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Abstract

Purpose: The rapid development of higher education in China realizes the importance of 5G in smart education. Hence, this study
examines the factors that influence the behavioral intention of female students in Sichuan universities to use the 5G for online
education platform. Seven variables and eight hypotheses are constructed regarding previous research, including perceived ease
of use, system quality, information quality, service quality, attitude, social influence, perceived usefulness and behavioral
intention. Research design, data, and methodology: The quantitative study was conducted by distributing a questionnaire to
560 female university students from three universities in Sichuan. Confirmatory factor analysis and structural equation model
were applied for data analysis and results. Results: The results showed that attitude was the strongest predictor of behavioral
change he strongest predictor of behavioral intention to use followed by social influence and perceived usefulness. Compared to
perceived usefulness, the perceived ease of use had the strongest effect on attitude. Conclusions: The findings of this paper
contribute to better understanding of 5G for online education developers, marketers, senior managers in higher education
institutions, or related practitioners. Therefore, choice and use and ease of use at university would increase positive feedback and
enable students to use the platform system for ongoing learning.
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1. Introduction

As 5G technology matures and begins to be used
commercially, integrating emerging information
technologies with education is an important driver for
developing online education platforms. E-learning and
Online Learning emphasize how information technology is
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used in education. At the same time, Online Education is
more widely used in China’s online higher education sector.
Online Education is more widely used in online higher
education in China.

Zhang et al. (2021) point out that online education can
break traditional education’s time and space constraints and
take full advantage of the various conveniences offered by
technological innovations in the Internet to form a new
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educational model. According to the American Society for
Training and Development (ASTD), online education relies
on the Internet and other related information and
communication technologies.

Online education platforms are a vehicle for online
teaching and learning. They are an integral part of the online
education industry, whose development depends on user
acceptance, adoption, and continued use. Zhang et al. (2020)
note that 1998 was when online education platforms rose to
global prominence and expanded rapidly from North
America and Europe to Asia. From 2010 to 2016, online
education in China benefited from the rapid development of
4G and 5G technologies and entered the mobile internet era.
After 2016, smart education and technologies such as
artificial intelligence, big data analytics, and cloud
computing became more diversified.

According to Xu and Tian (2020), two main types of
online learning platforms exist. One is a commercial online
learning platform that provides online courses and charges
fees as its main goal. At the same time, the other is an online
education platform that mainly aims to carry out online
teaching, where teachers can carry out online teaching on the
one hand, and students can use the rich learning resources
provided by the platform tools to learn online the other.
MOOC, Tencent Meeting, and other online learning
platforms based on online teaching.

“5G” is the 5th generation mobile network. The
foundation of 5G online education is analyzing how college
students use current 5G-based online learning environments.
The importance of 5G+ Education has been widely
recognized by specialists and academics in education
domestically and internationally. Chinese universities are
now using 5G technology in the education of their students.

The rapid development of education informatization
construction in Sichuan province will realize the world’s first
5G+VRS process class in 5G+smart education. Especially
since 2020, because of the COVID-19, universities in
Sichuan province will carry out online education. Sichuan
universities mainly rely on 5G online education platforms
such as Chinese MOOC, DINGDING, Tencent Meeting, and
Rain Classroom to carry out education and teaching. The use
of 5G technology will improve data. Using 5G technology
will increase data rates, reduce latency, save energy, reduce
costs, and meet personalized learning needs. Rodino (1997)
pointed out that in the virtual environment, women show
stronger social dependence than men. Wang et al. 2007)
pointed out gender differences and participation in online
learning education. Therefore, considering that gender
differences affect behavioral intentions to use 5G for online
education platforms, this paper aims to examine the factors
that influence the behavioral intentions of female university
students in Sichuan Province to use the system.
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2. Literature Review
2.1 Behavioral Intention

Venkatesh et al. (2003) believed that behavioral intention
was a person's ability to carry out a certain action in the
future. Fishbein and Ajzen (1975) state that behavioral
intention governs human behavior. According to research,
the social context, performance expectance, perceived utility,
cognitive absorption (Mpinganjira, 2019), and other factors
significantly influence behavioral intention. Luo et al. (2022)
determined that “the cognitive awareness and decision of an
individual to use a certain system depends on their level of
intention. It also displays a student’s willingness to accept a
hybrid education.”

