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Abstract

Purpose: The study examines key factors influencing behavioral intention and actual use of mobile payment services among
university students in Nanning, China. The proposed framework explores the relationships among Social Influence (SI), Effort
Expectancy (EE), Trust (TS), Perceived Usefulness (PU), Perceived Risk (PR), Habit (HB), Behavioral Intention (BI), and Use
Behavior (UB). Research design, data and methodology: The researcher conducted a questionnaire survey among 500
university students in Nanning, China. Participants were purposefully selected from four main colleges of Guangxi University,
following stratified random sampling guidelines. Data were collected online using a convenience sampling approach. For analysis,
CFA and SEM were applied to evaluate model fit, reliability, and structural validity. Results: The findings indicate that social
influence, effort expectancy, trust, perceived usefulness, perceived risk, and habit significantly affect behavioral intention.
Behavioral intention, in turn, strongly influences use behavior. Among these factors, perceived usefulness had the greatest impact
on behavioral intention, followed by trust and social influence. Conclusions: The statistical results supported all seven research
hypotheses, confirming that the study successfully met its objectives. To enhance mobile payment adoption, policymakers and

service providers should prioritize key influencing factors and implement effective optimization strategies.
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1. Introduction

Mobile payment enables users to conduct financial
transactions via mobile devices through secure
communication channels (Qasim & Abu-Shanab, 2015).
According to a Boston Consulting Group (BCG) report,
global mobile payment revenue is projected to grow by
7.3% from 2020 to 2025, reaching $2.9 trillion by 2030.
Popular ~ methods include e-wallets, near-field
communication (NFC), and quick response (QR) codes
(Karjaluoto et al., 2019). Mobile payments offer
convenience for online shopping (Mukherjee & Roy, 2017)
and everyday transactions (Rastogi et al., 2021). Data from
the China Business Industry Research Institute show a rising
trend in mobile payment adoption, with users aged 25 and
below relying on it for over 98% of their total consumption.
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Deng and Lu (2017) argue that mobile payment has become
essential for daily transactions, including utility bills and
public transport.

China leads the global mobile payment market (Chen &
Wang, 2021), with Alipay and WeChat Pay dominating due
to their convenience, security, and broad application.
Mobile payments cover food services, transportation, and
daily expenses (Smith & Chen, 2015). Studies suggest that
mobile payments encourage higher consumer spending
(Falk et al., 2016) and provide retailers with valuable
consumer insights for targeted marketing (Singh et al.,
2020). Despite its advantages, some users remain hesitant.
Limited acceptance and trust (Oliveira et al., 2016), security
concerns (Singh et al., 2020), phishing threats, and fraud
risks (Ha, 2020) hinder adoption. Users expect mobile
payments to be simple, time-saving, and secure (Hossain &
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Mahmud, 2016). Adoption depends on technology maturity,
market promotion, and user habit formation (Haritha, 2022).
Mulia (2019) noted that reluctance to embrace new
technology can lead to abandonment of mobile payment
usage.

Although prior studies have applied theoretical models
such as the Technology Acceptance Model (TAM) (Davis,
1989) and the Unified Theory of Acceptance and Use of
Technology (UTAUT) (Venkatesh et al., 2012) to
understand technology adoption, there remains a notable
research gap concerning how these models apply
specifically to university students in regional Chinese
contexts like Guangxi. Few studies have holistically
examined the combined influence of trust, habit, perceived
risk, and social influence in this demographic, despite their
growing role as key contributors to the digital economy.

This study addresses that gap by examining the
behavioral drivers of mobile payment adoption among
university students at Guangxi University, integrating
constructs such as social influence, effort expectancy, trust,
perceived usefulness, perceived risk, and habit, along with
behavioral intention and actual usage behavior.
Understanding these factors is crucial, as students represent
both early adopters of technology and future economic
participants. The research aims to identify the key variables
influencing their behavioral intention and real-world usage
of mobile payment systems. By doing so, it seeks to provide
actionable insights for service providers, app developers,
and policymakers to design more effective, secure, and user-
centered mobile payment solutions. Ultimately, this study
contributes to the enhancement of mobile payment adoption
and retention strategies, supporting the long-term growth
and innovation of the mobile financial services industry.

2. Literature Review

2.1 Factors Impacting on Behavioral Intention and
Use Behavior

Use behavior refers to the actual adoption and
application of mobile payment technology (Palash et al.,
2022). Upadhyay et al. (2022) noted that it includes
payments and transfers. Li et al. (2011) described it as the
consumer's mode of conducting transactions across different
settings. Zhou et al. (2010) outlined the process from initial
awareness to habitual use. Pal et al. (2021) found that use
behavior is strongly influenced by perceived usefulness,
habit, and trust. Yu (2012) emphasized its role in assessing
mobile payment adoption and market potential.

