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Introduction: In today’s digital economy, data resources have gained strategic 
recognition. Enterprises view data analytic capabilities as a core organizational 
competitiveness. This study explored factors influencing college students’ 
continuance learning intention in data analysis technology courses to inform the 
role of self-efficacy on the relationship between interactivity and continuance 
learning intention.

Methods: The research model underpinning the study was based on the 
Stimulus-Organism-Response model and flow theory. The model was validated 
using SmartPLS. A total of 314 valid questionnaires were collected via the standard 
online survey approach.

Results: Among internal factors, study results showed both cognitive interest and 
self-efficacy had significant positive effects on continuance learning intention. 
Also, cognitive interest had a significant positive effect on self-efficacy. Among 
external stimuli, content quality, software quality, and interactivity had significant 
positive effects on self-efficacy. Software quality did not have a significant effect 
on cognitive interest. Importantly, self-efficacy registered a significant moderating 
role on the relationship between interactivity and continuance learning intention.
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1. Introduction

In today’s digital economy, data resources are strategic assets of enterprises. Informed by 
multiple studies proving that data analysis (DA) capabilities can significantly improve the 
performance of manufacturing, retail, and service companies (Feng and Ma, 2022; Jian et al., 
2022), Chinese enterprises are viewing DA capabilities as the organization’s core competitiveness.

Lately, Chinese colleges and universities have offered DA technology courses successfully 
and accumulated preliminary experience in curriculum revamps to meet the need for DA talent 
among enterprises (Ismail and Haron, 2023). With in-depth training of DA talents and more 
trending curriculum, attention must now be paid to critical factors motivating students’ learning. 
Put simply, there is an immediate need to study what impact the curriculum design in revising 
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it to scale up college students’ continuance learning intention in DA 
technology courses.

Previous studies on continuance intention to learn courses 
focused primarily on the learning platform of the curriculum. Scholars 
discussed the continuance intention of learners on different online 
learning platforms, including mainly the Massive Open Online 
Course (MOOC) platform (Kim et  al., 2021), mobile learning 
interfaces (Alam et al., 2022) and other digital engagement platforms. 
Dai et al. (2020), drawing on the Expectation Confirmation Model 
(ECM), explored the factors underlying the continuance intention to 
learn on MOOC platform. Their results revealed that although 
curiosity, the personal trait, was found to largely predict continuance 
intention, attitude also played a considerably dominant role. Xu and 
Zhang (2020) found that key factors such as flow experience, perceived 
mobility and service quality had significant effects on the continuance 
learning intention of mobile learning platform users. Zhai et al. (2022) 
built a research model of factors that influenced the continuous use of 
the AI learning platform of middle school students based on the 
theory of planned behavior (TPB). Their study showed that subjective 
norms and perceived behavior control were the direct influencing 
factors of learners’ continuance intention, while learning utility, 
learning hedonism, self-efficacy, perceived ease-of-use and 
accessibility indirectly affected learners’ continuance intention.

Some other studies had directly focused on the intention to 
continue learning in specific courses. Wang et al. (2022) studied 
the continuous learning intention of online mental health courses 
of college students in the context of the COVID-19 epidemic, and 
concluded that perceived value had a positive impact on the 
continuance learning intention. Tan and Fu (2020) constructed a 
modified model on the factors affecting online English 
continuance learning intention of college students. Their research 
explored the multi-relations among the perceived usefulness, 
confirmation，satisfaction and continuance learning intention of 
online English learning. Their results showed that college students 
had a higher online English learning satisfaction and continuance 
learning intention. The perceived usefulness and expectation 
confirmation could directly affect the continuous online English 
learning intention of college students.

In conclusion, we can make some observations. First, in terms of 
research objects, it was common to discuss the continuance learning 
intention of language and mental health courses. Even so, despite its 
growing importance and urgency, there is scanty research on DA 
technology courses. Second, in terms of research content, the 
influencing factors of college students’ intention to continue learning 
courses mostly included learner factors and learning environment 
factors. Learner factors such as learners’ individual experience (Lin, 
2011; Diotaiuti et al., 2021), self-efficacy (Zhai et al., 2022), hedonism 
(Wang et al., 2019) and perceived entertainment (Roca and Gagné, 
2008) were thought to have an effect on their continuance learning 
intention. Moreover, past relevant research also concentrated on the 
pressure brought by external environment on these learners, in 
particular, those manifested in social influence, subjective norms, 
social cognition, and beyond (Chen, 2022; Yang et al., 2022; Jiang and 
Liang, 2023). In addition, teacher support and form of learning would 
also affect the continuance learning intention (Wu et al., 2020). Third, 
in terms of research methods, scholars mainly used ECM (Chow and 
Shi, 2014; Rekha et al., 2022) and TPB (Zhai et al., 2022) to analyze the 
relationship between expectation, perceived performance, perceived 

usefulness, perceived ease-of-use and the continuance 
learning intention.

Moreover, developing talents in DA ability requires that college 
students do have the motivation and willingness to further study and 
practice, following learning DA technology courses. This leads to the 
need to clarify key influencing factors of college students’ continuance 
learning intention. DA technology courses, which support DA 
capabilities (Huang and Li, 2016), can cultivate college students’ ability 
to solve economic management problems. Notwithstanding, students 
often find such courses difficult to absorb. Beyond external stimuli, 
learners’ motivation is also closely linked to an individual’s flow 
experience. Accordingly, the S-O-R (Stimulus-Organism-Response) 
model is employed in the current study to explore the relationship 
between internal-external factors and college students’ continuance 
learning intention in DA technology courses. Not only do this study 
contributes to extend the research boundary of flow experience, but it 
is intended to also enrich the extant literature on continuance learning 
intention, providing a theoretical basis for colleges and universities to 
offer students educational psychological counseling of curriculum 
learning, and laying a foundation for scaling up the talent pool with 
DA capabilities for the greater good of society.

2. Theoretical basis

2.1. The S-O-R model

To explain the psychological decision-making process of 
individuals after being stimulated by the external environment, 
Mehrabian-Russel proposed the S-O-R model to point out that 
stimulation (Stimulus) from the external environment will affect an 
individual’s cognitive status (Organism), thereby changing their 
behavioral response (Response).

The S-O-R model is widely used to understand consumer behavior 
(Han et al., 2022). For example, it has proven to explain individual 
behavior motivations effectively (Zhou et al., 2022). In recent years, 
educators have also used it to predict learners’ learning behavior and 
intention (Zhao et al., 2020). Specifically, we use the S-O-R model here 
to analyze the effect path and mechanism of college students’ 
continuance learning intention in DA technology courses. In this 
context, “stimulus” comes from the external environment, acting as an 
external cause. College students’ learning behavior in DA technology 
courses are affected at the same time by factors such as courses, 
software, peers, and other variables. More specifically, this research 
incorporates content quality, software quality, and interactivity into 
the index system as the three key aspects of the stimulus. “Organism” 
refers to an individual’s internal cognition and attitude after receiving 
the external stimuli and may be regarded as an internal cause. Here, 
organism is represented by the cognitive interest and self-efficacy. 
“Response” is an individual’s decision formed following the action of 
internal-external factors, which refers here to the continuance of 
learning intention.

2.2. Flow experience

Csikszentmihalyi (1975) first proposed the concept of flow 
experience from the perspective of psychology, believing that flow 
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experience is the process of optimal experience and the overall feeling 
of an individual fully involved in a certain activity.