2.2 System Quality

System quality reflects the response speed and usability
of the system (Gao & Bai, 2014), and they signified the
accuracy, adaptability, availability, convenience, efficiency,
flexibility, reliability, and response time. System quality
reflects the stability and reliability of the web services
provided to customers, as well as the practical information
and layout that allows customers to improve the efficiency
of their information search, resulting in high perceived
usefulness of the website (Zhou, 2011b). Hence, a hypothesis
is proposed:

H1: System quality has a significant influence on perceived
usefulness.

2.3 Information Quality

Information quality is the ability to use high-quality
features to help users achieve their goals, including accuracy,
completeness, relevance, and scope (DeLone & McLean,
2003) and the extent to which users perceive quality and
meet their needs and individual needs (Moores, 2012).
Cheng (2012b) argues that user usage will increase if e-
learning systems are frequently updated with useful and
diverse courses and users have access to accurate
information and a wealth of knowledge. Zhou (2011a)
mentions that the higher the quality that users perceive
information systems to provide, the easier they are likely to
be, so this study argues that the quality of information
systems is related to perceived usefulness is related, as
hypothesized below:

H2: Information quality has a significant influence on
perceived usefulness.
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2.4 Service Quality

Cheng (2012a) states that service quality is a perceived
service experience and is the difference between the
expected quality and the user's perception. (Saeed et al., 2003)
argues that service quality will affect users' perceived
usefulness and that a good product will provide timely and
professional service. The hypothesis of this study is as
follows:

H3: Service quality has a significant influence on perceived
usefulness.

2.5 Perceived Usefulness

Perceived usefulness is defined as using a system to
improve efficiency (Davis, 1989), and it refers to the benefits
derived from using the system (Brommelstroet, 2017).
Many studies have shown that PU positively impacts
technology adoption of ATT in terms of new technologies
(Bailey et al., 2017). Lee (2006) argues that students'
perceived usefulness of information technology affects
attitudes toward using new systems and, thus, motivation to
learn online. The following assumptions are made in this
paper:

H4: Perceived usefulness has a significant influence on
attitude.

2.6 Perceived Ease of Use

Cheng et al. (2015) believe that perceived ease of use is
more conducive to users' use of the system. Then some
researchers found that it covers perceived security (Cho &
Fiorito, 2009). If users think that new technology or system
learning is easier, they will be more receptive, and their
attitude and acceptance will change significantly. In learning
tools, Camarero et al. (2010) believe that when a
collaborative learning tool is used as a learning tool, online
learning tools that consider both PEOU and PU are more
likely to show a positive attitude in the study of wireless
network technology that the usefulness of the technology
would be affected by its ease of use. Hence, hypotheses are
suggested:

HS: Perceived ease of use has a significant influence on
attitude.

H6: Perceived ease of use has a significant influence on
perceived usefulness.

2.7 Social Influence

Venkatesh et al. (2003) mention that social Influence is
important in terms of the changes in attitudes or feelings
toward you. Social Influence is often measured by subjective
norms instead of social pressures, norms, or factors (Lee et
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al., 2006). Fishbein and Ajzen (1975) used subjective norms
to explain social Influence for the first time and proved that
they directly affect behavioral Intention.

In addition, it is generally believed that social Influence
greatly influences the behavior of technology acceptance
(Kesharwani & Tripathy, 2012) and the practicality of
perception and further affects the purchase intention of the
product. Kucukemiroglu and Kara (2015) studied the use of
social networks and found that Social Influence significantly
influences Behavioral Intention. Chua and Rezaei (2018)
also confirm that social Influence determines users'
behavioral Intention when using social network programs.
Accordingly, this research hypothesizes the following:

H7: Social influence has a significant influence on
behavioral intention.

2.8 Attitude

Attitude is a dispositional response to an object (Fishbein
& Ajzen, 1975). Moreover, attitude reflects a preference for
using a particular device or technology (Davis, 1989).
Chennamaneni et al. (2012) points out that attitude is the
evaluation before people act. Several behavioral research has
verified the connection between ATT and BI. (Holsapple &
Wu, 2008). In terms of research on technology use, studies
on 3D printing (Perry, 2017) and the use of a knowledge
system show that ATT has a significant positive effect on BI
in the use of the system (Elmorshidy, 2018). The following
hypotheses are derived from this study. Therefore, this study
provides a hypothesis:
H8: Attitude has a significant influence on behavioral
intention.

