CHAPTER S

DATA ANALYSIS AND RESULTS : q

5.1 INTRODUCTION

This chapter elaborates on the results of the anal

The first part of this chapter presents the data collection pr

\
including the follow-up procedure to increase sponse rate @and Aete\sct?on of
/X
, mcl@#g missing

section explains the

common method hias. The second section ShO\W

data, outliers, and suspicious response%b(ﬂs. Th

descriptive analysis, including sample ba

und, inter
level, and constructing analysis. &)?th g@‘si > study’s measurement
model. The fifth section asses%uc%c}l ((‘)f udy. Data analysis in this
chapter uses the SPSS versi?m for 'ata a irg‘ he PLS-SEM version 3.0 for
external and internal mwents.\; J ‘.'CQ
NS
&

N
5.2 RESPONSERATE, , S~ | C')(J
4
In r toCollect as muc dataioint both sampling and statistical requirements,

<

231q wires WgreVSth:utedp ECF-funded firms across Malaysia from the year
Y

20%2019 in collecting 6@ on the impact of financial management practices on

performance. A total of 101 questionnaires were returned, representing a

onnse rate of 43.72%. Due to the movement control order (MCO), this study

distributed the survey using "authority of the sender" and "plea for help" approach to
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distribute the survey (Petrov¢ic et al., 2016). As the "authority of the sender™,
the ECF platform provider is capable of reaching out to all the ECF recipients. T
platform provider has been explained about the purpose of the survey@e
importance of delivering the survey to the right respondent. In fact,Nt and
Schwager (2008) discover that an invitation from a known person iWe (ECF
platform provider) and a shorter introduction about the survey improve the levels of
response quality and fastest response from the survey resp §.

The online survey has been widely used in data Surveys LWhausti,

2017; Wulandari et al., 2020). Due to the pandem

r (Wﬁigh SChv@. 2008).
Io@dvancement,

response rate, the survey questionnaire was
online survey and ensure the response Ievelw

According to Baruch and Holt 08), dueto t

the response rate for online surveysﬁﬁseen |® re |g\ tudies claim that
the electronic mail consistently Iow& response rateghc;’an the postage-stamp
survey (Crouch et al., 2011 B 0, 1998). §§to Covid-19, most of the
survey techniques use%&;ve{lr'g ( , 2020; Shafi et al., 2020;
Waulandari et al., In fact, et aIéﬁOOS) argue that most of the surveys
conducted in ay gen resp rate of between 10 to 20 percent.
However, si e st dy i sﬂga{j the factor of performance, only 92
respond ts,representing fi tab&hed three years and above were selected.

c},‘?

5 MON METHOD BIAS (CMB)
: Common method bias is also known as common method variance. When the
me respondent evaluates both the independent and the dependent variables, the
researcher needs to investigate the common method bias (Podsakoff et al., 2003;
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Podsakoff, 2003). The bias happens when a single factor that emerges from the factor

analysis accounts for most of the covariance among the measures. The most comT

remedy for CMB’s issue is Harman’s single factor test, as recommended @y

authors (Lin et al., 2015; Sharma et al., 2009), used through a princip onent
analysis (Podsakoff & Organ, 1986). Q
In this study, the first factor only explains for 37.58%, which"is below the
CMB criteria of less than 50%. This indicates that the data Zhav the issue of
CMB (Appendix B2). ‘\d
@
¥
| .S
5.4 DATA SCREENING 4 b

NG

NV
Preliminary research is needed be t first-\ste r fur],@rs tatistical

analysis. This includes data cleaning Wbes that veri

missing data, the pattern of the mi{uSdata, ex

the éﬁraoy of data,
r)e'é*, and whether the

N
data meets the statistical assumpti su g%sted abac@ck and Fidell (2007).

The procedure ensures t }&ls I r m outliers, normality, linearity,
i

homoscedasticity, and inearitylissu }f—l@ al., 2006, 2010). This study

performed several to en\sl:é‘ ccu@' he collected data were edited,

coded, saved, and analyzed lSS. 'Efjé'following section discusses the data

cleaning pro %men on‘ed ofe,'@:/l ding identifying the missing data and the
o

N
existencg o iers (A P( Bl)é

%+
9
S.QXtection of Missing Data
Q According to Hair, Black, Babin, Anderson, Black and Tatham (2006),
i

ssing data is the information that is not available for a case about whom other

information is available. In particular, missing data exists due to errors in data
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collection or data entry or the omission of respondents' answers (Hair et al., 2006,
2010; Pallant, 2020). Additionally, missing data must be addressed, regardless OY-
reason, since it can also seriously cause bias in the conclusions drawn@n
empirical study (Byrne, 2010). Therefore, any incomplete questionnaﬂ%m the
respondents are treated as unusable and disposed of (Hair et al., 2006,2010).

Upon performing the data screening, the researcher carr'e:%ﬁe frequency

distribution and missing value analysis for every variab ect ,iny missing

responses. The results showed no missing responses. T ore g step

was the detection of outliers. Figure 5.1 depicts that pondents 1ns

all items and cleared from missing data issues \‘T
\ £,
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Figure 5.1: Data Clearing Through Multiple uz on'

.o

5.4.2 Outliers { | &
.\
Outliers are observations that exist inc withdt %_J\?n@ f the

dataset (Ben-Gal, 2005). Therefore, the r e r S exan%& nd treat

outliers thoroughly to ensure that accura | the results

tremendously (Sekaran & Bougie, O) Ac Yo g@shmck and Fidell
N

(2007), the reasons of outliers ows" C')

e Incorrect d l ‘%\
Y Miss

o Failur% gv §| computer syntax, So missing

re trem al da
uthewis n ber e population that you intended to

ample. Ou rére@ the population you planned to test, but

c; N

% he i has m&e extreme scores than a normal distribution.
X @"‘”

his study employed the Mahalanobis distance (D2) method to detect

Q rs, as suggested by Tabachnick and Fidell (2007). Mahalanobis D2 is a

ultidimensional version of a z-score that measures the distance of a case from the

centroid (multidimensional mean) of distribution, given the covariance
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(multidimensional variance) of the distribution. Hence, in this study, outliers were

examined through Mahalanobis distance (D2) by looking into the box pIotT

5.4.3 Suspicious Response Patterns ?

When a respondent marks the same response for a hiqh E rtion of the

suggested by Pallant (2020). In the findings, no outliers were detected.

questions, this leads to a suspicious response or unengage onse, a'so known as
straight-lining. For instance, in a five-point scale questi the r sp tern is

all the same 4s. The researcher should then remove th ondent fro hdd@

Likewise, if a respondent selects only 1s or onI nt tfe ent s@d in
most cases, be removed (Hair et al., 01 H evew\ |n is cur tudy, no
suspicious response pattern was detect\

55 DEMOGRAPHIC, B AIQD E uB% ROUND OF THE
RESPONDENTS ’ \A

J‘
2/‘.

i.k_w
8 <4y,

data i elean, with no missing data, outliers

This section tﬁ@eglns’
and susp|C|ous respo \I::;ata consists of a sample background of

92 responde t fir art s<f| t e respondent's profiles, the second part
explain ms' ba ds, he third part provides the ECF background
L
oft e ondents. c.}’
N

@E Founder-Manager Background Analysis
Findings in this section showed that in terms of gender, most of the

respondents were male (79.3%) and the rest female (20.7% or 19 cases). As ECF has
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a potential to increase the funds availability to the under-represented entrepreneurs
(Venturelli et al., 2019); i.e., female entrepreneurs, the Government and its agen?
should play their roles in assisting more female-lead firms to approach @F
platform. PwC’s (2017) report shows that female-led firms accomplish nding
target better than their male counterparts. However, a study by Geiger and Oranburg

VM females as

ewrre slimmed.

