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2 School of Foreign Languages, Anhui University of Science and Technology 
* Correspondence: maryann@mail.xjtu.edu.cn 

Abstract 

The present study employed latent profile analysis (LPA) to explore 586 Chinese college students’ 
profiles of self-efficacy in English writing MOOC learning context. Based on LPA results, differences 
in linguistic self-efficacy, self-regulatory efficacy, performance self-efficacy were compared. LPA 
generated three profiles of students’ self-efficacy, i.e., low on all self-efficacy, average self-efficacy, 
moderately high self-efficacy. The results of ANOVAs revealed that the three profiles showed 
significant differences in interaction and discussion, perseverance in online learning, attitude value, 
preference value, flexibility in online learning. These findings of the present study provide 
constructive insights into the subclasses of students’ self-efficacy and have significant implications 
for the self-efficacy research and its implementation in educational intervention in college English 
writing MOOC based second language acquisition to better improve learners’ English writing 
proficiency. 

Keywords: latent profile analysis; self-efficacy; English writing MOOC; college English 
 

1. Introduction 

Since the “year of MOOC” (Pappano, 2012), Massive Open Online Courses (MOOCs) have 
undergone dramatic development over the past decades (Peng & Jiang, 2022), and emerged as an 
innovative online education which facilitates broader access to diverse disciplinary content for the 
general public with common interest (Bárcena et al., 2014; Terras & Ramsay, 2015). Accordingly, 
MOOCs have been engaging millions of learners at various levels worldwide (Gupta & Sabitha, 2019), 
especially in dealing with the outbreak of COVID-19 pandemic. To date, MOOCs have been 
significant pedagogical resources and novel curriculum type for instruction and have gained 
widespread adoption in higher education. 

However, extant studies manifest that despite MOOCs’ salient advantages in free access and 
spatiotemporal flexibility, MOOC learners encounter several challenges (Hew & Cheung, 2014), such 
as deficient face-to-face interaction (Cho & Byun, 2017), high dropout rate (Bárcena et al., 2014; Chen, 
2014; Gupta & Sabitha, 2019; Lee, Watson & Watson, 2020; Chen et al., 2024), low pass rates (Kuo, 
Tsai & Wang, 2021; Qian et al., 2022; Chen et al., 2024), academic integrity and ethics(Marshall,2014; 
Peng & Jiang, 2022). These issues would be particularly relevant to language MOOCs, of course 
including English writing MOOCs, where language is both the medium of instruction (Peng & Jiang, 
2022) and the tool of writing. 

To explore reasons resulting in the challenges, LPA (latent profile analysis), which is a person-
centered approach assuming that the MOOC learners are not homogeneous, can provide deeper 
insights by identifying latent subgroups of learners based on their self-efficacy levels and associated 
learning characteristics, and highlight the value of classifying individual learner according to 
different clusters of variables (Masyn, 2013), is employed. However, while self-efficacy has been 
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extensively studied in traditional classroom seĴings, scarce research has explored its role in MOOC-
based English writing instruction, particularly in the Chinese context. 

Besides, in response to the aforementioned challenges, there is a rising body of literature which 
recognize the positive effect of learner self-efficacy in MOOCs (Kormos & Nijkowska, 2017; Zhang, 
Yin, Luo & Yan, 2017; Hsu, Chen & Ting, 2018；Gameel & Wilkins, 2019; Kuo, Tsai, & Wang, 2021; 
Rekha, SheĴy & Basri, 2023; Wei, Saab & Admiraal, 2024). However, how learners with varying levels 
of self-efficacy engage in MOOC learning remains unclear. As for research on MOOCs learners, most 
has largely used variable-centered approach neglecting that they are heterogeneous (Lee et al., 2020; 
Kuo et al., 2021). 

To bridge these gaps, this study employs LPA to (1) identify latent profiles of Chinese college 
students in terms of their self-efficacy levels in an English writing MOOC, and (2) examine how these 
profiles differ in terms of interaction and discussion, perseverance in online learning, aĴitude, 
preference, flexibility in online learning. By employing the person-centered approach, this study 
intends to offer a more nuanced understanding of learner diversity in online writing instruction, 
providing practical insights for writing MOOC designers and instructors to beĴer facilitate learners 
with varying self-efficacy levels. 

