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ABSTRACT

The emergence of social media has profoundly altered the dynamics of consumer habits and marketing
approaches. A notable trend is the engagement of social media influencers—those with a significant online
presence and a dedicated following—as a way to influence consumer buying choices. However, there remains
a lack of understanding regarding how social media influencers affect consumer purchase decisions through
factors such as system quality, information quality, and interaction on digital platforms. This examination
seeks to explore how social media personalities impact the buying habits of consumers. Using quantitative
techniques, data was gathered by distributing Likert-scale surveys to active social media users. The findings
indicate that elements like reliability, appeal, knowledge, and regular interaction with followers significantly
impact buying choices. This study reveals important insights for marketers aiming to refine their influencer
campaigns and boost brand interaction on social media platforms.

Keywords: Social Commerce, Influencer Marketing, Technology Acceptance Model, System Quality,

Purchase Decision.
1. INTRODUCTION

In this age of digital evolution, the rise of social
media platforms has significantly changed the way
people engage with technology to inform their
choices [1],[2], especially regarding online
purchases [3],[4]. Grasping the factors that motivate
customers to adopt and have confidence in digital
applications is growing ever more important as these
tools become essential for assessing, discovering,
and purchasing products. The incorporation of
marketing material, especially content created by
influencers [5], into these applications adds layers to
user behavior, necessitating a detailed exploration of
both the system and the external factors influencing
content [6],[7].

Globally, social commerce is expanding. Instead of
just being places for networking or entertainment,
platforms like YouTube [8], Instagram [9], and
TikTok [10] have evolved into complex information
systems that help users make decisions. This
tendency is particularly evident in Asia, where
mobile-first consumers heavily rely on social media
platforms for product appraisal and purchase
decision-making [11],[12].  Southeast Asian
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customers are becoming far more reliant on
application-based features like tailored content
feeds, embedded shopping interfaces, and
algorithmic product suggestions as a result of the
widespread usage of mobile internet and the
popularity of social media platforms.

In Indonesia, which boasts the fourth-largest internet
market globally, social media platforms have
become deeply embedded in the digital lives of its
citizens. Platforms like Instagram and Tiktok, which
have over 167 million internet users and over

100 million active social media wusers, are
increasingly being utilized for shopping-related
activities in addition to communication and content
consumption. Features like Instagram checkout [13]
and Tiktok shop [14],[15] have transformed these
applications into multifunctional digital systems
where information quality, system usability, and
service responsiveness have a significant impact on
user satisfaction and behavioral intention to
purchase. Influencers in this ecosystem serve as
external stimuli that are often incorporated into the
system interface. [16] Their presence may have an
impact on users' perceptions of the app's legitimacy
and usefulness [17],[ 18], which in turn may have an
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impact on the app's adoption and purchase decisions
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Figure 1: The TAM and IS Success Model Method Procedure

Despite the growing popularity of social commerce
applications, little academic study has been done on
how users perceive these platforms as information
systems that help them make decisions about what
to buy. [21] The majority of study neglects the
application as a technological artifact that users must
accept and trust, focusing instead on influencer
attributes or marketing outcomes. [22] This study
addresses this gap by employing an integrated
framework of the Information System (IS) Success
Model and the Technology Acceptance Model
(TAM). The IS Success Model delineates the impact
of system, information, and service quality on user
happiness [23],[24], whereas the Technology
Acceptance Model (TAM) evaluates how users'
behavioral intentions to utilize the application for
purchase decisions are shaped by their perceptions of
its utility and ease of use [25],[26]. This paradigm
considers the presence and content of influencers as
external variables that influence user perceptionsv of
the system. [27],[28] This research introduces a
novel approach to examining purchase intention on
social media platforms by considering influencers as
external environmental factors rather than the core
unit of analysis. [29] This study provides a
comprehensive perspective on how application-
related factors influence the effect of social content
on consumer purchasing behavior by integrating the
IS Success Model and the Technology Acceptance
Model (TAM). [30]

This study seeks to examine how strong the purchase
intentions and the influence of technological and
informational  attributes of social media
applications, we like to use a modification model
which combining TAM and ISSM aiming to look on
how to optimize social commerce strategies in
emerging digital markets by increasing user
perceptions and influenced by external influencer
content.