Sobti (2019) identified social influence as a key
determinant of mobile payment adoption, emphasizing the
impact of others’ opinions and behaviors. Qasim and Abu-
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Shanab (2015) defined social influence as the extent to
which a person’s social environment affects their likelihood
of using mobile payments. Chen et al. (2019) elaborated that
perceived pressure from others can drive adoption. Baishya
and Samalia (2019) described it as the importance
consumers place on technology based on peer opinions,
while Koenig-Lewis et al. (2015) noted that people adjust
their behavior to align with social expectations. Venkatesh
et al. (2012) highlighted the influence of social networks on
individual behavior.

Kasri and Yuniar (2021) defined effort expectancy as the
ease of learning and using mobile payments. Tossy (2014)
stated that it includes operational simplicity, such as
downloading, installing, and setting up payment credentials.
Lower complexity increases effort expectancy, making
mobile payments more appealing (Chopdar & Sivakumar,
2018). Venkatesh et al. (2003) found that effort expectancy
positively impacts behavioral intention, as users prefer
simple, efficient payment systems (Musyaffi et al., 2021).

Trust is crucial in mobile payment adoption (Chauhan,
2015). Lu et al. (2011) described trust as confidence in
meeting one’s needs, while Upadhyay et al. (2021)
emphasized its role in early adoption. Palash et al. (2022)
defined trust as users' perception of security and reliability.
Khalilzadeh et al. (2017) suggested trust positively
influences adoption, and Shi and Chow (2015) stressed that
building trust is vital for long-term user retention.

Davis (1989) described perceived usefulness as the
belief that mobile payments improve usability and efficiency.
Venkatesh et al. (2003) linked it to enhanced performance in
transactions. Palash et al. (2022) defined it as the degree to
which technology adoption enhances daily efficiency. Kim
et al. (2010) found that perceived usefulness influences
intention, while Tan et al. (2014) identified it as a key factor
in adoption.

Perceived risk encompasses concerns about security,
privacy, and financial losses (Alalwan, 2020). Choi (2018)
defined it as consumers’ perception of uncertainties in
mobile payments. Baptista and Oliveira (2016) highlighted
financial, time, and psychological risks affecting adoption.
Slade et al. (2015) found that security concerns significantly
impact remote payment acceptance, while Schierz et al.
(2010) confirmed its role in adoption decisions.

Habit plays a significant role in mobile payment usage
(Upadhyay et al., 2022). Palash et al. (2022) described it as
an unconscious behavioral predisposition. Choi (2018)
linked habit to repeated practice and effortless engagement.
Baptista and Oliveira (2015) found that habit influences
intention and behavior, while Alalwan (2020) highlighted its
impact on decision-making.

Behavioral intention reflects a user’s likelihood of
adopting mobile payments (Zhao & Bacao, 2021).
Upadhyay et al. (2022) described it as a deliberate intention
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to use the technology. Negm (2023) emphasized
commitment and purpose in adoption decisions. Venkatesh
et al. (2012) linked behavioral intention to actual use, while
Gefen et al. (2003) confirmed the influence of social
influence and trust. Understanding behavioral intention
helps identify adoption barriers and incentives (Negm,
2023).

2.2 Research Hypothesis and Relationship between
Variables

2.2.1 Relation between Social Influence and Behavioral
Intention

Research by Venkatesh et al. (2003) demonstrated that
social influence significantly shapes behavioral intention
toward adopting new technologies. Oliveira et al. (2016)
emphasized its critical role in influencing users' adoption
decisions. Pham and Ho (2015) suggested that individuals
tend to follow a herd mentality when mobile payments
become widely adopted within their social circles. Tossy
(2014) identified social influence as a key driver of mobile
payment adoption.

Shin and Lee (2014) highlighted social influence as an
essential factor in mobile payment uptake. Dahlberg et al.
(2015) found that young users’ behavioral intention is
particularly affected by social influence. Alalwan et al.
(2017) provided evidence that expectations and
recommendations from significant others strongly impact
users' willingness to adopt mobile payment systems. Slade
et al. (2015) confirmed that social influence is a strong
predictor of behavioral intention in mobile payment
adoption. Yang et al. (2021) noted that theoretical
frameworks exploring social influence continue to show
significant effects on behavioral intention. Numerous
studies validate the strong relationship between social
influence and behavioral intention, reinforcing its critical
role in technology adoption. This assertion is elaborated in
the following hypothesis:

H1: Social influence has a significant impact on
behavioral intention.

