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Abstract— Whether students are willing to choose their own major again is an important indicator of the 

quality of education. In China, most students enter their major through the national college entrance 

examination, so this issue is particularly important. This study examines whether learning experience 

(course experience, resource support, and academic advising) mediates the link between learning behavior 

and major retention intention, and whether learning behavior moderates each dimension. We investigated 

4,765 undergraduates in a large public university in mainland China, and used structural equation 

modeling, bootstrap parallel mediation analysis, and moderation analysis. Learning behavior not only 

directly predicts retention intention, but also indirectly predicts retention intention. The three dimensions 

of experience account for 58.98% of the total effect, among which course experience is the strongest path. 

Learning behavior weakened the relationship between resource support and retention intention (β = -0.12, 

p < .001), but enhanced the role of academic advising (β = 0.08, p < .05). This "support mismatch" pattern 

suggests that the best effect can be achieved only when institutional support matches students' engagement 

level. 

Keywords— Learning Experience, Learning Behavior, Major Retention Intention, Support Mismatch, 

Structural Equation Modeling 

 

I. INTRODUCTION 

Whether students are willing to choose their own major 

again is an important indicator of the quality of education 

and also reflects their commitment to future study and 

work (Tinto, 1993). This issue is particularly important in 

China. Most students are assigned to majors through the 

college entrance examination, and many know little about 

their majors before entering university. 

Previous studies have focused on two types of factors. The 

first category is learning experience, that is, how students 

view their own courses, resources, and advising 

(Entwistle, 1991). The second category is learning 

behavior, that is, what students actually do in learning 

(Kuh et al., 2008). Both types of factors are related to 

academic persistence (Kahu, 2013; Tinto, 2017). However, 

few studies have investigated how the two work together, 

and even fewer studies have used large samples from Asia. 

Astin's (1993) I-E-O model provides a useful framework. 

This model relates the characteristics students bring, the 

environment they experience, and the final outcomes. One 

of its limitations is that it is often assumed that the 

environment has the same effect on every student, but 

recent studies have questioned this view (Crawford et al., 

2024). 

Based on the data of 4,765 undergraduates in China, this 

study answers two questions. First, does learning 

experience carry part of the influence of learning behavior 

on major retention intention? Second, does learning 

behavior change the strength of the relationship between 

each type of learning experience and retention intention? 

In short, we find that learning experience accounts for 

more than half of the effect; learning behavior weakens the 

value of resource support, but increases the value of 

academic advising. 
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1.1 Learning Experience and Major Retention 

Intention 

Learning experience refers to students' perception of the 

learning environment, including course experience, 

resource support, and academic advising. Entwistle (1991) 

believes that it is students' perception of the environment 

that affects their learning, not the environment itself. 

Positive perception is related to stronger engagement, 

motivation, and persistence (Kahu, 2013). 

Mosia et al. (2026) analyzed the records of 8,300 first-year 

students at a university in South Africa. Students who used 

academic advising services were more likely to stay in 

university and to progress. Stofile and Enwereji (2025) 

investigated 660 third-year students in South Africa. 

Academic support services such as tutoring and writing 

assistance were closely related to students' satisfaction (r = 

.78). Saeed and Mohamedali (2022) also found that a 

feedforward teaching approach improved students' 

performance, engagement, and retention. We propose: 

H1: Course experience, resource support, and 

academic advising are each positively correlated with 

major retention intention. 

1.2 Learning Behavior, Learning Experience, and 

Retention Intention 

Learning behavior includes class participation, self-study, 

and extracurricular academic activities (Kuh et al., 2008). 

Zhao and Kuh (2004) found that students who participated 

in learning communities were more engaged and more 

satisfied with college. Active students have more contact 

with teachers, courses, and services, so they may evaluate 

them more positively. Therefore, we expect: 

H2: Learning behavior is positively related to course 

experience, resource support, and academic advising. 

Learning behavior can also predict academic persistence. 

Kuh et al. (2008) found that engagement in the first year is 

related to higher grades and a higher rate of returning to 

university in the second year. Tinto (1993) argues that 

students who are better integrated into academic life are 

more likely to stay. Therefore, active students may 

establish closer ties with their majors. We propose: 

H3: Learning behavior is positively related to major 

retention intention. 