Over the years, flow theory has gradually evolved. Early scholars 
have classified flow experience into three categories: (1) the 
preconditions for the generation of flow experience; (2) the 
cognitive characteristics of the flow experience or process; and (3) 
the results of flow experience (Hoffman and Novak, 1996). When 
learners have flow experience, the kinetic energy of learning 
increases, and they are more inclined to learn continually. In this 
research, the two elements of cognitive interest and self-efficacy in 
flow experience have therefore been introduced as factors that affect 
college students’ intention to continue learning DA 
technology courses.

2.3. Continuance learning intention

Research on continuance intention first appeared in information 
systems (IS), where scholars systematically defined and discussed 
continuance usage intention (Bhattacherjee, 2001b). The user’s 
experience with using a certain IS for the first time will affect their 
intention to reuse or continually use a system. With respect to the field 
of education, learners’ prior learning experiences will affect their 
subsequent learning intentions and behaviors. Continuance learning 
intention refers to a learner’s intention to complete the current 
learning task or to continue participating in the next course (Joo et al., 
2010). This study contextually refers to a learner’s continuance 
intention to carry out a certain learning behavior in the future and the 
intention to recommend it to others.

To date, scholars have accumulated some research results in 
terms of continuance learning intention, but the research objects 
mainly involve language courses, mental health courses, and other 
business courses. Sadly, research on DA technology courses is 
scanty. In reviewing prior research driven by the S-O-R model, few 
researchers have studied cognitive interest and self-efficacy as 
internal factors from the perspective of flow experience. While 
there is a small body of literature exploring the moderating role of 
self-efficacy, there still is plenty of room for future research on the 
continuance learning intention. Accordingly, this study explores the 
key factors and mechanisms that affected college students’ 
continuance learning intention in DA technology courses and 
further validates the moderating role of self-efficacy on the 
relationship between interactivity and continuance learning  
intention.

3. Research model and hypotheses

Figure 1 depicts the underlying S-O-R model and flow theory 
directing efforts in the current study.

3.1. (Stimulus – S): content quality, 
software quality, and interactivity

A complete course structure characterizes the content quality of 
DA technology courses, highlights key points and difficult concepts, 

and aggregates a proper amount of practice exercises to facilitate 
learners to consolidate what they have learned. The content quality 
will affect the learning experience of college students because high 
content quality contributes to a better learning experience and 
continuance learning intention.

Prior studies had proved that the content quality of courses could 
affect the satisfaction or user perception of learners. Purportedly, such 
satisfaction or perceived value of learners would also positively affect 
the learners’ continuance learning intention (Roca et al., 2006; Wang 
et  al., 2022). The optimal state of learning can produce a flow 
experience. The cognitive characteristics of college students in 
immersive learning include cognitive interest and self-efficacy. In this 
study, we  define learners’ interest and psychological tendency in 
learning courses as cognitive interest; similarly, we define the learners’ 
confidence in their ability in learning courses as self-efficacy. The 
following study hypotheses are therefore advanced:

H1: Content quality has a significantly positive effect on 
cognitive interest.

H2: Content quality has a significantly positive effect on 
self-efficacy.

Learners will use platforms, systems, technologies, or software 
during learning. DA technology courses usually use SPSS/SAS/SAP or 
R/Python software.

Software quality refers to software stability, timely version updates, 
and the ability of software to aid users effectively. Higher software 
quality leads to a better learning experience, promoting continuous 
learning intention. Researchers had found that system quality can 
positively affect learners’ continuance e-learning intention vis-à-vis 
the users’ satisfaction (Ismail et al., 2012). Therefore, the following 
study hypotheses are also inferred:

H3: Software quality has a significantly positive effect on 
cognitive interest.

H4: Software quality has a significantly positive effect on 
self-efficacy.

Interactivity refers to the amount of communication between 
college students and their teachers and/or classmates during the 
learning process. In the context of DA technology courses learning, 
learners are often prone to doubt and tend to slack. Feedback from 
others (teachers and/or classmates) can help resolve problems, 
enhancing the continuance learning intention. Empirical studies had 
shown interactivity, a common study variable of continuance learning 
intention, to positively affect learners’ continuance learning intention 
through experiential mediator variables such as perceived usefulness, 
fun, immersion, and more (Zhang, 2016; Zhu, 2017). Therefore, the 
following study hypotheses are projected:

H5: Interactivity has a significantly positive effect on 
cognitive interest.

H6: Interactivity has a significantly positive effect on 
self-efficacy.
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3.2. (Organism – O): cognitive interest and 
self-efficacy

When college students are learning a DA technology course, 
a clear understanding of the course and an interest in it can help 
them properly assess their abilities to perform specific tasks, 
thereby building confidence in learning. Using questionnaires, 
several researchers had found that children’s interest in specific 
types of writing is closely related to self-efficacy (Hidi et al., 2002). 
Others had also reported that parental participation, academic 
interest, and school environment could significantly and positively 
affect junior high school students’ academic self-efficacy 
(Adeyemo, 2005). Therefore, the following study hypothesis 
is advanced:

H7: Cognitive interest has a significantly positive effect on 
self-efficacy.

3.3. (Response – R): continuance learning 
intention

This study defines continuance learning intention as the learner’s 
continuance intention to carry out a certain learning behavior in the 
future and the intention to recommend it to others.

Cognitive interest and self-efficacy are internal factors that affect 
the individual’s continuance learning intention. Generally, the higher 
the cognitive interest and self-efficacy of learners, the stronger their 
continuance learning intention. Previous research findings had proved 
that learning interest positively correlates with the continuance 
learning intention in MOOCs. At the same time, it was claimed that 
enhancing learners’ metacognition could help improve online learning 
interest and continuance of learning intention (Tsai et al., 2018). Shao 

(2018) discovered that learners’ self-efficacy at the individual level 
would affect MOOC learners’ continuance learning intention through 
perceived ease-of-use. Therefore, the following study hypotheses 
are proposed:

H8: Cognitive interest has a significantly positive effect on 
continuance learning intention.

H9: Self-efficacy has a significantly positive effect on continuance 
learning intention.

3.4. Moderating role of self-efficacy

Researchers had also explored the influence or moderating role 
of self-efficacy on continuance learning intention in previous 
studies. Moreno et  al. (2017) for example, had shown system 
interactivity, cognitive absorption, self-efficacy, and facilitating 
conditions have significantly affected students’ intention to use 
e-learning platforms. The Mohamad-Rahim study unveiled that 
online self-efficacy moderates enjoying MOOCs and continuance 
learning intention (Mohamad and Rahim, 2018). On continuance 
intention, Maawaddah and Yin (2020) had proposed online self-
efficacy as a moderating variable to better understand the influence 
of individual differences and MOOC characteristics (usefulness, 
enjoyment, interactivity, and openness). Accordingly, self-efficacy 
can be seen as tending to act as a moderator between interactivity 
and continuance of learning intention. Therefore, the following 
study hypothesis is contemplated:

H10: Self-efficacy has a significant moderating role on the 
relationship between interactivity and continuance 
learning intention.

FIGURE 1

Research model.
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4. Research methods

4.1. Sample and data collection

The present research studies college student learners and uses 
questionnaires to gather data toward testing and validating the series 
of study hypotheses noted in Section 3. The questionnaires had been 
distributed online through WJX, a well-known online questionnaire 
survey platform in China, following unified standards and  
requirements.

Three hundred fifty-five (355) questionnaires had been 
distributed, yielding a total of three hundred fourteen (314) valid 
questionnaires being responded, with a response rate of 88.5%. 
Descriptive resulting statistics showed that among the respondents, 
males accounted for 39.2% and females 60.8%. With respect to 
educational grade levels, freshmen accounted for 12.1%, sophomores 
26.4%, juniors 42.7%, and seniors 18.8%. In terms of type of study 
major, 52.9% were in liberal arts, 14.6% in science, 22.0% in 
engineering, and 10.5% in other majors. Finally, 32.5% of the 
respondents took one DA technology course, 43.3% took two courses, 
18.5% took 3 courses, and 5.7% took 4 or more DA technology 
courses. The general information on the respondents is shown in 
Table 1.