2. METHODOLOGY
. Attitude Toward Using
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2.1 Research Design

In order to investigate the causal links between
system attributes, user perceptions, external
influencer factors, and social media platform
purchasing decisions, this study uses a quantitative
explanatory research approach. The methodology
offers a thorough understanding of social commerce
application usage by combining TAM and ISSM.

2.2 Research Model

The components of the integrated model include:

. Dimensions of the IS Success Model:
Information, System, and Service Quality [31],[32]
TAM Constructs:

Perceived usefulness, perceived ease of use, attitude
towards using, behavioral intention to use, and
actual system use are the TAM constructs [33].

. External Factors:
Content Fit, Attractiveness,
Credibility

and Influencer
Result: Intention to Purchase / Net
Benefits The model's routes are all made to examine
both direct and indirect effects on user behaviour
and purchasing decisions.

2.3 Data Collection

. Instrument: Online questionnaire using
a Likert scale (1-5) [34],[35]

Distribution: Google Formes,
disseminated through WhatsApp, Instagram, and
email. [36]

Survey sections include:
Demographics

Perceived Ease of Use
Perceived Usefulness
System Quality
Information Quality
Service Quality
Influencer-related factors

Behavioral Intention
Actual Use & Purchase Intention
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2.4 Population and Sampling

. Population:

Social media users in Indonesia who have interacted
with influencers and made or considered making a
purchase via social media platforms.

. Sampling Method:

Purposive sampling [37],[38], selecting respondents
who are:

Aged 18-40, active social media users (Instagram,
TikTok, or YouTube), have followed or purchased
based on influencer recommendations in the last 6
months.[39]

. Sample Size:

150 respondents, which is suitable for Structural
Equation Modeling (SEM) with Partial Least
Squares (PLS) [40].

2.5 Data Analysis

The collected data will be analyzed using Partial
Least Squares Structural Equation Modeling (PLS-
SEM) with the help of SmartPLS software. This
method is suitable for testing complex models with
multiple latent variables and ensuring validity and
reliability through bootstrapping and outer loading
evaluations [41],[42].

2.6 Hypothesis Development
H1: System Quality of social media platforms
positively influences Perceived Ease of Use.

H2: Information Quality of social media platforms
positively influences Perceived Usefulness.

H3: Service Quality of social media platforms
positively influences Perceived Ease of Use.

H4: Perceived Ease of Use positively influences
Perceived Usefulness.

HS: Perceived Ease of Use positively influences
Attitude Toward Using social media platforms for
purchase decisions.

H6: Perceived Usefulness positively influences
Attitude Toward Using social media platforms for
purchase decisions.

H7: Attitude Toward Using positively influences
Behavioral Intention to Use the social media
platform for purchase decisions.

H8: Behavioral Intention to Use positively
influences Actual System Use in the context of social
commerce.

H9: Actual System Use positively influences Net
Benefits (measured in terms of successful, satisfying
purchase decisions).

System Quality Information Quality

External Variales

H1

Perceived
Ease of Use

\H‘l 0
Attitude
Toward Using

H13

Serrvice Quality

Actual System
Use

l

| Net Benefits l

—

Perceived

Usefuluess Net Benefits

H11

Behavioral
Intention to
Use

Figure 3: The Research Hypothesis
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H10: Influencer as an External Variable positively
influences Perceived Usefulness of the application.
H11: Influencer as an External Variable positively
influences Perceived Ease of Use by simplifying user
engagement with the application.

H12: Influencer positively influences Attitude
Toward Using the application through trust and
content relevance.

H13: Influencer positively —moderates the
relationship between Perceived Usefulness and
Attitude Toward Using.

H14: Influencer positively moderates the
relationship between Perceived Ease of Use and
Attitude Toward Using.

H15: Influencer Credibility positively influences
user trust, indirectly increasing Behavioral Intention
to Use the application for purchase.