1.3 The Mediating Role of Learning Experience 

Galve-González et al. (2024) studied 1,177 Spanish 

university students. They found that academic engagement 

linked social integration, course satisfaction, and 

expectations with the use of self-regulated learning 

strategies. Among the students who had considered 

dropping out, this mediation was full; among the students 

who intended to stay, it was partial. However, engagement 

and experience are likely to influence each other (Kahu, 

2013). More engaged students may form a better view of 

courses, resources, and advisors, thus increasing their 

commitment to their majors. In terms of the I-E-O model, 

the perceived environment may transfer part of the 

influence of students' behavior to the outcome. So we 

propose: 

H4: Learning experience plays a mediating role 

between learning behavior and major retention 

intention. 

1.4 The Moderating Role of Learning Behavior 

Learning behavior may also change the strength of the 

relationship between each type of experience and retention 

intention. The evidence in this regard is inconsistent. Some 

studies have found that support is generally related to 

better student outcomes (Mosia et al., 2026; Stofile & 

Enwereji, 2025). Other studies show that not all support is 

equally useful. Crawford et al. (2024) surveyed 1,159,768 

Australian students, and found that the overall educational 

experience and connection with other students predicted a 

sense of belonging more strongly than skill development 

and curriculum support. The value of support may also 

vary from student to student. Kuh et al. (2008) found that 

engagement has a compensatory effect, and historically 

underserved students benefit more from it. On the 

contrary, Mosia et al. (2026) found that academic advising 

was most helpful when students also performed well in 

orientation courses. This shows that academic advising 

and students' active efforts are complementary. 

Person-environment fit theory helps to explain why the 

direction of moderation may differ (Edwards et al., 1998). 

When what the environment provides matches personal 

needs, the effect is the best; unmatched support may 

appear useless or even limiting. Highly engaged students 

may already be able to direct their own studies, so 

standardized resources such as fixed library services or 

general tutoring are of little help to them. Academic 

advising starts from students' own goals and can be 

adjusted, so it may be more suitable for them. So we put 

forward an exploratory hypothesis: 

H5 (Exploratory): Learning behavior moderates the 

relationship between learning experience and major 

retention intention, and the direction of moderation 

may differ across the three dimensions. 

 

II. MATERIALS AND METHODS 

2.1 Participants and Procedure 

The participants were 4,765 undergraduates from a large 

public research university in mainland China, all of whom 
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volunteered to participate. The sample included 3,018 

males (63.3%) and 1,747 females (36.7%). By year of 

study, there were 1,302 freshmen (27.3%), 1,520 

sophomores (31.9%), 1,158 juniors (24.3%), 90 non-

graduating seniors (1.9%), and 695 graduating students 

(14.6%). This study adopted convenience sampling. After 

the approval of the university administration, the 

researchers recruited students through flyers and class 

announcements, and students who were interested in 

participating received a secure online questionnaire link 

and an informed consent form. 

All participants signed the written informed consent 

online. This study was approved by the university's ethics 

review committee before data collection (approval number 

withheld for blind review). 

2.2 Measures 

Learning experience. Ten items were adapted from 

Entwistle's (1991) framework on students' perception of 

the learning environment, including course experience (4 

items, α = 0.78), resource support (3 items, α = 0.80), and 

academic advising (3 items, α = 0.75). The items are rated 

on a 5-point scale (1 = very easy or sufficient, 5 = very 

difficult or insufficient). We reverse-scored the items, so 

that the higher the score, the better the experience. 

Learning behavior. Five items were adapted from Amhag 

and Jakobsson (2009) to measure class participation, self-

study time, and extracurricular academic activities (5-point 

scale, α = 0.82). 

Major retention intention. This study uses one item: "If I 

could choose again, I would still choose this major" (1 to 5 

points). Bergkvist and Rossiter (2007) found that when the 

construct is concrete and simple, the predictive power of a 

single-item measure can be equivalent to that of a multi-

item scale. Wanous et al. (1997) obtained similar results 

for overall job satisfaction. This item directly expresses a 

clear and specific intention. However, Diamantopoulos et 

al. (2012) cautioned that single items can only be 

equivalent to multi-item scales under certain conditions. 

Therefore, we are cautious in interpreting this measure. 