2.2.2 Relation between Effort
Behavioral Intention

Venkatesh et al. (2003) found that effort expectancy
positively influences technology adoption. Li et al. (2017)
suggested that ease of use enhances users' intention to adopt
mobile payment platforms. Palash et al. (2022) confirmed
that the simplicity of mobile payment apps significantly
improves effort expectancy. Hew et al. (2016) validated
effort expectancy as a key factor in mobile wallet adoption.

Chen (2008) identified effort expectancy as a critical
component of mobile payment acceptance. Kim et al. (2010)
emphasized its role in technology adoption, working
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alongside performance expectancy, social influence, and
facilitating conditions to shape behavioral intention. Pavlou
and Fygenson (2006) further validated its significant impact.
However, Liu and Zhang (2022) found a negative
relationship between effort expectancy and behavioral
intention. Venkatesh et al. (2003) established effort
expectancy as a fundamental factor in the UTAUT model,
which was later extended by Venkatesh et al. (2012),
reaffirming its influence on mobile payment adoption. This
assertion is elaborated in the following hypothesis:

H2: Effort expectancy has a significant impact on
behavioral intention.

2.2.3 Relation between Trust and Behavioral Intention

Alalwan et al. (2017) emphasized the importance of
establishing trust before consumers adopt mobile payments,
highlighting its role in ensuring long-term confidence in
security. Anggraini and Rachmawati (2019) identified trust
as a key predictor of behavioral intention, while Kim et al.
(2008) demonstrated that trust fosters word-of-mouth and
positive adoption behavior. Alyabes and Alsalloum (2018)
confirmed that trust drives both initial adoption and
continued use, shaping a positive mobile payment
experience.

Dahlberg et al. (2015) recognized trust as a major factor
influencing behavioral intention toward mobile payments.
Baptista and Oliveira (2016) found that users' willingness to
adopt technology depends on their level of trust. Choi et al.
(2018) and Oliveira et al. (2016) both highlighted that higher
trust levels significantly enhance consumers’ intention to
use mobile payments by alleviating concerns about potential
risks. Slade et al. (2015) suggested that trust enhances users'
confidence in technology performance. Yang et al. (2012)
and Thakur (2013) emphasized trust’s crucial role in shaping
behavioral intention, particularly among professionals. Tran
and Corner (2016) further noted that trust levels evolve over
time based on user experience. This assertion is elaborated
in the following hypothesis:

H3: Trust has a significant impact on behavioral
intention.

2.2.4 Relation between Perceived Usefulness and
Behavioral Intention

Perceived utility plays a key role in influencing
behavioral intention to adopt technology. Choi et al. (2018)
found a strong positive correlation between perceived
usefulness and the intention to adopt technological
applications. Chawla and Joshi (2019) identified perceived
utility as a primary driver of mobile payment adoption,
while Shin (2009) noted that consumers who find mobile
payments useful are more likely to integrate them into daily
activities.
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Baptista and Oliveira (2015) confirmed that perceived
usefulness significantly impacts mobile payment adoption.
Gao and Waechter (2015) emphasized its central role in
shaping behavioral intention. Oliveira et al. (2016)
highlighted perceived usefulness as an essential component
of expected utility, positively influencing users' willingness
to adopt mobile payments. Slade et al. (2015) further
reinforced its importance in driving adoption. Thakur (2013)
found that professionals’ inclination to use mobile payments
is strongly influenced by perceived utility, underscoring its
appeal in professional settings. Zhou (2014) also
demonstrated that users with higher perceived utility are
more likely to adopt mobile payments, especially if they
believe it enhances convenience and saves time. This
assertion is elaborated in the following hypothesis:

H4: Perceived usefulness has a significant impact on
behavioral intention.

2.2.5 Relation between Perceived Risk and Behavioral
Intention

Alyabes and Alsalloum (2018) and Pham and Ho (2015)
identified perceived risk as a crucial factor affecting
consumers' willingness to adopt mobile payments. Thakur
(2013) highlighted its significance, particularly among
professionals. Shin (2009) found that confidence in financial
institutions reduces perceived risk, increasing users'
inclination to accept mobile payments.