2. Literature Review 

2.1. Self-Efficacy 

Self-efficacy in foreign language learning typically refers to learners’ confidence in their foreign 
language abilities and their capacity to cope with the challenges of language acquisition, exhibiting a 
certain degree of dynamism and context-dependency. When it comes to English writing, self-efficacy 
plays a pivotal role in the composition process, for it necessitates not only students’ mastery of 
writing and linguistic skills but also their confidence in efficiently regulating the anxieties and 
affective challenges inherent to writing tasks (Pajares &Valiante, 2006). Therefore, online Learners 
with high self-efficacy are generally more inclined to adopt proactive learning strategies and 
demonstrate greater persistence when encountering difficulties. Research on online learning 
indicates that self-efficacy and extrinsic motivation have a significant positive predictive effect on 
English learning (An et al., 2024). In addition, Agonacs et al. (2020) emphasized MOOC learners are 
extremely diverse in terms of their age, qualifications, background and so on. Therefore, the impact 
of self-efficacy may vary depending on individual backgrounds and learning contexts, its specific 
mechanisms in online language learning require further empirical validation. 

The academic community remains divided regarding the influence of self-efficacy on technology 
acceptance. Lai & Huang (2018) emphasized that self-efficacy can directly and indirectly affect 
perceived ease of use and perceived usefulness, while self-efficacy also influences aĴitudes of usage 
(Bulut & Delialioğlu, 2022) and behavioral intentions (Gan & Balakrishnan, 2016). Against the 
backdrop of digital transformation in education, studies on the impact of self-efficacy on MOOC 
learning suggest a generally positive influence, yet such precise mechanisms remain unclear. Thus, 
there is an urgent need to investigate the demonstration of self-efficacy across different learning 
platforms and elucidate its functional mechanisms in digital language learning, thereby providing 
stronger theoretical support for enhancing learners’ online learning experiences and outcomes. 

2.2. Self-Efficacy and English Writing MOOC Learning 

The current literature on the relationship between self-efficacy and MOOC learning generally 
falls into four classifications, presenting different or even conflicting views. First, self-efficacy affects 
in-service teachers’ completion of professional development MOOCs (Ma et al., 2023). Additionally, 
self-efficacy shows significantly influence on learners’ persistence and readiness in MOOC 
participation (Shao, 2018; Subramaniam et al., 2019). However, research also verified that direct 
predictive effect of self-efficacy on perceived course effectiveness was not statistically significant (Lee 
et al., 2020). There is still literature with divergent perspectives, indicting self-efficacy was found to 
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be unrelated to MOOC learning (Wang & Zhu, 2019). Synthesizing the above, the consensus is that 
self-efficacy has a positive impact on MOOC learning. 

Additionally, learners’ belief in their ability to use technology on MOOC platforms (i.e., 
computer self-efficacy) has a direct impact on their learning outcomes (Bandura, 1997; Liaw & Huang, 
2013). When learners believe that they can effectively utilize computers and related technologies 
(such as large language models), their motivation to learn and their intention to continue learning are 
significantly enhanced (Zhang et al., 2020). This sense of self-efficacy affects their perception of using 
the course, thereby influencing their satisfaction with the course and their ultimate intention to persist 
in MOOC learning (Joo, Joung, & Kim, 2014). 

Studies also have shown that higher levels of computer self-efficacy can increase learners’ 
perceived usefulness of MOOCs, which in turn improves their satisfaction with the learning 
experience and their intention to continue using the platform (Alraimi et al., 2015). The enhancement 
of self-efficacy allows students to beĴer cope with the technical challenges they might encounter 
during online learning, thus improving their learning efficiency and outcomes (Compeau & Higgins, 
1995). Moreover, the research also indicates that confirming learners’ expectations (i.e., the platform 
delivering on learners’ initial expectations) plays a significant role in enhancing self-efficacy. 
Nevertheless, how learners with varying degrees of self-efficacy participate in English writing 
MOOC-based learning remains insufficiently understood. 

2.3. Latent Classes of Self-Efficacy and Their Characteristics 

The existing studies have demonstrated that language learners cannot be simply categorized 
into groups of high or low self-efficacy, as evidenced by the Internet-based learning self-efficacy like 
Kuo et al., (2021). However, empirical research remains limited in examining the potential latent 
classes of MOOC learning self-efficacy among Chinese university students and how self-efficacy 
profiles relate to their MOOC learning performance. 

