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Abstract. This study examines the potential impact of a human-AI collaborative feedback system on the 

IELTS speaking abilities of upper-intermediate English majors at a university in Vietnam. An explanatory 

sequential mixed-methods design was used, with the research focusing on the students’ oral performance over a 

4-week formative assessment period. The quantitative findings, derived from a pre-test and post-test conducted 

with a single group as a quasi-experimental study and from a 15-item Likert-scale questionnaire completed by 

the participants (N = 76), were supplemented by the qualitative responses to three open-ended survey 

questions. The quantitative data indicated a statistically significant improvement only in the area of Lexical 

Resource, whereas the overall band scores did not show a significant change, likely due to a temporary 

compromise between linguistic complexity and oral spontaneity. The survey results revealed that the learners 

regarded score breakdowns based on criteria as highly valuable and also placed importance on justifications of 

their transcripts that were supported by evidence in order to encourage self-regulated learning. At the same 

time, the qualitative responses emphasized that ongoing involvement by human experts is still necessary for 

overcoming affective barriers and for ensuring evaluative reliability. The study therefore proposes a Human-in-

the-Loop (HITL) framework that combines the accuracy of automation with the guidance of pedagogy and thus 

complements standalone AI evaluation tools in the context of language assessment. 
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1. Introduction 

In the way that English is currently taught, achieving a high degree of oral fluency is a key 

aim for students, particularly third-year students who are aiming to reach the C1 level. This 

phase in their studies represents a major change in the curriculum, since third-year English 

students must satisfy a compulsory graduation requirement of C1/IELTS 7.0 (this is equivalent 

to Level 5 in Vietnam’s Foreign Language Proficiency Framework). It is for this reason that 

courses like “Listening – Speaking 6” serve as important routes to developing advanced oral 

skills. Yet the assessment of speaking abilities is a time-consuming process and usually leads to 

a “feedback gap”, that is to say that students do not get timely and individualized feedback 

(Farooqi, 2025, p. 715). As Farooqi (2025, p. 715) and Vu et al. (2025, p. 30) note, even though 

formative feedback is essential for the development of speaking skills, it is still a great challenge 

for teachers to give high-quality, personalized assessments in large classes.   

The application of Artificial Intelligence (AI) in the teaching of English as a Foreign 

Language (EFL) has been extensively researched worldwide, with the results showing that AI-

based tools are able to improve both students’ speaking skills and their readiness to communicate 

(Dakhil et al., 2025, p. 11). In Vietnam, researchers have observed that students have a favorable 

attitude towards using AI assistants for the purpose of language learning (Lam, 2024; Nguyen, 

2024). Furthermore, there is empirical evidence to show that AI practice tools can lessen speaking 

anxiety and increase proficiency among undergraduate students (Duong & Suppasetseree, 2024, p. 

314; Nguyen, 2025, p. 46). Nevertheless, a significant problem remains because of the complete 

absence of human interaction and the danger of students becoming overly reliant on AI methods 
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that work independently. Specifically, unmediated use of AI can result in a condition known as 

“false mastery”, wherein learners rely on automated shortcuts and therefore do not carry out deep 

cognitive processing or independent thinking (Bull, 2026, p. 89). Additionally, purely digital tools 

do not provide the same degree of socio-emotional understanding or pedagogical empathy as 

human teachers, which highlights the need for a model in which the instructor takes on a 

mediating role (Baskara, 2025, p. 443; Vo & Bui, 2024, p. 216).   

What is novel about this research is the fact that it employs a human-in-the-loop 

collaborative feedback approach by means of an AI agent known as the “IELTS Speaking Auto-

Grader”. The agent has been developed on the Google Gemini platform and has been set up via 

careful prompt engineering in such a way that it can analyze student recordings and give 

diagnostic feedback in accordance with the IELTS nine-band scale. Unlike earlier studies which 

have concentrated on general AI chatbots (Baskara, 2025) or standalone transcription programs 

(Park & Shin, 2023; Tat, 2025), this method involves structured evaluation carried out with the 

help of the instructor. The approach addresses the limitations mentioned by Chen and Sun 

(2025) and Wang and Zhou (2025), who advocated for a more systematic use of automated 

proficiency tools by instructors. By having the instructor act as a mediator, the study bridges the 

gap between the efficiency of technology and the reliability of teaching methods.   

