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Abstract

This study explores the factors influencing behavioral intention and actual
usage of social commerce applications by extending the Unified Theory of
Acceptance and Use of Technology 2 (UTAUTZ2) with perceived privacy
and eword of mouth. Ten hypotheses were tested using Partial Least
Squares (PLS) with a bootstrapping procedure of 5,000 resamples.

Findings indicate that performance expectancy (H1), effort expectancy
(H2), social influence (H3), hedonic motivation (H5), and habit (H7)
were not supported, showing that low utility, ease of use, social persuasion,
enjoyment, and habitual behavior discourage adoption. In contrast,
facilitating conditions (H4), price value (H6), perceived privacy (H8), and
behavioral intention (H9) were significant predictors. These results
highlight the importance of access to smartphones and internet connectivity,
the perceived value relative to cost, and the assurance of privacy in shaping
adoption decisions. Behavioral intention also strongly influenced actual
usage, consistent with prior technology adoption studies.

Moreover, Hypothesis 10 was supported, as eword of mouth significantly
strengthened the relationship between behavioral intention and actual
usage (p = 0.000). Owerall, the study advances theoretical understanding
of social commerce adoption and provides practical insights for developers
and marketers to design strategies that enhance trust, value, and user
engagement.
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INTRODUCTION

Information and communication technology (ICT)
has significantly transformed the organizations’
their inside and outside
management capabilities. Moreover, now the new
products, demands  of
consumers, delivery methods, and interactive tools
are helping businesses to interact with their
consumers and build stronger bonds with them
(Turban et al., 2011). Moreover, e-commerce has
improved the

strategies  and

services,  dynamic

efficiency of businesses and
decreased expenses on selling products or services.
E-commerce emerged in the 1970s, and since then,
it has been considered a new idea (Laudon &
Traver, 2012) as every passing day and the
technological revolutions are updating the area of
e-commerce.

Smartphone use has increased in many ways due
to its essential features, which include mobility,
affordability, universality, lightweight design, and
connectivity at any location at any time (Klopfer et
al., 2002). Researchers in numerous sectors are
encouraged to leverage new opportunities using
smartphones (Aijaz et al., 2019). Mobile
technology developments and mobile applications
have restructured the consumer buying process
(Wagner, et al., 2020), making progress toward the
new platform of social commerce (Blaise, et al.,
2018). Adam blacker (2022) reports that social
networking platforms (such as TikTok, Instagram,
and Whatsapp), along with iOS and Google apps,
make up the leading three apps adopted by
consumers worldwide.  For shopping, Shopee,
SHEIN, Amazon shopping, AliExpress, Flipkart,
and Alibaba are the most adopted apps by
consumers. Due to the increasing importance of
mobile devices in customers' everyday lives, social
commerce and the usage of mobile applications
have grown (Vinerean, et al., 2022).

TAM has been used to investigate individual
acceptance of technology in a consumer context
(Schepers & Wetzels, 2007). Although TAM
remained active as a reliable model for technology
adoption acceptance, TAM has also been criticized
for providing little information on individuals’

views about novel technologies and ignoring users’
individual characteristics (Agarwal & Prasad,
1999; Mathieson et al., 2001; McMaster &
Wastell, 2005). This research has addressed
Venkatesh et al. (2012)'s call for more research,
which suggested testing the model in various
nations, age groups, and technological contexts, as
well as expanding it to include other pertinent
critical factors to make it applicable to a variety of
consumer contexts. Moreover, we used an
additional factor of consumer behavior as an
extension to the UTAUT2 model, i.e., perceived
privacy and electronic word of mouth (e-WOM),
to understand consumer attitudes and intentions
towards the adoption and acceptance of social
commerce apps among Pakistani users. These
factors play a significant role in the development
of technology acceptance and adoption among the
Pakistani consumer segment, given that Pakistan is
at the initial stage of the digital economy (Saleem
et al., 2022). Thus, research must be done about
consumer insights into perceived privacy and e-
WOM. Khaskheli et al. (2017) highlighted that
technology adoption has become a necessity in
today's ultra-competitive environment. However,
Liébana-Cabanillas et al. (2017) argued that the

use of social commerce in developing nations is
still minimal.

