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Abstract

Purpose: The research investigates factors impacting the E-learning Behavioral Intention and Use behavior of undergraduates in
non-English majors of Chengdu University who represent the undergraduates of Sichuan Province in China. Research design,
data, and methodology: 496 sample data from the target group was gathered using a questionnaire and the quantitative approach.
After the index of item-objective congruence (I0C), and Cronbach's Alpha, the Confirmatory factor analysis (CFA) was applied
to test the data to verify the causal link between the variables and the model's goodness of fit. Finally, the Structural Equation
Model (SEM) was again applied to conclude the impact strength of each variable. Results: All six hypotheses are supported at
the p-value ranging from, showing a significant impact. The impact strengths of the factors are in the order of behavioral intention
to use behavior, hedonic motivation to behavioral intention, self- efficacy to behavioral intention, effort expectancy to behavioral
intention, facilitating conditions to use behavior, and performance expectancy to behavioral intention. Conclusions: In order to
spread English E-learning among undergraduates in China, governments, university administrators, and English E-learning
cooperating companies should pay full attention to the impacting factors investigated in this research and follow up policies and
measurements to create a comfortable English E-learning setting.
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1. Introduction

Retrospectively, the development of e-learning in China
has four stages. The first stage is the audio-visual teaching
stage. At the beginning of the birth of information teaching,
Audio-visual Teaching (AT) was mostly carried out in large
cities in the form of slides, recordings, and films. The second
stage is the computer-assisted Teaching (CAT) stage. The
development of computers promoted the application of CAT
experiments. Stage three is the Network Teaching (NT) stage,
during which the multimedia network system with network
and computer are regarded as the core parts and become
more mature and widely used in teaching (Samsudeen &
Mohamed, 2019). Now, Chinese education is in the fourth
Intelligent Teaching (IT) stage. The development of
intelligent technology opened the talent training mode and
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education and teaching reform in the new era.

There is a huge demand for English E-learning in China,
as The Ministry of Education of China issued the College
English Curriculum Requirements (CECR), which required
that the single educational mode dominated by teacher
teaching should be improved, all universities should fully
utilize modern information technology, and classroom and
computer-based English education should be implemented.
The proposal of CECR is essential for the rapid improvement
of IT and e-tech, which represented a development trend of
English teaching and learning in the era and triggered a major
E-learning reform in foreign language teaching and learning
in Chinese universities.

There is a curriculum-compulsive force for
undergraduates to learn English online, which makes studies
in the way of English E-learning extremely urgent. English
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learning is vital for students in universities.  College
English, a compulsory course, lasts for the first two years of
students’ university careers (first- and second-year students).
During these two years, students have the chance to use
English E-learning. There are 16 credits for the course at
Chengdu University.

2. Literature Review

2.1 Performance Expectancy

Performance Expectancy (PE) is the utility obtained from
using a particular service, such as time, money, effort savings,
convenience of payment, rapid recovery, and service efficacy
(Tarhini et al., 2016). PE, in other words, gauged the degree
to which an individual considers that using a service will
enable him or her to profit from a banking job. Thongsri et
al. (2018) define PE as the extent to which a person believes
that adopting these technologies will enable him or her to
accomplish his or her goals. Samsudeen and Mohamed (2019)
measure PE as the extent to which a person believes that
adopting a particular information system will improve his or
her ability to do his or her job. As to the feature, Tarhini et al.
(2017) state that the degree to which individuals feel utilizing
a particular technology is commonplace for them and will
enhance their performance is known as PE. It describes how
strongly a person feels using E-learning would enhance
academic achievement. PE, which refers to the
academician’s view that E-learning will allow them to do
their job tasks more effectively and efficiently, is described
in the study by Gunasinghe et al. (2020) as the user’s belief
that the target technology will improve his or her
performance for work-related advantages.

H1: Performance expectancy has a significant impact on
behavioral intention.