3. RESULTS

31 Measuremnet Model Evaluation
Measurements are evaluated to determine if the
research construct is assessed reliably and does not
change. This assessment includes some elements
related to PLS- SEM. First, we analyze the reliability
of the markers by using external loadings to see
whether they accurately represent the relevant latent
variables. Second, we used Cronbach alpha and CR
to check internal consistency reliability. A value
greater than the recommended 0.70 proves that the
test is very reliable. Then there is also AVE, which
is used to check convergent validity. It shows how
much variance is accounted for by a construct
compared to how much variance is attributable to
measurement error. People consider the AVE value
to be quite good if it is above 0.50. Finally,
discriminant validity is assessed to confirm that each
construct in the model is truly different from each
other. The Fornell-Larcker criteria and cross-loading
analysis are the main tools used to do this. The
assessment shows that the model construction has
sufficient validity and reliability, thus providing a
solid basis for further structural model research.

3.1.1 Indicator
Loadings)

The outer loading of each item on the matched latent
variable was used to account for marker reliability.
If the external loading value of an item is greater than
0.70, the item is reliable and makes a large
contribution to its construction. Each external
loading in this study exceeded the minimum
requirement of 0.70, indicating good symptom
reliability for all measurement items. This shows that
each signal accurately reflects the underlying

Reliability (Outer
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construction it represents. Excellent internal
consistency is evidenced by consistently high
loadings above 0.85 for constructs such as Actual
System Usage (AS), Attitude Toward Usage (ATU),
and Attitude Intention to Use (BI). For example,
ATU items ranged from 0.824 to 0.904, and AS
symptoms ranged from 0.906 to 0.926.

Likewise, loadings for the Influencer construct
ranged from 0.848 to 0.909 across the 5 markers,
which represents a robust and accurate measurement.
Information Quality (IQ), Perceived Ease of Use
(PEU), Perceived Efficacy (PU), Purchasing
Decision (PD), Service Quality (SQ), and
Application System Quality (AQ) are some of the
other constructs with markers that have values well
above the threshold, many of which exceed 0.85. In
total, these findings validate that the measurement
model meets the criteria required for marker
reliability, ensuring that each item makes a
significant contribution to the related latent variable
and strengthens it. durability of the model's reflective
construction.

3.1.2 Internal  Consistency Reliability
(Cronbach’s Alpha and Composite Reliability)
The degree to which items in a construct consistently
measure the same underlying notion is known as
internal consistency reliability. For this, two
important metrics are used:

. Cronbach's Alpha, which presumes that
all indicators are equally reliable

. Composite Reliability (CR), which is
more accurate in PLS-SEM since it takes into
account each item's unique exterior loadings

As shown in the Table 1, all constructs achieved
Cronbach's Alpha and Composite Reliability (CR)
values above 0.85, with many exceeding 0.90,
suggesting high to excellent internal consistency
across the measurement model.

3.1.3 Convergent Validity (Average Variance
Extracted)

Convergent validity assesses the degree to which the
indicators of a construct converge or share a high
proportion of variance. This is measured by the
Average Variance Extracted (AVE). A construct
demonstrates good convergent validity if its AVE
value is equal to or greater than 0.50, indicating that
the construct explains more than half of the variance
of its indicators. All of the constructs in this
investigation have AVE values significantly above
the minimum threshold of 0.50, with the majority
reaching 0.75, indicating strong convergent validity,
according to the SmartPLS output data displayed in




Journal of Theoretical and Applied Information Technology 2
31* October 2025. Vol.103. No.20 NS

© Little Lion Scientific ..

" a
raY L]

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195

Table 2.

