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Abstract

The rapid integration of Artificial Intelligence (AI) into English as a Foreign Language (EFL) education has highlighted the importance of learner autonomy in technology-enhanced learning. Despite the increasing use of AI-powered tools, empirical evidence on the relationships among AI utilization, AI-supported self-regulated learning (AI-SRL), and speaking self-efficacy remains limited, particularly in the Vietnamese higher education context. This quantitative correlational study investigated these relationships among 186 Vietnamese EFL university students at Ho Chi Minh City University of Foreign Languages and Information Technology (HUFLIT). Data were collected through a structured questionnaire and analyzed using descriptive statistics, reliability analysis, exploratory factor analysis, and Pearson product-moment correlation analysis. The findings showed relatively high levels of AI utilization, AI-supported self-regulated learning, and speaking self-efficacy. AI utilization was positively associated with AI-supported self-regulated learning, and AI-supported self-regulated learning was positively associated with speaking self-efficacy. However, no significant relationship was found between AI utilization and speaking self-efficacy. These findings suggest that the educational value of AI depends less on the frequency of AI use than on learners’ ability to regulate their learning while using AI. This study contributes empirical evidence from the Vietnamese EFL context and offers practical implications for integrating AI into speaking instruction to promote self-regulated learning and learner confidence.
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[bookmark: _Toc234184445]1. Introduction
1.1. Background of the Study
In the digital era, the rapid proliferation of Artificial Intelligence (AI) has significantly influenced the global educational landscape, particularly in the field of English as a Foreign Language (EFL) education. Advanced generative AI tools (e.g., ChatGPT, Claude) and speech recognition applications (e.g., ELSA Speak) have evolved beyond mere referencing utilities to become interactive conversational partners that provide real-time, personalized feedback. For EFL speaking practice, a skill that inherently demands continuous exposure and high interactivity, AI provides learners with valuable opportunities to practice pronunciation, simulate authentic conversations, and receive immediate feedback in low-anxiety learning environments.
However, the mere availability of advanced technology does not automatically guarantee enhanced learning outcomes. The success of technology integration relies heavily on learner autonomy. In AI-assisted learning environments where the boundaries of traditional classrooms are extended, learners are required to take charge of their own educational trajectories. Consequently, the application of self-regulated learning (SRL) strategies is considered a pivotal factor. It is the learners' ability to autonomously plan, monitor, and reflect on their learning processes that transforms digital interactions into actual linguistic competence. 

1.2. Problem Statement
Despite the substantial potential of AI in EFL education, its practical implementation in higher education reveals significant shortcomings. Many EFL students tend to utilize AI superficially, treating it as a shortcut rather than a learning facilitator. Common practices include relying on AI for direct translation or copying ready-made answers, rather than actively engaging in cognitive processing or speaking practice. This lack of self-regulation leads to technological dependency, ultimately undermining the natural language acquisition process.
While global scholars have widely documented the pedagogical benefits of AI in EFL contexts (Godwin-Jones, 2023), the adoption of AI in the Vietnamese higher education sector presents unique challenges. Unlike learners in developed nations who often access AI with high digital literacy and institutional support, Vietnamese students frequently navigate these digital spaces with limited formal training on self-regulated learning (SRL). This discrepancy between the rapid proliferation of AI tools and the lack of systematic pedagogical guidance on how to manage autonomous learning within these environments highlights the need for further empirical investigation for this study. It is imperative to understand how these tools are being utilized by local learners to effectively design support systems that cater to their specific educational challenges.
Furthermore, while existing literature has extensively explored learners' attitudes, motivation, and the surface-level effectiveness of AI tools, empirical evidence concerning the psychological outcomes of AI use remains scarce. Specifically, the relationship between AI-supported self-regulated learning and learners' confidence in their speaking abilities known as speaking self-efficacy is under-researched. In the context of Vietnamese higher education, Although research on AI-assisted language learning has increased considerably, relatively few empirical studies have investigated how AI-supported self-regulated learning relates to speaking self-efficacy, especially within the Vietnamese EFL context. This empirical gap highlights the urgent need to understand how self-regulation in AI environments influences psychological outcomes, which is essential for designing adaptive pedagogical approaches in the digital age.
1.3. Research Aim
This study aims to examine the relationships among AI utilization, AI-supported self-regulated learning (AI-SRL), and speaking self-efficacy among Vietnamese EFL university students. Specifically, it investigates whether students' use of AI tools is associated with their self-regulated learning behaviors and confidence in English speaking, as well as the relationship between AI-supported self-regulated learning and speaking self-efficacy.

1.4. Research Question
To fulfill the research aim, this study is guided by the following core question:
1. What are the levels of AI utilization, AI-supported self-regulated learning, and speaking self-efficacy among Vietnamese EFL university students?
2. Is AI utilization significantly associated with AI-supported self-regulated learning and speaking self-efficacy?
3. Is AI-supported self-regulated learning significantly associated with speaking self-efficacy among Vietnamese EFL university students?