LITERATURE REVIEW
Several theories and models from earlier studies
were reviewed, examining “use behavior,”

“intention to use,” and related terms, which
informed the theoretical basis of this study. In
addition, several theories and models of behavior
intention and use intention can aid in
understanding, explaining, and predicting an
individual's behavior, including their approval or
disapproval of social commerce apps.

The basic definition of technology acceptance is
the degree to which people see, accept, and utilize
contemporary technology (Dillon & Morris,
1996). The study's theoretical foundation is the
expanded Unified Theory of Acceptance and Use
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of Technology (UTAUT?2). Venkatesh et al. (2003)
claimed to compile eight models (TRA, TAM,
MM, TPB, CTAM-TPB, MPCU, DIT, and SCT).
UTAUT’s
items were derived from each of the mentioned
theories, ie., (TAM, TRA, TPB, MM, SCT,
MPCU, DIT, and CTAM-TPB). The variation
described in behavioral intention and technology
usage was significantly increased by the UTAUT?2
extensions (Chang, 2012). Context of consumer
of UTAUT2.
specifically ~ designed for

main constructs and measurement

usage is the main emphasis
Adoption  models
individual customer assessment can forecast up to
70% of behavioral intention. (Venkatesh et al.,
2012). On the other hand, models devoted to
organizational settings, when used in a consumer
context, predict only 52% of behavior intention
(Venkatesh et al, 2012).

It is crucial to state that the moderating effects of
age, experience, and gender are irrelevant to this
investigation. Consequently, these components
were eliminated. This is because there has not
been much research done on certain subjects;
thus, it is important to have a more comprehensive
understanding of Pakistan's technology adoption
and usage trends. Furthermore, this study did not
employ the moderating influence of age, gender,
or experience, which is consistent with earlier
research (Mahfuz et al., 2016; Baabdullah, 2018;
Al-Azawei & Alowayr, 2020).

Performance Expectancy

Performance expectancy is parallel to the perceived
usefulness variable in the Technology Adoption
Model (TAM), described by Davis (1989) as “the
degree to which a person believes that using a
particular system would enhance his or her job
performance” (p. 320). Considering that
consumers will adopt a technology that yields
tangible benefits, this variable has been utilized in

consumer contexts such as retail self-service

technology  (Kaushik &  Rahman, 2015),
technology-facilitated services (Roy Chowdhury et
al.,, 2014), and mobile payments (Bailey et al.,
2017). In general, existing literature suggests that
consumers are more likely to adopt emerging

technologies if they believe that the new
technology will be helpful and useful to them
(Alalwan et al., 2017). PE has been proposed based
on features that emphasize customer time-saving
opportunities,  efficiency, = and  usefulness
(Venkatesh et al., 2012). According to studies (i.e.,
Venkatesh et al., 2003; Lu et al., 2017; Hoque &
Sorwar, 2017; Chao, 2019),
expectancy is a direct determinant of behavioral
intention by humans. Lu and Su (2009) observed
in  China that expectations
considerably of mobile
services. A study by Soni et al. (2019) surveyed
fashion mobile shopping apps and found that

performance

performance
impacted users’ use

performance expectancy showed a significant
influence on behavior intention and use behavior.
Accordingly,  the hypothesis is
developed, which postulates that performance

following

expectancy can have a significant impact on
customers' behavior intentions toward acceptance
and adoption of social commerce apps:

H1. Performance expectancy (PE) has a positive
impact on customers' behavior intention (BI) to
use social commerce apps.

Effort Expectancy

According to Venkatesh et al. (2003), effort
expectancy was derived from the perceived ‘ease of
use’ factor proposed by Davis (1989) in the
Technology Acceptance Model (TAM); It was
discovered that an application that users believe to
be simple to use has a higher chance of being
approved. Catherine et al. (2017) studied
behavioral  intention  toward  fingerprint
authentication-based ATMs in Uganda and
confirmed that effort expectancy substantially and
positively affected BI. Mtebe and Raisamo (2014)
highlighted the significant effect of effort
expectancy on students' behavioral intention
towards mobile learning in higher education in
East Africa. Likewise, Fadzil (2018) confirmed the
role of effort expectancy for intention behavior to
use mobile applications in Malaysia. Murillo-
Zegarra et al. (2020) provided empirical evidence
that effort expectancy is a major determinant of
behavior intention. This research has postulated
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that customers' behavioral intention toward
acceptance and adoption of mobile commerce
applications can be strongly influenced by effort
expectancy. Thus, the following hypothesis is
developed:

H2: The customer's behavior intention (BI) to use
the social commerce app is positively impacted by
effort expectancy (EE).