4.2. Questionnaire and measurements

The measurement questionnaire in this study had been formulated 
based on mature scales, and the research design strictly followed the 
“translation-back translation” procedure. Appropriate adjustments 
had also been made in the Chinese context. At the same time, college 
students were interviewed on the comprehensibility of the problem 
description. A pre-survey questionnaire was distributed, and the 
questionnaire was further modified and improved to its final version 

based on the feedback from the pre-survey. The questionnaire used a 
Likert five-point scale ranging from 1 = strongly disagree to 
5 = strongly agree.

In this study, the questionnaire had been carefully revised with the 
characteristics of the DA technology course considered according to 
the scale of external stimuli such as interactivity compiled by Filep and 
Qian Ying. Based on the feedback and pre-survey results, the scales of 
the three latent variables of content quality, software quality, and 
interactivity were finally determined. This study drew on the scale 
compiled by Guo Xiuwei and Li et al. to form a scale of internal factors 
(cognitive interest and self-efficacy). This research also drew on the 
scale compiled by Bhattacherjee et al. to measure the continuance 
learning intention. The measured items and sources are shown in 
Table 2.

4.3. Reliability and validity

SPSS24.0 was used to test the reliability-validity of content quality, 
software quality, interactivity, cognitive interest, self-efficacy, and 
continuance learning intention. Results where tabulated and 
summarized below.

Table 3 shows that the composite reliability (CR) of each latent 
variable to be greater than 0.78, and the Cronbach’α coefficient of each 
variable to be  greater than the minimum acceptable level of 0.6, 
indicating that the scales have good reliability. The exploratory factor 
analysis method had been used to test the structural validity of the 
scale. The factor loading of the item corresponding to each variable 
was found to be greater than the threshold value of 0.7, indicating 
good structural validity of the scale (Nunnally, 1978).

The average variance extracted (AVE) of each variable was found 
to be greater than 0.5, indicating good convergent validity of the scale 
(Fornell and Larcker, 1981). Table 4 shows that the square root of AVE 
(SRAVE) of each variable to be greater than the correlation coefficient 
between this and other variables, and the variables had good 
discriminant validity, proving that the scale used in this study has 
good validity.

4.4. Common method bias and 
non-response bias

Given that the collected data had all been derived from 
questionnaires filled out by respondents, the validity of the data might 
be affected by common method biases. In order to eliminate this 
hidden danger, homologous variance test has been performed on the 
data using Harman’s single factor test method (Podsakoff and 
Organ, 1986).

Test results showed that the first factor explained 33.79% of the 
total variance in the data without rotation, which did not exceed 50% 
of the recommended value (Podsakoff et al., 2003), indicating that 
common method bias did not affect the validity of the conclusions.

To exclude the possible influence of non-response bias, the 
respondents had also been subdivided into two groups based on the 
time they had participated in the survey. Following the method of 
previous scholars (Ma and Agarwal, 2007), no differences were found 
between the two subsamples by comparing the demographics of early 
v. late participants. Furthermore, the Chi-square test unveiled that 

TABLE 1 Demographic characteristics of valid samples.

Variables Categories Frequency Percentage

Gender Male 123 39.2%

Female 191 60.8%

Grade Freshman 38 12.1%

Sophomore 83 26.4%

Junior 134 42.7%

Senior 59 18.8%

Type of Major Liberal arts 166 52.9%

Science 46 14.6%

Engineering 69 22.0%

Other 33 10.5%

Number of 

courses 

enrolled

1 102 32.5%

2 136 43.3%

3 58 18.5%

4 or more 18 5.7%
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there was no statistical difference between the two groups in the weight 
of model measurement. Put simply, the data have no non-response bias.

5. Results

This study uses the partial least squares (PLS) method to analyze 
the model. The PLS method is a new multivariate data analysis 
method. Compared with other methods, it can obtain more reliable 
and stable results, making it suitable for small samples.

Additionally, PLS can simultaneously accomplish predictive 
modeling, comprehensive simplification of the multivariate system, 
and correlation analysis between two groups of variables. It can 
effectively solve the problem of collinearity. Its main purpose is to 
construct the regression model between multi-dependent and multi-
independent variables (Chin et al., 2020). When the model is being 
constructed, the PLS method can flexibly set the type of external 
relations in the structural equation according to the actual situation; 
that is, it supports the constitutive and reflective models (Richter et al., 
2020). Specifically, the study used Smart PLS3.0 software to analyze 
the model.

5.1. Path coefficient and hypothesis test

The path coefficient indicates the strength of the relationship 
between the independent and dependent variables (Thom, 1983). The 

path coefficient analysis results of the research model are shown in 
Table  5 and Figure  2, and across all tested hypotheses, only H3 
hypothesis failed to hold.

R2 represents the proportion of variance in the dependent variable 
explained by the independent variables. This study used the 
bootstrapping repeated sampling method to select 3,000 samples to 
calculate the t value of the significance test. The explanatory degrees 
of cognitive interest, self-efficacy, and continuance learning intention, 
respectively, were 0.299, 0.473, and 0.410, indicating the model has 
good explanatory power.

The bootstrapping repeated sampling method had been used to 
test the significance of the path coefficient of the structural model. 
Table 5 shows that content quality had a significantly positive effect on 
cognitive interest (β = 0.254, t = 3.933), confirming H1. Its positive 
effect on self-efficacy was also significant (β = 0.212, t = 3.330), thus 
confirming H2. The effect of software quality on cognitive interest had 
not been proven (β = 0.097, t = 1.475), and thus, H3 is rejected. 
Software quality affected self-efficacy (β = 0.147, t = 2.532) significantly 
and positively, thereby validating H4.

Interactivity significantly positively effected cognitive interest 
(β = 0.317, t = 5.475) and self-efficacy (β = 0.125, t = 2.134), 
confirming H5 and H6. Cognitive interest affected self-efficacy 
(β = 0.396, t = 6.803) and continuance learning intention (β = 0.427, 
t = 8.552) in a significantly positive way, so H7 and H8 were also 
supported. Self-efficacy had a significantly positive effect on 
continuance learning intention (β = 0.287, t = 5.196), and thus, H9 
is confirmed.

TABLE 2 Model measurement questionnaire.

Construct Coding Measurement item Sources

Content Quality (CQ)

CQ1
The course is well structured, and the chapters are arranged in proper order, making it 

easier to learn. Lin and Wang (2012), 

Mclean (1992)CQ2 The key points and difficult points of the course are highlighted, making it easier to learn.

CQ3 The course provided just the right amount of exercises to help me retain learning.

Software Quality (SQ)

SQ1 The software used in the data analysis technology course is stable.

Wu and Wang (2006)
SQ2 The software used in the data analysis technology course is updated promptly.

SQ3
The software used in the data analysis technology course provides an effective Help 

function.

Interactivity (IN)

IN1 During the learning process, I have the opportunity to interact with the teacher.

Filep (2009), Qian (2015)IN2 During the learning process, the teacher will answer my questions.

IN3 During the learning process, my classmates can always give me timely feedback.

Cognitive Interest (CI)
CI1 I am interested in the content of the data analysis technology course.

Guo (2007)
CI2 I experienced the joy of learning while studying.

Self-Efficacy (SE)

SE1 My ability meets the requirements of the data analysis technology course.