Kim et al. (2010) noted that security concerns and
transaction costs influence users’ behavioral intentions.
Venkatesh et al. (2012) suggested that when users perceive
mobile payments as efficient and reliable, their perceived
risk decreases, leading to higher adoption rates. Lee (2009)
emphasized that biometric authentication and encryption
can significantly lower perceived risk and enhance usage
intention. Slade et al. (2015) further confirmed its impact on
mobile payment adoption. Pavlou and Fygenson (2006)
demonstrated that perceived risk negatively affects
behavioral intention. Luarn and Lin (2005) proposed that a
strong brand image, quality customer service, and
transparent transactions help mitigate risk. Chawla and Joshi
(2019) reinforced that reducing perceived risk is essential
for increasing users' intention to adopt mobile payments.
This assertion is elaborated in the following hypothesis:

H5: Perceived risk has a significant impact on
behavioral intention.

2.2.6 Relation between Habit and Behavioral Intention
Choi (2018) found that habit not only strengthens users'
behavioral intention toward mobile payments but also
increases actual use behavior. Sinha et al. (2019) noted that
as mobile payments become more convenient, habitual use
lowers associated costs, further encouraging adoption.
Oliveira et al. (2016) identified habit as a key factor
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influencing users' inclination to adopt mobile payments.
Limayem et al. (2007) suggested that habit enhances ease
and comfort, increasing users' willingness to use mobile
payment services.

Wood and Neal (2007) and Slade et al. (2015) confirmed
that habit plays a crucial role in shaping behavioral
intentions. Baptista and Oliveira (2015), Gao and Waechter
(2015), and Chawla and Joshi (2019) all reinforced that
habit significantly impacts users' intention to adopt mobile
payments.

Liand Zhang (2020) emphasized that once users develop
the habit of using mobile payments, their intention to
continue using them strengthens. Aarts and Dijksterhuis
(2001) demonstrated that specific payment environments,
such as malls or online shopping, trigger habitual mobile
payment use. Chen and Wang (2021) further confirmed a
strong positive correlation between habit and mobile
payment behavior, underscoring its significant influence on
behavioral intention. This assertion is elaborated in the
following hypothesis:

H6: Habit has a significant impact on behavioral
intention.

2.2.6 Relation between Behavioral intention and use
behavior

Lin et al. (2020) proposed that behavioral intention is a
key predictor of actual use behavior in mobile payments,
with stronger intentions increasing the likelihood of usage.
Sinha and Singh (2022) confirmed that positive attitudes and
intentions toward mobile payments translate into actual use.
Sobti (2019) also identified behavioral intention as an
effective indicator of mobile payment adoption. Kim et al.
(2010) found that promotions and incentives, such as
coupons and rewards, enhance behavioral intention, which
in turn drives actual use.

Kumari and Biswas (2023) noted that users who perceive
high value in mobile payments are more likely to use them
after forming strong behavioral intentions. Shin and Lee
(2021) emphasized that technological advancements and
improved user experiences strengthen behavioral intention,
leading to higher adoption rates. Makanyeza and
Mutambayashata (2018) highlighted the link between habit
formation, behavioral intention, and actual use, suggesting
that cultivating user habits fosters long-term adoption.

Istijanto and Handoko (2022) argued that behavioral
intention directly precedes use behavior, with strong
intentions increasing the likelihood of adoption. Esawe
(2022) reinforced that behavioral intention is the primary
driver of mobile payment usage. Lu et al. (2011) described
behavioral intention as a key predictor of future use trends
and mobile payment system development. Alalwan et al.
(2017) and Upadhyay et al. (2022) confirmed that
behavioral intention plays a critical role in forecasting and
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shaping actual use behavior in mobile payments. This
assertion is elaborated in the following hypothesis:

H?7: Behavioral intention has a significant impact on use
behavior.

3. Research Methods and Materials
3.1 Research Framework

The following theoretical foundations form the basis of
the conceptual framework in this study: the Technology
Acceptance Model (TAM) by Davis (1986), the Unified
Theory of Acceptance and Use of Technology (UTAUT) by
Venkatesh et al. (2003), and the Theory of Planned Behavior
(TPB) by Hsu and Chiu (2004). These frameworks serve as
the foundation for analysis. Based on these theories, the
researcher developed a conceptual framework for the study,
as illustrated in Figure 1.

Social Influence

Effort Expectancy

Behavioral Intention @

Perceived H4
Usefulness

Perceived Risk

T
@

Figure 1: Conceptual Framework

This study aimed to investigate the factors influencing
the behavioral intention and usage patterns of university
students in Nanning, China, regarding mobile payment. The
variables examined included social influence (SI), effort
expectancy (EE), trust (TS), perceived usefulness (PU),
perceived risk (PR), habit (HB), behavioral intention (BI),
and use behavior (UB). The study analyzed the relationships
among these variables to identify key determinants of
mobile payment adoption among university students.