To date, only a limited number of studies in the field of second language writing acquisition 
have adopted an individual-centered approach to analyze the latent categories of self-efficacy 
(DeBusk-Lane et al., 2023; Zhang & Zhang, 2024). Specifically, Zhang and Zhang (2024) used a sample 
of 391 EFL students from two Chinese universities to profile their writing self-efficacy and its 
relationship with their writing strategies under self-regulated learning environment. Latent profile 
analysis identified three distinct profiles of writing self-efficacy: “Low on All Self-efficacy”, “Average 
on All Self-efficacy”, and “High on All Self-efficacy” (Zhang & Zhang, 2024). Moreover, Analysis of 
variance (ANOVA) and Welch’s tests further indicated that these profiles exhibited statistically 
significant differences in writing self-efficacy, self-regulated learning (SRL) writing strategies, and 
writing achievement. Subsequent path analyses revealed profile-based variations in (a) the predictive 
relationships between writing self-efficacy and SRL writing strategies, and (b) the predictive effects 
of both writing self-efficacy and SRL strategies on writing achievement outcomes. DeBusk-Lane et al. 
(2023) adopted a bifactor ESEM, three latent profiles were aĴracted from a sample of 1466 8th–10th 
graders, characterized by a common indicator across Strongly Inefficacious (Conventions), 
Moderately Inefficacious (Ideation), and Efficacious (Self-Regulation). And evidence for concurrent, 
divergent, and discriminant validity was substantiated through a comprehensive set of analyses 
examining both antecedents and consequences of the identified profiles, including demographic 
characteristics, standardized writing assessment scores, and academic grades (DeBusk-Lane et al., 
2023). Overall, existing research on MOOC learners has predominantly employed variable-centered 
methodologies, often overlooking the inherent heterogeneity within this population. 

2.4. The Present Study 

This study aimed to discern Chinese college students’ profiles of self-efficacy in college English 
writing MOOC through LPA and to identify the possible differences in their learning performance in 
terms of interaction and discussion, perseverance in online learning, aĴitude, preference, flexibility 
in online learning. The research questions were addressed as bellow. 
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(1) What are the latent profiles of self-efficacy in college English writing MOOC in China? 
(2) Do the identified profiles differ significantly in their learning performance (i.e., interaction and 

discussion, perseverance in online learning, attitude, preference, flexibility)? 

3. Methods 

3.1. Participants and Procedure 

586 first year students from a college in eastern China were recruited based on convenience 
sample method. Among these participants, 417 were male, and 169 were female. All the participants’ 
English learning followed the same curriculum set by the Chinese Ministry of Education which aims 
to assist learners for the College Entrance Examination at the end of the third year. In addition, all 
the participants were native Chinese students with no foreign learning experience. Questionnaires 
were distributed during the break by their English teachers respectively. All the participants were 
informed of the purposes of the study, and those who wanted to participate could finish the 
questionnaires onsite during the break. The total response rate was 99.5%. 

3.2. Measurements 

Composite questionnaires were used in the present study, and they consisted of demographic 
information and two well-established psychometric scales aimed to measure students’ self-efficacy, 
English writing MOOC learning performance. During the data collection, all participants were 
enrolled in the “College English Writing” MOOC. This course serves as an extended resource for the 
compulsory “College English” writing instruction, with a primary focus on assisting learners in 
enhancing their English writing skills. 

3.2.1. Self-Efficacy Scale 

The self-efficacy scale was developed by Teng et al. (2018) to investigate the self-efficacy status 
and level of learners engaged in online college English writing MOOCs. The scale includes three 
subscales: language self-efficacy, self-regulatory efficacy, and behavioral self-efficacy, with a total of 
20 items. In this research, the overall reliability of the scale is excellent (Cronbach’s α = .937), and the 
structural validity is also good (χ2/df = 1.854 < 3; CFI = .954 > .90; TLI = .947 > .90; SRMR = .042 < .08; 
RMSEA = .064 < .08). 

3.2.2. English Writing MOOC Learning Scale 

The English writing MOOC learning scale was slightly adapted from the scale developed by Li 
et al. (2013) to assess the overall learning status of learners engaged in online college English writing 
MOOCs. The scale consists of five subscales: persistence, flexibility, interaction and communication, 
learning aĴitude, and online tendency, with a total of 22 items. In this research, the overall reliability 
of the scale is good (Cronbach’s α = .908), and the structural validity fits well (χ2/df = 1.585 < 3; CFI = 
.964 > .90; TLI = .958 > .90; SRMR = 0.043 < .08; RMSEA = .053 < .08).value (Cronbach’s α = 0.90). The 
construct validity was also found to be acceptable (χ2/df = 2.70, CFI = 0.992, TLI = 0.989, SRMR =0.017, 
RMSEA = 0.047). 