2.2 Effort Expectancy

Effort Expectancy (EE) is the amount to which a person
feels he or she can utilize a technology without further effort.
It represents the ease with which consumers can apply a
technology (Samsudeen & Mohamed, 2019). Considering
that E-learning is still in its developmental phase, EE is
regarded as one of the most influential aspects in determining
users’ Behavioural Intention (BHI) to utilize the system.
Gunasinghe et al. (2020) said that EE is the idea that a
person’s contact with a specific technology is problem-free.
In the context of this research, EE refers to the academics’
perception that E-learning is simple to handle. Prior research
indicated that EE significantly affects the selection of BHI to
use and actual technology usage (Thongsri et al., 2018). It is
reinforced by the study’s conclusion that EE has a major
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effect on BHI since applications requiring substantial effort
to use would dissuade users from adopting it (Chua et al.,
2018). If students have discovered that now E-learning is an
easy-to-use and learn-with system, they would assume that it
can assist them in achieving their learning objectives. Thus,
Universities should consider this element when designing
and changing E-learning, which makes it as easy to use as
feasible (requiring less work) to encourage student adoption
(Abbad, 2021). Subsequently, a hypothesis is derived:

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

2.3 Hedonic Motivation

Hedonic Motivation (HM) is described by Tarhini et al.
(2017) as the method used to measure the user’s user
satisfaction and perceived entertainment. The hedonic
incentive was introduced to their new model to incorporate
the function of intrinsic utilities. The significance of HM
originates from the novelty-seeking and inventiveness
inherent in using new systems. Mittal et al. (2022) defined it
as “an internal type of motivation that may include
enjoyment, amusement, or pleasure obtained from utilizing
any technology.” HM is an internal motivator that indicates
the extent to which information technology use results in
pleasure (IT). Similar to how EE, UB, and FC are significant
predictors of academicians’ BHI to use e-learning, HM
impacts academicians’ BHI to use e-learning (Gunasinghe et
al., 2020). Based on the self-determination theory, it is
hypothesized that individuals will be intrinsically driven to
engage in E-learning if they are interested in utilizing it.
Mikalef et al. (2016) pointed out learners perceive that they
will benefit from a certain E-learning, they will actively
attempt to embrace and institutionalize it to improve their
knowledge and abilities.

Consequently, HM influences HBI’s use of e-learning
technologies. Prior research has determined that HM has a
crucial role in affecting the BHI of technology users,
particularly in e-learning (Samsudeen & Mohamed, 2019).
Therefore, when E-learning makes consumers happy, they
are more likely to utilize it. HM has a good and substantial
impact on students’ BHI to utilize E-learning technologies.
Subsequently, a hypothesis is derived:

H3: Hedonic motivation has a significant impact on
behavioral intention.

2.4 Self-Efficacy

Scholars defined Self-efficacy (SE) as an individual’s
perception of computer skills as part of IT usage. SE is
described in IT as “an individual’s views about his or her
ability to utilize computers to complete a job, rather than
simple component abilities” (Compeau & Higgins, 1995).
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SE impacts judgments over which behavior to adopt and the
associated effort and persistence. It can be a source of self-
motivation (Kankanhalli et al., 2005). Zhang et al. (2012)
indicated that SE refers to a person’s confidence during his
or her capacity to accomplish the activity. It does not indicate
a person’s real skills and abilities but acts as a type of self-
evaluation of their potential. A greater degree of SE increases
an individual’s propensity to engage in a particular behavior.
SE relates specifically to students’ confidence in providing
important knowledge in a discussion format. In the context
of e-learning technology, McFarland (2001) verified that SE
in computer technology directly impacts e-learning
utilization, usefulness, ease of use, and perceived utility.
According to Lam et al. (2007), the most influential factor
on hotel workers’ BHI regarding implementing information
technology was SE (IT). Subsequently, a hypothesis is
derived:

H4: Self-efficacy has a significant impact on behavioral
intention.