1.5. Significance of the Study
Theoretical Significance: Theoretically, this study contributes a novel academic perspective by bridging two foundational frameworks in educational psychology: Zimmerman’s (2002) Self-Regulated Learning Theory and Bandura’s (1997) Social Cognitive Theory of Self-Efficacy. By contextualizing these models within an AI-assisted ecosystem, the research broadens the understanding of how self-regulatory phases (forethought, performance, and self-reflection) operate to foster the sources of self-efficacy in a digital language learning environment.
[bookmark: _Toc234184446]2. Literature Review
[bookmark: _Toc234184447]2.1. Artificial Intelligence in Language Learning
2.1.1. Generative AI in EFL Education
The integration of generative artificial intelligence (AI), characterized by large language models, has contributed to significant changes in language education (Lo, 2023). This technological evolution necessitates a transition from traditional passive learning methods toward active, co-constructive engagement with intelligent agents. Modern AI tools function as dynamic conversational ecosystems where learners can engage in open-ended, temporally and spatially unbounded interactions (Chai et al., 2024). This flexibility ensures that language acquisition is no longer tied to specific classroom settings, allowing learners to create their own immersive environments.
For speaking skill development, these models function as virtual native-like interlocutors. As Su et al. (2023) observe, the primary advantage of generative AI lies in its capacity for contextual personalization; students can prompt the AI to simulate authentic communicative scenarios, ranging from academic debates to job interviews. This process not only provides abundant linguistic input but also necessitates comprehensible output, requiring learners to continuously negotiate meaning and adjust their syntactic structures to maintain the discourse (Huang et al., 2024). By facilitating this iterative negotiation, generative AI helps students bridge the gap between theoretical knowledge and practical communication. However, some scholars caution that the over-reliance on AI to generate ready-made responses without deep cognitive processing may compromise learner agency and hinder the development of independent linguistic competence (Kohnke et al., 2023). Therefore, pedagogical integration must emphasize AI as a scaffolding tool rather than a replacement for cognitive effort.
2.1.2. Speech Recognition Applications
Automated Speech Recognition (ASR) applications, such as ELSA Speak, have become increasingly important tools for pronunciation training. McCrocklin (2016) emphasizes that ASR technology addresses one of the most persistent challenges in traditional EFL settings: the lack of individualized pronunciation feedback due to temporal constraints on instructors. These systems analyze learners' audio input against standardized acoustic models, pinpointing specific errors in intonation, word stress, and phonetic articulation. By offering this level of micro-analytical feedback, ASR allows learners to address their specific phonological weaknesses with a precision that is often unattainable in large classroom settings.
Psychologically, interacting with ASR applications affords a highly secure and non-judgmental environment. Karakas and Savas (2012) argue that EFL students frequently experience foreign language speaking anxiety when performing in front of peers or instructors. Practicing with an automated system mitigates the fear of negative evaluation, providing a safe space for students to experiment, make errors, and self-correct. It is this mechanism of immediate feedback that supports learners' cognitive development, assisting learners in restructuring their phonological awareness and gradually improving both fluency and accuracy (Derwing & Munro, 2015). Ultimately, this combination of a reduced affective filter and precise technological scaffolding empowers learners to build sustainable speaking confidence over time.
[bookmark: _Toc234184448]2.2. Self-Regulated Learning (SRL)
[bookmark: _Toc234184449]2.2.1. Definition of SRL
Self-Regulated Learning (SRL) is defined as an active, goal-directed process wherein learners monitor, direct, and control their cognition, motivation, and behavior to achieve self-set academic goals (Pintrich, 2000). SRL is not an inherent trait but rather a behavioral competency that can be cultivated through experience and guided practice (Zimmerman, 2002). From an educational psychology perspective, a highly self-regulated learner knows not only what to learn but, more importantly, how to deploy cognitive and metacognitive strategies to manage the learning process effectively.
[bookmark: _Toc234184450]2.2.2. Zimmerman's SRL Model
Zimmerman’s (2002) model of self-regulated learning remains one of the most widely adopted theoretical frameworks. It conceptualizes SRL as a cyclical process comprising three distinct, yet interdependent, phases:
Forethought Phase: Occurring prior to the learning task, this phase involves task analysis, specific goal setting, and strategic planning. Self-motivation beliefs, notably self-efficacy, act as the primary catalyst initiating this phase.
Performance Phase: Taking place during the execution of the learning task, learners deploy their planned strategies. This phase is characterized by self-control and self-monitoring, allowing learners to track their progress, maintain focus, and adjust behaviors when encountering linguistic difficulties.
Self-Reflection Phase: Occurring after task completion, learners engage in self-judgment by comparing their performance against initial goals. The self-reactions and causal attributions formed during this phase feed directly back into the forethought phase of subsequent learning cycles.
[bookmark: _Toc234184451]2.2.3. SRL in Language Learning
The significance of SRL is particularly pronounced in language acquisition, a discipline requiring sustained persistence and cumulative practice out of class. Oxford (2011) asserts that mastering a second language cannot rely solely on formal classroom instruction; it heavily depends on self-directed strategies. Students with high SRL capacity proactively seek out practice opportunities, manage affective distress during communicative breakdowns, and flexibly utilize compensation strategies when lacking vocabulary (Tseng et al., 2006). In speaking practice, metacognitive SRL strategies enable learners to independently identify their weaknesses such as topical vocabulary deficits or pronunciation errors and proactively seek remedial resources.
[bookmark: _Toc234184452]2.3. AI-Supported Self-Regulated Learning

The integration of Artificial Intelligence into education has birthed a new paradigm: "AI-supported Self-Regulated Learning" (AI-SRL). In this context, technology transcends its role as a mere repository of information, acting instead as cognitive scaffolding that supports learners across all three of Zimmerman’s (2002) phases (Su et al., 2023). This paradigm shifts the learner’s role from a passive consumer of digital content to an active architect of their own learning environment, where AI agents serve as co-regulators of the learning process.