The main purpose of this research is to investigate the possible effect of an instructor-

mediated, human-in-the-loop AI feedback model on the oral performance of third-year English 

majors, as well as to examine their views on this method. In order to do this, the study uses an 

explanatory sequential mixed-methods design, combining quantitative data (from pre- and post-

test IELTS scores and a 15-item Likert-scale survey) with qualitative insights from the open-

ended questions completed by 76 participants. Based on this mixed-methods framework, two 

research questions were formulated: 

RQ1. To what extent is AI-mediated feedback associated with changes in the IELTS 

speaking performance of third-year English majors? 

RQ2. What are the students’ perceptions of the utility and reliability of the AI-mediated 

feedback provided in the speaking evaluation reports? 

2. Literature review 

2.1. AI-automated feedback in speaking instruction 

The use of automated feedback has altered the method in which second language speaking is 

taught by providing learners with immediate, diagnostic feedback a feature which is usually absent in 

traditional classroom situations (Farooqi, 2025, p. 716; Wang & Zhou, 2025, p. 211). In the case of 

speaking, AI systems evaluate a number of factors such as phonological accuracy and discourse 

coherence (Wang & Zhou, 2025). Research carried out by Zou et al. (2023) indicates that EFL learners 

feel they have made significant progress in speaking because they have received personalized written 

feedback and specific recommendations. On the basis of socio-cultural theory (Vygotsky, 1978), AI 

acts as a digital “More Knowledgeable Other” that operates within the learner’s Zone of Proximal 

Development and so offers automated assistance which allows students to become aware of their 

linguistic errors while carrying out independent practice. This type of continuous teaching method 

means that people can have more frequent speaking practice without having to increase the amount of 

administrative work teachers have to do (Luckin, 2017). Furthermore, the automated environment 

provides a low-pressure, non-judgmental atmosphere which helps to reduce learners’ inhibitions and as 

a result encourages their oral performance, their attention to structural accuracy, and their general 

readiness to communicate (Dakhil et al., 2025, p. 11; Duong & Suppasetseree, 2024, p. 314). 

2.2. Human raters vs. AI evaluation in the IELTS context 

When standardized systems such as IELTS are used to evaluate oral proficiency, there are 

significant contradictions between the scores assigned by automated methods and those given 

by human judges. While AI models demonstrate high consistency in assessing lexical density, 
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grammatical complexity and phonological features (Chen & Sun, 2025; Park & Shin, 2023), 

human assessors remain superior in judging pragmatic appropriateness and interactive 

coherence. In Vietnam, individual automated tools frequently fail to detect the subtle elements 

of conversational context or tend to penalize natural communicative fillers (Vu et al., 2025, p. 

37), indicating that it is necessary to have an instructor-led approach in order to compare the 

results of automated systems with well-established teaching standards (Tat, 2025). In order to 

overcome the limitations of technology, current educational practices support a HITL 

framework. In this type of collaborative system, the AI system carries out the analysis of basic 

linguistic data, while human teachers act as evaluative validators by correcting mechanical 

errors and giving feedback that is based on the context of the situation, thus achieving a balance 

between the scalability of automation and human pedagogical empathy. 

2.3. Student perceptions of AI in the Vietnamese tertiary context 

Vietnamese students who are learning English show a high level of engagement when they 

use AI tools. They find AI helpers useful for personalized learning and for getting immediate 

corrections, which in turn helps to lower their Affective Filter and boosts their confidence as a 

result of doing a number of repeated, low-stakes exercises (Lam, 2024, p. 1303; Nguyen, 2024, 

p. 186; Vo & Bui, 2024, pp. 216–217). Yet Bull (2026, p. 89) warns that AI is a “mixed 

blessing” because it might lead to a reduction in academic effort if students rely completely on 

the automated outputs without any “pedagogical curation” or guidance from teachers.  

When it comes to evaluating how students interact with automated assessment systems, the 

latest literature on computer-assisted language learning (CALL) has described student perception in 

terms of three closely related dimensions: pedagogical impact, perceived utility, and evaluative trust. 