Social Influence

Brown and Venkatesh (2005) defined

influence as “the extent to which consumers

social

perceive that important others (e.g., family and
friends) believe they should use a particular
technology”. Existing research confirms that social
influence is a strong predictor of behavioral
intentions (Chong & Ngai, 2013) across various
contexts, including mobile payments (Slade et al.,
2015); (Chong, 2013),
commerce (Akman and Mishra, 2017), m-banking
(Bhatiasevi, 2015), and mobile app usage
intentions (Hew at el., 2015). A study by Jaiswal
and Singh (2020) with 206 responses found that

social influence is an essential factor of behavior

m-commerce social

intention for mobile wallet services in India, and
Leong et al. (2013) stated that social influence is
an essential factor of behavior intention. Yang et
al. (2012) observed a positive effect of social
influence on the adoption intention of mobile
payment services in China. In a Malaysian study,
Wei et al. (2009) found Social Influence to be
significantly and positively correlated to the
intention to use social commerce. Colleagues,
friends, family, and other seasoned users are
therefore assumed to have an impact on users'
behavioral intention to use social commerce apps.
The study's hypothesis is based on the previous
discussion.

H3: Customers' behavior intention (BI) to use
social commerce apps is positively impacted by
social influence (SI).
Facilitating Conditions
Facilitating conditions reflect the effect of
necessary resources (internet connectivity, memory
in the smartphone to download an app, online
help and support) and the required knowledge

necessary to operate social commerce apps. Lewis
et al. (2013) and Chong (2013) stated that
facilitating conditions have a firm role in
technology adoption. A study by Soni et al. (2019)
with a sample of 209 participants surveyed fashion
mobile shopping apps and found that facilitating
showed influence on

conditions significant

behavior intention and use behavior. Researchers
Tak & Panwar (2017) discovered, with a sample of
350 mobile app shoppers in Delhi, India, that
facilitating conditions help in the usage of mobile
apps for shopping. The study assumes that users'
positive opinions of enabling factors, such as
assistance, internet access, and/or asking for help,
will influence their behavioral
download and  utilize
applications. Based on the literature, the present
researcher believes that this
favorable impact on Pakistan's acceptability and

intention to
social commerce
criterion has a

uptake of social commerce apps.

H4: Customers' behavior intention (BI) to use
social commerce apps is positively impacted by
facilitating conditions (FC).

Hedonic Motivation

The pleasure a customer experiences from utilizing
a particular technology is known as hedonic
(Venkatesh et al., 2012). User
perceptions about new technology have been
found to be significantly influenced by intrinsic
characteristics like enjoyment and entertainment
(Dabholkar & Bagozzi, 2002). In fact, this measure
has been utilized extensively as a predictor of
technology usage in the information systems
literature (Alalwan et al., 2017). Soni et al. (2019)
surveyed 209 participants, conducted a survey for
fashion mobile shopping apps, and found that
hedonic motivation showed a significant influence
on behavior intention and use behavior. The

motivation

behavioral intention of a user to use a social
commerce app will rise in direct proportion to
their perceived degree of happiness, according to

this study. Thus, the following theories are put
forth:

H5: Customers' behavior intention (BI) to use a
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social commerce app is positively impacted by
hedonic motivation (HM).

Price Value

Zeithaml (1988) argued that price value is the
complete process through which the evaluation
and comparison of the perception of relative
rewards and associated costs can be made. If
perceived advantages carry more value over the
intention to use information technology apps, this
will positively impact the use of technology (Deng
et al., 2014). Price value is thought to be a
predictor of the user's behavioral intention to use
the social commerce app in this consumer-use
setting, leading to the following hypotheses:

H6: Customers' behavior intention (BI) to use
social applications  is
impacted by price value (PV).