2.3.1. AI and Goal Setting (Forethought Phase)

During the forethought phase, AI serves as an individualized academic advisor, assisting students in operationalizing vague aspirations into structured targets. Instead of a broad goal like "improving spoken English," learners can interact with generative AI to analyze their current proficiency and establish SMART goals (Lai, 2021). By utilizing AI to dissect complex linguistic objectives into manageable milestones, students reduce cognitive overload and gain a clearer vision of their learning roadmap, which is essential for maintaining sustained motivation. For instance, a student might prompt AI to design a 30-day speaking curriculum focused on IELTS Task 2 topics, thereby transforming abstract intentions into actionable plans.

2.3.2. AI and Self-Monitoring (Performance Phase)

In the performance phase, AI's data-tracking capabilities provide intuitive self-monitoring mechanisms that offer learners a mirror to view their own performance. ASR applications continuously record, score, and archive a student’s daily practice history, providing an objective record of progress. Zheng (2022) found that visualizing such progress such as seeing an upward trajectory in pronunciation accuracy sustains intrinsic motivation and reinforces the learner's commitment to the task. This objective visibility of progress allows students to maintain a state of "flow," as they can instantly adjust their efforts based on real-time data rather than relying on subjective intuition. Furthermore, when conversing with chatbots, students gauge their communicative effectiveness in real-time by observing whether the AI accurately comprehends their input, prompting immediate adjustments in speech rate or syntax.