Table 3: Fornell-Larcker matrix interpretation

Cronbach’s  Composite Construct ~AVE Highest  Discimmant
Comstruct A Ralbiity Repeiation (Diagonal) Diagomal  Valid
'*““I{.f:'“ 0.500 0937  Excellent '*““éf:'“ 0513 0844  Satisfied
Attitude ) - 5 Attitude —_ - :
Towad Uing 0.846 0.907 Very Good Towad Uing 0.875 0.857 Satisfied
Behavioral Behavioral - - .
Intemtionto 0850 0909  VeryGood IntentiontoUse 051 0877 Satifed
Use Influencer 0.881 0.844 Satisfied
27 5 i
hﬂm 0.927 0.945 Excellent Infotmzhom 0.896 0.844 Satisfied
Information - n Quality
- 0.877 0924 Excellent ;
Quality Perceived Eaze - .
. - 0.879 0.833 Satisfied
PecelvedEase 0352 0910 VeryGood piilte
=28 ol 0.851 0.829 Satisfied
Percerved - Usefulness
3 0.870 0.920 Excellent
Usefulness Purchase - Ay .
- 0.897 0.844 Satisfied
Purchase 0879 0925  Excellent Decision
Decizion - - Service Quality 0.894 0.810 Satisfied
Sevice 874 0923  Excellent Thedpp 0875 0770  Satisfied
Quality Svstem Quality
TheApp 0g47 0907  Very Good
Svystem Quality Tabie 4: R vaiues for each endogenous variable
Construct R? Interpretation
Table 2: AVE values for each co product Actual System Use 0.669 Substantal
Construct AVE Interpretation Attitude Toward Usimg 0.766 Substantial
Actual System Use 0.833 Excellent Behavioral Intentionto Uzse  0.713 Substantial
Attitude Toward Using 0.805 Excellent Perceived Ease of Uzse 0.737 Substantal
Behavioral Intention to Use 0.802 Excellent Percerved Usefulness 0.724 Substantial
Influencer 0.7 Excellent Purchase Decizion 0.712 Substantal
Information Quality 0.794 Excellent
Perceived Ease of Usze 0.775 Excellent
Perceived Usefulness 0.772 Excellent
Purchase Decizion 0.769 Excellent
Service Quality 0.765 Excellent
The App System Quality 0.765 Excellent
AVE for each construct. The off-diagonal values
represent the correlations between constructs.
3.1.4 Discriminant  Validity (Fornell- Discriminant validity is established when each

Larcker Criterion)

The degree to which a construct is conceptually and
statistically truly different from other constructs is
known as discriminant validity. The Fornell-
Larcker Criterion is one of the most popular methods
for evaluating discriminant validity in PLS-SEM.
This criterion states that a construct's square root of
its Average Variance Extracted (AVE) should be
higher than its strongest correlation with any other
construct. This confirms that the construct shares
more variance with its own indicators than with other
constructs.

In the Table 3, extracted from SmartPLS, the
diagonal values represent the square roots of the

B ———————————————
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diagonal value is higher than all other values in the
corresponding row and column.

3.2 Structural Model Evaluation

Once the measurement model was confirmed to be
both valid and reliable, the next stage is evaluating the
structural model to assess the hypothesized
relationships among latent constructs. In PLS-SEM,
structural model evaluation is critical to
understanding how well the model explains the
variance in the endogenous variables and whether
the proposed causal paths are statistically supported.
This evaluation is typically conducted through
several key criteria. First, the R? value, Second, the
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path coefficients and their statistical significance are
checked to see how strong and in what direction the
relationships are between the constructs. This is
usually done through bootstrapping. Lastly, to make
sure that there is no problem with multicollinearity
between predictor constructs that could change how

path coefficients are read, Variance Inflation Factor
(VIF) values are used to check for collinearity. These
evaluations, when considered collectively, provide a
comprehensive understanding of the model's
predictive validity and structural integrity.

Table 5: Hypothesis testing results

Hypothesis Pathway Coefficient t-statistic p-value Conclusion
H1 AQ — PEU 0.262 0.262 0.262 Significant
H2 1Q - PU 0.475 5.578 0.000 Significant
H3 SQ — PEU 0.300 4.498 0.000 Significant
H4 PEU — PU 0.224 2.573 0.010 Significant
H5 PEU — ATU 0.128 1.705 0.039 Significant
H6 PU — ATU 0.334 3.865 0.000 Significant
H7 ATU — BI 0.412 6.058 0.000 Significant
H8 BI — AS 0.818 25.790 0.000 Significant
H9 AS —PD 0.844 27.747 0.000 Significant
H10 1—-PU 0.199 2.610 0.009 Significant
HI11 I — PEU 0.367 5.261 0.000 Significant
H12 I— ATU 0.475 6.465 0.000 Significant
Hi3 (I:PU) — ATU 0.114 1.544 0.123 Not Significant
H14 (LPEU) — ATU 0.099 1.378 0.168 Not Significant