3.2. Research Methodology

This research employed a quantitative analysis method,
utilizing a questionnaire as the primary tool for data
collection. The researcher administered the questionnaire to
university students in Nanning, China, selecting participants
from four colleges of Guangxi University through purposive
sampling. The sample size was determined using stratified
random sampling parameters, while the actual distribution
of questionnaires was conducted online via convenience
sampling. The collected data were analyzed to identify the
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factors influencing students' behavioral intention and usage
of mobile payment systems.

The research instrument—a structured questionnaire—
consisted of three main sections: (1) screening questions to
qualify respondents, (2) a 5-point Likert scale measuring
variables related to the study’s seven hypotheses, and (3)
demographic information. To ensure the instrument's
validity and reliability, several steps were taken. A pilot test
involving 30 participants was conducted prior to the main
survey. Reliability was assessed using Cronbach’s Alpha,
with all coefficient values exceeding the acceptable
threshold of 0.6 (Sekaran, 1992). In addition, expert
evaluations were used to assess item-objective consistency
(I0C), and all dimensions achieved 10C scores above the
standard threshold of 0.67, indicating acceptable content
validity (Rovinelli & Hambleton, 1976).

Following the pilot phase, a total of 500 completed
questionnaires were collected. Data analysis was performed
using SPSS AMOS, employing structural equation
modeling (SEM) and confirmatory factor analysis (CFA) to
evaluate construct validity, reliability, and overall model fit.
These analytical methods confirmed the suitability and
robustness of the conceptual framework used in this study.

3.3 Population and Sample Size

Purposive sampling was used to select participants from
four main colleges of Guangxi University, while stratified
random sampling criteria determined the sample size. Data
were collected through convenience sampling.

From July to December 2024, the researcher conducted
a questionnaire survey. A data screening process ensured
that the target population—students from Guangxi
University's four major colleges with experience using
mobile payments—was appropriate. Teachers from these
colleges supported and encouraged student participation in
the online survey. Table 1 presents the specific sampling
details of this study.

Table 1: Sample Size Distributed to College Students

Population Proportional

0L Size Sample Size
Electrical Engineering College 2,005 135
Civil Engineering College 1,871 126
Resources, Environment and
Materials College 1,861 125
Computer and Electronic
Information College 1,694 14
Total 7,431 500

Source: Constructed by author



Zehua Tang / Journal of Interdisciplinary Research Vol 10 No 1 (2025) 132-143

4. Results and Discussion
4.1 Demographic Profile

This study collected 500 valid questionnaires from
undergraduate students in the four major colleges of
Guangxi University. The respondents included 153 males
(30.6%) and 347 females (69.4%). Age distribution was as
follows: 355 students (71.0%) were aged 19-21, 132 (26.4%)
were 22-23, and 13 (2.6%) were over 23 years old. All
participants were undergraduate students. Regarding
monthly expenses, 51 students (10.2%) spent less than 1,000
yuan, 371 (74.2%) spent 1,001-2,000 yuan, 61 (12.2%)
spent 2,001-3,000 yuan, and 17 (3.4%) spent more than
3,000 yuan. In terms of preferred mobile payment methods,
103 respondents (20.6%) used Alipay, 378 (75.6%) used
WeChat Pay, 12 (2.4%) used Cloud Flash Pay, and 7 (1.4%)
used China Union Pay.

A summary of the study participants' demographic
details is presented in Table 2.

Table 2: Demographic Characteristics of Respondents

DemographlgV a=1;((i) J)}eneral Data Frequeney Percentage
Gender Male 153 30.6
Female 347 69.4
Age 19-21 years old 355 71.0
22-23 years old 132 26.4
more than 23 years old 13 2.6
Monthly Less than 1,000 yuan 51 10.2
Expenses | 1,001-2,000 yuan 371 74.2
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Demographl(f\I s:;((i) g)}eneral Data Frequency Percentage
2,001-3,000 yuan 61 12.2
More than 3,000 yuan 17 34
Most Ali-pay 103 20.6
Common | WeChat-pay 378 75.6
MPS Cloud Quick pay 12 24
Method China Union pay 7 1.4

Source: Constructed by author
4.2 Confirmatory Factor Analysis (CFA)

Confirmatory Factor Analysis (CFA) was conducted to
evaluate each variable in the conceptual framework. The
analysis confirmed that all scale items corresponding to each
variable were statistically significant.

The results showed that all Composite Reliability (CR)
values exceeded 0.8, Average Variance Extracted (AVE)
values were above 0.5, and Cronbach’s Alpha (CA) values
were above 0.8. The factor loading values for all items
ranged from 0.705 to 0.856, indicating strong correlations
between observed variables and their respective latent
constructs. This suggests that the indicators used effectively
represent their underlying theoretical constructs. These
findings confirmed the wvalidity and reliability of the
conceptual framework. A summary of these values is
presented in Table 3.

