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Abstract 

The rapid development of generative AI (GenAI) technology has led to the widespread adoption of AI oral practice tools among 

university EFL (English as a Foreign Language) learners, yet the boundary conditions under which such tools improve oral 

proficiency remain underexplored. This study aims to investigate whether the assumption that more frequent use leads to better 

outcomes is universally valid or is conditioned by learners’ AI learning engagement willingness. Based on questionnaire 

responses from 248 university students across multiple institutions in China, this study examined the relationships among AI 

oral tool usage frequency, AI learning engagement willingness (comprising task value perception, willingness to invest resources, 

and AI-augmented self-efficacy), and self-reported English oral proficiency. Statistical analyses, including one-way ANOVA 

and hierarchical multiple regression, revealed that both AI learning engagement willingness and usage frequency were 

independently and positively associated with oral proficiency, displaying an additive rather than interactive relationship. These 

findings reframe the more use, better outcome logic by revealing a dual-path mechanism: usage frequency ensures the floor of 

language exposure, while AI learning engagement willingness determines the ceiling of deep processing. The study provides 

theoretical and practical implications for AI tool design and pedagogical implementation in college English education. 
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1. Introduction 

The breakthrough development of generative artificial in-

telligence (GenAI) technology has brought new possibilities 

to EFL speaking instruction [12, 13, 19, 20]. Zou and Wang’s 

[17]’s research on AI-empowered foreign language class-

rooms has similarly revealed important insights. Cukurova [23] 

proposed the perspective of hybrid intelligence, emphasizing 

the critical role of human–AI collaboration in education; 

Cukurova [24] further articulated a new paradigm of synergis-

tic teacher–generative AI interaction. UNESCO’s [25] AI 

Competency Framework also provides guidance for develop-

ing teachers’ AI literacy. Sun [21] highlighted the importance 

of multi-party interaction in teacher–AI–student collaborative 

assessment research. AI oral practice tools represented by 

Doubao Oral English, Daily English Listening, and Liul-

ishuo·English offer learners immediate feedback, low-pres-

sure learning environments, and flexible practice scenarios [9, 

18]. However, whether the widespread adoption of AI oral 

tools can equally empower all learners remains an open ques-

tion. 
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Zimmerman’s [8] cyclical phase model identifies three 

phases of self-regulated learning: forethought, performance, 

and self-reflection. Within the context of technology-assisted 

language learning, learners’ AI learning engagement willing-

ness — defined as their perceived value of AI language learn-

ing tools, willingness to invest, and perceived efficacy — may 

influence their actual usage behavior and language learning 

outcomes [2, 6]. The present study proposes that AI learning 

engagement willingness may moderate the relationship be-

tween AI oral tool usage frequency and oral proficiency, 

thereby constituting the boundary condition of “more use, bet-

ter outcome.” 

Although previous studies consistently report positive ef-

fects of AI-assisted oral practice, existing findings remain in-

conclusive regarding whether increased usage benefits all 

learners equally. Few studies have examined the boundary 

conditions under which usage frequency translates into im-

proved oral proficiency. In particular, the moderating role of 

learners’ AI learning engagement willingness remains largely 

unexplored. Addressing this gap may contribute to a more nu-

anced understanding of how individual differences shape the 

effectiveness of AI-assisted language learning. 

Based on the above analysis, this study addresses the fol-

lowing research questions: (1) Is AI oral tool usage frequency 

positively correlated with oral proficiency? (2) How does AI 

learning engagement willingness moderate the relationship 

between usage frequency and oral proficiency? 

2. Literature Review and Theoretical 

Framework 

2.1. Self-Regulated Learning and Language 

Learning 

Zimmerman's [8] cyclical phase model of self-regulated 

learning (SRL) divides self-regulation into three phases: fore-

thought, performance, and self-reflection. In second language 

acquisition, self-regulated learning ability has been shown to 

be significantly associated with language proficiency [4, 6] 

found that Chinese university students' self-regulatory strate-

gies in technology-assisted environments include goal setting, 

environment structuring, and self-evaluation. [7] confirmed in 

a study of intelligent personal assistant-assisted L2 oral prac-

tice that self-regulatory ability significantly influences both 

engagement and outcomes in oral learning. Beyond self-regu-

lated learning frameworks, the Technology Acceptance 

Model (TAM) and Self-Determination Theory (SDT) have 

also been widely applied to understand learners' technology 

use behaviors. TAM posits that perceived usefulness and per-

ceived ease of use jointly determine technology acceptance, 

focusing primarily on cognitive evaluation of the tool itself. 