(2018) discovered that, when the female-led firms solely h

signatories, their chances to get additional funding when as

In addition, during this Covid-19 period, i s foun

female
&

Yw
's equity crow@f g

crowdf ing aigns
s

e ﬁe‘ suceged t%@;ir male

et al. o@ that women

%‘W\e @gn's success rate,
)

e towards the aspect

entrepreneurs have benefitted from the crises. In

ecosystem, the researchers revealed that th

managed by female entrepreneurs were

>

&
ng @) also found that female

n r@e issuers in the ECF market.

I%%of age, ?ding in this study showed that 76 cases or 82.6% of

the rjﬁjents were between 3@9 years old, 13.0% were below 30 years old, and
N

4. \ere between 50-69 years old. It seems that ECF attracts millennial

ntrepreneurs to seek funding via the ECF platform. Levesque and Minniti (2006)

gue that many studies had investigated the age effects on the firm's performance.

According to them, the intention to become an entrepreneur weakens as the age
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increases due to higher opportunity costs over time. In terms of opportunities, the
higher the age, the higher the chances of penetrating the options due to accumul?-
networks, experiences, and physical capital (Lee & Vouchilas, 2016). T@e
mixed findings on the entrepreneurial tendency; decline (Parker, 2018) increase
(Fairlie et al., 2015). According to Zhang & Acs (2018), it all depx%.gn which
stage the entrepreneurship is. \,

This study discovered that 63.0% of the respond Xe ulldergraduate

holders (diploma and bachelor degree), 31.5% were post ate ( a‘s‘tsquee and

@

59.8% of the respondents had betwee

years), 3.3% (above 15 years), @j :

experience. Q-
NG
In terms of manager?g ienr 770.7% of @spondents had 4-9 years’
s)

worth of experience, 17% 20 y‘e‘z , ‘0'/5 (a@e 15 years), and 9.8% (below
&

four years). In additien, 81.50/' espo s have attended entrepreneurial

training or progw the 'nari(t:gfdmming et al. (2019) argue that age
¢

does not si %Iy affect f inﬁ s&:}c ss. However, the experiences matter as

N
they wi% ely if jnvesm&‘ confidence and lead to the ECF campaign
L 9

succ&e (Piva & Rossi-Lan@r’a, 2018).

\Robson and Obeng (2008) studied the demographic factors of entrepreneurs
nd¥their firms against elements called “business barriers”. Their study showed that
ucation greatly helped the growth of a company. Higher education levels increase

the penetration of resources (human, financial), therefore, facing lesser business
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barriers. Following training programs and investment in R&D can also open up more
opportunities and the use of quality raw materials at a low cost. However, this st
found that the gender and age of entrepreneurs were not significant to t f
barriers encountered. A
A recent study by Nigama, Benetti and Johan (2020) alsow human
capital signals do not significantly affect the funding access w Contrastly,
Vrontis, Christofi and Battisti (2020) confirm that hun@f‘n the firm’s
managerial personnel significantly influence the ECF campaign sw Italy.
Y
They conducted a panel regression analysis. The pendent var, b’es_\@f}e

intellectual capital and knowledge sharing. T det\v'ar' was, the ECF

campaign success. Table 5.1 provides a su ry theof‘irm uman,@hographic.

Table 5.1 reports the frequencies and pw samong di ent@%ories of each
A

variable. ‘$) n>\YT c}&

d

&
nage @mographic
¥ &

Table5.1S aryrof

enga

19 20.7

Variables Categor, ation\) Frequency Percentage %
Gender ‘Q
O 73 79.3

Age 12 13.0
76 82.6

4 4.3

Education 5 5.4
58 63.0

% 29 315

D AA N 34 37.0
\ Director 6 6.5
Founder 28 30.4

Founder & TMT 20 21.7

Founder & Dir 2 2.2

Founder+BOD+TMT 2 2.2

Industrial experience Less than 3 yrs 10 10.9
4-9yrs 55 59.8
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Table 5.1 cont

10-15yrs 24 26.1
Above 15 yrs 3
Managerial experience Less than 3 yrs 9 9
4-9yrs 65
10-15yrs 16 %7_4
Above 15 yrs 2 % 2.2
Attend entrepreneurship No 17 8.5
15

1
program Yes 75 Y" 8

Under the RBV theory, the top manager is consid a ﬁrrr’s resource.

Thus, the manager’s decision is crucial as it will affe 1rm’s, peefo ce. To

@
illustrate, the TMT’s decision to outsource innovatio ivities will he ridu@h
risk of failure and high innovation costs. Consequeéntly, this promotes ﬂqancial

NV

efficiency. TMT influences the relationship% th%\

economics (TCE) as well as outsourci o%ns that

d tra%e&von costs

pe ance (Wang

& Chen, 2016). In fact, different*TMT’s 1 igent” a lj&g provide several

preferences for solving a proble‘r@zingﬁ deci i;‘ : In@ion, while the TMT

number in SMEs is relativelym ea Tsxindividual intelligence has

N
larger weight than theCMT big ﬂrv}" d@g on highly risky projects
:
(Rhodes et al., 2018\ ' \" C}’
Greenberga olli H@ond@swdyon the Kickstarter platform.

O

|
They found th&,w le by‘a mrien%é.li and highly skilled solo founder getting

funded V'Q%asier ‘Ih Js ed@\‘a group of management teams. However, a
4
recent idy y Coakley, Lazosc:j’OET_iﬁares-Zegarra (2021) investigates the Seedr,
N

S Meroom and Crowdcube platforms found the opposite. Professional investors

to the human resource strength of the team founder as a key factor in the success
g

etting startup funds and the success of the company. The study also found that



the presence of professional investors increased firms’ success and reduced moral

hazard. T
Piva and Rossilamastra (2018) conducted a study based on the sig \&y

as proposed by Spence (1973). They argue for the use of the ECF platﬂN raise

capital. Indirectly, the ECF platform company shows the quality of hW:apltal it

owns. This study was supported by Barbi and Mattioli (2019). T proved that

human capital is an important signal attracting investors’ &:

Ve't in projects

launched on the ECF platform.