Li et al. (2015)

SE2 I am confident that I can understand the content of the course that I have studied.

SE3
I am confident that I can complete the learning tasks assigned by the teachers of the data 

analysis technology course.

SE4 I can solve problems encountered in the course-learning process.

Continuance Learning 

Intention (CLI)

CLI1 I will study other data analysis technology courses in the future.
Bhattacherjee (2001a), Lin 

and Wang (2012)
CLI2 I will use data analysis knowledge to solve problems in my study and work in the future

CLI3 I would like to recommend the data analysis technology course to my friends.
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5.2. Moderating role test

This study used the hierarchical regression analysis to test the 
moderating role of self-efficacy on the relationship between 
interactivity and continuance learning intention. Before testing the 
moderating role, it was necessary to center the variables of the cross 
term to avoid collinearity and then multiply the centered variables to 
construct the interaction term.

In this research, the independent and moderating variables had 
been centered to obtain the product terms of interactivity and self-
efficacy. Table 6 shows results of the subsequent multilevel regression 
analysis and indicate that self-efficacy significantly moderated the 
relationship between interactivity and continuance learning intention 
(β = −0.147, t = −1.995, p = 0.047 < 0.05).

The study divided self-efficacy into high v. low to showcase its role 
as a moderating variable. MS Excel had been used to draw the effect 
of interactivity on continuance learning intention under the high v. 
low self-efficacy scenarios.

The main effect (interactivity) was found to be  0.297, the 
moderating variable (self-efficacy) effect 0.368, and the moderating 
effect (interactivity × self-efficacy) −0.147, p = 0.047.

Results of the moderating role, as shown in Figure 3, indicated 
that under high self-efficacy, the effect of interactivity on continuance 
learning intention was weakened, and hence, H10 is confirmed.

6. Discussion

6.1. Discussion of the findings

6.1.1. Analysis of the relationship between 
external stimuli and internal factors

Regarding S, the external stimuli, both content quality and 
interactivity positively affected cognitive interest. These findings are 
consistent with previous ones (Chen, 2017; Wang et al., 2022). A well-
structured DA technology course that provides summary of key 
points, highlights difficult concepts, and offers an appropriate number 
of thought-provoking exercises makes it easier for college students to 
generate cognitive interest while learning. Learners would feel useful 
and joyful (Lin and Wang, 2012). Notably, previous empirical 
contributions had also shown interactivity to positively affect learners’ 
continuance learning intention through experiential mediator 
variables such as perceived usefulness, fun, immersion, and more 
(Zhang, 2016; Zhu, 2017). While learning, having the ability to engage 
and interact with teachers and/or other classmates in a timely manner 
will further enhance college students’ interests and learning behaviors 
in DA technology courses.

Nonetheless, the positive effect of software quality on cognitive 
interest could not be validated, which surprised us as it is inconsistent 
with the hypothesis. Indeed, some recent studies on online learning 
have demonstrated system quality to encourage cognitive interest 
(Wen et al., 2023). A plausible explanation here is that discrepancies 
among different platforms used in online learning, as an emerging 
learning modality, may have led to mixed feeling with the use of 
different functions associated with its learning platform; therefore, 
system quality, such as stability, convenience, and fluency, can all have 
differential impact on learners’ cognitive interest. Even so, software 
used by colleges in the current study have been relatively mature with 

stable functions. Hence, it may be the lack of timely version updates 
of software, and other factors that impact on the intensity of college 
students’ cognitive interest, which need further investigation. Hence, 
future studies must begin to pay more attention to the change of 
education mode (Mittal et al., 2021; Sethi et al., 2022; Tandon et al., 
2022) and the quality of online learning platforms (Tseng, 2020).

Moreover, with reference to external stimuli (S), it was found that 
content quality, software quality and interactivity could have 
significant positive effects on self-efficacy. These S factors could 
effectively improve college students’ belief in their ability to learn DA 
courses. This is consistent with previously reported findings and the 
current study added to the research by showing that content quality, 
software quality and interactivity are directly related to self-efficacy.

6.1.2. Analysis of the relationship between 
internal factors and self-efficacy

In reference to internal factors (O), our study results showed that 
cognitive interest and self-efficacy had a significant positive effect on 
continuance learning intention, and cognitive interest also had a 
significant positive effect on self-efficacy. Indeed, cognitive interest 
and self-efficacy significantly affected continuance learning intention 
positively, which in combination explains 41.0% of the variance of 
continuance learning intention. The effect of cognitive interest on 
continuance learning intention was extremely prominent (Tsai et al., 
2018), indicating that interest is still the best teacher when college 
students are learning DA technology courses.

Learners’ interest in the content and form of learning and their 
behavioral tendency in learning can help to improve the continuance 
of learning intention and, at the same time, enhance the individual’s 
sense of self-efficacy. Self-efficacy is also an essential factor in college 
students’ continuance learning intention (Hu, 2014; Shao, 2018). 
Briefly, the stronger the self-efficacy, the stronger the learners’ 
confidence in their learning ability, and the more likely they will 
persist in learning DA technology courses. As indicated by previous 
scholars (Adeyemo, 2005), cognitive interest had a significant positive 
impact on self-efficacy. While exploring the continuance learning 
intention of distance education learners, some researchers have found 
that cognitive interest positively affected self-efficacy, which also 
affirm the aforenoted finding (Ying, 2021).

6.1.3. Analysis of the moderating role of 
self-efficacy on the relationship between 
interactivity and continuance learning intention

As for the role of self-efficacy, this study unveiled a significant 
moderating role of self-efficacy on the relationship between 
interactivity and continuance learning intention. This revelation is 
consistent with recent findings (Maawaddah and Yin, 2020).

Hence, the current study harmonizes with previous ones by 
clarifying the moderating role of self-efficacy on the relationship 
between interactivity and continuance learning intention. Under high 
self-efficacy, the effect of interactivity on continuance learning 
intention was weakened. A reasonable explanation is that when 
college students are confident in their learning ability, their intrinsic 
motivation will weaken their dependence on external interactions. 
Therefore, under high self-efficacy, the effect of interactivity on 
continuance learning intention was weakened. Altogether, compared 
with S factors, the O factors appeared to have more obvious effects on 
continuance learning intention.
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This study did not find that self-efficacy had a significant 
moderating effect on the relationship between content quality or 
software quality and continuance learning intention. After 
reviewing the existing literature, an attempt was made to uncover 

the reasons. Wang et  al. (2022), for example, revealed that the 
quality of knowledge content was one of the main factors when 
discussing the factors affecting college students’ intention to 
continue learning in mental health courses on online MOOC 

TABLE 3 Reliability analysis.

Construct Coding Factor loadinga Cronbach’s a CR AVE

Content quality (CQ)

CQ1 0.775 0.719 0.814 0.594

CQ2 0.756

CQ3 0.781

Software quality (SQ)

SQ1 0.738 0.651 0.786 0.550

SQ2 0.771

SQ3 0.715

Interactivity (IN)

IN1 0.745 0.643 0.78 0.542

IN2 0.759

IN3 0.704

Cognitive interest (CI)
CI1 0.850 0.705 0.849 0.738

CI2 0.868

Self-efficacy (SE)

SE1 0.769 0.757 0.845 0.578

SE2 0.732

SE3 0.793

SE4 0.746

Continuance learning 

intention (CLI)

CLI1 0.767 0.680 0.785 0.550

CLI2 0.723

CLI3 0.733

TABLE 4 Validity analysis.