2.3.3. AI and Self-Reflection (Self-Reflection Phase)

The self-reflection phase can be enhanced by AI's capacity to provide immediate and detailed feedback. In traditional settings, the temporal gap between a speaking performance and instructor feedback often diminishes the pedagogical value of error correction. Conversely, AI provides instantaneous diagnostic reports. Learners can review highlighted phonetic errors or AI-generated vocabulary upgrades immediately after speaking (Chen et al., 2023). This instantaneous feedback loop accelerates the cycle of error-detection and correction, enabling students to internalize linguistic nuances that might otherwise be overlooked. This dialectical interaction fosters critical reflection, enabling students to transform errors into actionable insights for subsequent practice cycles, thereby refining their metacognitive awareness of how they learn best.
[bookmark: _Toc234184453]2.4. Speaking Self-Efficacy
2.4.1. Definition of Self-Efficacy
Self-efficacy is a central construct in Albert Bandura’s (1997) Social Cognitive Theory. It refers to an individual's belief in their capability to execute the behaviors necessary to produce specific performance attainments. Bandura posited that self-efficacy does not reflect objective competence, but rather a subjective appraisal of one's abilities. This belief system dictates how individuals feel, think, self-motivate, and behave; individuals with high self-efficacy typically set more challenging goals and exhibit greater resilience in the face of adversity.
2.4.2. Speaking Self-Efficacy in EFL Contexts
Within EFL contexts, speaking self-efficacy is widely recognized as an important psychological factor influencing learners' speaking performance, persistence, and willingness to communicate (Raoofi et al., 2012; Huang et al., 2024). Speaking is a real-time cognitive activity that requires learners to coordinate linguistic knowledge with emotional regulation. Learners with low speaking self-efficacy are more likely to avoid communicative situations due to fear of making mistakes, whereas those with stronger self-efficacy tend to participate more actively and view communication challenges as opportunities for learning (Asakereh & Nouraee, 2018). These differences in learners' beliefs about their speaking capabilities can substantially influence their engagement in communicative activities and their long-term development of speaking proficiency.
2.4.3. Sources of Self-Efficacy
According to Bandura’s (1997), self-efficacy is constructed and modified through four primary sources of information:
Mastery Experiences: The most potent source. Successfully completing a communicative task builds a robust belief in one's efficacy. Repeated early failures, however, can undermine it.
Vicarious Experiences: Formed by observing peers (social models) succeed. Witnessing a classmate with similar abilities successfully navigate an English conversation raises the observer's belief that they too possess the capabilities to master the task.
Social Persuasion: Verbal encouragement, constructive feedback, and positive reinforcement from instructors or peers can temporarily boost a learner’s confidence, encouraging sustained effort.
Emotional and Physiological States: Learners often interpret their stress, anxiety, or physical tension during a speaking task as signs of incompetence. Reducing negative emotional arousal and cultivating a relaxed state naturally enhances self-efficacy.
[bookmark: _Toc234184454]2.5. Theoretical Framework
This study is conceptually grounded in the systematic integration of Zimmerman’s (2002) Self-Regulated Learning Theory and Bandura’s (1997) Social Cognitive Theory. The proposed relationship between these constructs within a digital environment hypothesizes that AI-supported SRL behaviors may contribute to the development of speaking self-efficacy by supporting learners' mastery experiences and self-reflection. Specifically, when students employ SRL strategies in tandem with AI tools, they continuously generate Mastery Experiences in a virtual space via high-scoring ASR practices or successful chatbot negotiations. Simultaneously, the private, non-judgmental nature of AI interaction regulates Emotional States, significantly lowering language anxiety. The accumulation of these factors translates into heightened speaking self-efficacy, ultimately fostering greater persistence in real-world EFL communication.
[bookmark: _Toc234184455]2.6. Research Gap
Although research on AI-assisted language learning has expanded rapidly, existing studies have primarily focused on language performance, technology acceptance, or learners' perceptions of AI tools. Comparatively fewer empirical studies have examined how AI-supported self-regulated learning relates to psychological constructs such as speaking self-efficacy.
Thematic Gap: International scholarship has predominantly focused on the technical affordances of AI (e.g., vocabulary acquisition, pronunciation scores) or general technology acceptance (e.g., utilizing the Technology Acceptance Model). However, there is a lack of empirical research probing the endogenous relationship between technology-mediated autonomous learning behaviors (AI-supported SRL) and deep cognitive-psychological constructs, such as speaking self-efficacy.
Contextual Gap: Existing empirical evidence is largely derived from developed nations or educational settings with highly homogenous technological infrastructures. In the context of Vietnamese higher education where students are undergoing a rapid transition toward blended learning models while facing intense pressure to meet stringent English proficiency graduation benchmarks there is an absence of systematic, quantitative research examining how AI-supported SRL impacts students' psychological readiness to speak English.
Consequently, this study addresses these empirical voids by situating the investigation within the Vietnamese university context. By analyzing the intersection of AI utilization, autonomous learning strategies, and speaking self-efficacy, this research offers a localized perspective that bridges international theoretical frameworks with the practical realities of EFL learners in Vietnam.
[bookmark: _Toc234184456]3. Methodology
[bookmark: _Toc234184457]3.1. Research Design
This study adopted a quantitative, correlational research design to empirically investigate the relationship between AI utilization, self-regulated learning (SRL), and speaking self-efficacy. A quantitative approach was deemed most appropriate as it facilitates the objective measurement of psychological and behavioral constructs across a relatively large sample, allowing for the statistical determination of relationships (Creswell & Creswell, 2018). Accordingly, descriptive statistics and Pearson product-moment correlation analysis were employed to address the research questions and examine the associations among the study variables.
[bookmark: _Toc234184458]3.2. Research Setting
The study was conducted at Ho Chi Minh City University of Foreign Languages – Information Technology (HUFLIT), a private university in Ho Chi Minh City, Vietnam, where English is taught as a foreign language. HUFLIT was selected as the research setting because AI-powered tools, such as ChatGPT, Gemini, and other generative AI applications, have become increasingly accessible and are frequently used by students to support English learning, particularly speaking practice and self-directed learning. This educational context provides an appropriate setting for investigating the relationships among AI utilization, AI-supported self-regulated learning, and speaking self-efficacy among Vietnamese EFL university students.
[bookmark: _Toc234184459]3.3. Participants
Following the data screening process, which involved the removal of incomplete questionnaires and unengaged responses, a final sample of 186 undergraduate students was retained for analysis. The participants represented different academic years and included both English majors and non-English majors. This diverse sample enhanced the representativeness of the study and enabled the investigation of AI utilization, AI-supported self-regulated learning, and speaking self-efficacy among Vietnamese EFL university students.
[bookmark: _Toc234184460]3.4. Instruments
Data were collected using a structured self-report questionnaire consisting of four sections.
Part A: Demographic Information. This section collected participants' background information, including gender, year of study, major, prior experience using AI for English learning, and the AI tools they had used.
Part B: AI Utilization. This section consisted of 10 items measuring the frequency and purposes of students' AI use in English speaking practice (e.g., generating ideas, learning vocabulary, practicing pronunciation, receiving feedback, and simulating conversations). Responses were rated on a five-point Likert scale ranging from 1 (Never) to 5 (Very often). Since these items described different patterns of AI use rather than a single latent construct, they were primarily analyzed using descriptive statistics.
Part C: AI-Supported Self-Regulated Learning (AI-SRL). This section included 13 items adapted from Zimmerman's (2002) self-regulated learning framework. The items measured three dimensions of AI-supported self-regulated learning: Forethought (goal setting and planning), Performance (monitoring and control), and Self-reflection (evaluation and reflection). Responses were measured on a five-point Likert scale ranging from 1 (Strongly disagree) to 5 (Strongly agree).
Part D: Speaking Self-Efficacy. This section contained 12 items adapted from Bandura's (2006) self-efficacy framework. It assessed students' confidence, willingness to communicate, persistence, and anxiety control in English speaking using a five-point Likert scale ranging from 1 (Strongly disagree) to 5 (Strongly agree).
[bookmark: _Toc234184461]3.5. Data Collection Procedure
The questionnaire was administered digitally via Google Forms. Prior to participation, students were informed of the study's purpose, the voluntary nature of their involvement, and the strict confidentiality of their responses.
[bookmark: _Toc234184462]3.6. Data Analysis
The collected data were analyzed using IBM SPSS Statistics 26. The analysis was conducted in four stages.
First, descriptive statistics (frequency, percentage, mean, and standard deviation) were computed to summarize participants' demographic characteristics and their levels of AI utilization, AI-supported self-regulated learning (AI-SRL), and speaking self-efficacy.
Second, the reliability of the adapted psychological scales (AI-supported self-regulated learning and speaking self-efficacy) was examined using Cronbach's alpha. Internal consistency was considered acceptable when Cronbach's alpha exceeded .70.
Third, exploratory factor analysis (EFA) using Principal Axis Factoring with Direct Oblimin rotation was conducted to examine the construct validity of the adapted AI-supported self-regulated learning scale. The Kaiser–Meyer–Olkin (KMO) measure and Bartlett's Test of Sphericity were used to determine the suitability of the data for factor analysis.
Finally, Pearson product–moment correlation analysis was performed to examine the relationships among AI utilization, AI-supported self-regulated learning, and speaking self-efficacy. Statistical significance was determined at the .05 level.
[bookmark: _Toc234184463]4. Results
[bookmark: _wj7tn15rhtkj][bookmark: _Toc234184464]4.1. Reliability Analysis
Before conducting the main statistical analyses, the internal consistency of the adapted psychological scales was assessed using Cronbach's alpha. As shown in Table 1, the AI-supported Self-Regulated Learning (AI-SRL) scale demonstrated good internal consistency (Cronbach's α = .808), while the Speaking Self-Efficacy scale also exhibited good reliability (Cronbach's α = .832). Both coefficients exceeded the recommended threshold of .70, indicating that the two scales possessed satisfactory internal consistency and were appropriate for subsequent statistical analyses.
Table 1 
Reliability coefficients of the psychological scales used in this study.
	Scale
	Number of Items
	Cronbach's Alpha