2.3 Data Analysis 

We used SPSS 26.0 and AMOS 26.0 to calculate 

descriptive statistics and correlations, and compared 

students of different genders and years with t-tests and 

one-way ANOVA. We tested multicollinearity, 

homoscedasticity, and independence of errors (Kline, 

2015). We used exploratory and confirmatory factor 

analysis to test construct validity and reliability (Hair et 

al., 2010). We used Harman's single-factor test and a 

common latent factor model to evaluate common method 

bias (Podsakoff et al., 2012). Model fit was judged by χ², 

CFI, TLI, and RMSEA (Hu & Bentler, 1999; Tseng & 

Schmitt, 2008). CFI and TLI close to or higher than .95, 

and RMSEA close to or lower than .06, indicate good fit. 

Because χ² is very sensitive to large samples, we did not 

judge by it alone (Kline, 2015). 

Then, we used the PROCESS macro for SPSS (Model 4; 

Hayes, 2022) to test the parallel mediation model. 

Learning behavior is the predictor, the three experience 

dimensions are parallel mediators, and retention intention 

is the outcome variable. The indirect effects were tested 

with 5,000 bootstrap samples. If the 95% confidence 

interval does not contain zero, the indirect effect is 

significant. Finally, we used mean-centered scores to 

construct the interaction terms between learning behavior 

and each experience dimension to test the moderating 

effect. Since learning behavior is also the predictor in the 

mediation model, this test can explain whether the 

influence of each mediator on the outcome depends on the 

predictor (Hayes, 2022). 

2.4 Data Availability and Use of Generative AI 

Because the data contain student information, they will not 

be made public. Readers can reasonably apply to the 

corresponding author for the de-identified data. In this 

study, generative artificial intelligence tools were used 

only for language editing and formatting, and the authors 

are responsible for all the contents. 

 

III. RESULTS 

3.1 Descriptive Statistics and Preliminary Analyses 

Table 1 lists the mean, standard deviation, and correlation 

coefficient of each variable. All correlations are positive 

and significant. Learning behavior is related to resource 

support (r = .40) and retention intention (r = .42). Resource 

support is highly correlated with academic advising (r = 

.79). All the mean values are lower than the midpoint of 

the scale (3), which shows that many students' evaluation 

of their learning experience and major is only moderate. 

The data meet the main statistical assumptions. The VIF 

values range from 1.01 to 2.97, which is far below the 

commonly used cut-off of 10 (Hair et al., 2010). The 

Breusch-Pagan test was not significant (p > .05), and 

Durbin-Watson values ranged from 1.5 to 2.5. The 

absolute value of skewness is less than 2 and that of 

kurtosis is less than 7. There are no signifsicant outliers, 

and missing values are less than 5%, which were handled 

with the full information maximum likelihood method. 

3.2 Measurement Model and Common Method Bias 

The χ² test of the measurement model was significant (p < 

.05). However, other indices show a good fit: CFI = 0.97, 
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TLI = 0.96, RMSEA = 0.04, 90% CI [0.03, 0.05]. All 

factor loadings were significant (p < .01). The composite 

reliability is higher than 0.70, and the average variance 

extracted is higher than 0.50. In Harman's test, the first 

factor explains 28% of the variance, which is lower than 

the 50% threshold. After adding a common latent factor, 

the model fit did not improve. Therefore, common method 

bias is unlikely to pose a problem. 

3.3 Path Analysis 

The structural model also fits well (CFI = 0.97, TLI = 

0.95, RMSEA = 0.04, 90% CI [0.02, 0.06]). Table 2 lists 

the path coefficients. 

Table 1: Descriptive Statistics and Correlations (N = 4,765) 

Variable M SD 1 2 3 4 

1. Course experience 2.04 0.74     

2. Resource support 1.76 0.80 .64***    

3. Academic advising 1.68 0.78 .62*** .79***   

4. Learning behavior 2.54 0.84 .60*** .40*** .40***  

5. Retention intention 2.18 0.93 .51*** .49*** .48*** .42*** 

Note. ***p < .001. 

Independent samples t-tests show that there are gender differences in course experience (t = 4.75), resource support (t = 

6.01), and academic advising (t = 7.93), all p < .001. One-way ANOVA shows that there are year differences in course 

experience (F = 5.36), resource support (F = 9.83), academic advising (F = 16.47), and retention intention (F = 7.22), all p < 

.001. There is no significant year difference in learning behavior.Gender differences were also found in learning behavior (t = 

1.95, p < .001) and retention intention (t = 0.98, p < .001). 