3.3. Data Analysis 

The reliability and structural validity of the measurement tools were examined using SPSS 26.0 
and AMOS 26.0 respectively. 

In the present study, Cronbach’s α coefficients were also calculated to examine the reliability of 
these scales using SPSS 26.0. Referring to Zhang and Zhang’s (2024) article, Cronbach’s α above 0.70 
indicates that the questionnaire has acceptable internal consistency. Besides, goodness-of-fit indices 
for construct validity included the Chi-square divided by the degrees of freedom (χ2/df), the Tucker-
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Lewis Index (TLI), the Comparative Fit Index (CFI), the Root Mean Square Error of Approximation 
(RMSEA), and the Standardized Root Mean Square Residual (SRMR). The model fit is acceptable 
when χ2/df < 5 (Marsh & Hocevar, 1985), TLI and CFI >0.90 (Byrne, 2011), SRMR <0.05 
(Diamantopoulos, Siguaw, & Siguaw, 2000), and RMSEA <0.08 (Browne & Cudeck, 1992) are 
reported. After checking reliability and validity, descriptive statistics (i.e., means and standard 
deviations) and correlation coefficients were also computed. 

In order to answer the first research question, LPA as one of the most typical person-centered 
approaches that aim to identify externally heterogeneous but internally homogenous subgroups, was 
conducted using Mplus 8.3(Muthén & Muthén, 2017). Following the recommendations of DeBusk-
Lane et al. (2023) and Zhang and Zhang (2024), model selection took the following criteria into 
consideration: self-efficacy theory, English writing MOOC learning practice in China, and model fit 
indices. The statistical indices used in this study included Akaike Information Criteria (AIC), 
Bayesian Information Criteria (BIC), sample size adjusted BIC (aBIC), the p-value of the Lo-Mendel-
Rubin’s Likelihood ratio test (LMR), Bootstrap Likelihood ratio test (BLRT), and entropy (Li et al., 
2022). The best model needed to show the following characteristics: AIC, BIC, and aBIC values should 
be lower than that of the other models; LMR and BLRT values should be significant at the p < 0.05 
level; the value of entropy should be higher than 0.80 (as a higher level of entropy indicates a beĴer 
model fit with value 1 indicating perfect classification) (Spurk et al., 2020). Model fit indices of two-
profile to four-profile solutions were compared to identify the best model (Zhang & Zhang, 2024). 
Last, in order to answer the second research question, data generated from the LPA were imported 
into SPSS 26.0 for one-way analyses of variance (ANOVAs). Detailed comparisons of the five 
variables between the three subgroups were conducted using Post hoc tests. Specifically, LSD tests 
were chosen when equal variances were reported, while Tamhane T2 tests were used when unequal 
variances were found. 

4. Results 

4.1. Results of the Latent Profile Analysis 

Based on a two-class model as the baseline, sequentially increased the number of latent classes, 
ultimately three distinct class models with varying numbers of categories were constructed. Table 1 
presents the goodness-of-fit indices for these three class models. 

Table 1. Fit indices for latent profile analysis. 

NO. AIC BIC aBIC LMR  BLRT  Entropy Class size per Profile 
2 37040.95 37307.41 37113.75 0.000 0.000 0.989 99，484 
3 36015.34 36373.53 36113.21 0.046 0.000 0.934 66，152，365 
4 35291.68 35741.60 35414.61 0.665 0.000 0.950 66，100， 54，363 

Note: NO. = Number of Profiles. 

As is shown in Table 1, the AIC, BIC, and aBIC values progressively decreased while the Entropy 
values first decreased and then increased with additional profiles, indicating superior model fit with 
more profiles. The BLRT p-values for profile 2, 3 and 4models were all significant (p < .001). LMR tests 
(p < .001, p = .046 < .05, p =.665 > .05) demonstrated that the 3-class model showed improvement over 
their 2 and 4 class counterparts theory although the 2 and 4 class models achieved Entropy values 
exceeding .8, suggesting that the three-profile solution might be the best-fiĴed model for the profiles 
of students’ self-efficacy. The subtlety of the three profiles is displayed in Figure 1. 
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Figure 1. Three profiles of self-efficacy. 