I_SY'

5.5.2 Firm Demography T
71.7% of the respondents were fro chnology=rela mdus@ﬁj 28.3%
from other industries; 4.3% (agri re) 6.5% (c mer <<oduct) 2.2%

(construction), 2.2% (transportatlon % ( 00 &m acturing), and 4.3%

(waste management). ‘% ¢ 43.
Under the ECF, the \Mnd ﬁict wl%s are technology-related

activities. Battaglia et % add thT tec olbg)@Iated and R&D industries are
the most financed%tors d'u
that technologyw‘e are i
delivery tim q@tors re

the EC% rm. J PIOI‘I -I&afl Pangemanan and Sfenrianto (2020)

statl prove that firms v@ﬁlgher financial potential have a higher success

r% etting funded. In Malaysia, Kassim and Wahab (2021) explored PitchIN

rm's activities during Covid-19. The study also determined that most of the

id- 1§zﬁ'|c and Shevchenko (2020) argue
S the(:!)%ﬁe a clear business plan and expected

efa@nfldent during the launching events on

CF-funded firms were related to technology, such as online application features.
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ECF in Malaysia provides funding not only to young firms but also to the
mature firms. Most of the firms involved in ECF age between 3 — 9 years (87?'
below three years (2.2%), 10 — 15 years (8.7%), and above 15 years (2.2% is
study shows that firms aged three years and above get the most ECNwding.
According to Nasafi, Pangemanan and Sfenrianto (2020), in Indon&&’nvestors
tend to support firms that have been established for quite som%a\..,

In term of the firms’ size, 70.6% (5 — 30 empl »17.4% (31 — 75

employees), 8.7% (< 5 employees), and 3.3% (76 00 m‘ﬁhﬂ@ were
| ]

discovered. Most of the firms were located within t ang Valle 1[3‘V d
outside the Klang Valley (8.7%). Table 5.2 sho CF-fun irms' p{,&ﬂes.

%\Y'

&

Table 5.2 Summ@ﬂ

= ~

Variable Catego ion y¢~ Percentage %
Industry Agriculture N 4.3
Consumer @ 9 @ 6.5

Construction &) 2 2.2
Food t& Aj AN\ 4.3
Manu?.g’ _%\ 4 43
Tifansportation ( Q, 2 2.2
nagem bj 2 4 4.3
Technalogy " | CQ 36 39.1
u+TecTo % 8 8.7
&% +Technol 40 8 8.7
nsu nolo 12 13.0
\Mfg+T.echn ogy (- 2 2.2
Firm Age Q) Below 3 (_/J 2 2.2
Q, 319 yr @ sg 8;.(7)

- S :
“,‘_A ve ¥5 yrs - 2 2.2
Firm Si Less than 5 employees 8 8.7
5 - 30 employees 65 70.6
\ 31 - 75 employees 16 17.4
76 - 200 employees 3 3.3
ation Outside Klang Valley 8 8.7
0 Within Klang Valley 84 91.3
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5.5.3 ECF Background Analysis

60.9% of the respondents raised their campaigns on PitchIN Platform Yv
Bhd, 18.5% (Ata Plus Sdn Bhd), 14.1% (Crowdplus Sdn Bhd), and 6.5%
Crowdtech Sdn Bhd). 9.8% of them were funded in 2016, 26.1% ( 44.6%
(2018), and 19.6% (2019). Skirnevskiy, Bendig and Brettel (ZOWine that
enhancing the creator-platform network significantly incre eme campaign
success. This network potential has been supported aXZKF on post-

crowdfunding event by Fan-Osuala, Zantedeschi an k ( 1’8}5{4 study

tors. The o orﬁe&ﬁavws‘

p%' Ip th@%;uer's
chno liver @npletely

abandon the promised project, the afte p;b n interac etw Lﬁhe two actors

will discontinue (Fan-OsuaIaetaI.,@SKuppu\my%‘ oth, 2016; Skirnevskiy
‘% @ S

examined the relationship between the creator and the
a positive relationship as the success of the previ

future progress. On the other hand, when

=

etal., 2017).

“« Q-
}k &
Nasafi, Pangemanan,and nrijv ) pr(@at the success of the ECF
platform in securing ir% in Ci‘ pai s“r{ir@its platform, attracting more

e the platform as a vehicle to raise

' (203(93<ﬁa'pine that the ECF platform's human
signal and ayga Rortant role in bringing investors to their
>

is current study also e%'/mined the multiple objectives of raising the ECF.

ised ECF for working capital, 70.7% for marketing expenses, 69.6% for

oping technology into their firms, 23.9% for renovation costs, 20.7% for

oduct development, and 5.4% for R&D.
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In ECF, the issuers are exchanging their firms' ownership to the funders. In
this study, some of the firms offered ordinary shares (87%), preference sh
(4.3%), and a combination of both (8.7%). However, in the case of E@e
founder offers high equity to the crowdfunders, this will less likel ct the
potential backers to invest as it signals the quality of the founder’s organization or
the crowdfunded project (Vismara, 2016). \,

Table 5.3 shows that 53.3 per cent of these firms ob mtit)nal funding

after ECF. Kuppuswamy and Roth (2016) investigat e ef ew post-
L

nd that the fifst-reund
ioal\‘u i viz\e‘ﬁernal
i (FilQ;ﬂ). Even
though ECF funds are not an absolute f@ S, i@‘ropen to more

opportunities in future funding, for nce, ve gpit ,@\aumgardner et al.,
N
2017; Ljumovic & Pejovic, 20%32, 2817). caord(i(/ Yang et al. (2021),

being innovative, proactiv Nk , fir@ actually inculcated the

venture capitalists' trus%%:i‘itﬁ%"ih E@ where the firms proactively

approach the pIatfonith % out %&}g, things, regardless of someone

might stealingw gth" .' (ﬁo

The g@ndin 'pro ffon@‘g?attracts potential investors to participate
=

in the n%
st

sho after the campaigr@éessfully raises $75,000, the marginal effect of

campaign towards additional external funding. Th

campaign outcomes significantly influence t

sources, such as business angel (BA) and

NN
ign® Th dy cu@ucted by Kuppuswamy & Roth, 2016 also

@hg additional funding decreases.
: From the respondents' feedback in this study, 82.6% agreed that financing
sts in ECF were cheaper (82.6%) and the processing time faster (77.2%) than the

traditional banks. Other than that, 98.9% of the respondents' firms have an exit
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strategy. In addition, 65.2% of the respondents agreed that ECF had assisted their
performance. Three of the respondents' firms have successfully exited, which mT
they are being bought by or merged with other big companies. q

Wulandari, Saeedi and Meskaran (2020) disclose that investor?& more
appetite on the return of their investment than the ownership offered, the social
impact or the stress-free processing. In contrast with Wasiuzz Mng and Ong
(2021), they found that investors make decisions to invest i %1 rely because
of financial motive and to be part of the community, b ore WValue,
emotional value, novelty, trust, and willingness to s t the ECF pr. je[:t..{%le
5.3 depicts the ECF background of the respond@?. \4' \,T