	AI-Supported Self-Regulated Learning
	13
	.808

	Speaking Self-Efficacy
	12
	.832



Detailed item-level reliability statistics, including corrected item–total correlations and Cronbach's alpha if item deleted, are presented in Appendices A and B. All items in the Speaking Self-Efficacy scale demonstrated acceptable corrected item–total correlations (>.30). Although one item in the AI-supported Self-Regulated Learning scale (SRL_F3) exhibited a relatively low corrected item–total correlation, its removal resulted in only a marginal increase in Cronbach's alpha. Given its theoretical relevance to the AI-supported self-regulated learning construct, the item was retained for subsequent analyses.
The AI Utilization section was not subjected to reliability analysis because its items represented different patterns and purposes of AI use rather than reflecting a single latent psychological construct. Accordingly, these items were treated as descriptive indicators and analyzed using descriptive statistics rather than as a psychometric scale.
[bookmark: _Toc234184465]4.1.1. Construct Validity of the Adapted Scales
To examine the construct validity of the adapted AI-supported self-regulated learning (AI-SRL) scale, an exploratory factor analysis (EFA) using Principal Axis Factoring was conducted. The Kaiser–Meyer–Olkin (KMO) measure of sampling adequacy was .773, exceeding the recommended threshold of .60, while Bartlett's Test of Sphericity was statistically significant (χ² = 677.297, df = 78, p < .001), indicating that the data were suitable for factor analysis. The EFA summary is presented in Table 2, while detailed EFA outputs are provided in Appendix C.
Although the exploratory factor analysis did not fully reproduce the three theoretically expected dimensions proposed by Zimmerman (2002), the adapted AI-supported self-regulated learning scale demonstrated acceptable internal consistency (Cronbach's α = .808). Given that the primary objective of this study was to examine relationships among theoretically defined constructs rather than to establish a new measurement instrument, the AI-SRL scale was retained as a theoretically grounded composite construct for subsequent descriptive and correlational analyses. Accordingly, the EFA results should be interpreted as preliminary evidence of construct validity rather than definitive validation of the scale. Future studies employing larger samples and confirmatory factor analysis (CFA) are recommended to further examine the dimensional structure of the instrument. Future research is encouraged to further examine the dimensional structure of the adapted scale using larger samples and confirmatory factor analysis (CFA).
Table 2 
Exploratory Factor Analysis Results of the AI-Supported Self-Regulated Learning Scale
	Statistic
	Value

	KMO
	.773

	Bartlett's χ²
	677.297

	df
	78

	Sig.
	< .001

	Total Variance Explained
	40.04%



The findings indicate that the adapted AI-supported self-regulated learning scale demonstrated acceptable preliminary psychometric evidence for exploratory research and was considered appropriate for the subsequent correlational analyses.
[bookmark: _Toc234184466]4.2. Descriptive Statistics
Descriptive statistics were computed to examine the levels of AI utilization, AI-supported self-regulated learning (AI-SRL), and speaking self-efficacy among Vietnamese EFL university students. As presented in Table 3, participants reported a relatively high level of AI utilization (M = 3.64, SD = 0.56). Likewise, the mean scores for AI-supported self-regulated learning (M = 3.65, SD = 0.53) and speaking self-efficacy (M = 3.62, SD = 0.57) were above the midpoint of the five-point Likert scale. These findings indicate that the participants frequently used AI to support their English learning, demonstrated positive self-regulated learning behaviors, and generally perceived themselves as confident English speakers.

Table 3 
Descriptive Statistics for the Main Variables
	Variable
	N
	Min
	Max
	M
	SD

	AI Utilization
	186
	1.50
	5.00
	3.64
	0.56

	AI-Supported Self-Regulated Learning (AI-SRL)
	186
	2.08
	5.00
	3.65
	0.53

	Speaking Self-Efficacy
	186
	2.00
	5.00
	3.62
	0.57



The descriptive statistics indicate that the participants generally demonstrated positive perceptions across all three constructs. Among the variables, AI-supported self-regulated learning obtained the highest mean score, followed closely by AI utilization and speaking self-efficacy. The relatively similar mean values suggest that the participants reported consistently favorable levels of AI use, self-regulated learning behaviors, and confidence in speaking English.
[bookmark: _Toc234184467]4.3. Correlation Analysis
Pearson product–moment correlation analysis was conducted to examine the relationships among AI utilization, AI-supported self-regulated learning (AI-SRL), and speaking self-efficacy. As presented in Table 4, AI utilization was positively and significantly associated with AI-supported self-regulated learning (r = .415, p < .001), indicating that students who reported more frequent use of AI also tended to demonstrate stronger self-regulated learning behaviors.
In contrast, the correlation between AI utilization and speaking self-efficacy was not statistically significant (r = .116, p = .116), suggesting that the frequency of AI use alone was not associated with students' confidence in English speaking.
A moderate positive correlation was found between AI-supported self-regulated learning and speaking self-efficacy (r = .458, p < .001). This finding indicates that students who engaged more actively in AI-supported self-regulated learning generally reported higher levels of confidence in speaking English.
Table 4 
Pearson Correlation Matrix of the Study Variables
	Variables
	1
	2
	3