3.2.1 Coefficient of Determination (R?) strength of the direct influence between components.

The coefficient of determination (R?) is one of the
most important measures for judging how well a
structural model predicts in PLS-SEM. A certain
percentage of the variation in an endogenous
(dependent) variable can be explained by its
exogenous (independent) predictors. A higher R?
value means that the model is doing a better job
because it means that the predictors in the model
explain a larger percentage of the changes in the
dependent variable. Chin (1998) says that R? values
0f0.67,0.33, and 0.19 are significant, moderate, and
weak, respectively. Table 4 shows that all six of the
study's endogenous constructs exhibit significant
amounts of explained variation, with R? values for
the majority of the constructs over 0.70. This
indicates that the model's exogenous variables
successfully take into account the differences in user
attitudes and actions toward influencers and social
commerce.

3.2.2 Path Coefficients and Significance

The direction and intensity of the links between
constructs are reflected in the path coefficients.
Bootstrapping was used to assess their significance
(5000 subsamples). If the p-value is less than 0.05
and the T-statistic is more than 1.96, the path is
deemed significant. The p-values and t-statistics
demonstrate whether the associations are statistically
supported, while the path coefficients reflect the

e
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Table 5 presents the findings. Most of the suggested
linkages in the model have statistical support,
according to the study, indicating both theoretical
coherence and empirical strength. The fact that just
two moderating hypotheses (H13 and H14) failed to
reach statistical significance suggests that there was
no moderating influence on users' opinions in this
situation from the interaction terms between
influencer content and perceived utility or ease of
use. This implies that whereas influencer material
has a significant direct predictive effect, it has no
effect on how perceived system features affect
attitudes about utilizing the system.

3.23 Collinearity Assessment

Before interpreting the path coefficients in the
structural model, it is essential to assess the
possibility of collinearity among predictor
constructs. High correlation between two or more
predictor variables is known as collinearity, and it
can skew the estimate of path coefficients and inflate
standard errors. The Variance Inflation Factor (VIF)
is commonly used to evaluate collinearity in Partial
Least Squares Structural Equation Modeling (PLS-
SEM). VIF values below 3.3 indicate no collinearity
difficulties, values between 3.3 and 5.0 are deemed
acceptable, and values over 5.0 indicate possible
collinearity problems that might jeopardize the
model's stability and interpretation, according
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generally recognized norms. Most of the predictor
components in this study had VIF values far below
the 5.0 criterion, as seen in Table 6, indicating that
multicollinearity is not a significant issue in the

model.

However, two interaction terms (PU : I - ATU) and

(PEU

AQ1
AQ2

AQ3

sQ1
SQ2

sSQ3

threshold. This result is not uncommon
moderation analysis, where interaction terms are
typically derived from highly correlated predictors.
Although these VIF values are slightly elevated, the

in

issue can be tolerated in exploratory models,

I — ATU), exceed the recommended
Table 6. VIF testing results
Hypothesis Pathway VIF  Interpretation
HI AQ—PEU  2.783 Safe
H2 1Q —» PU 4.494 Moderate
H3 SQ —PEU  3.403 Moderate
H4 PEU —»PU  3.747 Moderate
H5 PEU —- ATU 4.123 Moderate
H6 PU— ATU  3.109 Safe
H7 ATU—>BI  2.561 Safe
HS8 BI — AS 1.000 Ideal
H9 AS — PD 1.000 Ideal
H10 11— PU 3.971 Moderate
Q1 1Q2 Q3
0.893 0A9T12 0.882
0.905
+—0.814
0903
System Quality Information Quali

Service Quality

0.894 0.903 0.837

PEU1 PEU2 PEU3

ATU1

ATU2 <«—0.895

ATU3

Attitude Toward Using

AsS1

AS2

AS3

PD1 -
0.894

PD2 <4+—0.902
0.895

“
PD3

Purchase Decision
Figure 4: Final structural model

8646

vioral Intention to Use

0.818

especially if the constructs involved are theoretically
justified and supported by prior literature.