&

A
Variable L;n\n?:y Percentage %
\‘
ECF Platform Ata 18.5

B & 7
" 3 14.1
6

dplus
Crow
wegpRitchIN Platforms SB o~ 56 60.9

6.5
Year funded 2016 3 9 9.8
%‘2017 2 J:' 3 24 26.1
2 41 44.6
Y O

18 19.6

A\ IM
ECF For working gapital "No <$' 40 43.5
N 52 56.5
ECF for marketin 27 29.3
65 70.7
28 30.4
64 69.6
70 76.1
22 23.9
E od. development  “\INO 73 79.3
Yes 19 20.7
r R&D No 87 94.6
Yes 5 54
pes of shares offered Ordinary Shares 80 87.0
Preference Shares 4 4.3
Hybrid 8 8.7
Funding after ECF No 43 46.7
Yes 49 53.3
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Table 5.3 cont

Financing cost cheaper than No 16
traditional banks Yes 76 8
Processing time faster than No 21
traditional banks %7
Yes 71 2
Have exit strategy No 1
Yes 91 98 9
ECF assist overall No 32 i 34.8
performance Yes 65.2
Experience exit No 90 97.8
Yes Y‘ 2.2
In terms of size, location, type of enterprise, and | ationj th arlous

findings. Probably influenced by geographical fact ch as! Sout r‘ &@a

business size does not play a role in determiqi surviv ity fvflrm

(McPherson, 1996). However, a study in w on @Hughes

om@!lness. Large-

KY}?QSS resources and
N

(2003) found that firm size was directl ate to barriers+

sized firms can sustain business b riers becaus

assets and as collateral, Whll tagg of small bu sses is that they can
identify problems and oppo n|t| m ickly. F s that innovate, the size
and barriers of the bu ow d r ulfs ever growing and family-
oriented enterprises \ rr| endlng on the stage and type of
the firms. Henc ir robs uch as lack of funding, managerial

matters, Es ues, egul )’dl@ s, materials difficulties, infrastructure
cial,

proble ur oncer@hat slow down their growth.

\/
S
5§\EGCRIPTIVE STATISTICS OF THE STUDY VARIABLES
The following data interpretation table is made for setting the level to

Qeasure the level of distributive financial management practices, social network,

platform providers, business intelligence, firm financial and non-financial
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performance. This is because the study data were collected through a questionnaire
using 5 Likert scales, so it is considered very appropriate if a mean interval fromv
descriptive analysis is used to measure the firm performance. Table 5. 4@
mean value of the five Likert scales is divided into five points acc to the

following levels: Q

Table 5.4: Mean for Likert Scale of 5 p0|

Mean Value Interpretati

1.00-1.80 Very Low

1.81-2.60 Low

2.61-3.40 ‘ \¢l

Moderate N
3.41-4.20 High § ‘-—)
4.21-5.00 Very high ‘.,__

Source: Tschannen-Moran, M. & Gareis, C.R,, P 1 e se o%?ficacy:
Assessing a promising construct. Journal of Educatlo I Adm , 42( )xg# -585

The descriptive statistics in @55.5 ShO\H\lgdl tafS have mean values

N,

of above 3.41 and the standard%on vﬂues near tayone, indicating that on
\ &
tsi

n questionnaire. All of the

indicators were measu%L ert scal fro 'tc@mth 5 being strongly agree.

NN g
Table SKS ar iptiv “éi'eftistics of the Study Variables

) o A e
ri IesI N (_I\}/Ifhimum Maximum Mean Std
coupti ’f

e, Deviation
2.00 5.00 4.032 0.8849

2.00 5.00 4.217 0.8232
. 92 3.00 5.00 3.950 0.7514
’Ng-wOrking Capital 92 1.75 5.00 4193  0.8333
agement
Social networks 92 2.25 5.00 4.530 0.6524
CF platform 92 2.50 5.00 4.372 0.7531
Business Intelligence 92 3.00 5.00 3.962 0.5096
Financial performance 92 2.67 5.00 4.014 0.8057
Non-financial performance 92 2.67 5.00 4.199 0.7215
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5.7 MEASUREMENT MODEL ASSESSMENT
The measurement model identifies how each construct is measured. T

essential to ensure reliability and validity before assessing the structural mode ir

et al., 2017). Prior to assessing the measurement models, one needs toﬁ&ntiate

between the reflective and formative constructs as each of them special

consideration for evaluation measures (Becker et al., 2012), This¥study uses a

reflective measurement model. Reflective measurement m ss on their

internal consistency, reliability, and validity. The specifie, meas rwre the
"AS

composite reliability that assesses the internal consist eliability, t cdwf{g}ht

validity, and discriminant validity. However inﬂ\h'e ative\,m)dels

requires further steps (Hair et al., 2017). \, g
After identifying the types of thacts (i.e., tive@ormative), the

first step in PLS-SEM analysis is %aluate \ne%ur

model). It is to reveal how ¢ emsﬂ(que ions) |ead

'Pﬂ' model (or outer

57

&
defined construct. Accordin } RI[ an ars’@Oll),analyzingtheouter
model involves unidir% redictive re

constructs linked w e obser'v icator. %
Hair et a@) ex \:A;lasseﬁ' the reflective outer model involves;
[
o xamining of refiab itié?the individual items (indicator

ility)y” f
L 9
reliability of each Ia@"variables, internal consistency (Cronbach alpha

A
E\ and composite reliability),
Q e construct validity (loading and cross-loading),

e convergent validity (average variance extracted, (AVE)) and
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e the discriminant validity - Fornell-Larcker criterion, cross-loading,

5.7.1 Indicator Reliability (Factor Loading) A

The researcher used factor loading to examine the indicator rel%illty. High

HTMT criterion

loading on a construct shows that the related indicators appear to“Wave much in
common, captured by the construct (Hair et al., 2017). r;g t

(2010), factor loadings greater than 0.50 are considered

| | | X
displays that the loadings for all the items surpass th mmengded uel oj\%&
Meaning, the loadings for all items in the modew I the iremen

was deleted from the scale due to low Ioadilw

Table 5.6: Res\@sLo:d@\%I I cgi\

Latent Constructs Factor Loading (> 0.50)
Accounting Information | Ny va 0.791
System AlS S 0.918

0.896

%2 ' P, 0.928

Financial analysis & AR1l 2. F %" 0.825
reporting 0.836

"

0.834
5\(!% 0.888
Financial planni
control ‘v)('} 0.916
(J 0.846
0.789
0.882
Worki CcMT~ Deleted
maﬁnt m 0.863
3 0.852
WCM4 0.926
networks ESN1 0.884
ESN2 0.867
ESN3 0.880
ESN4 0.871
ECF platform provider PP1 0.850
PP2 0.888
PP3 0.845
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Table 5.6 cont

PP4 0.786
Business intelligence MBI1 0.
MBI2 7
MBI3 :
MBI4 % 74
Financial performance FP1 * .862
FP2 0.925
FP3 TP 00933

Non-financial performance  NFP1 ‘ 0.954
NFP2 \, 0.880
NFP3 0.875

Key: WCM: working capital management; FPC: financial planning and control; : financial analysis and
reporting; AlS: accounting information systems; ESN: social network; PP: E tform provider; FP: financial
performance; NFP: non-financial performance; MBI: business intelligence (media

.
! O}T
5.7.2 Construct Reliability (Composite Reliability and Cronbach’ Alph?)-
NV

can &Tsure the

S

1) Internal reliability: N i nt onbach's alpha value is
N
ernst

ein, 1994), C@lch's alpha is a reliability

coefficient. It indicates howgoo "te Sin a.éljﬁositive correlate to one another.
It is computed in é% the\iﬁinter@aﬂons among the items measuring
the concept (%\ &/Bdhg Qpizafacﬁjwever, Cronbach’s alpha has its own
limitatio &'popya ion

&) :

internason tency reliability, \&&. known as composite reliability, can be applied
N

( Nal., 2017).
2) Composite reliability: It measures the reliability and internal consistency

Oa latent construct. A Cronbach alpha value of greater than 0.70 is needed (Gefen

0.7 or greater (Nunn &

S, ~té%\/ercome this issue, a different measure of
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et al., 2000; Kline, 2011). Composite reliability is calculated using the following

formula:

2 2 \
=T @O+ Cd (&9
Where K - is factor loading of every item.