 

Table 2: Path Coefficients of the Parallel Mediation Model 

Path β SE p 

Learning behavior → Course experience 0.53 0.01 < .001 

Learning behavior → Resource support 0.38 0.01 < .001 

Learning behavior → Academic advising 0.37 0.01 < .001 

Course experience → Retention intention 0.26 0.02 < .001 

Resource support → Retention intention 0.20 0.02 < .001 

Academic advising → Retention intention 0.17 0.02 < .001 

Learning behavior → Retention intention (direct) 0.19 0.02 < .001 

Note. β is the standardized coefficient. The paths to retention intention control for other predictors. The four predictors 

explain 43% of the variance in retention intention. 

Learning behavior positively predicted course experience (B = 0.53), resource support (B = 0.38), and academic advising (B 

= 0.37), all p < .001, and H2 was supported. After controlling for learning behavior, course experience (B = 0.26), resource 

support (B = 0.20), and academic advising (B = 0.17) all predicted retention intention, all p < .001, and H1 was supported. 

Learning behavior still has a direct effect on retention intention (B = 0.19, p < .001), and H3 is supported. 

 

3.4 Mediation Analysis 

As shown in Table 3, the total indirect effect is 0.2777, 

95% CI [0.2520, 0.3034], accounting for 58.98% of the 

total effect. In standardized terms, it is about 0.25. As the 

direct effect is still significant, the mediation is partial, and 

H4 is supported. Course experience accounts for the 

largest share (28.82%), followed by resource support 

(16.33%) and academic advising (13.83%). Fig. 1 shows 

the model. 
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Fig.1. Parallel mediation model linking learning behavior to major retention intention through three dimensions of learning 

experience 

Note. The coefficients are standardized coefficients. ***p < .001. 

Table 3: Total, Direct, and Indirect Effects of Learning Behavior on Major Retention Intention 

Effect Estimate SE LLCI ULCI % of Total 

Total effect 0.4708 0.0144 0.4425 0.4991 100.00 

Direct effect 0.1931 0.0163 0.1612 0.2250 41.02 

Total indirect effect 0.2777 0.0130 0.2520 0.3034 58.98 

Via course experience 0.1357 0.0142 0.1086 0.1642 28.82 

Via resource support 0.0769 0.0114 0.0547 0.0992 16.33 

Via academic advising 0.0651 0.0110 0.0440 0.0869 13.83 

Note. LLCI and ULCI are the lower and upper limits of the 95% confidence interval, respectively. The intervals of the total 

effect and direct effect are normal-theory intervals, and the intervals of the indirect effects are percentile bootstrap intervals 

based on 5,000 samples. 

3.5 Moderation Analysis 

The moderation model was significant (R = 0.76, R² = 0.583., F = 271.30, p < .001). Table 4 lists the interaction terms. 

Table 4: Moderating Effects of Learning Behavior 

Interaction term β t p 

Course experience × Learning behavior 0.02 0.95 n.s. 

Resource support × Learning behavior -0.12 -3.97 < .001 

Academic advising × Learning behavior 0.08 2.59 < .05 

Note. β is the standardized coefficient. n.s. = not significant. 

 

The interaction of course experience is not significant. The interaction term of resource support is negative (β = -0.12, p < 

.001), which shows that the relationship between resource 

support and retention intention is weaker for students who 

are more active in learning. The interaction term of 

academic advising is positive (β = 0.08, p < .05), which 

shows that academic advising has a stronger connection 

with retention intention for students who are more active 
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in learning. H5 is partially supported because the direction 

of moderation varies from dimension to dimension. All 

interaction effects are small in size. 

 

IV. DISCUSSION 

4.1 Main Findings 

The results support H1 to H4, and partially support H5. 

First, all three dimensions of experience are positively 

related to retention intention. This is consistent with the 

findings of Mosia et al. (2026) and Stofile and Enwereji 

(2025), who associate academic advising and academic 

support with retention and satisfaction. This study extends 

this evidence to undergraduates in China, and focuses on 

the willingness to stay in the major, not just in the 

university. The mean of retention intention is low (M = 

2.18), which also shows the importance of this issue in 

China. 

Second, learning behavior not only directly predicts 

retention intention, but also indirectly predicts retention 

intention through learning experience. Course experience 

is the strongest path. Active students spend more time on 

courses, so a good course experience may make them feel 

that this major is worth keeping. This result also 

complements the research of Galve-González et al. (2024). 