The pedagogical impact deals with the effect that automated feedback has on learners’ psychological 

state, specifically its capacity to reduce affective filters and keep up a structural motivation for 

carrying out self-directed practice (Dakhil et al., 2025; Zou et al., 2023). As for perceived utility and 

clarity, the question is about the transparency and the level of detail in the feedback given. Learners 

are more likely to accept the feedback when it changes from providing general scores to giving 

criterion-based breakdowns that are backed by concrete evidence, for example through the use of 

exact performance transcripts (Farooqi, 2025). Finally, evaluative trust and future expectations 

influence the long-term feasibility of incorporating AI. Even though students value the quick results 

that AI offers, a major part of their perception involves a certain amount of professional skepticism 

concerning the machine’s ability to grasp pragmatic nuances, and this implies that a human-verified 

approach is required to guarantee evaluative reliability (Bull, 2026; Wang & Zhou, 2025). 

3. Research methodology 

3.1. Research design 

The study employs an explanatory sequential mixed-methods design; it begins by 

observing quantitative changes in oral performance at two key assessment phases (T1 and T2) 

using a one-group quasi-experimental pretest-posttest method, and then administers a mixed 

perception questionnaire which includes both quantitative items (using a 5-point Likert scale) 

and qualitative ones (with open-ended questions). The fact that the methods are carried out in 

this sequential order means that the retrospective perceptual data can serve to provide a 

contextual background and act as a supplement to the quantitative trends in IELTS performance. 

3.2. Participants 

The final group was made up of 76 third-year students majoring in English who were 

studying at the Faculty of English of a large public university in northern Vietnam. With regard to 

their demographic composition, the group comprised 67 women (88.2%) and 9 men (11.8%), the 

average age being approximately 21 years. All the participants shared the same academic 

objective, which was to attain C1 level proficiency in English, specifically so as to achieve a total 

score of at least 7.0 on the IELTS test in order to satisfy the university’s required graduation exit 
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criteria. They were both attending two different classes for the “Listening – Speaking 6” course, 

which was taught by the same instructor. In order to maintain the structure of the one-group quasi-

experimental design, the two classes were merged and treated as one cohort (N = 76) for all the 

statistical analyses. This sample size reflects the intensive and long-term nature of the pedagogical 

intervention, which included the continuous monitoring and the application of double scoring by 

both human raters and AI for the oral presentations over a period of four weeks. 

3.3. Research setting 

The study occurred during the second semester of the academic year 2025–2026 and was 

carried out in the “Listening – Speaking 6” class, the students in this class using the IELTS material 
from their coursebook as the basis for their speaking prompts. The pedagogical intervention was 

applied in an identical manner to the whole group, and since the same instructor taught both of the 
parallel classes, there was consistency in the instructions given, in the pace of the curriculum, and in 

the use of the AI-mediated feedback system. 

3.4. Data collection tools 

To gather a comprehensive dataset that integrates performance metrics with psychological 

and pedagogical perceptions, three primary instruments were deployed: 
(1) IELTS speaking tasks:  For the IELTS speaking section, standardized mock tests 

consisting of all three parts (Part 1, Part 2 and Part 3) were used as the measure at both the pre-
intervention stage (Time 1 – T1) and the post-intervention stage (Time 2 – T2). The tests recorded 

live oral ability in the four official categories: Fluency and Coherence, Lexical Resource, 
Grammatical Range and Accuracy, and Pronunciation. 

(2) AI evaluation reports: The diagnostic reports were produced by a Gemini-based agent 
specifically designed as the “IELTS Speaking Auto-Grader”. This agent transcribed the audio 

files and then prepared the feedback in line with the IELTS nine-band criteria. In order to 

identify and correct any possible inconsistencies in the scoring, the instructor looked at each AI-
generated report and made adjustments to it by referring to the actual audio recordings and the 

official Band Descriptors before the reports were issued. The course instructor checked the AI-
drafted report on three specific grounds: (1) acoustic and phonological accuracy: correcting the 

transcription errors in the speech-to-text process which arose due to interference from the 
learner’s first language; (2) pragmatic and coherence validation: altering the scores in instances 

where the AI had treated natural, non-linear communicative pauses as dysfluency; and (3) 
pedagogical curation: enhancing the mechanical linguistic measures and providing vocabulary 

scaffolds that were suitable for the students’ level of proficiency.  
For instance, in the case where the AI had automatically given Student 42 a penalty for 

pronunciation due to interference from the student’s first language (for example, by omitting the 
final consonants in “recharge”), the teacher became involved. The instructor observed that the 

student had maintained both overall intelligibility and a natural intonation in their sentences and 
therefore cancelled the penalty recommended by the automated draft, then changed the 