2.5 Behavioral Intention

Four elements, namely organizational support, individual
acceptance, societal beliefs, and the quality and
dependability of the information technology system,
significantly impact the Behavioral Intention (BHI) of
students who actively utilize (ACT) technology (Tandon et
al., 2021). Chua et al. (2018) described BHI as an
individual’s willingness and purpose to engage in a specific
behavior. According to the model results, the assumption
demonstrating the beneficial effect of BHI had not been
supported, the link between BHI and Use Behaviour (UB)
diverges (Twum et al., 2021). Chua et al. (2018) determines
technological acceptability. Therefore, the acceptance of E-
learning is a strong indicator of the BHI within the E-learning
context. BHI is the measure of the likelihood that the
behavior will be performed, which leads to use intention.
Subsequently, a hypothesis is derived:

H5: Behavioral intention has a significant impact on use
behavior.

2.6 Facilitating Conditions

UTAUT also hypothesizes that Facilitating Conditions
(FC) directly affect UB; UB comprises behavioral control,
FC, and compatibility (Maldonado et al., 2011). Samsudeen
and Mohamed (2019) stated that FC is the physical location
or environmental variables that persuade a person to engage
in certain behaviors. It is an ambient component that
influences an individual’s perception of a task’s difficulty or
ease. It is the external resources required to assist the
execution of a specific behavior. As defined by Gunasinghe
et al. (2020), FC refers to the user’s perception that
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infrastructure and equipment are readily available to
facilitate the application of targeted technology. Abdou and
Jasimuddin (2020) discovered that FC impacts BHI to utilize
E-learning systems. FC may comprise assistance, knowledge,
and E-learning, leading to the appearance, training, etc., that
might impact a student’s desire to utilize E-learning,
according to Twum et al. (2021). Subsequently, a hypothesis
is derived:

He6: Facilitating conditions has a significant impact on use
behavior.

2.7 Use Behavior

The intensity of users' use of a technology is known as
Use behavior (UB) (Awwad & Al-Majali, 2015). Chua et al.
(2018) frequently calculate UB using actual frequency data
from technology use. Many different models of technology
adoption have been proposed to describe how people use
technology. It is so because UB is the best at determining
how people use a given technology. Additionally, the effect
on UB done by BHI is significant and positive in the TPB,
TAM, and DTPB models. According to Taylor and Todd
(1995), a person's prior technology use will likely result in
higher BHI and a stronger UB of technology. Williams et al.
(2015) have shown that numerous technology adoption
models have been created to describe how people use
technology because consumer UB is the best indicator of
actual technology usage. Tarhini et al. (2016) highlighted the
significance of the connection between BHI and UB for E-
learning.

3. Research Methods and Materials
3.1 Research Framework

There are three theoretical frameworks listed in detail as
follows.

Based on UTAUT, Tandon et al. (2021) determined the
facilitators and obstacles in the acceptance of e-learning
among architecture undergraduate students. Five constructs
are described as inhibitors, and nine are recognized as
facilitators. A systematic questionnaire received responses
from 596 undergraduate architecture students.

Tarhini et al. (2017) explored the main variables
influencing or impeding the acceptance of the e-learning
system in the UK. UTAUT2 created the conceptual
framework by adding two more components -- trust and Self-
efficacy (SE).

The major goal of Samsudeen and Mohamed's (2019)
study was to look at significant elements that can favor or
hinder undergraduates and graduate students located in 15
public schools in Sri Lanka from adopting or using E-
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learning technologies consistently. Sri Lankans were
perceived as having high-power distance, feminine values,
and collectivism in their culture.
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Figure 1: Conceptual Framework

H1: Performance expectancy has a significant impact on
behavioral intention.

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

H3: Hedonic motivation has a significant impact on
behavioral intention.

H4: Seclf-efficacy has a significant impact on behavioral
intention.

H5: Behavioral intention has a significant impact on use
behavior.

Hé6: Facilitating conditions has a significant impact on use
behavior.