	1. AI Utilization
	1
	
	

	2. AI-Supported Self-Regulated Learning
	.415**
	1
	

	3. Speaking Self-Efficacy
	.116
	.458**
	1


Note. N = 186. **p** < .01. (two-tailed).
The findings indicate that AI utilization was positively associated with AI-supported self-regulated learning but was not directly related to speaking self-efficacy. Instead, AI-supported self-regulated learning exhibited the strongest positive relationship with speaking self-efficacy among the variables examined. This pattern suggests that the educational benefits of AI may depend less on the frequency of AI use itself and more on how learners regulate and manage their learning processes while using AI-supported technologies.
[bookmark: _Toc234184468]5. Discussion
5.1. Summary of Findings
The present study investigated the relationships among AI utilization, AI-supported self-regulated learning (AI-SRL), and speaking self-efficacy among Vietnamese EFL university students. Overall, the findings indicate that the participants reported relatively high levels of AI utilization, AI-supported self-regulated learning, and speaking self-efficacy, suggesting that AI tools have become a familiar component of English learning in the Vietnamese higher education context.
Regarding the relationships among the three variables, the findings revealed that AI utilization was positively associated with AI-supported self-regulated learning, indicating that students who used AI more frequently also tended to demonstrate stronger self-regulated learning behaviors. This finding highlights the potential role of AI as a learning support tool that facilitates students' planning, monitoring, and evaluation of their own learning processes. In contrast, no statistically significant relationship was found between AI utilization and speaking self-efficacy. This suggests that merely using AI tools does not necessarily enhance learners' confidence in speaking English. Finally, AI-supported self-regulated learning showed a moderate positive relationship with speaking self-efficacy, implying that students who were more capable of regulating their learning while using AI tended to report greater confidence in their English-speaking abilities.
Taken together, these findings suggest that the educational value of AI lies not simply in the frequency of technology use but in how learners strategically integrate AI into their self-regulated learning processes. Therefore, the findings suggest that AI may support language learning more effectively when learners employ self-regulated learning strategies.

5.2. Interpretation of the Results
The findings of this study provide further evidence of how AI utilization, AI-supported self-regulated learning (AI-SRL), and speaking self-efficacy are related in the Vietnamese EFL context. Rather than indicating that AI itself directly improves learning outcomes, the results suggest that the way learners use AI is more important than how often they use it. Students appear to benefit most when AI becomes part of an active and self-regulated learning process instead of being used simply as a source of information.
The first finding showed a significant positive relationship between AI utilization and AI-supported self-regulated learning. Students who used AI more frequently also reported greater engagement in planning, monitoring, and reflecting on their learning. One possible reason is that AI applications provide immediate feedback, personalized support, and flexible opportunities for independent practice. These features allow learners to organize their study more effectively and monitor their own progress. Instead of replacing learners' effort, AI may encourage them to take a more active role in managing their learning.
This result is consistent with Zimmerman's (2002) model of self-regulated learning, which views learning as a continuous cycle of planning, performance, and reflection. AI tools can support each stage of this process by helping learners organize learning activities, receive timely feedback, and evaluate their own performance. This interpretation is also compatible with Vygotsky's (1978) concept of mediated learning, where external tools support learners' cognitive development. Similar conclusions have been reported by Godwin-Jones (2023) and Su et al. (2023), who argued that AI is most beneficial when it encourages learners to become active participants in their own learning.
The second finding revealed no statistically significant relationship between AI utilization and speaking self-efficacy. Although this result was not expected, it is understandable when considering the different ways students use AI. Many learners rely on AI for translating texts, checking grammar, generating ideas, or completing written assignments rather than engaging in speaking practice. As a result, using AI more frequently does not necessarily provide the kind of successful speaking experiences that build confidence.
Bandura's (1997) theory offers a useful explanation for this result. Self-efficacy develops primarily through mastery experiences, together with social persuasion, vicarious experiences, and emotional states. While AI can provide learning support, it cannot replace authentic communication or meaningful speaking practice. Learners are more likely to become confident speakers after successfully completing speaking tasks and recognizing their own improvement over time. A similar pattern was reported by Huang et al. (2024), who found that improvements in speaking self-efficacy were associated with sustained speaking practice supported by AI rather than technology use alone. It is also important to note that the present study did not investigate how students actually used AI, so this interpretation should be viewed with caution.
The strongest relationship observed in this study was between AI-supported self-regulated learning and speaking self-efficacy. Students who planned their learning, monitored their progress, and reflected on their performance while using AI generally reported greater confidence in speaking English. This finding indicates that technology is most effective when it supports productive learning behaviours rather than simply increasing access to learning resources.
This relationship is consistent with both Zimmerman's (2002) theory of self-regulated learning and Bandura's (1997) theory of self-efficacy. Learners who regularly evaluate their progress and adjust their learning strategies are more likely to experience successful learning outcomes, which gradually strengthen their confidence. The present result also agrees with previous studies showing that self-regulated learning contributes to better language learning outcomes (Su et al., 2023). In other words, it is the learning process not the technology itself that appears to strengthen learners' confidence in speaking English.
Overall, the findings indicate that AI should be viewed as a learning resource rather than a direct cause of improved speaking self-efficacy. Students seem to gain the greatest benefit when AI is used to support planning, monitoring, and reflection throughout the learning process. This perspective helps explain why AI-supported self-regulated learning showed a stronger relationship with speaking self-efficacy than AI utilization alone in the present study.
5.3. Pedagogical Implications