The composite reliability fluctuates between O and 1, WheW her values

represent the higher level of reliability. Generally, composite rel is interpreted

%bility

values of 0.60 to 0.70 are acceptable in exploratoryresearch. Meanwhile, Va@
)

below 0.60 show a lack of internal consistency (@, 2013). Table 5.-%5!70WS

4

in the same manner as Cronbach's alpha. However, in s

3

the results of composite reliability with values hm

also higher than 0.70. It indicates that th@kﬁct
claims that there are both consistency and iIitéin t
: @

S

o

“« Q-
Table 5.7: Result of&q h's A d Conjpasite Reliability
] AN
Latent construct Yfron ach Alpha =" Composite Reliability
% 070f | < (>0.70)
AlS F o F o 0.935
FAR 0868 (_4}' 0.910
FPC \ | 0.881 <> 0.919
WCM 0.855%¢ 0.912
SN \ | 0.899) 0.929
PP (q * P2 dey 0.908
836

BI (0.83 0.891

FP Q’ 0.892 0.933

NFP ’ 0.887 0.930
management

Key: WEM: ng capital ; F-;PtT financial planning and control; FAR: financial analysis and
reporting; AlS: accounting information sy, ‘m; ESN: social network; PP: ECF platform provider; FP: financial

pen%\ FP: non-financial perforl’haQ ; MBI: business intelligence (mediator)

G; Average Variance Extracted (AVE)

AVE is a standard measure to establish convergent validity on the construct

level. This principle is defined as the grand mean value of the squared loadings of
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the indicators associated with the construct (i.e., the sum of the squared loadings
divided by the number of indicators). Thus, the AVE is equal to the commonalitw'
a construct. Using the same reason as to the individual indicators, an AVE@}f
0.50 or greater shows that, on average, the construct explains more th of the

variance of its indicators. On the contrary, an AVE value less than 050 Indicates

that, on average, more error lingers in the items than the vari cmained by the
x f

construct (Hair et al., 2017). The AVE is calculated us@ opmula:
AVE = Z K2/ n ‘\d,
| &
ina ng?el.

Y—-

Y. Al@fe AVE
N

ponents of

Where K= factor loading of every item, an@ii= number of ite

4

£

Table 5.8 shows the result of the AVEW c

values were greater than 0.50. As such, Nnv rgent yalidity

&

the full model of the construct have been led O

NS
Table 5.8: Resu& eragearia eE@d (AVE)

Z‘S" 7

i A
Latent Construc , 3 : \"% AVE (> 0.50)
AlS ',' /2. 0.783
FAR 0.716
FPC \ ® %(J 0.739
WCM & 40 0.776
SN O 0.767
PP \ ’ ! 3 0.711
BI cj 7 O 0.671
FP S 0.823
NEP é 0.817
: gement; + financial planning and control; FAR: financial analysis and

: aécounting information systqms ESN: social network; PP: ECF platform provider; FP: financial
NFP: non-financial perforrKfa?, MBI: business intelligence (mediator)

E Carlson and Herdman (2012) explain that when the constructs in the research

tisfy the requirement of the Cronbach’s alpha (> 0.50), CR (> 0.70), factor
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loadings (> 0.5) and AVE (> 0.50), then next is checking the discriminant validity

as per the following subsection. T

5.7.4 Discriminant Validity: Fornell-Larcker Criterion, Cross L
Heterotrait-Monotrait Ratio Y__
Discriminant validity refers to the extent to which items dif tiate among
constructs or measure-distinct concepts. It is checked usin ezriter'a: the cross-

loadings, Fornell-Larcker, and Heterotrait-Monotrait rati TMT). w Hair,

t attempt t e}s@e
ble5.\§, oss.jﬁngs

utep‘oa s on struct are

Babin and Krey (2017), cross-loadings are usually th
discriminant validity of the indicators. As sho

criterion fulfils the requirements as the 1nd1\}

greater than all its cross-loadings with r castructs (| i and@ﬁ values).

Table 5.9: Result of%lnanf\/all Yoy GQSR Loadings

Constru ~ AIS *‘NFP PP WC
ct

ltems

AIS1 0.791 0287 0077 0.339

AIS3 0.918 .40 0290 0.159 0.076

AlS4 o.ssf#& 0.348 0244 0.093

AIS2 0266 0.188 0.043

ESNl: 2562 0.884 427 66.54 0.109 0.012 0.352 0.610 0.405
ESV\ 288 0.867 0.34\ 0.021 0.074 0.083 0.280 0.508 0.350

0.400 0.880 0.376 0.005 0.089 0.115 0.367 0.441 0.477

~N4 0.306 0.871 0.278 0.028 0.045 0.001 0.399 0.717 0.323

FAR1 0.198 0.282 0.825 0.052 0.195 0.064 0.453 0.146 0.667

FAR2 0.286 0.324 0.836 0.056 0.160 0.095 0.351 0.159 0.368




Table 5.9 cont

0.275 0.834 0.043

0.054

FAR3 0341 0.110 0408 0.190 o.zm\Y"
FAR4 0327 0483 0888 0007 0158 0022 0419 0.253 %
FP1 0054 0041 0001 0862 0490 0421 0.093 o.ief%mz
FP2 0001 0036 0077 0925 0559 0486 0.199 O.Mioz
FP3 0022 0025 0046 0933 0601 0487 0.269 M 0.092
FPC1 0047 0107 0.049 0626 0916 0458 diga7 0.301 0071
FPC2 0032 0035 0209 0467 0846 03030276 0083 0089
FPC3 0131 0048 0.239 _ ?.1_7'1,‘}?'
FPC4 0062 o.q_.‘z}
%
MBI1 0091 050
MBI2  0.015 0.057
MBI3  0.156 0.002
MBI4 0011 0.033
NFPL 0395 0.491
NFP2  0.294 0.330
NFP3  0.222 0.395
PP1 0.030 0.191
PP2 0.019, ‘0. 0.247
PP3 0.3@ : & 0400 0845 0.181
PP4 ,&' o@ 0064 0038 0393 0786 0.190

WCM wB
N

<

ol

0.306  0.473 @IOS

0.134

185 0.393 0.495\ 0.058 0.088

0.084 0.460 0.538 0.118 0.123

0.050 0.339 0.160 0.863
0.061 0.413 0.124 0.852

0.028 0.432 0.337 0.926

y: WCM: working capital management; FPC: financial planning and control; FAR: financial analysis and
eporting; AIS: accounting information systems; ESN: social network; PP: ECF platform provider; FP:
f

inancial performance; NFP: non-financial performance; MBI: business intelligence (mediator)
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The result of the discriminant validity by Fornell-Larcker in Table 5.10 shows
that the square root of the AVEs on the diagonals represented by the bold an i
values are greater than the correlations between constructs (correspondi@ and
column values). It indicates that the constructs are strongly related to ﬁ&spective
indicators compared to other model constructs (see Chin, 1998; Forgell & Larcker,
1981), thus suggesting a good discriminant validity (see Hair etal., 2 . Additionally,
the correlation between exogenous constructs is less than 0. xv

a,*ng etal., 2015).