Convergent and discriminant validity were confirmed in
with all values deemed acceptable. These measurements
collectively validate the structural model used in this study.

Table 3: Confirmatory Factor Analysis (CFA), Composite Reliability (CR), and Average Variance Extracted (AVE) Results

9 Source of Questionnaire No. of Cronbach’s Factor
VELELD (Measurement Indicator) Item Alpha Loading CR M
Social Influence (SI) Esawe (2022) 5 0.879 0.735-0.801 | 0.879 0.594
Effort Expectancy (EE) Sobti (2019) 4 0.868 0.743-0.847 | 0.869 | 0.624
Trust (TS) Chawla and Joshi (2019) 4 0.859 0.741-0.794 | 0.859 0.604
Perceived Usefulness (PU) Phonthanukitithaworn et al. (2016) 3 0.855 0.779-0.856 | 0.856 0.664
Perceived Risk (PR) Sobti (2019) 4 0.871 0.756-0.823 | 0.871 0.628
Habit (HB) Gupta and Arora (2019) 4 0.869 0.738-0.813 | 0.869 0.625
Behavioral Intention (BI) Shah and Khanna (2023) 4 0.854 0.732-0.807 | 0.854 0.594
Use Behavior (UB) Dahlberg et al. (2015) 3 0.831 0.705-0.834 | 0.833 0.626
Note: CR = Composite Reliability, AVE = Average Variance Extracted
Model fit was assessed using several fit indices, Table 4: Goodness of Fit for Measurement Model
including the chi-square ratio with degrees of freedom Index _Criterion Statistical Value
(CMIN/DF), Goodness-of-Fit Index (GFI), Adjusted — [-SMINDE | <3.00 (Hairetal. 2000 s
. . . GFI > 0.85 (Sica & Ghisi, 2007) 0.942
Goodnessjof—Fllt Index (AGFI), Normalized F1t Index (NFI), AGE = 0.80 (Sica & Ghisi, 2007) 0.929
Comparative Fit Index (CFI), Tucker-Lewis Index (TLI), NFI >0.80 (Wu & Wang, 2006) 0.942
and Root Mean Square Error of Approximation (RMSEA). CFI > 0.80 (Bentler, 1990) 0.990
TLI > 0.80 (Sharma et al., 2005) 0.988
RMSEA < 0.08 (Pedroso et al., 2016) 0.020

Note: CMIN/DF = The ratio of the chi-square value to degree of freedom,
GFI = goodness-of-fit index, AGFI = adjusted goodness-of-fit index, NFI
= normalized fit index, CFI = comparative fit index, TLI = Tucker Lewis
index and RMSEA = root mean square error of approximation
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To assess the relationships between variables, the square
root of the AVE was compared with the correlation
coefficients. As presented in Table 5, all variables
demonstrated correlations within an acceptable range, as
confirmed by the square root of the AVE values.

Table 5: Discriminant Validity
Variable Factor Correlations
SI EE TS PU PR | HB BI UB
SI 0.771
EE 0.440 | 0.790
TS 0.315] 0.265 | 0.777
PU 0.286 | 0.249 | 0.425 | 0.815
PR 0.270 ] 0.227 | 0.309 | 0.363 | 0.792
HB 0.319 ] 0.237 | 0.269 | 0.290 | 0.390 | 0.791
BI 0.312 ] 0.278 ] 0.353 ] 0.396 | 0.301 | 0.289 ] 0.771
UB 0.318 ] 0.260 | 0.232 | 0.306 | 0.221 | 0.327 | 0.381 | 0.791
Note: The diagonally listed value is the AVE square roots of the variables

4.3 Structural Equation Model (SEM)

Hair et al. (2006) recommended that a CMIN/DF value
below 3 indicates a good model fit, reflecting a strong
alignment between the model and the data. Sica and Ghisi
(2007) stated that an acceptable GFI should be > 0.85, while
AGFI should be > 0.80. Wu and Wang (2006) suggested that
NFI should meet or exceed 0.80, and Bentler (1990)
proposed that CFI should also be > 0.80. Sharma et al. (2005)
recommended a TLI value of 0.80 or higher, while Pedroso
et al. (2016) indicated that RMSEA should be < 0.08 for an
acceptable model fit.

Using SPSS AMOS, the researchers evaluated the
structural equation modeling (SEM) fit. The results
confirmed a good model fit with the following indices:
CMIN/DF =2.460, GFI=0.856, AGFI =0.832, NFI=0.873,
CFI = 0.920, TLI = 0.913, RMSEA = 0.054. These values
are presented in Table 6.