Habit

Past experiences lead to Habit or Habitual use
(Venkatesh et al., 2012), and consistency in past
behavior is one of the principal determinants of
present behavior (Ajzen, 2002). Baptista and
Oliveira (2015) found Habit as the most important
antecedent of use behavior. Kim (2012) reported a
direct association between habit and the actual use
of mobile applications. Soror et al. (2022) also
claimed that habit consumers'
behavioral intention to use social networking
websites. Soni et al. (2019) surveyed 209
participants using fashion mobile shopping apps
and highlighted that habit significantly influenced
behavior intention and use behavior. Because
habit development is assumed to lead to greater
behavioral intention and wusage behavior, the

commerce positively

influences

following hypothesis was developed:

H7: A customer's behavior intention (BI) to utilize
social commerce app is favorably impacted by
habit (H).

Perceived Privacy

Privacy has become the primary concern in e-
commerce (Baek et al., 2016). Users’ propensity to
provide information to information technology-
based services is influenced by their perception of
privacy (Joinson et al., 2010). According to Fang et
al. (2017), privacy is crucial for users to embrace

and utilize mobile applications. Privacy also serves
as a significant precondition for the uptake of
social commerce (Islam et al.,, 2011) and users'
intent to make purchases (Susanto et al., 2016).
Privacy was associated with technology adoption,
with 65% of study participants citing privacy
concerns as a deterrent to e-commerce use (Harris,
2004). It was confirmed in many studies that
perceived  privacy, directly and indirectly,
influences users’ willingness to reveal personal
information (e.g., personal data, location, photos)
to mobile apps (Xu et al., 2009), intention to pay
to mobile apps (Keith et al., 2016), intention to
adopt mobile apps (Luo et al, 2010) intention to
buy online (Midha, 2012) and online buying
behavior (Dinev & Hart, 2005). Based on the past
discussion, the current study hypothesized that
perceived privacy can
customers’ behavior intentions toward acceptance

significantly influence
and adoption of social commerce apps in Pakistan.
H8: Perceived privacy (PP) has a positive and
significant influence on behavior intention (BI) to
use social commerce apps

Focal Constructs: Behavioral Intention and
Actual Use Intention

The main antecedent of use behavior is framed as
the behavioral intention in the UTAUT2 model,
having a single direct effect on users’ actual use of
a certain tool. Behavioral intention is seen to be
the most accurate predictor of actual behavior of
using any new technology (Liébana-Cabanillas et
al., 2020). According to Albashrawi et al. (2019),
the motivations of American consumers are a
significant factor in the explanation of their use of
mobile banking based on the replies of 360 m-
banking users. Iskandar et al. (2020) indicated and
demonstrated that behavioral intention had a
significant role in how Indonesians used m-
banking. Similarly, this research hypothesized that:
H9: Use intention (UI) to use social commerce
applications is  positively and  significantly
influenced by behavior intention (BI).

Moderation of EWOM
Arndt (1967) described word of mouth as “oral,

person-to-person communication between a
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receiver and a communicator whom the receiver
perceives as non-commercial, regarding a brand,
product, or service” (p. 3). The study selected
eWOM as a moderation effect due to the growth
and significant developments in e-commerce, as
well as its ever-increasing need (Verma & Yadav,
2021). EWOM has become attractive for both
practitioners and researchers (Zhang et al., 2022).
With the rapid development of social media and
the usage of smartphones, eWOM is ubiquitous
(Zhang et al., 2017). Filieri et al. (2018) stated that
eWOM is considered a vital foundation of
information influencing human behavior. In many
recent studies, 93% of consumers mentioned that
online reviews (an eWOM type) significantly affect
their purchase decisions (Tata, et al., 2019).
Numerous analytical studies have highlighted the
impact on users intention by eWOM to buy

products or services (Plotkina & Munzel , 2016).
For example, the purchase intention of cars (Reza
& Samiei, 2012), the intention to book hotels
(Teng et al., 2017), and laptops (Aerts et al., 2017),
as well as the intention to choose tourist
(Jalilvand & 2012).
Therefore, this study assumes that users rely on
recommendations from a social group when
adopting and using social commerce apps. Thus,
the current study hypothesized that eWOM can
significantly moderate the influence of customers’
behavior

destinations Samiei,

intentions toward acceptance and

adoption of social commerce apps in Pakistan.
H10: Eword of mouth (EWOM) positively and
significantly moderates the relationship between
behavior intention (BI) and use intention (UI) to
adopt social commerce apps

Based on the literature given above, the following theoretical framework is developed (See Figure 1).