CQ SQ IN CI SE CLI

CQ 0.771

SQ 0.486 0.742

IN 0.485 0.473 0.736

CI 0.455 0.371 0.486 0.859

SE 0.524 0.456 0.489 0.608 0.760

CLI 0.495 0.360 0.491 0.601 0.546 0.741

Values on the diagonal are the square root of the AVE.

TABLE 5 Hypothesis testing result.

Hypothesis Path Means SD t p Result

H1 CQ → CI 0.254 0.065 3.933 0.000 Supported

H2 CQ → SE 0.212 0.064 3.330 0.001 Supported

H3 SQ → CI 0.097 0.066 1.475 0.152 Not supported

H4 SQ → SE 0.147 0.058 2.532 0.014 Supported

H5 IN→CI 0.317 0.058 5.475 0.000 Supported

H6 IN→SE 0.125 0.058 2.134 0.034 Supported

H7 CI → SE 0.396 0.058 6.803 0.000 Supported

H8 CI → CLI 0.427 0.050 8.552 0.000 Supported

H9 SE → CLI 0.287 0.055 5.196 0.000 Supported
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platforms. In addition, according to Zhao et al. (2018), perceived 
control, perceived response, and perceived mutual aid indirectly 
affected the continuance learning intention through social presence. 
Perceived control refers to the learner’s perception of technical 
attributes, similar to software quality in this study; in contrast, 
perceived response and perceived mutual aid are comparable to the 
interactivity construct of this study. It can be reasonably inferred 
then that content quality had a greater effect on college students’ 
continuance learning intention than interactivity, so self-efficacy 
could not significantly regulate the relationship between content 
quality and continuance learning intention. The role of software 
quality could be more complex and might involve other reasons. It 
should be further explored in future studies.

6.2. Theoretical contributions

By hypothesizing and verifying the relationship between (S) 
external stimuli, (O) internal factors, and (R) continuance learning 
intention, several theoretical contributions may now be drawn from 
the findings of the current study.

First, this study complements the limited literature about college 
students’ continuance learning intention in the context of DA 
technology courses. Based on ECM (Dai et al., 2020; Zhao et al., 2022) 
and TAM (Wu and Chen, 2017), scholars have proved that individual 
factors and environmental factors can promote learners’ continuance 

learning intention. However, the research objects mainly involve 
language courses, mental health courses, and business courses (Alam 
et al., 2022; Cai and Wang, 2022; Wang et al., 2022), whereas the 
research on DA technology courses is lacking. Based on the S-O-R 
model, this study filled the missing gaps with respect to DA technology 
courses on key influencing factors affecting college students’ 
continuance learning intention; more specifically, the findings not 
only aided to clarify the influence path and mechanism of internal v. 
external factors, but also enriched the research system of college 
students’ continuance learning intention.

Second, the related factors of flow experience had been introduced 
into the S-O-R model for testing. Flow experience belongs to the field 
of psychology. In this study, two elements in the process of flow 
experience had been introduced, namely, cognitive interest and self-
efficacy. The study verified the positive impact of these two elements 
on college students’ continuance learning intention in DA technology 
courses, and further affirmed the promoting effect of cognitive interest 
on self-efficacy. Put simply, this study expanded the research boundary 
of flow theory and enriched the theoretical basis of antecedent 
research on continuance learning intention.

Finally, the study introduced self-efficacy into the research model 
and verified the moderating role. Specifically, it clarified the 
moderating role of self-efficacy, and deepened the understanding of 
the relationship between interactivity and continuance learning 
intention. It enriched the extant literature on the regulating role of 
self-efficacy, providing a theoretical basis for the construction and 
reform of DA technology courses in colleges while laying a realistic 
foundation for the larger community to broadly train talents with 
DA ability.

6.3. Practical implications

The key enlightenment of this study on the curriculum 
construction and reform of DA technology courses in colleges and 
universities mainly includes three aspects:

FIGURE 2

Model path and significance level. ***p  <  0.001, *p  <  0.05; dotted line indicates that the hypothesis is rejected.

TABLE 6 Moderating role of self-efficacy on the relationship between 
interactivity and continuance learning intention.

Coefficient SE t p LLCI ULCI

Constant 4.102 0.028 145.552 0.000 4.047 4.157

IN 0.297 0.053 5.557 0.000 0.192 0.402

SE 0.368 0.049 7.590 0.000 0.273 0.464

IN*SE −0.147 0.074 −1.995 0.047 −0.291 −0.002
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First, cognitive interest is the main factor that affects college 
students’ continuance learning intention. When colleges and 
universities offer DA technology courses, attention should be paid 
to the flow experience of college students, especially their interest 
in learning. It is highly recommended to implement the teaching 
method based on up-to-date social cases so that by solving real-life 
social problems, learners will have a better understanding of the 
content and the importance of the course; it is also recommended 
to provide new media resources that are popular among college 
students to help them understand intuitively the application of big 
data so that they will no longer have the feeling that data are far 
from reality and difficult to manage or encapsulate. In other words, 
using concrete and/or real-world examples to applying big data 
concepts will ultimately transform learning, making it more 
interesting and easier to understand. In addition, through 
increasing industry-university cooperation and collaborative 
education, the professional elites of enterprises in related fields can 
be incorporated into the classroom to teach part of the practical 
content of the course, improving students’ ability to solve practical 
problems, and further enhancing their cognitive interest.

Second, the external stimuli that college students perceive affect 
their continuance learning intention through internal factors. The 
theory that external causes work through internal causes has been 
repeatedly proved in academia. The findings of this study showed 
that it is necessary to clearly define the effect path and mechanism 
of internal v. external factors on students’ continuance learning 
intention. Teachers of DA technology courses should put student-
centered learning to meaningful use, thereby enhancing the 
awareness of active learning of college students, and improving 
their ability to be realistic and innovative. In addition to paying 
attention to internal factors such as the cognitive interest and self-
efficacy of college students, instructors should also understand the 
antecedents of these two elements. This research clarified that 
measures need to be proposed from three aspects: content quality, 
software quality, and interactivity.

Third, colleges and universities must emphasize establishing 
college students’ self-efficacy when offering DA technology courses. 
Self-efficacy can significantly affect college students’ continuance 
learning intention and may have a significant moderating role on the 

relationship between interactivity and continuance learning intention. 
The role of self-efficacy is therefore prominent and diverse. Colleges 
and universities can enhance college students’ sense of self-efficacy by 
optimizing curriculum design, improving software applicability, and 
enhancing learning interactivity. In the case of insufficient self-efficacy, 
strengthening interactivity is a supplementary solution. Overall, the 
goal of improving college students’ continuance learning intention can 
ultimately be achieved via multiple measures.

6.4. Limitations

Despite the aforementioned theoretical contributions and 
practical implications, this study had limitations. First, the sample size 
was not sufficient, although it meet the basic requirements. Future 
studies will expand the scope of the investigation to further enhance 
the reliability of the data analysis. Second, instead of longitudinal data, 
the cross-section data was used. Therefore, the development process 
of the research objects cannot be observed. Future research should 
further be attempted via the use of longitudinal research and deepen 
the discussion of college students’ continuance learning intention 
from different perspectives.

7. Conclusion

In today’s digital era, the demand for DA talents is accelerating 
daily. However, college students’ continuance learning intention in DA 
technology courses is challengingly complex and can be easily weaken 
without a proper and empowering curricular design. Hence, research 
is needed to further explore the relationship between (S) external 
stimuli, (O) internal factors and (R) continuance learning intention.