3. Research Methods and Materials

3.1 Research Framework

The model framework for this study uses four core
theories, the theory of planned behavior (TPB) by Ajzen
(1991), the technology acceptance model (TAM) created by
Davis (1989), the unified theory of acceptance and use of
technology (UTAUT) by Venkatesh et al. (2003), the
information systems success model (ISSM) created by
DeLone and McLean (1992), and the theory of planned
behavior (TPB) by Ajzen (1991). TPB uses attitudes and
behavioral intentions, and TAM uses factors including
perceived ease of use, perceived usefulness, attitudes, and
behavioral intentions. UTAUT uses behavioral intentions
and Social Influence, and the ISSM uses system quality,
information quality, service quality, and perceived
usefulness.



112

The framework of this study also draws on previous
models. Hu and Zhang (2016) discovered that perceived
usefulness, attitude, and behavioral intention were
significantly affected by the quality of the information,
systems, and services. Wu and Chen (2017) found that
perceived usefulness and attitude were critical to a continued
willingness to use the system. The third study was conducted
by Khan et al. (2018), who found that perceived relevance
and perceived competence of social approval significantly
positively affected students' behavioral intention to use the
system. The fourth study was conducted by Bakhsh et al.
(2017), who found that students' attitudes strongly
influenced behavioral intentions. The conceptual framework
of this study is proposed in Figure 1.

Perceived Social
Ease of use Influence
System H7
Quality v He Hs
HI
. Perceived ) H8 )
Infermation H2 usE;ueII::ss N Attitude B‘ehaw_cral
Quality ntention
. H3
Service
Quality

Figure 1: Conceptual Framework

H1: System quality has a significant influence on perceived
usefulness.

H2: Information quality has a significant influence on
perceived usefulness.

H3: Service quality has a significant influence on perceived
usefulness.

H4: Perceived usefulness has a significant influence on
attitude.

HS: Perceived ease of use has a significant influence on
attitude.

H6: Perceived ease of use has a significant influence on
perceived usefulness.

H7: Social influence has a significant influence on
behavioral intention.

HS8: Attitude has a significant influence on behavioral
intention.

3.2 Research Methodology

The researcher applied nonprobability sampling for the
quantitative approach with a questionnaire. To analyze all
four hypotheses, a 5-point Likert scale was used to measure
eight proposed variables, ranging from strong disagreement
(1) to strong agreement (5). Three experts’ rating of the IOC
(index of the item—objective congruence) and pilot test for 30
respondents have been tested, and Cronbach's alpha approach
was tested for reliability. The IOC’s results are all passes at
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0.67 or above. The CA results are acceptable above 0.7. The
researcher sent to undergraduates from three universities in
Sichuan who had used 5G for online learning, namely
Sichuan University, Southwest Jiaotong University, and
Xihua University. Following the validity and reliability test,
the questionnaire was given to the intended respondents, and
560 approved female responses were obtained.

After the data were collected, CFA was used to measure
and test the reliability and validity of the study model. The
validity and reliability of the conceptual study model were
evaluated using the outcomes of discriminant validity and
convergent validity, including composite reliability, factor
loading, and average variance extracted analysis. Using
structural equation modeling to analyze and explore the
factors influencing college students' behavioral intentions to
use 5G for online learning. From the eight proposed
hypotheses and research questions, seven of which were
supported and proven.

3.3 Population and Sample Size

Judging from previous studies, many studies on online
learning have attempted to explore gender differences in
online learning. Wang et al. (2007) stated gender differences
and participation in online learning education. The sample
size of the structural equation model suggested that at least
444 respondents should participate in the study (Soper,
2023). In this study, the researcher selected female students
at three universities in Sichuan Province to draw the
conclusion and represent the target population. A total of 600
respondents eventually took part, and after data screening,
560 valid questionnaires were used in this study.

