accepted
behaviour \ | (ﬁQ
@
Probabilit %ctio > ? 4 0%2147 12.001 0.000  Accepted
%v N
compli avioflr (e %
Yv
TaA% VAT compliance\(})/ 3.601 5.262 0.000  Accepted
ur
incentive > VAT 0.807 6.721 0.000  Accepted

Qcompliance behaviour
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4.7.5 Regression Analysis

Following the application of PLS-SEM, this study proceeded to multiple
regression analysis to reaffirm the results obtained from the prior analyses. Aecording
to GroB3 (2003), SEM and regression analysis are statistical techniques‘thatianalyse the
underlying relationships among the constructs of interest. SEM allows for examining
complex relationships between latent constructs and observed “wariables, while
regression analysis focuses on understanding the relationship(s) of one or more
independent variables with a dependent variable.

The results of multiple regression analysis in%Table 4.16 _revealed-crucial
insights on the factors influencing VAT compliance behaviour among, SMEs. The
results demonstrated the significant increase‘in penalty with inereased.complexity in tax
regulations (f = 5.536, t=21.378, p =0.000). However, complexity did not exert direct
influence on VAT compliance behaviour (4 = -0:0025, t = 0:630, p = 0.531). SMEs
appeared to demonstrate highenglevel*of compliance when.they encountered higher
compliance cost (f=2.737,t=13.777, p =0.000) and were apprehensive of the penalty
(B =1.893, t = 54.674,/p.=0.000). Moreover, the likelihood of being detected for non-
compliance (f = 0.912, t = 7.7327p.=0.000) and the availability of tax incentives (S =
2901, t = 6.424, p = 0.000)"significantly “influenced SMEs’ adherence to VAT
regulations. Interestingly, changes in tax rates did not seem to directly influence VAT
compliance, behaviout (f = 0.5915t = 0.362, p = 1.463). These statistical results
undetscored the multifaceted nature of VAT compliance and offered valuable insights
forpolicymakers and businesses alike in fostering greater adherence to tax regulations.
Addressing the specific objective of determining the relationship between compliance
cost and compliance behaviour of VAT among SMEs across diverse industries. The

results of regression analysis revealed statistical significance (p = 0.000).
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Table 4.16: Results of Multiple Regression Analysis

Variables Paths Coefficient  T-Value P-\?
Complexity > Penalty 5536 21378 @o
Complexity = VAT compliance -0.0025 0.630 0.531

behaviour ?
Compliance cost > VAT compliance 2.737 ‘I sw 0.000

behaviour l

Compliance cost > VAT compliance 0.926 10 4\49.000
behaviour ' _\‘*\;r
Penalty > VAT compliance behaviour ds \35.000

Penalty > VAT compliance behaviour V 72 0‘ 5.64()éY~ 0.000
Probability of detection > VAT \:') 0912 7.@“ 0.000

compliance behaviour \ A
pl beh A%% . AT c}&

Probability of detection > V 5.730 0.000

0328 Q-
N RN
compliance behaviour , N
Probability of detecti z l0:529 2.983 0.000
\‘;H ’ &
i

Tax rate 2 VAT wance ‘re %(0!591 0.362 1.463
'& :

Tax incentive\ corr; | C‘)(:év 2.901 6.424 0.000
behaviour % ) \(_}
~ 4 V f Y'_s‘
(_}f
\

(/4//”@
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Figure 4.1: Path CWen N <
: Q
The obtained p-value of 0.0Mwamd\a - ig(alcant relationship

between compliance cost and ¢ I )ce ‘li)e%y f \Eg‘among SMEs across
7]
e ionsjin co

different industries. In other

)

var iance cost can significantly

N

ehaviour wi each industry segment. The

predict the variations in c nce

| O
results of regression analysis llow& i]}dq&mination and interpretation of how
compliance cost @ﬂue@pliance@'ehaviour within specific industries,

—he

N
providing va Nsi ts, on“the Hy@%;i’cs of VAT compliance across different
industries. ained results hig ted the importance of considering industry-
4
specif:w when it Gomes

% Chapter Summary
0 This chapter discussed the analysis of the obtained data and provided the main

results. Notably, the results were tabulated, discussed, and interpreted for better

to a@ysing VAT compliance practices among SMEs.
N
S
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alysed the collected data. Following that,

understanding. This study first descriptively an.

analysis. The results

cted to PLS-SEM and regression

the data were subje

iables were presented in this chapter.

of all var
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