Based on Figure 1, the participants assigned to Profile 1 were identified by low scores on all the 
indicator items concerning linguistic self-efficacy, self-regulatory self-efficacy, and performance self-
efficacy; and those classified to Profile 2 by average scores on nearly the total indicator items; while 
those classified to Profile 3 by moderately high scores on all the items. Overall, we labelled Profiles 1 
to 3 as “Low on All Self-efficacy”, “Average Self-efficacy, “Moderately High Self-efficacy” 
respectively, which echoes Zhang & Zhang (2024). Significant differences among the three categories 
were observed at five aspects of English writing MOOC learning (F Linguistic = 516.99, P Linguistic < .001; F 

Regulation = 280.08, P Regulation < .001; F Performance = 569.49, P Performance < .001;) (see Table 2). 

Table 2. Comparisons of means among different profiles. 

 Profile 1 (n= 66) Profile 2 (= 152) Profile 3 (n= 365)  F（2, 580） 
Linguistic 2.26±.57 4.17± .98 5.19±.58 516.99*** 
Regulation 2.39±.65 4.20 ±1.03 5.05±.82 280.08*** 

Performance 2.37±.70 3.98 ±.92 5.26±.57 569.47*** 
Note: Profile 1 = Low on All Self-efficacy, Profile 2 = Average Self-efficacy, Profile 3 = Moderately High Self-
efficacy, Linguistic = Linguistic self-efficacy, Regulation = Self-regulatory efficacy, Performance = Performance 
self-efficacy, ***indicates statistical significance at a p < 0.001. 

4.2. Comparison of Five Aspects of English Writing MOOC Learning Among the Profiles 

A one-way analysis of variance (ANOVA) was carried out to examine the differences in the five 
aspects of Chinese college English writing MOOC learning among the three profiles. The results (see 
Table 3) revealed significant differences in interaction (F(2, 580) = 15.33, p < .001) , perseverance (F(2, 
580) = 14.23, p < .001), aĴitude (F(2, 580) = 8.03, p < .001), preference (F(2, 580) = 21.29, p < .001) and 
flexibility (F(2, 580) = 8.02, p < .001) across different latent categories of self-efficacy. The levels of 
interaction, aĴitude and preference increased in the following order: 

low on all self-efficacy, average on all self-efficacy, moderately high on all self-efficacy. While 
the levels of perseverance and flexibility increased in the following order: low on all self-efficacy, 
moderately high on all self-efficacy, average on all self-efficacy. Post hoc multiple comparisons 
indicated that the low on all self-efficacy category had significantly lower levels than average self-
efficacy and moderately high self-efficacy category in terms of all the five aspects of English writing 
MOOC learning. The average self-efficacy category had significantly higher perseverance and 
preference than the other two categories. And the moderately high self-efficacy category showed 
significantly higher interaction, aĴitude and preference than the other two categories. Figure 2 
illustrates the between-group differences in standardized scores for interaction, perseverance, 
aĴitude, preference and flexibility across the three categories. 

Table 3. Differences in the five aspects of English writing MOOC learning among the profiles. 
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Profile 1 
 (n= 66) 

Profile 2 
 (n= 152) 

Profile 3 
 (n= 365) 

Post-hoc 
comparison 

ANOVA results 
F（2, 580） η2 

Interaction 3.09 (.96) 3.62 (.73) 3.66 (.76) 3>2>1 15.33*** .050 
Perseverance 3.00 (1.25) 3.74 (.85) 3.65 (.97) 2>3>1 14.23*** .047 

AĴitude 3.32 (1.22) 3.72 (1.03) 3.85 (.93) 3>2>1 8.03.*** .027 
Preference 3.04 (1.18) 3.79 (.82) 3.81 (.87) 3>2>1 21.29*** .068 
Flexibility 2.87 (1.03) 3.38 (.92) 3.36 (.99) 2>3>1 8.02*** .027 

Note: Profile 1 = Low on All Self-efficacy, Profile 2 = Average Self-efficacy, Profile 3 = Moderately High Self-
efficacy, Interaction = Interaction and discussion, Perseverance = Perseverance in online learning, AĴitude = 
AĴitude value, Preference= Preference value, Flexibility = Flexibility in online learning, ***indicates statistical 
significance at a p < 0.001. 