The findings of this study offer several pedagogical implications for English language teaching and learning in Vietnamese higher education. Rather than viewing AI merely as a technological innovation, educators should consider AI as a learning support tool whose educational value depends largely on how students use it to regulate their own learning. The present findings indicate that AI utilization alone was not significantly associated with speaking self-efficacy. Instead, AI-supported self-regulated learning demonstrated a meaningful relationship with learners' confidence in speaking English. Therefore, pedagogical efforts should focus not only on encouraging AI adoption but also on developing students' self-regulated learning competencies while using AI.
For students, the findings highlight the importance of becoming active and strategic users of AI rather than passive consumers of AI-generated answers. Students should be encouraged to use AI tools to establish learning goals, organize speaking practice, monitor their progress, reflect on feedback, and evaluate their own performance. These self-regulated learning behaviours enable learners to transform AI from a simple information source into a personalized learning partner. Developing these strategies may also help learners become more independent, reflective, and confident in managing their English learning.
For English language teachers, the findings suggest that AI should be integrated into speaking instruction through carefully designed learning activities rather than being treated solely as an optional or supplementary technology. Teachers can incorporate AI-supported speaking tasks that require learners to plan their responses, engage in repeated speaking practice with AI conversational tools, analyse AI-generated feedback, and reflect on their own progress. More importantly, explicit instruction on self-regulated learning strategies should accompany AI-assisted activities so that students learn how to use AI effectively rather than simply relying on it to complete learning tasks. Such instructional practices are likely to promote greater learner autonomy and sustained engagement with English speaking activities.
The findings also have implications for curriculum developers and higher education institutions. As AI becomes increasingly integrated into language education, English curricula should move beyond introducing AI tools as standalone technologies and instead embed AI within pedagogical frameworks that foster self-regulated learning. Curriculum designers may consider incorporating learning activities that promote goal setting, self-monitoring, reflection, and responsible AI use throughout speaking courses. Universities should also provide professional development opportunities that equip teachers with the pedagogical knowledge needed to integrate AI meaningfully into language instruction while encouraging ethical, critical, and autonomous use of AI technologies.
Finally, the present findings contribute to the broader discussion of AI-assisted language learning by suggesting that the educational benefits of AI depend less on the frequency of technology use than on the quality of learners' engagement with AI-supported learning processes. Recent research has similarly emphasized that AI is most effective when it scaffolds learners' planning, monitoring, reflection, and active engagement rather than functioning merely as an answer-generating tool. Therefore, future AI integration in EFL classrooms should prioritize the development of self-regulated learning alongside technological competence to maximize learners' long-term language development and speaking confidence.

5.4. Limitations and Recommendations for Future Research

Despite its contributions, this study has several limitations that should be considered when interpreting the findings.
First, the study adopted a cross-sectional correlational design. While this design was appropriate for examining the relationships among AI utilization, AI-supported self-regulated learning (AI-SRL), and speaking self-efficacy, it does not allow causal conclusions to be drawn. The observed relationships indicate associations rather than cause-and-effect links. Longitudinal or experimental studies would provide stronger evidence regarding how these variables influence one another over time.
Second, the findings were based entirely on self-report questionnaires. Although self-report measures are widely used in educational research, participants may not always evaluate their learning behaviours or speaking confidence accurately. Some students may also have overestimated their use of AI tools. Future research could strengthen the evidence by combining questionnaires with additional data sources, such as speaking performance assessments, classroom observations, learning analytics, or AI interaction logs.
Another limitation concerns the measurement of AI-supported self-regulated learning. The instrument was developed from Zimmerman's (2002) theoretical framework and adapted for AI-assisted English learning. Although the scale demonstrated acceptable internal consistency, the exploratory factor analysis did not fully replicate the proposed multidimensional structure. As a result, the findings related to AI-SRL should be interpreted with caution. Further refinement of the instrument, together with validation using larger and more diverse samples and confirmatory factor analysis (CFA), would provide stronger evidence for its construct validity.
Finally, all participants were recruited from a single university in Vietnam. Their learning experiences and patterns of AI use may not represent students from other institutions, disciplines, or educational contexts. Expanding the sample to include learners from different regions and universities would improve the generalizability of future findings.
Beyond addressing these methodological limitations, future studies could also examine the mechanisms through which AI contributes to language learning. Rather than focusing only on direct relationships among variables, researchers may investigate whether AI-supported self-regulated learning mediates the relationship between AI utilization and speaking self-efficacy or whether other learner characteristics, such as motivation or digital literacy, moderate these relationships. Such approaches would provide a more comprehensive understanding of how AI supports language learning and help inform the design of more effective AI-assisted English learning environments.