They placed engagement between students' views of their 

studies and their learning strategies, and we find that 

experience can also sit between behavior and outcomes. 

Taken together, the two studies show that there may be a 

two-way relationship between them. Awuonda (2025) also 

found in a sample of 201 graduate students that advisor 

quality is partly related to learning outcomes through 

academic motivation. 

4.2 The Support Mismatch Pattern 

We call the most noteworthy finding a "support mismatch" 

pattern. Learning behavior weakens the role of resource 

support, but enhances the role of academic advising. 

Person-environment fit theory provides the first 

explanation (Edwards et al., 1998). Highly engaged 

students may rely less on formal resources and more on 

self-directed learning or peer learning. Standardized 

resources may not meet their needs, so they contribute less 

to their major commitment. In contrast, academic advising 

starts from students' own problems and goals. More 

engaged students may be better at asking useful questions 

and acting on suggestions. 

Self-determination theory provides a second explanation 

(Deci & Ryan, 2000). Students need to feel autonomous, 

so for students with strong autonomy, fixed standardized 

services may feel more like external control. This may be 

an "over-support" effect. Individualized academic advising 

is more likely to support their own choices, and Awuonda 

(2025) also emphasizes the value of autonomy-supportive 

academic advising. 

The third explanation is compensation. Less engaged 

students may rely more on institutional resources, so these 

resources are more important to their major commitment. 

This is consistent with the compensatory effect reported by 

Kuh et al. (2008). The cross-sectional data of this study 

cannot distinguish these explanations. Selection effects 

may also exist, because students with strong motivation 

may not only be more engaged, but also seek good 

advising. Mosia et al. (2026) gave the same warning about 

their results. 

4.3 Theoretical Contributions 

This study has three theoretical contributions. Firstly, it 

illustrates the internal process of Astin's (1993) I-E-O 

model. Students' behavior affects how they perceive the 

environment, and the perceived environment transmits 

most of the influence to the outcome. Second, it identifies 

a boundary condition. The relationship between 

environment and outcomes depends on whether the type of 

support matches students' engagement level. According to 

person-environment fit theory, standardized resources 

create a needs-supplies mismatch for highly engaged 

students (Edwards et al., 1998). Thirdly, it supports Kahu's 

(2013) view that engagement is formed in the interaction 

between students and institutions. Learning behavior is not 

only a conduit that opens this path, but also a filter that 

changes how much each type of support matters. 

 

V. CONCLUSION 

5.1 Conclusions and Implications 

Among the 4,765 undergraduates in China, learning 

behavior not only directly predicts major retention 

intention, but also indirectly predicts it through three 

dimensions of learning experience, and the latter accounts 

for nearly 60% of the total effect. Learning behavior 

moderates the effects of resource support and academic 

advising in opposite directions. 

Three practical implications can be drawn from this. First, 

universities should improve the course experience, because 

it is the strongest path. Clear course objectives, useful 

feedback, and links between courses and careers may help 

students see the value of their major. Second, universities 

should adjust their support methods according to students' 

participation while ensuring that basic resources are 

generally open. Students with low participation can get 

more active help, while students with high participation 

need more flexible and advanced resources. Because the 

adjustment effect is not great, the focus should be on 
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optimizing the support mode rather than reducing 

resources. Thirdly, academic advising should continue to 

serve as personalized support for all students, helping them 

cope with learning difficulties and strengthening contact 

with teachers and students. For students with low 

participation, schools should also guide them to use 

academic advising more effectively. 

5.2 Limitations and Future Research 

There are still some limitations in this study. First, the data 

come from one research university, and future research 

should include comprehensive universities, normal 

universities, and vocational colleges. Second, all data are 

self-reported, and there may be social desirability bias. 

Thirdly, this study uses a cross-sectional design, and it is 

impossible to confirm the causal direction. Learning 

experience may also affect learning behavior in turn, 

which requires a longitudinal design to test both directions. 

Fourthly, measuring retention intention with only one item 

cannot reflect all its complexity (Diamantopoulos et al., 

2012). Fifth, resource support and academic advising are 

highly correlated (r = .79), and their respective effects 

should be interpreted carefully. Future studies should also 

report simple slopes. 
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