 

Figure 2. Z-scores of the five aspects of English writing MOOC learning among the profiles. 

5. Discussion 

5.1. Latent Profiles of College Students’ Self-Efficacy 

Adopting a person-centered approach, this study employed Latent Profile Analysis (LPA) and 
identified a three-class model as the optimal solution for classifying self-efficacy paĴerns of Chinese 
university students in college English writing MOOC learning. The optimal model consisted of low 
on all self-efficacy(M Linguistic = 2.26, SD Linguistic = .57; M Regulation = 2.39, SD Regulation = .65; M Performance = 2.37, 
SD Performance = .70), average on self-efficacy(M Linguistic = 4.17, SD Linguistic = .98; M Regulation = 4.20, SD Regulation = 
1.03; M Performance = 3.98, SD Performance = .92), moderately high self-efficacy profiles(M Linguistic = 5.19, SD 

Linguistic = .58; M Regulation = 5.05, SD Regulation =.82; M Performance = 5.26, SD Performance = .57), which echoes the prior 
research (Zhang & Zhang, 2024). The low on all self-efficacy in this study, consistent with Zhang and 
Zhang (2024), exhibited comparatively lower indicators in terms of interaction, perseverance, 
aĴitude, preference and flexibility of English writing MOOC learning, reflecting a small proportion 
of Chinese university students exhibit generally low self-efficacy in English MOOC learning. In 
contrast, the data of the three profiles suggest that as self-efficacy levels increase across the profiles, 
significant differences are observed in all three domains (Linguistic, Regulation, and Performance). 

This highlights the significance of self-efficacy in predicting English writing MOOC learning 
outcomes. The statistical significance at the p < .001 level across all three dimensions indicates the 
robustness of the observed college students’ self-efficacy, which echoes Alshahrani(2025). The latent 
profiles of self-efficacy in this study contains moderately high self-efficacy profiles(M Linguistic = 5.19, 
SD Linguistic = .58; M Regulation = 5.05, SD Regulation =.82; M Performance = 5.26, SD Performance = .57), which differ from 
those in previous studies (DeBusk-Lane et al., 2023; Zhang & Zhang, 2024), likely due to the unique 
context of Chinese English writing MOOC and the characteristics of the participants’ academic 
backgrounds and their regional traits. In addition, the three-profile mode further confirms the 
complexity of self-efficacy, emphasizing the necessity and significance of self-efficacy research in 
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language MOOC learning, thus making significant contribution to the theory and application of self-
efficacy. 

In terms of profile distribution, low on all self-efficacy profile constituted the smallest proportion 
(11%), followed by the average on self-efficacy profile (26%), while the moderately high self-efficacy 
profiles accounted for the highest proportion (63%). Dissimilar to the study by Zhang & Zhang (2024) 
on Chinese college students, the majority of university students in this study tended toward higher 
proportion of moderately high self-efficacy. This phenomenon may be partly aĴributed to the 
participants’ respective region distribution for the participants of this study are form a college in 
eastern China, as previous research has shown that a high on all self-efficacy taking up 25% (Zhang 
& Zhang, 2024). Besides, Alshahrani(2025) put forward that the three dimensions of self-efficacy all 
have predictive effects on the continued willingness to engage in English writing MOOC learning. 
Specifically, performance self-efficacy and self-regulation self-efficacy have a significant positive 
impact, while language self-efficacy has a significant negative impact, indicating that individuals 
with stronger language abilities tend to have lower willingness to continue learning (Alshahrani, 
2025). These differences may reflect the influence of the advancement of digital transformation in 
foreign language education in China. 