3.4 Sampling Technique

Judgmental sampling in this study is to select female
college students in Sichuan. In order to make the sample more
representative, the researchers selected three universities as
the sample units. In order to select samples that allow the
representation of the population, stratified sampling
techniques were applied to calculate several sample sizes, as
exhibited in Table 1. The study required a minimum of 500
questionnaires. For convenience sampling, the data collection
was completed through online distribution of questionnaires.

Table 1: Sample Units and Sample Size

q . . Proportional

University Population Sl S
Sichuan University 30908 219
Southwest Jiaotong University 16170 114
Xihua University 23580 167
Total 70658 500

Source: Constructed by author



Wang Xi / The Scholar: Human Sciences Vol 16 No 1 (2024) 109-117

4. Results and Discussion
4.1 Demographic Information

The demographic target for this study of 560 respondents
is profiled in Table 2, with over 70 percent of respondents
between the ages of 18 and 30. Statistics for the measurement
scales included analysis of data concentration trends and
variability analysis. The study used means and standard
deviations, as shown in Table 3. The standard deviations for
each item under the observed variables ranged from 0.789 to
1.051, with none of the standard deviations exceeding the
mean, indicating little variability in this data set.

Table 2: Demographic Profile

Demographl(tls\I 2:;(; (:.)’General Data iy | e
Age stage 18-30 402 71.79
30 and over 158 28.21
University Sichuan University 219 39.11
Southwest Jiaotong 114 20.36
University
Xihua University 227 40.53

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

Confirmatory factor analysis was performed in the study
to assess the measurement model and gauge how well it suited
the data. Construct validity is used in cases where multiple
indicators are measured. It is usually measured using both
inductive and discriminant validity. Convergent validity may
be assessed using the test's reliability indicator, Cronbach's
alpha, factor loading, composite reliability, and average
variance extracted. As shown in Table 6, if Cronbach's alpha
values are more than 0.8, the items’ internal consistency is
considered dependable. Good internal consistency is
indicated by composite reliability (CR) score of more than 0.6
for the model (Wu, 2010).

Factor loading reflects the effect of each latent variable on
the measured variable. The factor loading for the second data
set (female) ranges from 0.683 to 0.896, so each measurement
corresponds to a factor loading greater than 0.5. The data
results show that CR range from 0.830 to 0.934, and AVE
values range from 0.549 to 0.779. So social influence is the
factor with the highest internal consistency.

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

. Source of Questionnaire No. of Cronbach's Factors

VAL (Measurem%nt Indicator) Item Alpha Loading L AL
Behavioral Intention (Bl) Fishbein and Ajzen (1975) 4 0.844 0.725-0.783 0.845 0.577
Attitude (ATT) Fishbein and Ajzen (1975) 4 0.856 0.756-0.784 0.856 0.597
Social Influence (SI) Rashotte (2007) 4 0.934 0.872-0.896 0.934 0.779
Perceived Ease of Use (PEOU) Davis (1989) 4 0.829 0.719-0.755 0.830 0.549
Perceived Usefulness (PU) Davis (1989) 4 0.841 0.683-0.817 0.843 0.574
System Quality (SQ) Kim et al. (2004) 4 0.839 0.725-0.791 0.840 0.567
Information Quality (1Q) DeLone and McLean (1992) 4 0.851 0.730-0.798 0.852 0.590
Service Quality (SVQ) Roca et al. (2006) 3 0.854 0.808-0.820 0.854 0.661

As in Table 4, the model has a good fit, the values of each
indicator were CMIN/DF = 1.009, GFI = 0.956, AGFI =
0.946, NFI = 0.956, CFI = 1.000, TLI = 0.999, and RMSEA
= (0.004, which is acceptable.

Table 4: Goodness of Fit for Measurement Model

When the square root of the AVE of each latent variable
on the diagonal is greater than the correlation coefficient
between that variable and the other variables, it means that
the latent variables are both correlated and differentiated
from each other, and the discriminant validity of the scale
data is ideal, as shown in Table 5.