We can draw the following key conclusions. First, among the (S), 
content quality, software quality, and interactivity had significant 
positive effects on self-efficacy, whereas the effect of software quality 
on cognitive interest might not be significant but further investigation 
is warranted. Second, among (O), cognitive interest and self-efficacy 
had significant positive effects on continuance learning intention, and 
cognitive interest had a significant positive effect on self-efficacy. 
Third, self-efficacy had a significant moderating role on the 
relationship between interactivity and continuance learning intention. 
This study had provided new evidence that content quality, software 
quality, and interactivity had significant positive effects on self-
efficacy; in turn, self-efficacy had a significant moderating role on the 
relationship between interactivity and continuance learning intention. 
To conclude, this effort is just the beginning of many more future 
explorations on how cognitive interests and the role of self-efficacy 
may and can impact college and university students’ learning of DA 
technology courses to meet the needs for related talents in big data 
analytics, self-automated devices and related artificial intelligence (AI) 
domains.
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Moderating role of self-efficacy on the relationship between 
interactivity and continuance learning intention.

https://doi.org/10.3389/fpsyg.2023.1241693
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org


Liu et al. 10.3389/fpsyg.2023.1241693

Frontiers in Psychology 11 frontiersin.org

Ethics statement

The studies involving humans were approved by Ethics Committee 
for Scientific Research of Wuhan Business University. The studies were 
conducted in accordance with the local legislation and institutional 
requirements. The participants provided their written informed 
consent to participate in this study.

Author contributions

LL, PY, and JT contributed to the study conception and design. LL 
and PY performed the material preparation, data collection, and analysis. 
All authors contributed to the article and approved the submitted version.

Funding

This research was supported by Industry-University Cooperative 
Education Project of Higher Education Department of Ministry of 
Education (Project No. 220501363301717). Industry-University 

Cooperative Education Project of Higher Education Department of 
Ministry of Education (Project No. 202002080012). Philosophy and 
Social Sciences Research Project of Hubei Provincial Department of 
Education (Project No. 21G107).

Conflict of interest

The authors declare that the research was conducted in the 
absence of any commercial or financial relationships that could 
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors 
and do not necessarily represent those of their affiliated 
organizations, or those of the publisher, the editors and the 
reviewers. Any product that may be evaluated in this article, or 
claim that may be made by its manufacturer, is not guaranteed or 
endorsed by the publisher.

References
Adeyemo, D. A. (2005). Parental involvement, interest in schooling and school 

environment as predictors of academic self-efficacy. Electron. J. Res. Educ. Psychol. 3, 
163–180.

Alam, S., Mahmud, I., Hoque, S. M. S., Akter, R., and Sohel Rana, S. M. (2022). 
Predicting students’ intention to continue business courses on online platforms during 
the COVID-19: an extended expectation confirmation theory. Int. J. Manag. Educ. 20, 
100706–100116. doi: 10.1016/j.ijme.2022.100706

Bhattacherjee, A. (2001a). An empirical analysis of the antecedents of electronic 
commerce service continuance. Decis. Support. Syst. 32, 201–214. doi: 10.1016/
S0167-9236(01)00111-7

Bhattacherjee, A. (2001b). Understanding information systems continuance: an 
expectation-confirmation model. MIS Q. 25, 351–370. doi: 10.2307/3250921

Cai, Y., and Wang, Z. (2022). A study of Chinese learners' willingness to learn live 
courses based on technology acceptance model. Lang. Teach. Linguist. Stud. 31, 35–46.

Chen, M. (2017). Study on relations between user experience and learning motivation 
of massive online courses (doctor degree). Wuhan: Central China Normal University.

Chen, J. (2022). Adoption of M-learning apps: a sequential mediation analysis and the 
moderating role of personal innovativeness in information technology. Comput. Human 
Behav. Rep. 8:100237. doi: 10.1016/j.chbr.2022.100237

Chin, W., Cheah, J.-H., Liu, Y., Ting, H., Lim, X.-J., and Cham, T. H. (2020). 
Demystifying the role of causal-predictive modeling using partial least squares structural 
equation modeling in information systems research. Ind. Manag. Data Syst. 120, 
2161–2209. doi: 10.1108/IMDS-10-2019-0529

Chow, W. S., and Shi, S. (2014). Investigating students’ satisfaction and continuance 
intention toward E-learning: an extension of the expectation – confirmation model. 
Procedia. Soc. Behav. Sci. 141, 1145–1149. doi: 10.1016/j.sbspro.2014.05.193

Csikszentmihalyi, M. (1975). Beyond boredom and anxiety. San Francisco: Jossey-Bass.

Dai, H., Teo, T., Rappa, N., and Huang, F. (2020). Explaining Chinese university 
students’ continuance learning intention in the MOOC setting: a modified expectation 
confirmation model perspective. Comput. Educ. 150, 103850–103816. doi: 10.1016/j.
compedu.2020.103850

Diotaiuti, P., Valente, G., Mancone, S., and Bellizzi, F. (2021). A mediating model of 
emotional balance and procrastination on academic performance. Front. Psychol. 
12:665196. doi: 10.3389/fpsyg.2021.665196

Feng, W. N., and Ma, J. Q. (2022). Research on the influence mechanism of big data 
analytics capabilities on manufacturing firms' servitization performance. J. Central Univ. 
Finan. Econ. 12, 116–128. doi: 10.19681/j.cnki.jcufe.2022.02.010

Filep, S. (2009). Tourists' happiness through the lens of positive psychology. PhD thesis. 
Townsville: James Cook University.

Fornell, C., and Larcker, D. F. (1981). Evaluating structural equation models with 
unobservable variables and measurement err. J. Mark. Res. 18, 39–50. doi: 
10.1177/002224378101800104

Guo, X. W. (2007). A study for adult learning motivation and satisfaction (Master 
Degree). Shanghai: East China Normal University.

Han, M. S., Hampson, D. P., Wang, Y., and Wang, H. (2022). Consumer confidence 
and green purchase intention: an application of the stimulus-organism-response model. 
J. Retail. Consum. Serv. 68:103061. doi: 10.1016/j.jretconser.2022.103061

Hidi, S., Berndorff, D., and Ainley, M. (2002). Children's argument writing, interest 
and self-efficacy: an intervention study. Learn. Instruct. 12, 429–446. doi: 10.1016/
S0959-4752(01)00009-3

Hoffman, D. L., and Novak, T. P. (1996). Marketing in Hypermedia computer-
mediated environments: conceptual foundations. J. Mark. 60, 50–68. doi: 
10.1177/002224299606000304

Hu, Y. (2014). Construction and measurement of intentionality prediction models 
for online learning platforms. e-Educ. Res. 35, 71–78. doi: 10.13811/j.cnki.
eer.2014.09.013

Huang, R. H., and Li, B. Y. (2016). Data literacy education: expansion of information 
literacy instruction in the big data era. Document. Inform. Knowl. 28, 21–29. doi: 
10.13366/j.dik.2016.01.021

Ismail, M. S., and Haron, H. (2023). Data science technology course: The design, 
assessment and computing environment perspectives. Educ. Inform. Technol. 1, 1–26. 
doi: 10.1007/s10639-022-11558-8

Ismail, N. Z., Razak, M. R., Zakariah, Z., Alias, N., and Aziz, M. N. A. (2012). 
E-learning continuance intention among higher learning institution students’ in 
Malaysia. Procedia. Soc. Behav. Sci. 67, 409–415. doi: 10.1016/j.sbspro.2012. 
11.345

Jian, Z. Q., Tan, Y. X., and Liu, N. (2022). Research on the relationship between big 
data analytics capability, decision-making quality and new service development 
performance. Chinese J. Manag. 19, 740–748.