3.2 Research Methodology

Survey questionnaires needed to be employed to gather
quantitative research data (Chen & Hirschheim, 2004).
Students of higher education in China should not employ
qualitative research since it is difficult to generalize from such
studies (Hennink et al., 2020), which means that a
quantitative research method is significantly more
appropriate for studies on Chinese students enrolled in higher
education than a qualitative one.

Prior to full-scale implementation, assessments were
conducted to gauge the item-objective congruence (IOC)
index through expert ratings, alongside a pilot test gathering
50 responses. The 10C results achieved a passing threshold
of 0.6. Additionally, the questionnaire's validity and reliability
were evaluated utilizing the Cronbach's Alpha approach,
yielding a score of 0.7 or higher (Nunnally & Bernstein,
1994). Subsequent to reliability testing, statistical software
was employed to analyze 496 accepted responses.

The researcher used a survey in the current investigation

289

by giving the questionnaire to the participants in the unit. The
respondents must answer every item on a self-administrative
survey or independently. Then SEM executed the statistical
testing and hypotheses verifying in statistical software makes
the results precise and the analyses scientific.

3.3 Population and Sample Size

The target population was identified by Johnson and
Christensen (2020) as an unconnected group of people who
might be distinguished by the shared goal or intent to gather
and analyze information in a quantitative research area.
Saunders et al. (2016) stated that the target population was
regarded as the study's dominating population and was thus
also a component of the general population.

The target populations are the undergraduates of
Chengdu University, a public university and a typical
comprehensive school with more than ten discipline
categories and 69 majors, of which there were more than
27,000 undergraduates covering first- and second-year
students of non-English majors in Chengdu University.

3.4 Sampling Technique

Ogula (2005) predicted that a sampling method was a
process or technique for choosing a sub-group from a certain
population in a quantitative or qualitative studys; it is the first
stage before selecting a sizable number of people for a
particular study. According to Sullivan et al. (2012), the study
subject determines the sampling strategy, and the researcher
may combine multiple sampling procedures.

This study uses Judgment and quota sampling as two
stages to identify Chengdu University undergraduates.
Thanks to this selection criterion, the samples might reflect
the whole geographic region of Chengdu, Sichuan.
Additionally, to exclude target respondents with more than a
year of experience with English E-learning, the author sent
questionnaires with screening questions.

Halabi and More-Espuivel (2017) stated that the minimal
sample size required for structural equation modeling should
be 100 people. Kline (2016) states that 375 samples are
required as a minimum for SEM. With seven latent variables
investigated and 29 scale items required, the minimum
sample size calculated by the Daniel Soper calculator is
suggested to be 425. Hence, the number of 450 samples for
the target population is finally determined in the research.

Table 1: Sample Units and Sample Size

Four Main . q
Majors (Non- Grades POP;il;:mn 1;:;::;;:2?;]
English Majors)
Computer Freshmen 445 72
Science Sophomore 432 70
Food and Freshmen 503 81




290

Shuhui Wang / The Scholar: Human Sciences Vol 17 No 2 (2025) 276-295

Four Main P . q Demographic and General Data
. opulation | Proportional _ Frequency | Percentage

Majors (Non- Grades Size Stevir b s (N=496)
English Majors) and Science Sophomore 72 14%
Biological Sophomore 461 74 Year of | Food and Freshmen 82 17%
Engineering Study Biological Sophomore 75 15%

Education Freshmen 304 49 Engineering
Sophomore 282 45 Education Freshmen 54 11%
Tourism and Freshmen 186 30 Sophomore 51 10%
Culture Industry Tourism and | Freshmen 33 7%
Sophomore 179 29 Culture Sophomore 56 11%

Total 2792 450 Industry

Source: Constructed by author Devices | by phone 306 62%
Used by computer 158 32%
by phone and computer 32 6%

4. Results and Discussion
4.1 Demographic Information

Questionnaire delivery and collection were held during
September and October 2023. Five hundred questionnaires
were delivered, 497 samples were collected, and 496 were
available.

Table 2 illustrates the characteristics of the demographic,

who are first- and second-year students of non-English majors.