Therefore, in this study, the discriminant validity of all constructs jis W
| ]

Latent 1 2 3
Constructs AIS MBI FAR

! AIS 0.885

2 MBI -0.024 0.819

3 FAR 0.338 0.025 @
* FIN 0.027 0.514

5 FIN_ -
NON 0.340 486 0.
6 =
FPC -0.079 %0510 @609 364 0.860
7 -
PP 0493 “0.170"=( '-0.1%?) 0533 0211 0.843
8 o -
SN % 0.059 & 8_/‘(')'1?) 0405 0.090 0.655 0.876

155 0:0184 0. 71‘3\.}.064 0.452 0.130 0.242 0.446 0.881

apital man e FPC@'\cial planning and control; FAR: financial analysis and reporting;
rmation systems;

AIS: accounting
ESN: sogi work; PP: ECF platform p@{ FIN: financial performance; FIN_NON: non-financial performance;

MBI:Q telligence (mediator)

There are some criticisms over the Fornell-Larcker criterion. According to

enseler, Ringle and Sarstedt (2015), the Fornell-Larcker criterion does not correctly

disclose the lack of discriminant validity in common research situations. Thus, they
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propose an alternative technique called the Heterotrait-Monotrait ratio (HTMT) of

correlations based on the multitrait-multimethod matrix. This study assesste

discriminant validity through the HTMT. The discriminant validity has a pr@hen

the HTMT value is greater than the HTMT value of 0.90 (Gold, Malm&( Segars,

2001) or the HTMT value of 0.85 (Kline, 2011). However, accorm) Henseler,

Ringle and Sarstedt (2015), the HTMT value must be below t Mreshold to pass
X

the test. Table 5.11 shows that all values are far below the d value of less than

Table 5.11: Result of Discrimi

Latent 1 2 3 4
Constructs AIS MBI FAR
\ N

02170600 0220

0. <<,0.445 0.099 0.749
0511 0.161 0.270  0.499

r(ifjlﬁianning and control; FAR: financial analysis and reporting;

NN

ovider; FIN: financial performance; FIN_NON: non-financial performance;
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5.8 STRUCTURAL MODEL ASSESSMENT (TESTING THE HYPOTHESEYS)
As proposed by Hair et al. (2017), to assess the structural model, a res?!
needs to observe the beta (B), R squared (R?), and the corresponding t-valu@gh a
bootstrapping technique with a subsample of 5,000. Also, they sugg rting the
effect sizes (f2) and the predictive relevance (Q?) as well since Sullivan and Fenin
(2012) claim that the p-value determines whether the effect ex%~ oes not disclose

Evaluation metrics such as R? and Q2 reported forRLS-SE WOvide in-
AN
y-selected Id@k@ples
li et 4@l 6) .@ose the
\ <

PLSpredict technique. PLSpredict applies\h(; outﬁam apprgéb to generate

observation-level predictions on an itemilevel (Shmueli e 201 igures 5.2 shows

the size of the effect.

sample predictions, but PLSpredict uses multiple ra

to calculate out-of-sample predictive power.

the PLS bootstrapping (T statistics) @33 drawn\n\&S Q‘Ka‘on 3.0.
@

Sy
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e

womz

woma

wCmMm4

R

mela |

0.115 (0.221)

0.529 (0.000)

FAR FPC
Q P
wc 0.254 (0.008) 0.240 (0.029) Als
0.018 (0.879) $.205 (0.080) 0.466 (0.080) -0.317 (0.000)
0.Y66) 0.239 (0.025) 0.063 (0.447) 0.2$0 (000
PP SN
-0.116 (0.314) 0.525 (0.000) 0.080 (0.524) -0.242 (0.042)
- v'
0.568
F FIN_NON
FP1 | rr2 | FP3 | |  w~FP1 | w~rrz | NFP3

3

bl B 1 B B
T
0
& N

ESN2

Key: WCM: working capital management;
ESN: social network; PP: ECF platform provi

Figure 5.2: PLS Bootstrapping (T Statistics)

inancial planning and control; FAR: financial analysis and reporting; AlS: accounting information systems;
; FIN: financial performance; FIN_NON: non-financial performance; MBI: business intelligence (mediator)




5.8.1 Estimate for Path Coefficient

Firstly, this study conducted the multicollinearity test by inspecting the v?&
inflation factor (VIF) as suggested by Hair et al. (2011; 2017). There will issue
with multicollinearity if the VIF value is less than 5. Table 5.12 showsm the VIF
values are below 3.3 or 5 as recommended by Diamantopoulos and SW(ZO%) and
Hair et al. (2017), respectively. Therefore, there is no issue \%h- ticollinearity in

this study.

Indicator

AIS
MBI

FAR

FIN
FIN_NON
FPC

PP

SN

WCM

Key: WCM: working capital nt; FPleinan ial pl and control; FAR: financial analysis
and reporting; AlS: accountin X

n B 4
ormation systems; 0 iai Eetwork; PP: ECF platform provider; FP:
financial performance; NFP: non-financi or ; MEJ usiness intelligence (mediator)

N
5.8.1.1Asses@r thc iyi%ntch(y'}Modell

O
B &F the "a VSS))we (@e path coefficient as shown in Table 5.13,
4

the R2 value®is 0.440. The value.Q‘/%:{.2 = 0.440 suggests that 44.0% of the variance in

t:‘ﬁqperformance can be str\ongly explained by the predictors of financial planning
C

ontrol (B=0.466, T value=3.813, P value=0.000, BCI LL=0.201, BCI UL=0.678),
03 Hic is statistically significant.

1.944
2.423
1.656
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Table 5.13: Hypotheses and Results for Model 1

Hypothesis Relationship Std Std T P BCI BCl Sup
Beta Error Value Values LL UL
0.

Hla AIS->FIN 0063 0083 0761 0447  0.079

2 0
H1b i
FAR->FIN 0.018 0.115 0.153 0.879 0.219 0.224 WNo

Hlc

o
oo
<
D
w

FPC->FIN 0466 0.122 3.813 0.000 0.201
WCM -> -

Hld FIN 0035 0118 0298 0.766 o§¥79 No
Hle SN->FIN 0080 0126 0638 0.524 0f17 No
Hif PP->FIN 0116 0116 1007 0.31% 034 Wo

R2 0.440 ..