Performance expectancy __ H1 |
Effort expectancy —HI |
H3

Social influence

Behavior HS

Facilitating conditions ___ H4 |

Hedonic motivation __H ]

Price value — H6
Habit HT

HE |

Perceived privacy

E-WOM

H10

r . .
» Usze intention

intention

Fig. 1 Theoretical framework for social commerce apps adoption

METHODOLOGY

The research has employed a quantitative research
technique to examine the expected hypotheses'
strength and to investigate the adopted and

expanded theoretical viewpoint of UTAUT2 to
obtain a more comprehensive approach to data
gathering and Male and female
smartphone users who have used social commerce
apps in Pakistan were the study's target subjects.

analysis.
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Active users of social commerce apps were chosen
as the study's target audience. Internet-connected
smartphone users made up the population of
inference. Chuan and Penyelidikan (2006) stated
that Krejcie and Morgan’s criterion is a commonly
employed method for estimation of sample size in
research, which supports an appropriate sample
size with a minimum of 384 for a population of
more than 1 million. Thus, this research has
followed the same.

The PLSSSEM method can highlight the
complicated relationship between the constructs
and identify path coefficients’ relative values (Hair
et al,, 2011). PLS-SEM enables researchers to
process the model, which has constructs,
indicators, and paths (Hair et al., 2019). For all
results involving testing the measurement (validity)
and structural models (hypotheses), results were
obtained through Smart PLS version 3.8. The P-
value should be less than 0.05, which has been
recognized by several social sciences (Saunders et

al., 2012).

Results

The current study has a total of 434 respondents.
Most of the respondents were young Pakistanis
who are engaged with social commerce. 29.96%
were between 1825 years old, 24.19% were
between 26-33 years old, 25.12% were between 34-
41 years old, and the rest 20.73% were above 41
years old. The next aspect is the gender of the
respondents, with 227 males (52.30%) and 207
females (47.70%) in the data set. This difference is
justifiable in society of
Pakistan. The measurement model consisted of 10
constructs, where each construct consisted of items
ranging from 3 to 4. Table 1 shows that
Cronbach’s alpha is above the 0.7 threshold for all
constructs (Hardy & Bryman, 2009). Bagozzi and
Yi (1988) recommended that the threshold value
of composite reliability be set at 0.6. Table 2
presents the factor loading (FL) and average value
extracted (AVE). The threshold values for AVE
and factor loading are 0.5 (Kline, 2023) and 0.6
(Hair et al., 2016), respectively, as presented in
Table 2.

the male-dominated

Table 1. Construct Reliability Analysis

Variable

Behavior Intention

Effort Expectancy

Facilitating Conditions

Habit

Hedonic Motivation

Performance Expectancy

Perceived Privacy

Price Value

Social Influence

Use Intention

T ] n
0.815 0.890
0.879 0.913
0.813 0.877
0.815 0.890
0.847 0.908
0.807 0.870
0.753 0.886
0.812 0.889
0.836 0.896
0.856 0.912
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E-Word of Mouth

0.789 0.904

Table 2. Factor Loadings (FL) and Average Variance Extracted (AVE)

Constructs ‘ FL AVE | Constructs ‘ FL AVE
Behavior Intention Perceived Privacy
BI1 0.833 PP1 0.845
BI2 0.878 0.730 PP2 0.936 0-795
BI3 0.851 PP3 *
Effort Expectancy Performance Expectancy
EE1 0.873 PE1 0.947 0.697
EE2 0.920 0.725 PE2 0.903 '
EE3 0.748 PE3 0.716
EE4 0.854 Use Intention
Facilitating Conditions UI1 0.866 0.777
FC1 0.829 UI2 0.908 )
FC2 0.837 0.642 UI3 . 0.869
FC3 0.831 Price Value
FC4 0.700 PV1 0.823
Hedonic Motivation PV2 0.874 0.727
0.846
HM1 0.766 PV3 0.860
HM?2 0.918 Habit
HM3 0.860 H1 0.838 0.729
Social Influence H?2 0.846
SI1 0.846 0.741 H3 0.876
SI2 0.921 ) E-Word of Mouth
SI3 0.813 EWOMI1 0.918
EWOM?2 0.899 0.825
EWOM3 *