Fit Index Acceptable Criteria DL G
Values
CMIN/df | < 5.00 (Al-Mamary et al., 2015; 409.831/406 or Table 5: Discriminant Validity
Awang, 2012) 1.009 BI |ATT| SI | PEOU| PU SQ 1Q SVQ
GFI >0.85 (Sica & Ghisi, 2007) 0.956 BI 0.759
A’\ﬁ:'jl =0.80 (Sica & Ghisi, 2007) 83‘5‘2 ATT 1032110773
= 080 (Wu & Wang, 2006) : ST |03390.320(0.883
el = 080 (Bentler, 1990) Lo PEOU |0.288]0.363|0.272| 0.741
TLI > 0.80 (Sharma et al., 2005) 0.999 . . i ’
RMSEA | < 0.08 (Pedroso et al., 2016) 0.004 PU  10.264/0.302/0.240] 0.352 | 0.758
In harmony SQ 0.32510.418]0.248| 0.392 | 0.291 | 0.753
Model . ..
with empirical 1Q
Summary data 0.243]0.417]|0.281| 0.425 | 0.251 | 0.398 | 0.768
Remark: CMIN/DF = The ratio of the chi-square value to degree of freedom, SVQ  103970.353/0.278| 0317 | 0230 | 0285 | 0295 | 0.813

GFI = Goodness-of-fit index, AGFI = Adjusted goodness-of-fit index, NFI =
Normed fit index, CFI = Comparative fit index, TLI = Tucker—Lewis index, and
RMSEA = Root mean square error of approximation.

Note: The diagonally listed value is the AVE square roots of the variables
Source: Created by the author.
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4.3 Structural Equation Model (SEM)

Structural equation modeling was used to assess the fit
and the correlation of variables that influence college
students' behavioral intentions to utilize the 5G for online
education. The researchers used the same fit metrics they
used for the CFA to assess the model fit of the structural
model. The acceptable fit values in Table 6 were contrasted
with the statistical values for each indicator in the CMIN/DF
= 2.395, GFI = 0.879, AGFI = 0.860, NFI = 0.889, CFI =
0.932, TLI =0.926, and RMSEA = 0.050 were the statistical
values for the statistical values of the indicators were
appropriate and confirmed the applicability of the structural
model.

Table 6: Goodness of Fit for Structural Model

Index Acceptable Criteria Statistical
Values
CMIN/df | < 5.00 (Al-Mamary et al., 2015; 1022.202/426
Awang, 2012) or 2.395
GFI >0.85 (Sica & Ghisi, 2007) 0.879
AGFI >0.80 (Sica & Ghisi, 2007) 0.860
NFI > 0.80 (Wu & Wang, 2006) 0.889
CFI > 0.80 (Bentler, 1990) 0.932
TLI > 0.80 (Sharma et al., 2005) 0.926
RMSEA | < 0.08 (Pedroso et al., 2016) 0.050
In harmony
Model with
Summary empirical
data

Remark: 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=Normed fit index, CFI = Comparative fit index, TLI = Tucker—
Lewis index, and RMSEA = Root mean square error of approximation.

4.4 Research Hypothesis Testing Result

There are eight hypotheses proposed for this research,
the eight proposed hypotheses were supported, as
summarized in Table 7, and behavioral intention to use 5G
for online learning was again strongly influenced by attitude,
followed by social influence.

Table 7: Hypothesis Results of the Structural Equation Modelin,

Hypothesis ® t-value Result
H1: SQ—PU 0.190 3.895%%* Supported
H2: IQ—PU 0.092 1.930* Not Supported
H3: SVQ—-PU 0.125 2.612%* Supported
H4: PUSATT 0.242 4.840%** Supported
H5: PEOU—SATT 0.330 6.345%%* Supported
H6: PEOU—PU 0.278 5.514 Supported
H7: SI-BI 0.292 6.351%** Supported
HS8: ATT—BI 0.303 6.188%** Supported

Note: *** p<0.001, ** p<0.01, * p<0.05
Source: Created by the author
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In the hypothesized relationship for H1, the set of data
was 0.190 with a t-value of 3.895, consistent with the
findings of (Fang et al., 2019; Gao & Bai, 2014). In the
hypothesized relationship for H2, the standardized path
coefficient for the second data set was 0.092, with a t-value
of 1.930. this indicates that information quality does not
affect women's perceived usefulness and therefore does not
support H2 and rejects the original hypothesis at the p<0.05
test level.