SDT emphasizes intrinsic motivation and the satisfaction of 

basic psychological needs as drivers of sustained engagement. 

While both frameworks offer valuable insights into initial 

technology adoption and general learning motivation, they are 

less equipped to explain the contextualized willingness to ac-

tively engage with AI tools in oral practice. Despite growing 

research on self-regulated learning in technology-assisted lan-

guage learning, three critical gaps remain. First, few studies 

have examined SRL in the specific context of AI oral practice 

tools, where human-AI interaction dynamics differ fundamen-

tally from traditional technology-mediated learning. Second, 

the role of learners' willingness to engage with AI tools is a 

motivational antecedent distinct from both general SRL abil-

ity and technology acceptance remains underexplored. Third, 

whether the assumption that"more use leads to better out-

comes"holds universally or is moderated by individual differ-

ences in engagement willingness has not been empirically 

tested. The present study aims to address these gaps. 

2.2. The Issue of Effective Use in Technology-

Assisted Language Learning 

The Effective Use framework emphasizes that technology 

does not automatically lead to improved learning outcomes; 

rather, the key lies in how learners use the technology [18]. In 

AI-assisted language learning, this framework carries particu-

lar significance: although AI tools provide abundant practice 

resources, whether these translate into actual improvement de-

pends on learners' willingness to engage. [15] found that in 

human-computer collaborative environments, learners with 

higher engagement willingness use AI tools more strategically, 

forming a virtuous cycle of goal setting, progress monitoring, 

and strategy adjustment. Learners with lower engagement 

willingness, by contrast, tend toward passive use or disen-

gagement. [14, 16] showed that learners' quality of engage-

ment with AI-assisted oral diagnostic feedback varies signifi-

cantly and is closely related to self-regulatory ability. [22] fur-

ther confirmed that learner autonomy is a critical factor influ-

encing effective AI tool use. The concept of Digital Divide 2.0 

also suggests that, as technology access becomes increasingly 

universal, the"usage gap"is replacing the"access gap"as a new 

source of inequality. However, existing Effective Use re-

search has predominantly focused on general technology-me-

diated learning contexts, leaving the specific boundary condi-

tions in AI-assisted oral practice. 

2.3. Strengths and Limitations of AI Oral Tools 

Research indicates that the core advantages of AI oral prac-

tice tools manifest in two aspects. First, immediate feedback: 

compared with traditional oral practice, AI tools can provide 

instant feedback on pronunciation, grammar, and fluency im-

mediately after a learner speaks [3]. Second, a low-pressure 

learning environment: the non-judgmental, non-social nature 

of AI tools can effectively reduce speaking anxiety [1]. How-

ever, existing tools also exhibit significant limitations, includ-

ing limited dialogue modes, overly rigid interaction, and 

speech recognition accuracy that still requires improvement 
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[17]. Critically, most existing studies have treated AI oral 

tools as a uniform condition, without adequately accounting 

for individual differences in how learners engage with them. 

The implicit assumption that tool access or usage frequency 

alone determines learning outcomes may overlook the crucial 

role of learners' willingness to engage actively and strategi-

cally with AI-generated feedback. [15] specifically noted that 

AI assistance may only improve the oral proficiency of highly 

autonomous students, and that differences in AI learning en-

gagement willingness may exacerbate inequality in learning 

outcomes. This suggests that the effectiveness of AI oral tools 

is not uniform but contingent on learner characteristics. 

2.4. Core Construct Definition and Research 

Hypotheses 

Conceptualization of AI learning engagement willingness. 