Table 2: Demographic Profile

Demographic and General Data Frequency | Percentage
(N=496)
Gender | Male 214 43%
Female 282 57%
Majors Computer | Freshmen 73 15%

4.2 Confirmatory Factor Analysis (CFA)

Lewis et al. (1995) used the statistical research method of
confirmatory factor analysis (CFA) to estimate the mutual
features among the variables for their hypothesis. According
to Allen et al. (2009), the model of measurement, also known
as CFA, was a method for figuring out how a group of
indicators varied from one another. There is no need to be
modified; all the practical values for Goodness of Fit are
performing well with relevantly high standards.

According to Hulland (1999), the Factor loading value
should be more than 0.5. As shown in Table 5, the data for it
range from 0.730 to 0.850, which means excellent results. The
two figures suit the standards for CR, which is required for
above 0.7, and for AVE, which is asked for more than 0.5
(Bagozzi & Yi, 1988). Naturally, the data for Discriminant
Validity is also confirmed.

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

. Source of Questionnaire No. of | Cronbach's Factors
Variables (Measureernt Indicator) Item Alpha Loading CR AVE
Performance Expectancy (PE) Tarhini et al. (2016) 4 0.875 0.971-0.806 0.875 0.635
Effort Expectancy (EE) Samsudeen and Mohamed (2019) 4 0.867 0.779-0.801 0.870 0.625
Hedonic Motivation (HM) Tarhini et al. (2017) 3 0.836 0.776-0.827 0.837 0.631
Self-Efficacy (SE) Compeau and Higgins (1995). 4 0.867 0.754-0.817 0.868 0.622
Facilitating Conditions (FC) Samsudeen and Mohamed (2019) 5 0.885 0.754-0.808 0.886 0.608
Behavioural Intention (BHI) Tandon et al. (2021) 5 0.870 0.738-0.792 0.870 0.573
Use Behaviour (UB) Chua et al. (2018) 4 0.875 0.754-0.801 0.864 0.613
To guarantee the robustness of the research, an Fit Index Acceptable Criteria Statistical Values
examination was conducted on the square root of the CFI 2 0.90 (Bentler, 1990) 0.981
. . . NFI > 0.90 (Hair et al., 2006) 0.936
extracted average variance, ensuring that all correlations TLI = 0.90 (Hair et al. 2006) 0070
surpass the respective values for each variable, as outlined in Model | = Accéptable
Table 4. In conducting Confirmatory Factor Analysis (CFA), Summary Model Fit

various fit indices, including GFI, AGFI, NFI, CFI, TLI, and
RMSEA, were utilized to evaluate the model's fit.

Table 4: Goodness of Fit for Measurement Model

Fit Index Acceptable Criteria Statistical Values
CMIN/DF | <3.00 (Hair et al., 2010) 1.384
GFI > 0.80 (Kafetsios et al., 2011) 0.937
AGFI > 0.80 (Sica & Ghisi, 2007) 0.923
RMSEA | <0.08 (Pedroso et al., 2016) 0.028

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, RMSEA = root mean square error of approximation, NFI =
normalized fit index, CFI = comparative fit index and TLI = Tucker Lewis
index

The findings of this study, outlined in Table 5, indicate
that both convergent and discriminant validity surpass the
acceptable thresholds. Consequently, the study successfully
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establishes convergent and discriminant validity. Moreover, Statistical Statistical
these measurement results affirm discriminant validity and L b Al Coftene el Dt | sl i
. . . Adjustment Adjustment
validate the estimation of subsequent structural models. al.. 2016)
o o CFI >0.90 (Bentler, 0.939 0.954
Table 5: Discriminant Validity 1990)
PE EE HM | SE FC | BHI | UB NFI >0.90 (Hair et al., 0.894 0.898
PE 0.797 2006)
EE 0.302 0.791 TLI >0.90 (Hair et al., 0.933 0.936
HM 0.244 0.286 | 0.794 2006)
SE 0.186 0.251 | 0.204 | 0.789 Model Unacceptable Acceptable
FC 0.280 0.335 | 0.237 | 0.332 {0.780 Summary Model Fit Model Fit
BHI 0.243 0.320 | 0.312 | 0.302 |0.348| 0.757 Remark: CMIN/DF = The ratio of the chi-square value to degree of
UB 0.295 0.294 | 0.306 | 0.255 10.283| 0.378 | 0.783 freedom, GFI = goodness-of-fit index, AGFI = adjusted goodness-of-fit