*NOTE: Items less than 0.500 were deleted from the original analysis

The Fornell and Larcker method states that the
square root value of AVE of constructs should be
greater than the variance of the variables with each
other. The results, presented in Table 3, indicate
that all values exceed the shared variance.
Heterotrait-Monotrait Ratio (HTMT) Criterion is
developed by Henseler et al. (2015); “HTMT

criterion measures the average correlations of the
indicators across constructs”. The acceptable level
of the HTMT criterion is <0.90 (Henseler et al.,
2015). Each of the values is under the cutoff
value, according to the output displayed in the
table below. The HTMT criterion is presented in
Table 4.
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Table 3. Fornell-Larcker Criterion

BI| EE| FC H| HM| PE| PP| PV SI| Ul | ewom

BI 0.855

EE | 083 | 0851

FC 0.34 | -0.01]0.801

H 0202 | ) 1 | 0-308 | 0.854

HM | 0321 5yq | 0358 | 0.344 | 0.875

PE 0.08 | 0579 | 1 550 | 0.063 | 0.074 | 0833

PP |0271 0098 0.13]0.181[0.279 | 0.045 | 0.892

pv 0388 -0020382(0336[0371| 0.08|0.3470.853

SI 0.09 | 0470003 | ) 1,2 0.022 | 0.462{0.023 | | )| 0.861

UL | 0462 | o o5 [ 0151 ] 0.144 | 0.231 | 0.006 | 0359 [ 0.397 | 112 | 0.881

ewom | 5 410 9026 0,194 | 0.136 | 0.335 | ©9%* | 0.322 | 0.404 | 0.017 | 0.393 | 097
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Table 4. HTMT criterion
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The VIF value can range between 3.3 and 10;
however, it should be less than 3.3 (Hair et al.,
2017). The VIF values are shown in Table 5 and
are all found to be less than 3.3. Thus, the study

Table 5. Values of VIF

has no issue of multicollinearity. The Path
Analysis is presented in Table 6.

Sr.# | Items/Construct VIF Sr.# | Items/Construct VIF
00 Bl * EWOM 1.000 17 HM3 1.994
01 BI1 1.659 18 PEI 2.315
02 BI2 2.024 19 PE2 2.226
03 BI3 1.838 20 PE3 1.428
04 EE1 2.604 21 PP1 1.572
05 EE2 2.51 22 PP2 1.572
06 EE3 1.803 23 PV1 1.667
07 EE4 2.644 24 PV2 1.951
08 FC1 1.899 25 PV3 1.806
09 FC2 2.078 26 SI1 1.981
10 FC3 1.864 27 SI2 1.901
11 FC4 1.381 28 SI3 1.968
12 H1 1.679 29 Ull 1.986
13 H2 1.92 30 Ul2 2.449
14 H3 1.853 31 UI3 2.122
15 HM1 1.952 32 eWOM1 1.737
16 HM2 2.609 33 eWOM?2 1.737

Table 6. The Path Analysis
T
oy | Sy | v | R
EV])
BI > Ul 0.370 5.832 0.000 | Accepted
EE > BI -0.037 0.679 0.497 Rejected
FC > BI 0.191 2.574 0.01 Accepted
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H-> BI -0.010 0.145 0.885 Rejected
HM > BI 0.132 1.793 0.073 Rejected
PE > BI -0.039 0.673 0.501 Rejected
PP > BI 0.141 2.33 0.02 Accepted
PV > BI 0.222 2.868 0.004 Accepted
S1-> BI 0.058 0.995 0.320 Rejected
EWOM > Ul 0.185 3.09 0.002 Accepted
EWOM * Bl -> Ul 0.172 4.147 0.000 Accepted