The construct of"AI learning engagement willingness"pro-

posed in this study refers to learners' comprehensive attitude 

toward tool value, willingness to invest resources, and per-

ceived efficacy in AI-assisted oral practice scenarios. This 

construct is conceptually distinct from related constructs. Un-

like self-regulated learning ability, which reflects a learner's 

general capacity to plan, monitor, and evaluate their own 

learning processes, AI learning engagement willingness cap-

tures the contextualized attitudinal predisposition to actively 

engage with AI tools specifically. SRL addresses whether 

learners can regulate their learning processes, whereas the 

proposed construct addresses whether they are willing to en-

gage with AI tools. Distinction from motivation and technol-

ogy acceptance. This construct also differs from intrinsic mo-

tivation as conceptualized in SDT and from technology ac-

ceptance as conceptualized in TAM. Intrinsic motivation con-

cerns the inherent enjoyment of an activity, whereas AI learn-

ing engagement willingness incorporates value perception, 

willingness to invest tangible resources (including financial 

costs), and perceived self-efficacy in AI-mediated practice. 

Similarly, TAM focuses on perceived usefulness and ease of 

use of the technology itself, while the proposed construct ex-

tends to learners' comprehensive evaluation of the tool's role 

in their oral proficiency development, encompassing task 

value, investment willingness, and AI-augmented self-effi-

cacy. Drawing on self-regulated learning theory and the Ef-

fective Use framework, this study proposes the following hy-

potheses: H1: AI oral tool usage frequency is positively cor-

related with oral proficiency (high-frequency users demon-

strate significantly higher oral proficiency than low-frequency 

users). H2: AI learning engagement willingness is positively 

correlated with oral proficiency (learners with high engage-

ment willingness demonstrate significantly higher oral profi-

ciency than those with low engagement willingness). H3: AI 

learning engagement willingness moderates the relationship 

between usage frequency and oral proficiency (the Usage Fre-

quency x AI Learning Engagement Willingness interaction 

term is significant). 

3. Research Design 

3.1. Participants 

This study employed a convenience sampling method 

through an online questionnaire survey. Questionnaires were 

distributed to university students from multiple institutions 

across three types of universities in China, including compre-

hensive universities, normal (teacher-training) universities, 

and science and engineering institutions. A total of 248 valid 

responses were retained after excluding incomplete submis-

sions and responses with excessive patterned answers. Re-

spondents included both English majors (51%) and non-Eng-

lish majors (49%), covering a range of academic years. 

3.2. Instruments 

The questionnaire consisted of 24 items organized into 

four sections: (1) demographic information; (2) self-rated 

English oral proficiency (Q6–Q9, Q12–Q15), measured on a 

9-point Likert scale; (3) AI oral tool usage (Q18–Q20); and 

(4) open-ended questions (Q21–Q24). The AI learning en-

gagement willingness scale comprised three items: Q10 (“I 

believe that practicing English speaking is one of the most 

worthwhile self-investments during college,” measuring task 

value), Q11 (“I am willing to pay for ad-free, highly accurate, 

multi-scenario AI oral practice tools,” measuring AI invest-

ment willingness), and Q16 (“I believe that practicing speak-

ing with AI can reduce my psychological burden and make 

me more willing to speak up,” measuring AI-augmented 

self-efficacy), all rated on a 9-point Likert scale (Cronbach’s 

α = 0.730). The oral proficiency scale was adapted from the 

“CET-4/6 Oral Test Self-Rating Scale” [14], comprising 7 

items with a Cronbach’s α of 0.936, indicating good internal 

consistency reliability. Harman’s single-factor test showed 

that the first unrotated factor accounted for 52.2% of the total 

variance, slightly above the 50% threshold, suggesting that 

common method bias was within an acceptable range. For 

the AI learning engagement willingness scale, Bartlett’s test 

of sphericity was significant (p<.001), KMO = 0.697, the 

single factor explained 64.9% of the total variance, and all 

item factor loadings exceeded 0.70, indicating acceptable 

construct validity. For the oral proficiency scale, the single 

factor explained 55.3% of the total variance, and all item 

loadings exceeded 0.70. The three items were designed to 

capture three theoretically grounded dimensions: (a) task 

value perception (Q10), drawing on expectancy-value theory; 

(b) willingness to invest resources (Q11), reflecting the be-

havioral commitment aspect of engagement; and (c) AI-aug-

mented self-efficacy (Q16), grounded in social cognitive 

theory. Despite the limited number of items, the scale 

demonstrated acceptable internal consistency (Cronbach's 

alpha = 0.730) and construct validity (single factor explain-

ing 64.9% of total variance, all factor loadings>0.70), sup-

porting its use as a composite measure for this exploratory 
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study. 