Jiang, L., and Liang, X. (2023). Influencing factors of Chinese EFL students’ 
continuance learning intention in SPOC-based blended learning environment. Educ. 
Inf. Technol. 28, 1–26. doi: 10.1007/s10639-023-11734-4

Joo, Y. J., Kim, N. Y., and Kim, G. Y. (2010). The structural relationship among 
self-efficacy, internal locus of control, school support, learning flow, satisfaction and 
learning persistence in cyber education. J. Educ. Technol. 26, 25–55. doi: 10.17232/
KSET.26.1.25

Kim, D., Jung, E., Yoon, M., Chang, Y., Park, S., Kim, D., et al. (2021). Exploring the 
structural relationships between course design factors, learner commitment, self-
directed learning, and intentions for further learning in a self-paced MOOC. Comput. 
Educ. 166:104171. doi: 10.1016/j.compedu.2021.104171

Li, J., Wang, X. C., and Wu, F. (2015). Designing the online learning self-efficacy scale 
for adult learners and its measurement. J. Dist. Educ. 33, 47–53. doi: 10.15881/j.cnki.
cn33-1304/g4.2015.06.007

Lin, K. (2011). E-learning continuance intention: moderating effects of user e-learning 
experience. Comput. Educ. 56, 515–526. doi: 10.1016/j.compedu.2010.09.017

https://doi.org/10.3389/fpsyg.2023.1241693
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org
https://doi.org/10.1016/j.ijme.2022.100706
https://doi.org/10.1016/S0167-9236(01)00111-7
https://doi.org/10.1016/S0167-9236(01)00111-7
https://doi.org/10.2307/3250921
https://doi.org/10.1016/j.chbr.2022.100237
https://doi.org/10.1108/IMDS-10-2019-0529
https://doi.org/10.1016/j.sbspro.2014.05.193
https://doi.org/10.1016/j.compedu.2020.103850
https://doi.org/10.1016/j.compedu.2020.103850
https://doi.org/10.3389/fpsyg.2021.665196
https://doi.org/10.19681/j.cnki.jcufe.2022.02.010
https://doi.org/10.1177/002224378101800104
https://doi.org/10.1016/j.jretconser.2022.103061
https://doi.org/10.1016/S0959-4752(01)00009-3
https://doi.org/10.1016/S0959-4752(01)00009-3
https://doi.org/10.1177/002224299606000304
https://doi.org/10.13811/j.cnki.eer.2014.09.013
https://doi.org/10.13811/j.cnki.eer.2014.09.013
https://doi.org/10.13366/j.dik.2016.01.021
https://doi.org/10.1007/s10639-022-11558-8
https://doi.org/10.1016/j.sbspro.2012.11.345
https://doi.org/10.1016/j.sbspro.2012.11.345
https://doi.org/10.1007/s10639-023-11734-4
https://doi.org/10.17232/KSET.26.1.25
https://doi.org/10.17232/KSET.26.1.25
https://doi.org/10.1016/j.compedu.2021.104171
https://doi.org/10.15881/j.cnki.cn33-1304/g4.2015.06.007
https://doi.org/10.15881/j.cnki.cn33-1304/g4.2015.06.007
https://doi.org/10.1016/j.compedu.2010.09.017


Liu et al. 10.3389/fpsyg.2023.1241693

Frontiers in Psychology 12 frontiersin.org

Lin, W.-S., and Wang, C. H. (2012). Antecedences to continued intentions of adopting 
e-learning system in blended learning instruction: a contingency framework based on 
models of information system success and task-technology fit. Comput. Educ. 58, 88–99. 
doi: 10.1016/j.compedu.2011.07.008

Ma, M., and Agarwal, R. (2007). Through a glass darkly: information technology 
design, identity verification, and knowledge contribution in online communities. Inf. 
Syst. Res. 18, 42–67. doi: 10.1287/isre.1070.0113

Maawaddah, I. M. K., and Yin, Y. K. (2020). Testing the moderating effect of internet self-
efficacy using partial Least Square path modeling approach. Test Eng. Manag. 83, 4698–4708.

Mclean, D. (1992). Information systems success: the quest for the dependent variable. 
Inf. Syst. Res. 3, 60–95. doi: 10.1287/isre.3.1.60

Mittal, A., Mantri, A., Tandon, U., and Dwivedi, Y. K. (2021). A unified perspective 
on the adoption of online teaching in higher education during the COVID-19 pandemic. 
Inform. Discov. Deliv. 50, 117–132. doi: 10.1108/IDD-09-2020-0114

Mohamad, M., and Rahim, M. K. I. A. (2018). MOOCs continuance intention in 
Malaysia: the moderating role of internet self-efficacy. London: ExcelingTech Publishers, 
7, 132–139.

Moreno, V., Cavazotte, F., and Alves, I. (2017). Explaining university students' effective 
use of e-learning platforms. Br. J. Educ. Technol. 48, 995–1009. doi: 10.1111/bjet.12469

Nunnally, J. C. (1978). Psychometric theory. Am. Educ. Res. J. 5, 431–685. doi: 
10.2307/1161962

Podsakoff, P. M., Mackenzie, S. B., Lee, J. Y., and Podsakoff, N. P. (2003). Common 
method biases in behavioral research: a critical review of the literature and recommended 
remedies. J. Appl. Psychol. 88, 879–903. doi: 10.1037/0021-9010.88.5.879

Podsakoff, P. M., and Organ, D. W. (1986). Self-reports in organizational research: 
problems and prospects. J. Manag. 12, 531–544. doi: 10.1177/014920638601200408

Qian, Y. (2015). Factors affecting the continued use of online learning user behavior. 
J. Modern Inform. 35, 50–56.

Rekha, I. S., Shetty, J., and Basri, S. (2022). Students’ continuance intention to use 
MOOCs: empirical evidence from India. Educ. Inf. Technol. 28, 4265–4286. doi: 10.1007/
s10639-022-11308-w

Richter, N. F., Schubring, S., Hauff, S., Ringle, C. M., and Sarstedt, M. (2020). When 
predictors of outcomes are necessary: guidelines for the combined use of PLS-SEM and 
NCA. Ind. Manag. Data Syst. 120, 2243–2267. doi: 10.1108/IMDS-11-2019-0638

Roca, J. C., Chiu, C.-M., and Martínez, F. J. (2006). Understanding e-learning 
continuance intention: an extension of the technology acceptance model. Int. J. Human-
Comput. Stud. 64, 683–696. doi: 10.1016/j.ijhcs.2006.01.003

Roca, J. C., and Gagné, M. (2008). Understanding e-learning continuance intention 
in the workplace: a self-determination theory perspective. Comput. Hum. Behav. 24, 
1585–1604. doi: 10.1016/j.chb.2007.06.001

Sethi, D., Pereira, V., and Arya, V. (2022). Effect of technostress on academic 
productivity: E-engagement through persuasive communication. J. Glob. Inf. Manag. 30, 
1–19. doi: 10.4018/JGIM.290365

Shao, Z. (2018). Examining the impact mechanism of social psychological motivations 
on individuals' continuance intention of MOOCs the moderating effect of gender. 
Internet Res. 28, 232–250. doi: 10.1108/IntR-11-2016-0335

Tan, X., and Fu, Y. (2020). Factors affecting online English learning satisfaction and 
continuous learning intention of college students. Technol. Enhanced Foreign Lang. 04, 
82–88+13.