PU1

PU2

PU3

BI2

BI3
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33 Hypotheses Testing

This section shows the results of hypothesis
testing based on the structural model investigated
with PLS-SEM. Relationships between constructs
were examined by determining the significance of
route coefficients obtained through a bootstrapping
procedure consisting of 5000 subsamples. Each
theory is investigated to see if the data confirms the
proposed relationships between the constructs. The
relationship is said to be statistically significant at the
95% confidence level if the p value is less than or
equal to 0.05 and the t-statistic is equal to or higher
than 1.96.

The final structural model includes all latent
variables, their matching indicators, standardized
path coefficients, and variance explained (R?) for
every construct (Figure 4). Within the framework of
social media-based buying, the model catches the
relationships among influencers, system-related
characteristics, user impressions, and behavioral
outcomes. The blue circles, each surrounded by their
observed indicators with numerically shown outer
loadings, represent the latent constructs. All
indicator loadings above the recommended 0.70
show good indication dependability. Each
association's strength and direction are shown using
standardized coefficients (B); arrows linking
constructions indicate suggested paths. The R?
values, which span 0.669 to 0.773 and reflect the
percentage of variance explained by the predictors of
the endogenous constructs, show great explanatory
power. But the model also has two moderating paths
shown by dotted lines.

3.3.1 System Quality Towards Perceived
Ease of Use (H1)

The basic idea is that system quality has a favourable
influence on perceived ease of use. A path
coefficient () of 0.262, a t-statistic of 4.102, and a
p-value of 0.000 were found to demonstrate a
statistically significant association between system
quality and perceived ease of use in the structural
model. The hypothesis is accepted because the t-
statistic exceeds 1.96 and the p-value is less than the
0.05 level. This research suggests that consumers
perceive a system as more user-friendly when it is of
greater quality, as evidenced by traits such as
responsiveness, dependability, and interface
consistency. A well-designed system on commercial
social media platforms boosts user confidence when
accessing features, completing activities, and
interacting with influencer content, resulting in a
more seamless and enjoyable user experience.

3.3.2 Information Quality Towards

e
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Perceived Usefulness (H2)

The second hypothesis proposed that information
quality improves perceived utility. The structural
model analysis showed a statistically significant
association, with a p-value of 0.000, a t-statistic of
5.578, and a path coefficient (B) of 0.475. The
hypothesis is accepted because the results meet the
criterion for significance. This suggests that people
are more likely to feel that a social media platform
can help them achieve their goals, such as making
purchases or carrying out transactions, when the
information offered is accurate, relevant, current,
and understandable.

3.3.3 Service Quality Towards Perceived
Ease of Use (H3)

According to this theory, higher service quality
results in perceived ease of use. This link is
statistically significant, according to the structural
model analysis, as shown by the p-value of 0.000,
the t-statistic of 4.498, and the path coefficient (B) of
0.300. Since the results meet the requirements for
statistical significance, the hypothesis is accepted. If
customers receive consistent and timely service,
such as timely help, easily accessible assistance
tools, and reliable technical support, they are more
likely to view the platform as user-friendly.

3.3.4 Perceived Ease of Use Towards
Perceived Usefulness (H4)

This theory holds that perceived usefulness is
positively influenced by perceived ease of use. The
structural model resulted in a statistically significant
association (p-value = 0.010, t-statistic = 2.573, path
coefficient = 0.224). The hypothesis is supported
because the p-value is less than 0.05 and the t-
statistic exceeds 1.96. This research suggests that
consumers are more likely to select a system that
simplifies navigation, reduces effort, and provides
seamless access to numerous functionalities.