3.3. Variable Definitions 

The core variables of this study were as follows:  

1) Independent variable: AI oral tool usage frequency, in-

itially coded into four groups based on Q18 (whether 

the respondent had used at least one AI oral tool) and 

Q19 (number of uses in the past 30 days): non-use, low 

frequency (0–5 times/month), medium frequency (6–25 

times/month), and high frequency (26–30 times/month). 

Because the high-frequency group had an insufficient 

sample size (n = 4), it was merged with the medium-

frequency group for analysis, A preliminary analysis 

confirmed that these two groups did not differ signifi-

cantly in their mean oral proficiency scores (p>.05), jus-

tifying the merge, which yielded three groups for com-

parison.  

2) Dependent variable: a composite oral proficiency index 

calculated as the sum of Q6–Q9 and Q12–Q14 minus 

the reverse-scored Q15.  

3) Moderator variable: AI learning engagement willing-

ness, operationalized as the mean score of Q10, Q11, 

and Q16 (Cronbach’s α = 0.730).  

4) Control variables: gender, institution type, years of 

study, and major. 

3.4. Data Analysis Methods 

This study employed descriptive statistics, one-way 

ANOVA, and hierarchical multiple regression analysis. The 

relationship between usage frequency and oral proficiency 

was examined through group mean comparisons. The inde-

pendent association of AI learning engagement willingness 

and its interaction with usage frequency were tested via hier-

archical regression analysis. Prior to conducting the regression 

analysis, the assumptions of normality, multicollinearity, and 

homoscedasticity were assessed. Normality of residuals was 

evaluated using the Shapiro-Wilk test and visual inspection of 

Q-Q plots. Multicollinearity was assessed via variance infla-

tion factors (VIF), with all VIF values below 2.0, indicating 

no serious multicollinearity concerns. Homoscedasticity was 

examined using the Breusch-Pagan test, which was non-sig-

nificant (p>.05), confirming the assumption was met. 

Participants’ agreement with the view that AI tools alleviate 

speaking practice anxiety is presented in Figure 1. Over half 

of respondents (54.0%) expressed agreement (ratings of 7–9), 

while 36.3% held a neutral stance (ratings of 4–6) and 9.7% 

expressed disagreement (ratings of 1–3). The distribution of 

responses was positively skewed toward the agreement end. 

This pattern is consistent with previous research on AI-as-

sisted language learning and underscores the potential of AI 

tools to lower affective barriers in speaking practice, while 

also indicating that a substantial minority (46.0%) of learners 

hold neutral or unfavorable views. 

 
Figure 1. Participants’ attitudes toward AI tools in alleviating speaking practice anxiety. 

As shown in Figure 1, over half of respondents (54.0%) ex-

pressed agreement (ratings of 7–9) that AI tools can effec-

tively reduce the psychological burden of oral practice, while 

36.3% held a neutral stance (ratings of 4–6) and 9.7% ex-

pressed disagreement (ratings of 1–3). The distribution of re-

sponses was positively skewed toward the agreement end. 

This pattern is consistent with previous research on AI-as-

sisted language learning and underscores the potential of AI 

tools to lower affective barriers in speaking practice, while 

also indicating that a substantial minority (46.0%) of learners 

hold neutral or unfavorable views. 
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4. Results and Findings 

4.1. Relationship Between Usage Frequency and 

Oral Proficiency 

Table 1 shows a significant association between AI oral tool 

usage frequency and oral proficiency. One-way ANOVA re-

vealed significant differences in oral proficiency across usage 

frequency groups (F(2, 218) = 7.952, p<.01, η² = 0.068). Post-

hoc comparisons (Tukey HSD) indicated that the non-use 

group (M = 19.89, SD = 12.17) had significantly lower oral 

proficiency than the medium-to-high frequency group (M = 

30.07, SD = 9.77), while the difference compared with the 

low-frequency group (M = 25.80, SD = 12.44) was marginally 

significant. The difference between the low-frequency and 

medium-to-high frequency groups was not significant. Corre-

lation analysis showed a moderate correlation between usage 

frequency group and oral proficiency (r = 0.242). The distri-

bution of oral proficiency scores across usage frequency 

groups is further illustrated in Figures 3 and 4. 

 
Figure 2. Scatter plot of AI learning engagement willingness and oral proficiency. 