Key: WCM: working capital management; FPC: financial planni d control; FAR: fi:tnci(%ﬁalysis
and reporting; AIS: accounting information systems; ESN: seeial*network; PR E la orA,p ovider;

FIN: financial performance 2 T
NV
\ g
)

I Nhe R2value is 0.568,

5.8.1.2 Assessment for path coefficie@el 2

Table 5.14 shows the results of the hypot WT
suggesting that 56.80% of the vari n the non-firm peﬁ%’mance can be strongly
explained by the ECF platforme er (B= value=5.291, P value=0.000, BCI

N
LL=0.306, BCI UL=0. e2) Qllowed tl/the orki@%pital management ($=0.239, T
0.025, =0.

value=2.252, P value= < OgngCI UL=0.417), the accounting

=2.6T€2\,§ value=0.008, BCI LL=0.0064, BCI

: &
_ \ | (J _
UL=0.363), 6% finandial a;mné‘gnd control (B=-0.317, T value=3.836, P
O

value=0. LL=-0. I -0.158). These indicate that hypotheses H2a,
‘v’¢
HZCm H2fares atisticald%gﬂynificant.

~

0‘% Table 5.14: Hypotheses and Results for Model 2

ypothesis Relationship  Std Std T P BClI  BCl Supported
Beta Error Value Values LL UL
2

AIS >

Hza FIN_.NON  0.200 0.075 2.672 0.008 0.064 0.363 Yes
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Table 5.14 cont
FAR ->

H2b FIN.NON 0205 0117 1756 0080 0037 0412 NoY"
Hoc FPC > } i \
FIN.NON -0.317 0083 3.836 0000 0492 0.158%
H2d WCM ->
FIN.NON 0239 0106 2252 0025 0.032 o.d'Nes
H2e SN -> )
FIN.NON -0.242 0119 2042 0042 0463 WNO
Hof PP ->
FIN.NON 0525 0099 5201 0000 0.306"Q402 Yes

R2 0.568
Key: WCM: working capital managemt; FPC: financial planning and c
reporting; AIS: accounting information systems; ESN: social network;
NON_FIN: non-financial performance

I; FAR: financial analysis and
. "ECF Platform provider;

L 4 \Yw
5.8.2 Coefficient of Determination: R2 Value l _{’)
The R2 value reveals the total varian d erfB iableg,m/hich is
. . . ,
explained by the exogenous variables. Thus;¥a, larger R"Yalu ncrea: e predictive
0 D ema@OlOb), it is vital

ability of the structural model. Accor bach a

to make sure that the model’s R? Va%high eno\i\tgac ol\ﬁréish a minimum level
€

of explanatory power. Table 5. ns the R2 results f Is study.

Table %gults of Coef cj.eht etermination R?

\'. 4 /"Q
Exogenous E %nous o ‘Gohen Chin Hair et al
Constructs structs 2.~ (1988) (1998h) (2016)
AIS, FAR, inaneial 40 ,“Substantial  Moderate Moderate
| c)(.z

0
FPC,WCM, SNg- performance,
and PP % b 4 &
AlS, FA kNon 0@ Substantial Substantial Moderate
o

FPC,W financi

and PP performance s,

Key: orking capital manage ; FPC: financial planning and control; FAR: financial analysis
and ting; AIS: accounting information systems; ESN: social network; PP: ECF platform provider;

FI:i:E’ ﬁ al performance; NON_FIN: non-financial performance; MBI: business intelligence (mediator)
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5.8.3 The Effect Size (f2) for all Models

Further, as proposed by Cohen (1988), the f2 is 0.35 (substantial effects
(moderate effects), and 0.02 (small effects). Table 5.16 shows that f2 @mal
planning and control (FPC) has a moderate effect size in both model cing R2.
However, f2in Model 1 (0.27) is larger than in Model 2 (0.16). Y'

In Model 1, the f2 for AIS, FAR, WCM, SN and PP have’ no effect size,

indicating they have no effect in producing R2. Contrarar Z s]hows that AlS,

FAR, WCM and SN show a small effect in produci 2, H e shows a
moderate but near to large effect in producing R2. O in thiscurr qu@odel
2 depicts better effect power of the independent S h& 1.

Exogenous  Effect . t
Construct  Power Perfofmance ™. ?\/\fér‘& Performance
AIS No 1 ’%ma“ ~ 0.08
FAR No 00 mal N 0.06
FPC Moderate 0.27 M e 0.16
WCM No . 0.08
SN No : Il 0.06

. rge 0.33

planning and control; FAR: financial analysis
stem : social network; PP: ECF platform provider;
-fi an@%pérformance; MBI: business intelligence (mediator)

PP No
Key: WCM: Worklng&g
and reporting; AIS i
FIN: financial perf@
&
58.4 Pr% Relqraavc_%lind@ing) Q2 for all Models

. le study uses the @;Iding procedure to analyze the power of the

s proposed model in terms of predictive relevance. Hair et al. (2017)

: mend that the blindfolding procedure use only endogenous constructs with a
f

lective measurement. If the value of Q2 is greater than 0, then the predictive relevance
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of the proposed model exists for a specific endogenous construct (Fornell et al., 1994;

Hair et al., 2017). Yw

Table 5.17 indicates that the predictive relevance Q2 of financial r\ance
has a value of 0.335 and non-financial performance has a value of OﬂNhich are
considerably above zero, showing an adequate predictive relevance the proposed

model and Figure 5.3 represents for blindfolding results’ Q2 diqem

Table 5.17: Predictive Relevance (Bli ding' Qs\d
L 4

Q2 o
Model (=1-SSE/SSO) édlctlv R

Model 1 = FIN 0.335 Y. \"
Model 2 = FIN_NON 0.431 \[ :\ xist,
Note: FIN= Financial Performance; FIN_@n-Finanm formance

D
=}
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Lt1=1h

LU=

MBI t1=1FY |

bl

bl
bl

Iu

b
v
=

=\ o

FPC1

FRCX

FRC3

FPC4

as

@

‘%\ {::] l::] ‘%\ ‘%I % ‘%\ “\ “\ “\ “\ “\

=

| FR1 | | | FP3

FP2

| | HFF1 | | | MHFF3 |

MNFP2

INZ

Key: WCM: working capital management; FPC: fipangial'planning and ¢
network; PP: ECF platform provider; FIN: finanoi& ormance; FIN_

S

o':D./: <

YI; FAR: financial analysis and reporting; AIS: accounting information systems; ESN: social

Figure 5.3:

: non-financial performance; MBI: business intelligence (mediator)

Blindfolding Results Q3
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5.8.5 PLS Predict (Q?#predict) Assessment

Table 5.18 shows majority of endogenous variables of the PLS mode

s |

tha

—

above zero and lower than the LM model values. Shmueli et al. (2019) su

%

the Q?predict for this study can be concluded to have a strong predi wer. As

the general principle says, once all PLS-SEM analysis indicators have'lower RMSE or