3.35 Perceived Ease of Use Towards
Attitude Toward Using (H5)

This hypothesis states that opinions about the
program's usability have a beneficial impact on
sentiments toward it. The structural model analysis
shows a statistically significant association, with a
p-value of 0.039, t-statistic of 2.063, and path
coefficient (B) of 0.165. The hypothesis is supported
by a p-value of less than 0.05 and a t-statistic greater
than 1.96. This finding suggests that customers who
perceive the platform to be user-friendly are more
likely to continue to utilize it positively.

3.3.6 Towards

Perceived  Usefulness
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Attitude Toward Using (H6)

Perceived utility has a positive impact on attitudes
regarding program use, according to this hypothesis.
The structural model analysis verified a statistically
significant correlation, with a path coefficient () of
0.318, a t-statistic of 3.761, and a p-value of 0.000.
The hypothesis is accepted since the t-statistic
exceeds 1.96 and the p-value is significantly lower
than 0.05. According to this study, people are more
likely to acquire a positive attitude toward a platform
when they believe it will help them achieve their
goals, such as reviewing products, gaining
influencer insights, or making purchases.

3.3.7 Attitude Toward Using Towards
Behavioral Intention to Use (H7)

This hypothesis proposes that the use of the
application has a favourable influence on the desire
to use the application. The structural model analysis
supports this hypothesis, with a path coefficient ()
of 0.412, t-statistic of 6.058, and p-value of 0.000.
The hypothesis is accepted since the t-statistic
exceeds 1.96 and the p-value is significantly lower
than 0.05. Customers who have a positive perception
of the application are more likely to use it on a
regular basis for purchasing or browsing.

3.3.8 Behavioral Intention to Use
Towards Actual System Use (H8)

The desire to use behaviour has a favourable impact
on actual system utilization, according to this notion.
The findings of the structural model analysis showed
a statistically significant relationship, as shown by
the p-value of 0.000, the t-statistic 0of 25.790, and the
path coefficient (f) of 0.818. Because the t-statistic
is more than 1.96 and the p-value is significantly less
than 0.05, the hypothesis is supported. The results
show a positive correlation between a user's desire
to use the platform and their actual application
usage. Strong desires will lead to concrete actions
like buying, looking through, and interacting with
influencer content.

3.3.9 Actual System Use Towards Purchase
Decision (Net Benefits) (H9)

According to this notion, actual system use has a
favourable influence on purchasing decisions. The
analysis of the structural model revealed that this
relationship is statistically significant, as shown by
the p-value of 0.000, the t-statistic of 27.747, and the
path coefficient (B) of 0.844. Because the t-statistic
is significantly over 1.96 and the p-value is
significantly below 0.05, the hypothesis is accepted.
The possibility that purchases will be made through
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the platform is positively correlated with its growing
utilization it.

3.3.10 Influencer Content Towards
Perceived Usefulness (H10)

perceived utility is increased by influencer content.
The structural model analysis shows a statistically
significant association, with a path coefficient (p) of
0.199, t-statistic of 2.610, and p-value of 0.009. The
hypothesis is supported because the p-value is less
than 0.05 and the t-statistic exceeds 1.96. This
discovery suggests that the availability of influencer
content on a platform causes customers to perceive
it as value.

3.3.11 Influencer Content Towards
Perceived Ease of Use (H11)

Influencer material, according to this theory,
increases perceived usability. The structural model
analysis showed a statistically significant link (f =
0.367, t-statistic = 5.261, p-value = 0.000). The
hypothesis is accepted because the p-value is less
than 0.05 and the t-statistic exceeds 1.96. This
discovery implies that influencer-generated content
increases the platform's perceived usefulness.
Influencers regularly help people understand and
use features, demonstrate product usage, and
simplify information using relatable communication
approaches. This helps users understand and interact
with the system.

3.3.12 Influencer Content Towards Attitude
Toward Using (H12)

influencer material improves users' perceptions of
using the application. The structural model shows a
statistically significant association with a path
coefficient B of 0.449.
The t-statistic is 5.940, with a p-value of 0.000. The
hypothesis is supported because the p-value is
significantly less than 0.05 and the t-statistic
exceeds 1.96. This research suggests that the
existence of influencer material on the site improves
consumers' perception of it. When people perceive
influencer material as useful, trustworthy, and fun, it
improves their overall experience with the app. This
makes people more receptive and motivated to
continue using the site. This indicates that material
produced by influencers plays a significant role in
altering perceptions and fostering positive feelings
towards a subject.