 
Figure 3. Scatter plot of usage frequency and oral proficiency. 
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Figure 4. Mean oral proficiency by usage frequency group. 

Table 1. Descriptive statistics of oral proficiency by usage frequency group. 

Usage Frequency Group n Mean Oral Proficiency (SD) 

Non-use 62 19.89 (12.17) 

Low frequency (0–5/month) 150 25.80 (12.44) 

Medium-to-high frequency (6–30/month) 36 30.07 (9.77) 

 

4.2. Descriptive Analysis of AI Oral Tool Usage 

The survey showed that 77.4% of respondents had used at 

least one AI oral tool. Among users, 60.5% spent 0–10 minutes 

per session, 30.1% spent 10–20 minutes, and only 9.4% ex-

ceeded 20 minutes, indicating that overall depth of use still re-

quires improvement. Furthermore, 54.0% of respondents 

agreed (ratings of 7–9) that AI tools could effectively reduce the 

psychological burden of oral practice, while 36.3% held a neu-

tral stance—a pattern consistent with previous findings [1, 5]. 

Content analysis of responses to the open-ended questions 

revealed that the main shortcomings reported by respondents 

included inaccurate pronunciation correction, high cost or ex-

cessive advertising, unnatural dialogue, insufficient scenario 

diversity, and inadequate speech recognition accuracy. 

4.3. Moderating Role of AI Learning 

Engagement Willingness 

Table 2 shows differences in AI learning engagement will-

ingness across frequency groups. Non-users had the lowest 

mean engagement willingness (5.65), which gradually in-

creased with frequency (low-frequency: 5.85; medium-to-

high frequency: 5.95). Correlation analysis showed that AI 

learning engagement willingness was significantly positively 

correlated with oral proficiency (r = 0.453, p<.001). The pos-

itive association between AI learning engagement willingness 

and oral proficiency is visually depicted in Figure 2. 

Hierarchical regression analysis showed that Model 1, 

which included only AI learning engagement willingness, 

yielded a significant association with oral proficiency (β = 

3.438, 95% CI [2.43, 4.45], t = 6.695, p<.001, R2 = 0.189). In 

Model 2, after adding usage frequency, AI learning engage-

ment willingness remained significant (β = 3.284, 95% CI 

[2.29, 4.28], t = 6.503, p<.001), and usage frequency also 

demonstrated an independent association (β = 3.932, 95% CI 

[1.41, 6.45], t = 3.077, p<.01, ΔR2 = 0.038), with the overall 

model R2 = 0.228. In Model 3, the interaction term (AI learn-

ing engagement willingness × usage frequency) was not sig-

nificant (β = −0.682, 95% CI [−2.32, 0.96], t = −0.820, p>.05, 

ΔR2 = 0.003). 

These results indicate that AI learning engagement willing-

ness and usage frequency are each independently associated 
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with oral proficiency, and their relationship is additive rather 

than interactive. To test the robustness of these findings, gender, 

major, and years of study were included as covariates in the re-

gression model. The results showed that after controlling for 

these covariates, the association of AI learning engagement 

willingness remained significant (β = 3.546, 95% CI [2.66, 

4.43], t = 7.903, p<.001), the independent association of usage 

frequency also remained significant (β = 3.932, 95% CI [1.41, 

6.45], t = 3.077, p<.01), and none of the control variables were 

significant. 

Table 2. Descriptive statistics of AI learning engagement willingness by usage frequency group. 

Usage Frequency Group n AI Learning Engagement Willingness M (SD) 

Non-use 62 5.65 (1.45) 

Low frequency (0–5/month) 150 5.85 (1.65) 

Medium-to-high frequency (6–30/month) 36 5.95 (1.66) 

Table 3. Results of hierarchical regression analysis. 