5.2. Differences in the Five Aspects of English Writing MOOC Learning Among the Profiles 

The three latent profiles of college English writing MOOC learners’ self-efficacy are low on all 
self-efficacy, average on self-efficacy, moderately high self-efficacy profiles (taking up 63%). 
Regarding the differences observed across the three profiles, students exhibited significant variations 
in their interaction, perseverance, aĴitude, preference and flexibility, and actual English writing 
MOOC learning performance. The disparities in these five variables across the profiles provide 
empirical support for the theoretical proposition of the self-efficacy theory, which posits that varying 
levels of learners’ self-efficacy are closely associated with different levels of writing MOOC leaning 
willingness and performance (Alshahrani, 2025). The subclass of students characterized by 
moderately high self-efficacy profiles demonstrated the highest levels of interaction, aĴitude and 
preference, the lower levels of perseverance and flexibility. These findings are in line with those of 
Zhang and Zhang (2024), and in partial support and expand Alshahrani (2025) which has established 
that elevated levels of self-efficacy are strongly correlated with higher levels of actual English writing 
MOOC learning. In addition, the other two aspects, namely perseverance and flexibility, are highest 
in average on self-efficacy profile (constituting 26%) compared with the other two profiles (see Table 
3). And this profile has moderate interaction, aĴitude and preference while the rest one has the lowest 
on all the five aspects of English writing MOOC learning. This highlights the significance of 
enhancing students’ English writing self-efficacy in fostering their English writing MOOC learning 
success, which will eventually pave way to their language learning success. This study further 
supports the applicability of the self-efficacy theory in the field of English writing MOOC based 
second language acquisition from an individual perspective. 

In this study, interestingly, the levels of the five aspects of English writing MOOC learning in 
low on all self-efficacy profile (taking up 11%) were significantly the lowest respectively. Although 
the moderately high self-efficacy category has the highest three aspects, the average category owns 
the highest other two aspects. This makes the phenomenon of college English writing MOOC 
learners’ self-efficacy more intriguing and intertwining. From this perspective, the findings of this 
research contradicting Zhang and Zhang’ 2024 study. There might be two possible reasons. On one 
hand, traditional Chinese classical culture goes the rise of one thing corresponds to the decline of 
another. This may affect students’ beliefs about sound self-efficacy development from enjoying the 
online English writing learning process and facing failure and mistakes as confidently and maturely 
as they should perform. On the other hand, online English writing MOOC learning poses more 
requests and challenges than that offline, and self-efficacy theory may not be sufficiently illustrated 
to the learners when facing online language learning. This underscores the urgent significance of 
conducting this study. 
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6. Conclusion and Future Directions 

6.1. Conclusion 

The present study confirms that an individual-centered approach is an effective way to study 
individual (and group) differences in self-efficacy profiles, promoting methodological innovation in 
the field of English writing MOOC based second language acquisition research. And through LPA 
analysis, this study identified the optimal latent profile model of self-efficacy classes of Chinese 
college English MOOC learners as a three-category model, namely low on all self-efficacy, average 
on self-efficacy, moderately high self-efficacy profiles. Each of these categories is characterized by 
distinct elements of self-efficacy features. The study uncovers two mixed self-efficacy paĴerns, 
revealing the heterogeneity and complexity of self-efficacy paĴerns among Chinese college English 
MOOC learners. This finding corresponds to the call of Teng et al., (2018), expanding the application 
of self-efficacy. Additionally, from an individual perspective, it presents new evidences in the field 
of English writing MOOC based second language acquisition for self-efficacy profile as a precursor 
to English writing MOOC learning (Alshahrani, 2025) and further validates the applicability of the 
self-efficacy theory (Zhang & Zhang, 2024) and the motivational beliefs (Schunk & DiBenedeĴo, 2020) 
in English writing MOOC based applied linguistics. 

6.2. Limitations and Future Directions 

The study serves as one of the early empirical investigations into self-efficacy profiles among 
Chinese college English MOOC learners, offering significant insights for researchers and college 
English teachers. However, it still has several limitations, including a comparatively small sample 
size in typically covering various kinds Chinese English writing MOOC learners and a comparatively 
narrow scope of self-efficacy factors. Therefore, future research may be conducted in the following 
directions: First, future studies could use larger sample data covering as many as possible typical 
learners to test the complexity of self-efficacy and expand the elements of self-efficacy by employing 
methods such as interviews or classroom (online and offline) observations to explore the various 
characteristics of these mixed profiles (see Table 2). Second, given the significant individual 
differences in self-efficacy profiles and the intriguing and intertwining existence of average to 
moderately high self-efficacy profiles, teachers had beĴer categorize learners into different profile 
with sounder and more convincing comparison and contrast. Lastly, since the belief systems of mixed 
self-efficacy learners under English writing MOOC environment remain relatively unclear or highly 
flexible, teachers are supposed to help learners adopt a sound self-efficacy belief system by 
incorporating positive language MOOC learning strategies and constructing sustainable online 
language learning environment, thereby enhancing positive emotional experiences (Dweck & Yeager, 
2019) in college English writing MOOC based second language acquisition to beĴer improve learners’ 
English writing proficiency. 
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