3.3.13 Moderating Effect of Influencer
Content on the Relationship Between Perceived
Usefulness and Attitude Toward Using (H13)
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The structural model analysis in this hypothesis
revealed that the interaction effect between
perceived usefulness and influencer is statistically
insignificant, indicated by a path coefficient (p) of —
0.114, a t-statistic of 1.544, and a p-value of 0.123.
Given that the p-value exceeds 0.05 and the t-statistic
remains below 1.96, the hypothesis is dismissed.
This finding suggests that while perceived
usefulness and influencer content both significantly
impact attitude, influencer content does not play a
moderating role in their relationship. It appears that
individuals assess the value of a system primarily
through its features, rather than the identity of the
information provider. Consequently, although
influencers have a direct impact on perception, they
do not amplify the effect of perceived usefulness on
user attitude.

3.3.14 Moderating Effect of Influencer
Content on the Relationship Between Perceived
Ease of Use and Attitude Toward Using (H14)

The final proposal is that influencer content
influences the relationship between perceived ease of
use and attitude towards utilising the service. The
structural model analysis indicated that the
interaction effect was not statistically significant,
evidenced by a path coefficient (B) of 0.099, a t-
statistic of 1.378, and a p-value of 0.168. Given that
the p-value surpasses the 0.05 threshold and the t-
statistic is below 1.96, the hypothesis is rejected.
This outcome indicates that influencer material does
not substantially modify the strength of the
correlation between perceived ease of use and user
attitude. In summary, the exposure of users to

influencer content did not significantly alter their
opinion of the system's usability in influencing their
attitude towards the programme. Ease of use may be
regarded as a system-driven factor that exists
regardless of external social influences, such as the
presence of influencers. Although influencer
material may retain a significant direct impact, its
function as a moderator in this connection seems
constrained according to the research.

4. CONCLUSIONS

This study aimed to analyze how system-related
features and influencer content affect consumer
purchase decisions on social media platforms in
Indonesia by integrating the Technology Acceptance
Model (TAM) and Information System Success
Model (ISSM). The findings reveal that system
quality, information quality, and service quality
significantly influence perceived ease of use and
perceived usefulness, which in turn affect users’
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attitudes and behavioral intentions to use the
platform. The structural model also confirmed that
attitude toward using strongly impacts behavioral
intention, which ultimately leads to actual system
use and purchase decision.

The significance of this research lies in its
methodological contribution, as it advances the
current state of the art by combining TAM and ISSM
into a single analytical framework. This integration
provides a more comprehensive understanding of
how both system-related attributes and influencer-
driven factors jointly shape user perceptions and
behaviors on digital platforms, an area that has
received limited attention in prior studies.

Furthermore, influencer content showed a positive
impact on perceived usefulness, ease of use, and user
attitude, thereby affirming its importance in shaping
user perception. Nonetheless, the moderating effects
of influencer content on the relationship between
user perceptions and attitudes were not
substantiated, indicating that users develop their
evaluations of system usability and usefulness
independently of influencer presence. In real-life
implementation, these findings suggest that while
influencer marketing can enhance initial interest and
positive attitudes toward a digital platform,
organizations should still prioritize optimizing
system design, usability, and functional value. For
example, e-commerce platforms and mobile
applications may leverage influencers for
promotional reach but must simultaneously ensure
seamless navigation, intuitive interfaces, and
meaningful features to sustain long-term user
satisfaction and adoption.

Despite its contributions, this study has certain
limitations. The data were collected from a single
country context (Indonesia), which may restrict the
generalizability of the findings across different
cultural or market environments. Additionally, the
reliance on self-reported survey data may introduce
response bias.

For future research, additional models such as
UTAUT2 will be incorporated to provide deeper
insights, while expanding the number of respondents
to cover a wider geographical scope. This would not
only strengthen the robustness of the findings but
also allow comparisons across diverse markets,
thereby enhancing the broader applicability of the
research.
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