Model Variable β t p R2 ΔR2 

Model 1 AI learning engagement willingness 3.438 6.695 <.001 0.189 — 

Model 2 AI learning engagement willingness 3.284 6.503 <.001 0.228 0.038 

 Usage frequency 3.932 3.077 <.01   

Model 3 Interaction (Usage frequency × Engagement willingness) −0.682 −0.820 >.05 0.231 0.003 

Note. ΔR2 represents the incremental explanatory power contributed by the newly entered variable. p<.01 

 
Figure 5. Mean AI learning engagement willingness by usage frequency group. 
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5. Discussion 

5.1. The Boundary of “More Use, Better 

Outcome”: From Technology Access to 

Effective Use 

This finding further refines the framework of “access does 

not guarantee effective use”, revealing the independent path-

ways of “quantitative access” and “qualitative utilization” in 

oral English learning. From a theoretical perspective, the ad-

ditive relationship identified in this study is not an empty null 

result but can be understood through classic second language 

acquisition theories. First, Krashen’s Input Hypothesis [10] 

emphasizes that comprehensible input is a necessary condition 

for language acquisition. Usage frequency can be regarded as 

a component of the “quantity” of AI language exposure — the 

higher the frequency, the more ample the comprehensible in-

put exposure, which provides a foundational guarantee for 

oral proficiency. Second, Schmidt’s Noticing Hypothesis [11] 

posits that input can only be converted into intake when learn-

ers “notice” and deeply process it. AI learning engagement 

willingness is precisely the factor that determines this critical 

“deep processing” stage — learners with higher engagement 

willingness are more likely to notice linguistic forms, engage 

in strategic practice, and conduct self-reflection while using 

AI tools, consistent with the “performance phase” in Zimmer-

man’s cyclical model of self-regulated learning. In summary, 

AI learning engagement willingness and usage frequency op-

erate on the two relatively independent aspects of “input ex-

posure” and “deep processing” in language acquisition, 

thereby exhibiting an additive rather than an interactive effect. 

This finding suggests the boundary condition of “more use, 

better outcome”: frequency guarantees the floor (foundational 

language exposure), while engagement willingness deter-

mines the ceiling (depth of language processing); the two do 

not amplify each other but function independently. It should 

also be noted that overall usage frequency in the current sam-

ple was relatively low and may not yet have reached the 

“threshold” at which an interactive effect could emerge. If us-

age frequency increases further (e.g., multiple practice ses-

sions per day), an interactive effect may appear in the high-

frequency range. 

5.2. Insufficient Learning Engagement: From 

“Technology Access” to “Effective Use” as 

a Barrier 

The regression results showed that AI learning engagement 

willingness independently explained 18.9% of the variance in 

oral proficiency (R2 = 0.189), which was higher than the ex-

planatory power of usage frequency. This indicates that in an 

era where technology accessibility is already high, the key dif-

ference among learners is no longer “whether they can access” 

but “whether they can use it effectively” [9]. Learners with 

low AI learning engagement willingness tend to lack practice 

plans, struggle to maintain consistency, and lose patience with 

tool limitations. They also find it difficult to monitor their own 

progress consistently. This finding echoes Kong et al.’s [15] 

assertion that “AI assistance can only support self-assessment 

by highly self-driven students.” Tool design should incorpo-

rate self-regulatory support functions such as self-monitoring 

and goal setting. It should also emphasize that cultivating AI 

learning engagement willingness is as important as increasing 

usage frequency [9]. 

5.3. Theoretical Implications and Practical 

Recommendations 

The theoretical contributions of this study are fourfold. First, 

it extends the Effective Use framework from general technol-

ogy-assisted learning to the AI oral practice context, validat-

ing the applicability of the view that “access alone does not 

guarantee effective use” in the AI oral domain. Second, it re-

veals that AI learning engagement willingness and usage fre-

quency are independently associated with oral proficiency, 

and that their relationship is additive. This finding theoreti-

cally suggests boundary conditions for “more use, better out-

come”: usage frequency guarantees the “quantity” of language 

exposure, providing a foundational guarantee for oral profi-

ciency, while AI learning engagement willingness determines 

the “quality” of language processing, affecting whether expo-

sure can be converted into actual ability improvement. Third, 

it engages in dialogue with international research. [2] found 

that AI assistance can enhance self-regulatory ability; the pre-

sent study further reveals the mechanism through which this 

self-regulatory ability operates — by enhancing learners’ en-

gagement willingness to improve “language processing qual-

ity” rather than simply promoting usage frequency. Wang and 

Xu’s [7] findings in the intelligent personal assistant context 

are consistent with those of this study, further confirming the 

central role of self-regulation in technology-assisted oral 

learning. Fourth, it provides empirical support for the learner 

engagement assurance mechanism proposed by [15], demon-

strating the critical role of AI learning engagement willingness 

in “engagement assurance.” 