8

MAE values than the linear model (LM) benchmark, the madel has"high predictive
power. As analyzed, majority of the indicators in PLS are d strating a lower RMSE

and MAE value as compared to LM. Therefore, the assumption i tWodel has

"X
high predictive power and it can be used in predic@ cases (out thf s.&ﬁq@es).
? 4
\ Y\'Y
Table 5.18: Predict AsSessment é\
AN

£,
, LM (prediCtive 7~ *PLS less LM
r& (Q? predict)

£. RMSE MAE
A\

Item RMS( MAE \M&
FP2 %s 0.56 67 74 -0.127  -0.108
\ 0
556

FP3 511 712,990539  -0.045  -0.028
FP1 0.5 0.8%‘00.649 -0.098  -0.082
NFP1 i 0. 0.428 0.017 0.013
NFP2 ’ 0.492 | 5 049 -0.004 -0.003
NFP3 . 0432 , 0647 0499 -0.073  -0.067
Key: FP= financial pe@ ¥ l ~nonsfinanci formance

A

N
el .2
5.8.6 Assess Mediatin ﬁect(sj—'j\/lodelland Model 2
T wchpa E(yo edt\hypothesis that business intelligence positively

4
ianuenSs relationship bel&gq financial analysis and reporting and financial
N

p W and control practices on the firms' performances (H1g, H2g, H1h and H2h) to

business intelligence as a mediator. To test the significance level of each mediating
N

ct for those hypotheses, the bootstrapping method with 5000 bootstrap re-sampling

and bias-corrected confidence intervals was utilized (Hair et al., 2016; Hsu et al., 2020).
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Bootstrap samples are derived by repeatedly estimating the coefficients with a

minimum of 5,000 bootstrap samples, each of which comprises N cases rarw

sampled with replacement from the original sample N=92. \
Recent PLS-SEM literature proposes the introduction of meAQ types to

examine the mediation effect (see Hair et al., 2017; Nitzl et al., ZOM tzl, Roldan

and Cepeda (2016) further explain that it is important to ensure th edlatlng effects
ac

Table 5.19 shows that the p-value for business intelligen Wnd 0.029

L
for both performance models. Thus, it is mgmﬂca@the hypotheses. I .\C}
<
&

Table 5.19: P- vaw e tor
F &

exist when the indirect effect (a x b) and the p-value are si

Relationship between mediator P Values BCI BCI Significant
and performance LL UL
MBI -> FIN

}%K\ Yes

Yes

MBI -> FIN_NON

Key: FIN: financial performance; FI g
intelligence (mediator)

S
('J )
to 5? ﬁfedlatlon Table 5.20 shows that no

The next steg
degree of medlat Ists i H2® the indirect effects’ p-values for both

models are in nt ?d }f?b their indirect effects’ p-values and direct
effectsw r |ca}t o n the ~ﬁ'rtlal degree of mediation exist.

explaln If the deqﬁ or types of mediation, the direct effect (¢’) and

effect (a x b) move towards the same direction (positive or negative). Thus, it
cludes that complementary partial mediation exists. However, competitive partial
dlatlon occurs when they have different directions (Nitzl et al., 2016). In Model 1,

both the direct and indirect effects have the same direction (positive), thus portraying
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the complementary partial mediation. In contrast, Model 2 is a competitive partial
mediation. Both have a different direction because the direct effect has a negatiw
and the indirect effect has a positive sign. Table 5.20 and Table 5.21 prese@irect

effect, indirect effect, total effect, and the degree of mediation of the hy, ized paths

for Model 1 and Model 2. Q
Table 5.20: Degree of Mediation — Z '

i
. - Indirect
. Mediator - Direct al Effect g;ee?.
Hypothesis Criterion Effect (¢’) I%;‘:‘(% c=(c’+(axh)) ed@ n
Hig FAR >MBI->FP  0.018 NO -,
H1lh FPC -> MBI -> FP 0.466* 0.13 Parfial

Note: * p<.05; N=92; FAR=financial analysis an
control; MBI= Business Intelligence; FP= Fina% or

<)

Table 5.21: Degree o

v 6
rec
ect (¢’

5
irect
Effect %f}tal Effect  Degree of

xb) A (¢>+(axb))  Mediation

H2g FAR -> MBI -3 0.205 o.oz%\ 0233  No

Hzh FPC -> MBI -> 0817*) 0427 0190 Partial

Note: * p<.05; N=92; FAR=fipancial amalysis’apd reporting; FPC= financial planning and
Inte Q‘g\é

control; MBI= Busine\ll enlc NEQ on-fin%
&

Tables ’Q@ 5.23 ‘sh g)in '@effect,Tvalue, P-value, lower bootstrap,
H ’

and upper Qtstr of the medi tion@cts on both financial analysis and reporting

and fingneial plannin WZ\trol$ndicated by Preacher and Hayes (2008), when

o
effect of the medlahas’ 95% lower (BCI LL) and upper (BCI UL) do not

Hypothesis Mediator-Criterion

| Performance

a 0 in between, this indicates mediation. Therefore, the hypotheses H1h and
are confirmed. Hence, business intelligence has an influence on financial planning

and control to boost better performance for the firms. In contrast, business intelligence
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for this study does not affect the financial analysis and reporting practices (H2g and

H2h) in boosting its performance.

Table 5.22: Hypotheses and Results for Mediating Effect (Mo

A4
A

Hypothesis Relationship Indirect T P BCI Q Supported
Effect Effect Value Value LL L
Hlg FAR -> MBI 0.029 1.041 0.298 -0.013 No
-> FIN
Hih FPC -> MBI  0.134 2,272 0.023 0. C.ZSi Yes
-> FIN N
Note: N=92; FAR=financial analysis and reporting; FPC= fi 1al planging.and gentrol; MBI=
Business Intelligence; FIN= Financial Performance ®
| &
Table 5.23: Hypotheses and Results for iating Effect (Model Q—
o

=
c
D

b
Hypothesis Relationship Indirect T,

BCh.¢ Supported

Effect Effect V
H2g FAR -> MBI
>FIN_NON 0028 M 0.276

H2h FPC -> MBI

&

>FIN_NON (127 44 ﬁ}% j .
Note: N=92; FAR=financial analysis a rting; FPC= nanciﬂ-@hnning and control; MBI=
ial' P

Business Intelligence; NFP= non-

erformancg” 4 %
iﬁj §’

X" | 1S
5.9 CHAPTER SU I\% \" "C}Q

== 5

ious résp ?;!attﬁfg

screening, an

' 4

This chap&% b\w@g the{é\ponse rate, common method bias, data

S. It then concentrated on the descriptive

statistics@!lruc}s nd o aliék‘test. After that, the researcher assessed the
e

measu models and the asx@r.nent of the structural models. The assessment of
O

t \asurement model included indicator and constructs’ reliability and construct

path coefficients, the effect size (f2), the predictive relevance (Q?), the PLS predict

ysis. Meanwhile, the assessment of the structural model involved the estimation of
Q

(Q%predict) and finally, the assessment on mediating effects.
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The following chapter will discuss the results reported in this chapter and
presents the present study’s contributions to the existing body of knowledg
researcher evaluated the key empirical findings to examine their impl@ for
academics and practitioners. The study also presented the limitation current

study, and finally, this study outlines consideration for future research?
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