Tandon, U., Mittal, A., Bhandari, H., and Bansal, K. (2022). E-learning adoption by 
undergraduate architecture students: facilitators and inhibitors. Eng. Constr. Archit. 
Manag. 29, 4287–4312. doi: 10.1108/ECAM-05-2021-0376

Thom, D. J. (1983). The path analysis technique in educational research: bridging the 
theory-empiricism gap. J. Educ. Adm. 21, 40–51. doi: 10.1108/eb009867

Tsai, Y.-H., Lin, C.-H., Hong, J.-C., and Tai, K.-H. (2018). The effects of metacognition 
on online learning interest and continuance to learn with MOOCs. Comput. Educ. 121, 
18–29. doi: 10.1016/j.compedu.2018.02.011

Tseng, H. (2020). An exploratory study of students' perceptions of learning 
management system utilisation and learning community. Res. Learn. Technol. 28:2423. 
doi: 10.25304/rlt.v28.2423

Wang, X. Y., Gu, Y. D., Xie, Y. G., Zhu, K. X., and Yang, X. J. (2022). Study on 
continuous learning intention of online mental health courses of college students. 
Inform. Sci. 40, 120–125+144. doi: 10.13833/j.issn.1007-7634.2022.07.015

Wang, L. S.-L., Lau, S.-H., and Leow, M.-C. (2019). Usability factors predicting 
continuance of intention to use cloud e-learning application. Heliyon 5, e01788–e01711. 
doi: 10.1016/j.heliyon.2019.e01788

Wen, X., Liang, R., and Xia, Y. (2023). Influencing factors of user’s intention to 
continue using mobile library. J. Inform. Manag. 8, 50–63+74.

Wu, B., and Chen, X. (2017). Continuance intention to use MOOCs: integrating the 
technology acceptance model (TAM) and task technology fit (TTF) model. Comput. 
Hum. Behav. 67, 221–232. doi: 10.1016/j.chb.2016.10.028

Wu, H., Ge, W., and He, J. (2020). Research on the effect of teacher support on 
willingness to continue learning in MOOC courses. Modern Dist. Educ. 31, 89–96. doi: 
10.13927/j.cnki.yuan.20200629.002

Wu, J. H., and Wang, Y. M. (2006). Measuring KMS success: a respecification of the 
DeLone and McLean's model. Inf. Manag. 43, 728–739. doi: 10.1016/j.im.2006.05.002

Xu, X., and Zhang, Y. (2020). Reserch on influencing factors of users' intention of 
using mobile learning platform. e-Education Res. 41, 69–75+84. doi: 10.13811/j.cnki.
eer.2020.03.009

Yang, J., Pan, C. Y., and Jiao, W. (2022). A study on the influencing factors of college 
students' willingness to study B-station learning videos from the perspective of media 
richness theory. New Media Res. 8, 58–63. doi: 10.16604/j.cnki.issn2096-0360.2022.16.024

Ying, H. D. (2021). A study on the factors affecting learners' continuance learning 
intention in adult distance education (Master Degree). Beijing: Beijing University of Posts 
and Telecommunications.

Zhai, S., Chen, H., and Wang, Z. (2022). The influencing mechanism of 
users’continuous usage intention of AI learning platform based on SES differences. Inf. 
Sci. 40, 28–35. doi: 10.13833/j.issn.1007-7634.2022.02.004

Zhang, W. (2016). The influence of perceived playfulness and perceived interactivity 
on continuous learning intentions of MOOCs learners. Renmin Univ. China Educ. J. 02, 
122–138.

Zhao, J. y., Lin, C., Liu, X., and Wu, Y. J. (2022). Impacts of knowledge expectations 
on recipients’ continuous cross-project learning intention. Int. J. Proj. Manag. 40, 
120–131. doi: 10.1016/j.ijproman.2021.10.003

Zhao, C., Wang, X., and Ma, C. (2018). Impact of perceived interactivity on the online 
learners’continuance intention. Modern Dist. Educ. 3, 12–20. doi: 10.13927/j.cnki.
yuan.2018.0024

Zhao, Y. M., Wang, A., and Sun, Y. (2020). Technological environment, virtual 
experience, and MOOC continuance: a stimulus–organism–response perspective. 
Comput. Educ. 144:103721. doi: 10.1016/j.compedu.2019.103721

Zhou, S., Li, T., Yang, S., and Chen, Y. (2022). What drives consumers’ purchase 
intention of online paid knowledge? A stimulus-organism-response perspective. 
Electron. Commer. Res. Appl. 52:101126. doi: 10.1016/j.elerap.2022.101126

Zhu, K. (2017). Empirical research on students' continuance intention: effects of 
interactivity, flow in online learning space. China Educ. Technol. 02, 89–95.

https://doi.org/10.3389/fpsyg.2023.1241693
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org
https://doi.org/10.1016/j.compedu.2011.07.008
https://doi.org/10.1287/isre.1070.0113
https://doi.org/10.1287/isre.3.1.60
https://doi.org/10.1108/IDD-09-2020-0114
https://doi.org/10.1111/bjet.12469
https://doi.org/10.2307/1161962
https://doi.org/10.1037/0021-9010.88.5.879
https://doi.org/10.1177/014920638601200408
https://doi.org/10.1007/s10639-022-11308-w
https://doi.org/10.1007/s10639-022-11308-w
https://doi.org/10.1108/IMDS-11-2019-0638
https://doi.org/10.1016/j.ijhcs.2006.01.003
https://doi.org/10.1016/j.chb.2007.06.001
https://doi.org/10.4018/JGIM.290365
https://doi.org/10.1108/IntR-11-2016-0335
https://doi.org/10.1108/ECAM-05-2021-0376
https://doi.org/10.1108/eb009867
https://doi.org/10.1016/j.compedu.2018.02.011
https://doi.org/10.25304/rlt.v28.2423
https://doi.org/10.13833/j.issn.1007-7634.2022.07.015
https://doi.org/10.1016/j.heliyon.2019.e01788
https://doi.org/10.1016/j.chb.2016.10.028
https://doi.org/10.13927/j.cnki.yuan.20200629.002
https://doi.org/10.1016/j.im.2006.05.002
https://doi.org/10.13811/j.cnki.eer.2020.03.009
https://doi.org/10.13811/j.cnki.eer.2020.03.009
https://doi.org/10.16604/j.cnki.issn2096-0360.2022.16.024
https://doi.org/10.13833/j.issn.1007-7634.2022.02.004
https://doi.org/10.1016/j.ijproman.2021.10.003
https://doi.org/10.13927/j.cnki.yuan.2018.0024
https://doi.org/10.13927/j.cnki.yuan.2018.0024
https://doi.org/10.1016/j.compedu.2019.103721
https://doi.org/10.1016/j.elerap.2022.101126

	Exploring college students’ continuance learning intention in data analysis technology courses: the moderating role of self-efficacy
	1. Introduction
	2. Theoretical basis
	2.1. The S-O-R model
	2.2. Flow experience
	2.3. Continuance learning intention

	3. Research model and hypotheses
	3.1. (Stimulus – S): content quality, software quality, and interactivity
	3.2. (Organism – O): cognitive interest and self-efficacy
	3.3. (Response – R): continuance learning intention
	3.4. Moderating role of self-efficacy

	4. Research methods
	4.1. Sample and data collection
	4.2. Questionnaire and measurements
	4.3. Reliability and validity
	4.4. Common method bias and non-response bias

	5. Results
	5.1. Path coefficient and hypothesis test
	5.2. Moderating role test

	6. Discussion
	6.1. Discussion of the findings
	6.1.1. Analysis of the relationship between external stimuli and internal factors
	6.1.2. Analysis of the relationship between internal factors and self-efficacy
	6.1.3. Analysis of the moderating role of self-efficacy on the relationship between interactivity and continuance learning intention
	6.2. Theoretical contributions
	6.3. Practical implications
	6.4. Limitations

	7. Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding

	References