Theoretical implications: The “quantity guarantees the floor, 

quality determines the ceiling” framework proposed in this 

study reveals a dual-path mechanism of technology-assisted 

language learning, offering a new perspective for understand-

ing “the gap between technology access and effective utiliza-

tion.”Methodological implications: Future research should 

simultaneously attend to both the “quantity” and “quality” di-

mensions of technology use, avoiding information loss caused 

by relying solely on usage frequency. Practical implications: 

When promoting AI oral tools, equal attention should be paid 

to increasing both usage frequency and learning engagement 

willingness. For learners with low engagement willingness, 
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supplementary monitoring mechanisms should be provided. 

Tool design should incorporate self-regulatory support func-

tions such as self-monitoring and goal setting. Practical rec-

ommendations are organized along two dimensions: pedagog-

ical application and tool design. In terms of pedagogical ap-

plication, college English instruction could integrate AI oral 

tools into after-class autonomous learning systems with tiered 

practice tasks. For learners with weaker self-regulatory abili-

ties, regular teacher feedback and check-in monitoring mech-

anisms should be provided to compensate for insufficient en-

gagement willingness. In terms of tool design, AI oral prod-

ucts should embed self-regulation support modules — such as 

personalized learning goal setting, practice data review, and 

error pronunciation tracking — to lower the threshold for 

learners’ strategic use of the tools. 

6. Conclusion 

The present study identifies a critical boundary condition of 

the “more use, better outcome” assumption in AI-assisted oral 

practice: usage frequency and AI learning engagement will-

ingness are independently and additively associated with oral 

proficiency, rather than interactively amplifying each other. 

Specifically, three main findings support this conclusion. 

First, AI oral tool usage frequency was significantly positively 

correlated with oral proficiency (F(2, 218) = 7.952, p<.01), 

with significant between-group differences, indicating that 

frequent AI tool use provides a foundational level of language 

exposure. Second, AI learning engagement willingness 

emerged as a significant positive correlate of oral proficiency 

(beta = 3.438, t = 6.695, p<.001, R-squared = 0.189), account-

ing for a substantial proportion of variance. Third, after con-

trolling for engagement willingness, usage frequency retained 

an independent association (beta = 3.932, t = 3.077, p<.01, 

delta-R-squared = 0.038), confirming an additive rather than 

an interactive relationship between the two factors. Taken to-

gether, these findings reframe the “more use, better outcome” 

logic: usage frequency guarantees the floor of language expo-

sure, while AI learning engagement willingness determines 

the ceiling of deep processing—the two operate on distinct 

pathways and neither substitutes for the other. This study also 

has several limitations. First, regarding research design, this 

study adopted a cross-sectional questionnaire survey design, 

which can only reveal correlational relationships among vari-

ables and cannot infer causality. In particular, it cannot rule 

out reverse causality (learners with higher oral proficiency 

may be more willing to use AI tools), and future studies should 

employ longitudinal tracking designs. Second, with respect to 

variable measurement, oral proficiency was assessed through 

self-report, which carries a risk of common method bias. The 

AI learning engagement willingness scale was exploratory in 

nature (Cronbach’s α = 0.730), consisted of only three items, 

and has not yet been validated through confirmatory factor 

analysis; future research should adopt established scales (e.g., 

MSLQ or SRL-SRS). Third, in terms of sample representa-

tiveness, this study used convenience sampling, with the sam-

ple drawn from WeChat and QQ groups without a clear sam-

pling frame, limiting external validity. The medium-to-high 

frequency group comprised only 36 participants, and the orig-

inal high-frequency end (26–30 times/month) had only 4 par-

ticipants, resulting in insufficient statistical power; future 

studies should expand the sample size. Fourth, regarding con-

founding variable control, although supplementary analyses 

showed that the core variables remained robust after control-

ling for gender, major, and years of study, key confounds such 

as English proficiency level and speaking anxiety were not 

controlled; future research should adopt stricter control de-

signs. Despite these limitations, as an exploratory study, the 

value of this research lies in revealing the additive relationship 

between usage frequency and AI learning engagement will-

ingness in AI-assisted oral English learning, thereby providing 

a theoretical framework and empirical foundation for future 

investigations. 
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