Table 6: Goodness of Fit for Structural Model

Index Criterion Statistical Value
CMIN/DF <3.00 (Hair et al., 2006) 2.460
GFI > 0.85 (Sica & Ghisi, 2007) 0.856
AGFI >0.80 (Sica & Ghisi, 2007) 0.832
NFI > 0.80 (Wu & Wang, 2006) 0.873
CFI > 0.80 (Bentler, 1990) 0.920
TLI > 0.80 (Sharma et al., 2005) 0.913
RMSEA < 0.08 (Pedroso et al., 2016) 0.054

Note: CMIN/DF = The ratio of the chi-square value to degree of freedom,
GFI = goodness-of-fit index, AGFI = adjusted goodness-of-fit index, NFI
= normalized fit index, CFI = comparative fit index, TLI = Tucker Lewis
index and RMSEA = root mean square error of approximation

4.4 Research Hypothesis Testing Result

Regression weights and R? variances were analyzed to
assess the significance of the relationships within the
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conceptual model. The results, summarized in Table 7,
confirmed support for all seven proposed hypotheses. Each
factor demonstrated a statistically significant influence (p-
value < 0.05), validating the model's predictive capability
regarding behavioral intention and use behavior in mobile
payment adoption among university students.

Table 7: Hypothesis Testing Result

Hypothesis St:(l)ledfifl'irc‘ii:)et(si (l;;ith t-value Test Result
H1: SI - BI 0.160 3.242* Supported
H2: EE — BI 0.131 2.648* Supported
H3: TS — BI 0.196 3.890* Supported
H4: PU — BI 0.280 5.456* Supported
H5: PR — BI 0.115 2.339* Supported
H5: HB — BI 0.138 2.802* Supported
H6: Bl - UB 0.447 7.771* Supported

Note: *=p-value<0.05

The results for H1 confirm that social influence (SI)
significantly affects behavioral intention (B = 0.160, t =
3.242). This supports findings from Venkatesh et al. (2003),
Oliveira et al. (2016), and Dahlberg et al. (2015), who
emphasize that users often adopt mobile payments based on
peer behavior and social norms. Among university students,
the impact of friends and influencers can be especially
persuasive.

H2 revealed that effort expectancy (EE) positively
influences behavioral intention (B = 0.131, t = 2.648),
aligning with the UTAUT model (Venkatesh et al., 2003)
and studies by Palash et al. (2022) and Chen (2008). This
suggests that ease of learning and using mobile payment
systems encourages students to adopt the technology,
though its effect is moderate compared to other variables.

H3 confirmed that trust (TS) has a significant impact on
behavioral intention (B = 0.196, t = 3.890). This supports
previous research by Dahlberg et al. (2015), Alalwan et al.
(2017), and Choi et al. (2018), who underscore the
importance of trust in overcoming users' concerns about
privacy, fraud, and system reliability—especially in
financial technology.

The strongest predictor of behavioral intention in this
study was perceived usefulness (PU), supporting H4 (B =
0.280, t =5.456). This finding aligns with the works of Choi
et al. (2018), Shin (2009), and Gao and Waechter (2015),
who established that when users believe mobile payment
improves their efficiency or convenience, they are more
likely to adopt and continue using it.

HS5 was also supported, showing that perceived risk (PR)
negatively impacts behavioral intention (B = 0.115, t =
2.339). Although the effect size was smaller than other
variables, it remains significant, consistent with the studies
of Slade et al. (2015), Kim et al. (2010), and Chawla and
Joshi (2019). This indicates that students may hesitate to
adopt mobile payments if they perceive potential financial
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or security risks.

The result for H6 confirms that habit (HB) influences
behavioral intention (B = 0.138, t = 2.802). This supports
findings from Choi (2018), Oliveira et al. (2016), and
Baptista and Oliveira (2015), suggesting that repeated,
automatic use of mobile payment forms positive behavioral
patterns that encourage continued adoption.

Finally, H7 was strongly supported, with behavioral
intention (BI) significantly predicting use behavior (UB) (
= 0447, t = 7.771), making it the most influential
relationship in the model. This is in agreement with prior
studies by Lin et al. (2020), Sinha and Singh (2022), and
Alalwan et al. (2017), who consistently demonstrate that
behavioral intention is a strong determinant of actual usage.