In the hypothesized relationship for H3, the normalized
route coefficient was 0.125, and the t-value was 2.612. This
is consistent with Roca et al. (2006) and Lee (2010) findings.
In the hypothesized relationship for H4, the normalized
route coefficient was 0.242, and the t-value was 4.84. Thus,
the more useful students find 5G for online education, the
more likely they will learn it (Hanafizadeh et al., 2014;
Venkatesh & Davis, 2000). In the hypothetical relationship
for HS, the standardized path coefficient was 0.330, and the
t-value was 6.345. The influence on attitudes toward SGOEP
use comes primarily from perceived ease of use (Benbunan-
Fich & Hiltz, 2003; Camarero et al., 2010; Lee et al., 2007).
Perceived ease of use indirectly influences behavioral
intentions through attitudes to use and directly contributes
to the attitude. In the hypothetical relationship of H6, the
standardized path coefficient is 0.278, and the t-value is
5.514. 1t is clear from the results that perceived ease of use
has a significant effect on perceived usefulness (Park &
Chen, 2007, Wakefield & Whitten, 2006). In the
hypothetical relationship for H7, the standardized path
coefficient is 0.292, and the t-value is 6.351. they indicate
that female university students are susceptible to peer,
teacher, and social influences affecting the use of 5G for
online education. Kucukemiroglu and Kara (2015) and Chua
and Rezaei (2018) also came to the same conclusion.

In the hypothetical relationship for H8, the standardized
path coefficient is 0.303, and the t-value is 6.188. It can be
concluded that the strongest factors influencing behavioral
intentions are attitudes (Chennamaneni et al., 2012;
Elmorshidy, 2018; Holsapple & Wu, 2008; Perry, 2017).

5. Conclusion and Recommendation
5.1 Conclusion and Discussion

This study provides a comprehensive analysis of the
important factors influencing the behavioral intention of
female university students in Sichuan Province to use 5G for
online education. The researcher used four core theories and
theoretical frameworks from previous studies and applied
seven variables and eight hypotheses for the analysis. A
questionnaire was administered, and the target respondents
were female university students from three universities in
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Sichuan, China, who were all over 18 years old and admitted
to using 5G for online education. The researcher received
560 valid questionnaires. The study used Confirmatory
Factor Analysis to measure and test the reliability and
validity of the research model. The validity and reliability of
the conceptual research model were evaluated using the
results of discriminant validity, convergent validity, and the
structural equation model to analyze and explore the factors
influencing female undergraduate students' behavioral
intention to use 5G for online education, of which seven
hypotheses were supported and proven, One hypothesis was
not supported, for female undergraduate students, attitude
and social influence significantly influenced female
undergraduate students' behavioral intention to use 5G for
online education, with attitude being the strongest predictor
and indirect factors, perceived ease of use system quality,
and service quality, but information quality was not
significantly influenced by information quality.

5.2 Recommendation

The findings of this paper can be used by 5G for online
education developers, marketers, senior managers in higher
education institutions, or related practitioners as an
important reference factor when considering increasing
student usage. There are three main recommendations. First,
attitudes were the strongest predictor of behavioral intention
to use compared to social influence. Second, female students
were more concerned about the impact of service quality,
system quality, and ease of use on perceived usefulness than
information quality. Second, female students are more
concerned about the impact of service quality, system
quality, and ease of use on perceived usefulness than
information quality. Compared to traditional learning
methods, e-learning platforms provide richer and more up-
to-date information, which makes it perceived as effective
by learners and arouses students' interest in learning (Al-
Omairi et al., 2021). Third, when selecting and using 5G for
online education in universities, it is important to ensure that
the interest of students in learning is aroused as much as
possible and to improve the quality and ease of use of the
system in order to facilitate female students to make better
use of the platform system and create a positive learning
experience.

5.3 Limitation and Further Study

The limitations of this study are that the scope of the
target population is three universities in Sichuan, not all
regions and all students are currently covered, and only
online education platforms using 5G technology support
have been studied. Quantitative analysis could provide a
significance of the data results, but not yet clear
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interpretation of the motives behind respondents. Therefore,
future scholars should consider to conduct qualitative
method.
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