6. Conclusion
The present study examined the relationships among AI utilization, AI-supported self-regulated learning (AI-SRL), and speaking self-efficacy among Vietnamese EFL university students. As AI becomes increasingly integrated into English language education, understanding how learners engage with these technologies and manage their own learning is becoming more important. By focusing on the Vietnamese higher education context, this study provides empirical evidence on how AI use, self-regulated learning, and speaking self-efficacy are interconnected.
The results showed that students generally reported relatively high levels of AI utilization, AI-supported self-regulated learning, and speaking self-efficacy. More importantly, AI utilization was positively associated with AI-supported self-regulated learning, while AI-supported self-regulated learning was positively related to speaking self-efficacy. In contrast, AI utilization was not significantly associated with speaking self-efficacy. These results indicate that frequent use of AI tools alone is unlikely to improve learners' confidence in speaking English.
Instead, the findings highlight the importance of how learners engage with AI during the learning process. Students who actively planned, monitored, and reflected on their learning while using AI tended to report greater confidence in speaking English. This pattern supports the theoretical perspectives of Zimmerman (2002) and Bandura (1997), suggesting that self-regulated learning plays an important role in transforming technology-assisted learning experiences into positive beliefs about one's speaking ability.
In summary, this study adds to the growing literature on AI-assisted language learning by providing evidence from the Vietnamese EFL context. The findings indicate that integrating AI into English language education should involve more than simply increasing learners' access to AI tools. Greater attention should also be given to developing learners' self-regulated learning skills so that AI can be used purposefully to support speaking development. These insights may assist teachers, curriculum developers, and higher education institutions in designing AI-supported learning environments that encourage learner autonomy and more meaningful language learning experiences.
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Table 4 
Pearson Correlation Matrix of the Study Variables
	Item
	Corrected Item–Total Correlation
	Cronbach's Alpha if Item Deleted

	SRL_F1
	.382
	.801

	SRL_F2
	.510
	.790

	SRL_F3
	.193
	.815

	SRL_F4
	.342
	.803

	SRL_P1
	.428
	.796

	SRL_P2
	.444
	.795

	SRL_P3
	.517
	.788

	SRL_P4
	.569
	.784

	SRL_P5
	.495
	.790

	SRL_R1
	.523
	.788

	SRL_R2
	.394
	.799

	SRL_R3
	.451
	.794

	SRL_R4
	.530
	.788


Note. Cronbach's α = .808. Although SRL_F3 showed a relatively low corrected item–total correlation (.193), removing the item resulted in only a marginal increase in Cronbach's alpha (.815). Therefore, the item was retained because of its theoretical relevance.
[bookmark: _Toc234184470]Appendix B
Table B1
 Reliability Analysis of the Speaking Self-Efficacy Scale
	Item
	Corrected Item–Total Correlation
	Cronbach's Alpha if Item Deleted

	SE_C1
	.382
	.831

	SE_C2
	.526
	.817

	SE_C3
	.434
	.825

	SE_W1
	.510
	.818

	SE_W2
	.563
	.814

	SE_W3
	.525
	.817

	SE_P1
	.464
	.822

	SE_P2
	.441
	.824

	SE_P3
	.468
	.822

	SE_A1
	.527
	.817

	SE_A2
	.521
	.818

	SE_A3
	.561
	.814


Note. Cronbach's α = .832. All corrected item–total correlation coefficients exceeded the recommended threshold of .30, indicating satisfactory internal consistency. Deleting any individual item would not substantially improve the overall reliability of the scale; therefore, all items were retained for subsequent analyses.

[bookmark: _Toc234184471]Appendix C
Table C1
Summary of Exploratory Factor Analysis Results
	Statistic
	Value

	Kaiser–Meyer–Olkin (KMO)
	.773

	Bartlett's Test of Sphericity (χ²)
	677.297

	Degrees of freedom
	78

	Significance
	< .001

	Number of extracted factors
	3

	Total variance explained
	40.04%


Note. Principal Axis Factoring with Direct Oblimin rotation was used. The KMO value exceeded .60 and Bartlett's test was statistically significant, indicating that the data were suitable for factor analysis.



Table C2 
Communalities of the AI-Supported Self-Regulated Learning Scale
	Item
	Initial
	Extraction

	SRL_F1
	.277
	.246

	SRL_F2
	.349
	.453

	SRL_F3
	.308
	.314

	SRL_F4
	.379
	.499

	SRL_P1
	.381
	.588

	SRL_P2
	.334
	.328

	SRL_P3
	.398
	.380

	SRL_P4
	.465
	.500

	SRL_P5
	.384
	.333

	SRL_R1
	.347
	.340

	SRL_R2
	.381
	.285

	SRL_R3
	.485
	.520

	SRL_R4
	.444
	.420


Note. Extraction Method: Principal Axis Factoring.

Table C3
Total Variance Explained
	Factor
	Initial Eigenvalue
	% of Variance
	Cumulative %
	Extraction SS Loadings
	% of Variance
	Cumulative %

	1
	4.089
	31.453
	31.453
	3.499
	26.915
	26.915

	2
	1.700
	13.074
	44.527
	1.145
	8.808
	35.722

	3
	1.137
	8.748
	53.275
	.561
	4.316
	40.038



Note. Extraction method: Principal Axis Factoring. Three factors with eigenvalues greater than 1 were extracted, accounting for 40.04% of the total variance.
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