These results validate the integrated conceptual
framework, showing that behavioral intention is shaped by
a combination of social influence, ease of use, trust,
perceived usefulness, habit, and risk perception. Behavioral
intention, in turn, plays a crucial role in driving actual
mobile payment use. The consistency of these findings with
established literature  strengthens the  theoretical
contribution of this study and offers practical insights for
stakeholders aiming to improve mobile payment adoption
among university students.

5. Conclusions and Recommendation
5.1 Conclusions

This study investigated the factors influencing
behavioral intention and actual usage of mobile payments
among university students in Nanning, China. As mobile
payment usage continues to expand rapidly across the
country, young  consumers—especially  university
students—have emerged as a key demographic driving this
growth. Understanding the behavioral patterns and
influencing factors within this group is essential for
improving mobile payment services, informing technology
adoption strategies, and supporting financial inclusion and
digital transformation in higher education contexts.

A total of 500 valid responses were collected from
undergraduate students across four major colleges at
Guangxi University. The majority of respondents were
female (69.4%), aged 19-21 (71%), with monthly expenses
ranging from 1,001-2,000 yuan (74.2%). Most students
preferred WeChat Pay (75.6%) as their mobile payment
method. These demographic insights highlight a digitally
engaged, youth-dominated population that is well-integrated
with mobile financial tools.

Using Structural Equation Modeling (SEM) and
Confirmatory Factor Analysis (CFA), the study tested seven
hypotheses examining the relationships among key factors:
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social influence, effort expectancy, trust, perceived
usefulness, perceived risk, habit, and behavioral intention.
The model showed strong construct validity and reliability,
confirming the robustness of the conceptual framework.

The findings revealed that perceived usefulness was the
most significant predictor of behavioral intention, indicating
that students are more likely to adopt mobile payments when
they perceive them as efficient and beneficial. Trust also had
a substantial impact, emphasizing the need for secure and
reliable systems to gain user confidence. Social influence
played a meaningful role, particularly among young users
influenced by peers and social norms. Effort expectancy
showed a moderate effect, suggesting that ease of use
remains important, though not as critical as usefulness or
trust. Habit was confirmed as a strong behavioral driver,
reinforcing the role of routine in sustaining mobile payment
usage. Perceived risk, while less influential, still negatively
affected behavioral intention, highlighting the continued
importance of addressing security concerns. Finally,
behavioral intention was shown to significantly predict
actual use behavior, affirming its central role in determining
mobile payment adoption.

This study provides a comprehensive understanding of
the behavioral dynamics behind mobile payment use among
university students. By identifying and validating the key
influencing factors, it offers valuable insights for service
providers, policymakers, and educators aiming to promote
sustained engagement with mobile financial technologies.

5.2 Recommendations

Leveraging the insights from this study, we recommend
several strategies to increase university students' adoption of
mobile payments. It is essential to harness social influence
and build trust by fostering collaboration between
universities and mobile payment providers. Launching
awareness campaigns that emphasize the benefits and
security of mobile payment systems can enhance students'
confidence. Peer influence plays a significant role in shaping
behavioral intentions, so encouraging student ambassadors
to share positive experiences can drive adoption.
Transparent communication about data security and privacy
measures is also crucial in building trust, which significantly
impacts both behavioral intention and actual usage behavior.

Effort expectancy and perceived usefulness are pivotal
in shaping students' attitudes toward mobile payments.
Mobile payment platforms should prioritize user-friendly
interfaces and seamless integration with services frequently
used by students, such as campus facilities and online
shopping. Providing tutorials and customer support can help
reduce the perceived effort required to use these systems.
Additionally, emphasizing the convenience and efficiency
of mobile payments in everyday transactions can enhance
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their perceived usefulness, further strengthening behavioral
intention and actual usage.

To mitigate perceived risk, mobile payment providers
should implement robust security measures and offer clear
guidelines on protecting personal information. Regular
updates and prompt responses to security concerns can
reassure users and reinforce trust. Incentives such as
discounts, cashback offers, and loyalty programs can
encourage consistent use, helping students develop the habit
of using mobile payments. This habitual use, in turn,
reinforces behavioral intentions and sustains long-term
adoption among university students.

5.3 Limitation and Further Study

One of the study's limitations is that the sample was
restricted to students from specific colleges, which may
limit the generalizability of the findings to other
demographic groups. Additionally, the variables assessed
were based on self-reported data, which could introduce
biases related to social desirability and memory recall.
Furthermore, data collection occurred within a concentrated
timeframe (Glick, 1985), potentially affecting the study's
scope. Future research should consider expanding the
sample to include a more diverse population, employing
longitudinal or experimental methodologies, and collecting
data at multiple time intervals to provide a more
comprehensive understanding of the subject.
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