Note: The diagonally listed value is the AVE square roots of the variables
Source: Created by the author.

4.3 Structural Equation Model (SEM)

Structural equation modeling (SEM) is applied to analyze
the collected data. SEM performs better than other
techniques because it is integrative in many standard
measurements, including correlation, multiple-regression,
and factors-effects, into one single software (Lowry &
Gaskin, 2014). At the 0.05 (p > 0.05) criterion, the ChiSquare
(CMIN/DF) would yield an inconsequential result and a
satisfactory fit of the model (Barrett, 2007). According to
Blunch (2013), the GFI ranges from 0 to 1. Meanwhile,
Kafetsios et al. (2011) pointed out that it is acceptable when
GFI is more than 0.8. As Sica and Ghisi (2007)
recommended, a value of 0.80 or above is suitable for GFI
and AGFI. In addition, the model fit should be at the level
where the RMSEA is less than 0.05 (Browne & Cudeck,
1993). Hair et al. (2006) have verified that the optimal level
for the model fit is 0.90, which means that the CFI threshold
should be equal to or greater than 0.90. Hair et al. (2006) said
that the optimal degree of the fit level that the researcher has
incorporated into the indices for the present academic study,
similar to CFI, should be either greater than or equal to 0.90
for NFIL. Hair et al. (2006) TLI is between 0 and 1, where 1
indicates a perfect match. The appropriate degree for the TLI
threshold should be larger than or equal to 0.90.

Table 6: Goodness of Fit for Structural Model

Statistical Statistical
Fit Index Acceptable Criteria | Values Before | Values After
Adjustment Adjustment
<3.00 (Hair et al., 2.199 2.138
CMIN/DF 2010)
GEI >0.80 (Kafetsios et 0.890 0.893
al., 2011)
>0.80 (Sica & Ghisi, 0.871 0.874
AGFI 2007)
RMSEA | <0.08 (Pedroso et 0.049 0.048

index, RMSEA = root mean square error of approximation, NFI =
normalized fit index, CFI = comparative fit index and TLI = Tucker Lewis
index

4.4 Research Hypothesis Testing Result

The results show that all the hypotheses are supported by
the P value ranging from < 0.001 to < 0.01, with the factors’
impact strength in the order of BHI to UB (f=0.387, P<
0.001), HM to BHI (B=0.256, P< 0.001), SE to BHI ($=0.237,
P< 0.001), EE to BHI (f=0.223, P< 0.001), FC to UB
(B=0.187, P<0.001), and PE to BHI (B=0.130, P=0.007).

Table 7: Hypothesis Results of the Structural Equation Modeling

Hypothesis (D) t-value Result
Hl: PESBHI 0.130 2.691%* Supported
H2: EE—BHI 0.223 4.477*** Supported
H3: HM—BHI 0.256 5.008*** Supported
H4: SE>BHI 0.237 4.734%%* Supported
HS: BHI-UB 0.387 7.270%** Supported
H6: FC—>UB 0.187 3.819%*** Supported

Note: *** p<0.001, ** p<0.01
Source: Created by the author

In terms of factors impacting Behavioral Intention (BHI),
Hedonic Motivation (HM) has the highest significant
directed effect on BHI with =0.256 and p < 0.001, showing
as the strongest variable effect of English E-learning in the
population of non-English majors’ BHI, which is similar as
previous researches done by (Samsudeen & Mohamed, 2019;
Tandon et al., 2021; Twum et al., 2021). Hence, H3 is
confirmed.