The
SmartPLS (i.e., structural model) was used to
measure the study's path analysis. Every value
satisfies the bootstrapping value of 1.96 or the
minimal requirement of a 0.095% interval. The
path analysis findings are shown in Table 6. H1
indicates relationship between PE and BL
Statistics show that PE has non-significant
influence on Bl. Hence HI is rejected (p=0.501).
H2 indicates relationship between EE and BI
Statistical shows that EE makes no influence of BI
(p=0.497). H3 is rejected (p=0.320), H3 indicates
relationship between SI and BI. H4 indicates
relationship between FC and BI, demonstrating a
positive significant influence of BI, so H4 is
accepted (B=0.191). H5 indicates relationship

between HM
and BI, statistics show non-significant effect on BI,
therefore, H5 is rejected (p=0.073). H6 is accepted
(B=0.222). H6 indicates relationship between PV
and BI. H7 indicates relationship between H and
BIl. H7 is rejected (p=0.885). HS8
relationship between PP and BI, so H8 is accepted
(B=0.141). H9 indicates relationship between BI
and UI, statistics show that BI has significant
positive influence on Ul, hence H9 is accepted
(B=0.370). H10 indicates moderating relationship
of eeWOM between Bl and UL H10 is accepted
(B=0.172). Measurement model is shown in figure

2.
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DISCUSSION

H1 was not supported. Performance expectancy in
this study refers to the tendency of users to inhibit
behavioral intention when they perceive low levels
of perceived utility, extrinsic incentive, relative
advantage, job-fit, and result expectations. Current
findings differ greatly from those of previous
studies, including ewallet behavior intention in
Indonesia (Tusyanah, et al., 2021). H2 was not
supported. Effort expectancy, in this study,
consists of two sub-constructs namely complexity,
and perceived ease of use. This means that users
who perceive a low level of complexity, and
perceived ease of use tend to discourage behavioral
intention. The result of this relationship was also
supported by various studies, for example, ewallet
behavior intention in Indonesia (Tusyanah, et al.,
2021), e-commerce user acceptance of technology-
based loan application features (Pramudito et al.,
2023). There was no support for H3. Social
influence: Users who place less significance on the
advice of friends and family are more likely to
H6 was approved. Since the advantages of utilizing
social commerce applications are thought to
outweigh the costs, pricing value was considered in
the current study. Accordingly, individuals who
place a high value on something are more likely to
support behavioral intention. Numerous research
also confirmed the relationship's findings, such as
behavior intention towards mobile app shopping
(Kapoor, & Singh, 2020). There was no support
for H7. Because consumers thought using social
commerce applications would become second
nature to them, the habit was assumed in this
study. This implies that those who use cellphones
less frequently behave less when it comes to using
social commerce apps. The findings of this
connection were also supported by other studies,
including as visual e-banking systems (Fajar et al.,
2018). H8 was supported. In this study, perceived
privacy was assumed as the individual’s perception
that their personal information is safe from
potential compromise. This means that users who

discourage behavioral intention. Current findings
differ greatly from those of previous studies,
including e-commerce for beauty products
(Vallerie et al., 2021). H4 was supported in this
study. This means that users with smartphones
connectivity tend to develop
intentions. The result of this
relationship was also supported by various
empirical pieces of research, for example, the
adoption of fashion mobile shopping applications
(Soni et al., 2019) and e-wallet behavior intention in
Indonesia (Tusyanah et al., 2021). H5 was not
supported. In the study,
motivation consists of the user’s enjoyment in
using social commerce apps. This means that users
who perceive a low level of enjoyment or fun tend
to discourage behavioral intention. The result of
this relationship was also supported by various
studies, for example, mobile banking in Indonesia

(Susilowati, 2021).

and internet
behavioral

current hedonic

perceive a high level of privacy tend to have a
stronger intention to behave. Current findings are
significantly changed from existing research, such
as online travel purchases (Dogra & Adil, 2022).
H9 has been supported. In this study, behavior
intention was defined as an individual's perceived
likelihood of engaging in a certain activity. This
indicates that users who believe there is a high
degree of behavior intent are more likely to
promote real use behavior. The study's findings are
consistent with previous research, such as the
adoption of mobile health applications (Garavand
et al., 2019). This study used the PLS approach to
assess the moderating effect, as suggested by (Chin
et al.,, 2003). A bootstrapping test (bootstrap
sample size = 5000) was applied, and it was
observed that when e-word of mouth is present,
the association between behavior intention and
the actual use intentis significant (p = 0.000).
Thus, Hypothesis 10 is supported.
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