Considering the reliability of each item of Hedonic
Motivation ranged at 0.700 (HM1=0.755, HM2=0.784, and
HM3=0.779), which are all on the level of good but lower
than the items of other variables, making the highest factor
total effect of Hedonic Motivation not as high up
distinguished as it is in other researches. This result implies
that a small proportion of Chinese undergraduates of non-
English majors are reluctant to recognize and exhibit their
favor of English E-learning, even though the reaction would
not obstruct Hedonic Motivation being the baseline and the
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most impactful factor on Behavioral Intention on applying
English E-learning in this research.

Then it is followed by Self-efficacy (SE) (p=0.237, p <
0.001) and Effort Expectancy (EE) ($=0.223, p < 0.001),
indicating that non-English first- and second-year students
have the confidence in using English E-learning and find
learning English online easy, which have already been
proved by (Ali etal., 2018; Chandio et al., 2013; Zimmerman
& Kitsantas, 1999) on Self-efficacy and (Samsudeen &

Mohamed, 2019; Tandon et al., 2021; Tarhini et al., 2017) on

the effect of Effort Expectancy. Hence, both H4 and H2 are
both confirmed.

It is not surprising to see Self-Efficacy and Effort
Expectancy having similar factor effects on behavioral
Intention in English E-learning because the two variables are
both the ones inflecting individual inner cognition and
certainty on the technology of English E-learning. Self-
efficacy and Effort Expectancy is located on the secondary
rank among the five factors investigated because 61% of the
participant samples majoring in Science and Engineering
possess skillful computer techniques, which makes them
confident in English E-learning operation and feel learning
English online easy in various aspects.

Performance Expectancy (PE) impacts significantly on
behavioral Intention; however, it is less impactful with the
lowest factor loading (f=0.130, p < 0.007) compared to the
other three factors. This finding is consistent with previous
research (Mikalef et al., 2016; Mittal et al., 2022; Tarhini et
al., 2017), where Performance Expectancy is a significant
driving force impacting the behavioral Intention of English
E-learning. Hence, H1 is confirmed.

Performance Expectancy has the lowest impactful factor
effect on Behavioral Intention among undergraduates in non-
English Majors because the participant samples, especially
the ones majoring in computer science, are so familiar with
E-learning and so sophisticated in computer skills that they
have less expectancy of getting delighted performance
through efforts. Compared with the ones majoring in English,
who are less skillful in E-learning than undergraduates in
non-English Majors, the Performance Expectancy factor
effect performs up to f=0.255 with p < 0.001. It can be
suggested that the more skillful the learners are in English E-
learning, the less significant the impact of behavioral
intention performance expectancy.
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5. Conclusion and Recommendation
5.1 Conclusion and Discussion

This research investigated the factors influencing the E-
learning Behavioral Intention and Use behavior among
undergraduates majoring in non-English subjects at Chengdu
University, representing Sichuan Province in China. The
study employed a quantitative approach and gathered data
from a sample of 500 participants through a questionnaire.
The data underwent rigorous testing, including the
examination of the item-objective congruence (IOC),
Cronbach's Alpha for reliability, Confirmatory Factor
Analysis (CFA) to verify causal links between variables, and
Structural Equation Model (SEM) to determine impact
strengths.

The study found significant support for all six hypotheses,
with p-values indicating a significant impact. The impact
strengths of the factors were ranked as follows: behavioral
intention to use behavior, hedonic motivation to behavioral
intention, self-efficacy to behavioral intention, effort
expectancy to behavioral intention, facilitating conditions to
use behavior, and performance expectancy to behavioral
intention.

To promote English E-learning among undergraduates in
China, it is imperative for governments, university
administrators, and E-learning companies to prioritize the
factors identified in this research. Strategies and policies
should be developed to create a conducive environment for
English E-learning. This includes enhancing self-efficacy
and motivation among students, improving accessibility and
ease of use of E-learning platforms, and providing necessary
resources and support for successful E-learning
implementation.

By addressing these factors and implementing targeted
interventions, stakeholders can facilitate the adoption and
utilization of English E-learning platforms among non-
English major undergraduates in China. This, in turn, can
contribute to the enhancement of English proficiency levels
and academic success among students, thereby supporting
broader educational and societal goals.

5.2 Recommendation

In recent years, the utilization of E-learning platforms has
gained significant traction, particularly in higher education
institutions worldwide. However, despite its potential to
revolutionize learning experiences, the adoption of E-
learning among non-English major undergraduates presents
unique challenges and opportunities. This essay explores key
recommendations and strategies to enhance E-learning
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adoption among this demographic, drawing insights from
research conducted at Chengdu University in Sichuan
Province, China.

The research investigated factors influencing E-learning
Behavioral Intention and Use behavior among non-English
major undergraduates, emphasizing the importance of
addressing key factors to promote successful adoption.

Firstly, enhancing self-efficacy and motivation among
students is crucial. Implementing programs and initiatives to
boost students' confidence in their ability to engage with E-
learning materials and fostering intrinsic motivation through
rewards and recognition can significantly impact adoption
rates.

Secondly, improving accessibility and usability of E-
learning platforms is essential. Ensuring platforms are user-
friendly, intuitive, and accessible across different devices
and internet connections can facilitate seamless E-learning
experiences, removing barriers to adoption.

Thirdly, providing comprehensive training and support to
students is vital. Offering tutorials, workshops, and technical
assistance can help familiarize students with E-learning tools
and resources, empowering them to navigate platforms
effectively and address any challenges they encounter.

Additionally, creating collaborative learning
communities within E-learning platforms is essential.
Encouraging students to engage in online forums, discussion
groups, and peer-to-peer learning opportunities fosters a
sense of community and collaboration, enhancing learning
outcomes and adoption rates.

Furthermore, integrating E-learning components into the
curriculum is critical. Designing interactive and engaging E-
learning modules that complement traditional classroom
teaching and align with course objectives can enhance
student engagement and participation.

Moreover, promoting awareness and adoption of E-
learning through targeted campaigns and initiatives is
essential. Highlighting the benefits of E-learning and sharing
success stories from students who have benefited from it can
inspire others to embrace it as a valuable learning tool.

Collaborating with stakeholders, including government
agencies, educational institutions, and E-learning companies,
is also paramount. Developing policies, funding initiatives,
and partnerships that support the expansion and
enhancement of E-learning programs can create a more
robust and sustainable E-learning ecosystem.

Finally, continuous monitoring and evaluation of E-
learning initiatives are essential. Collecting feedback from
students, instructors, and other stakeholders and using data
analytics to track progress and measure the impact of E-
learning on student outcomes allows for refinement and
improvement over time.

In conclusion, enhancing E-learning adoption among
non-English major undergraduates requires a multifaceted
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approach that addresses key factors influencing Behavioral
Intention and Use behavior. By implementing the
recommendations outlined above, stakeholders can promote
the adoption and utilization of E-learning platforms, thereby
enhancing English language proficiency, academic
performance, and overall learning outcomes among non-
English major undergraduates.

5.3 Limitation and Further Study

There are many limitations in the current research.
Accordingly, further exploration should be scheduled.

Other factors, such as academic tenacity and faculty
adviser influence, should be considered and included in the
conceptual framework, making the framework more
complementary and scientific.

A more detailed analysis should be carried out. For
example, the analysis based on sample units divided into
majors listed as Computer Science, Food and Biological
Engineering, Education, and Tourism and Culture Industry
should be compared. One of the results in further exploration
is expected to display the distinguished gap in the factor
effects of Performance Expectancy followed by Effort
Expectancy and Self-efficacy, which are the factors that often
interfere with online skills.

Data for English majors should be provided as a contrast
for the undergraduates of non-English majors. The topic of
the contrast should focus on the difference and the gap in
individual factor effect strength, as well as the further
reasons for it.
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