Pronunciation score to 6.0 and gave specific feedback. 
(3) Perception questionnaire: The survey instrument was based on those developed by Nguyen 

(2024) and Lam (2024) and was then modified to suit the particular situation of Vietnamese 

undergraduates. Although adapting items from previous studies provided a starting point, the construct 
validity and the suitability of the items were additionally examined by two experienced TESOL 

academics before the questionnaire was used. The questionnaire consisted of two main sections:  
The quantitative section (questions 1 to 15) consisted of 15 closed-ended items which were 

rated using a 5-point Likert scale. For each participant, composite scale scores were determined 
before the subscale means and standard deviations were calculated. Analysis of reliability 

produced internal consistency coefficients for the various dimensions: for Impact on Learning 
and Performance (α = .795), for Perceived Utility and Clarity (α = .863), and for Reliability and 

Future Expectations (α = .828).  
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The qualitative section (Items 16–18) included three open-ended questions which asked 

students to identify the helpful aspects of the reports (Item 16), to point out the main limitations 

(Item 17), and to give suggestions for future improvement (Item 18). These open-ended 

responses are used to complement and provide context for the quantitative findings.  

3.5. Data collection procedure 

The operational protocol spanned a 4-week formative pedagogical cycle, executed through 

four distinct procedural phases:  

In phase 1 – the baseline diagnostic assessment (T1) – the participants did an IELTS Speaking 

recording, which was then processed by the AI agent and checked by the instructor using the official 

band descriptors. The instructor also gave the students a 45-minute orientation in which they were 

taught how to interpret criteria scores, find errors in the transcript, and apply corrective feedback.  

In phase 2, the 4-week feedback-action cycle involved students keeping weekly self-study 

logs as a way of applying the feedback, which included reviewing the T1 speech transcripts, re-

recording sections in order to correct the pronunciation and intonation patterns that had been 

flagged, and engaging in weekly timed triads for practice.  

In phase 3, at the end of the four-week cycle, a second complete speaking assessment was 

recorded under the same conditions and then evaluated using the same HITL protocol.  

In phase 4, the quantitative data were analyzed using SPSS. Paired-samples t-tests were carried 

out to examine the changes in the IELTS scores (comparing T1 with T2). In order to provide 

additional information to the p-values, Cohen’s d effect sizes and 95% Confidence Intervals (95% 

CIs) for the mean differences were calculated and presented. Lexical Resource was chosen as the 

primary outcome of interest. Since the comparisons for the subscales were exploratory in character 

and the study used a single-group design, no multiple comparison corrections (for example, 

Bonferroni or Holm) were made for the secondary criteria, and the findings relating to these are 

therefore interpreted with caution as preliminary trends. For the perception questionnaire, a 

composite score was calculated for each participant to obtain the subscale Means and Standard 

Deviations. The qualitative answers given to the open-ended questions were analyzed by means of 

inductive thematic coding to supplement the results from the quantitative survey. 

4. Findings and discussion 

4.1. Changes in students’ speaking performance 

Paired-samples t-tests were carried out for all four IELTS criteria and for the overall band 

scores in order to examine the changes in score between Time 1 and Time 2. Table 1 presents the 

comparative means, standard deviations, t-statistics, p-values, Cohen’s d effect sizes, and 95% 

confidence intervals. 

Table 1. Paired samples t-test results for speaking performance (N=76) 
Criteria Time 1 

(M±SD) 

Time 2 

(M±SD) 

Mean Diff  

[95% CI] 

t p 

Overall Band Score 6.91 ± 0.63 6.93 ± 0.50 0.02 [-0.09, 0.13] -0.35 .724 

Fluency & Coherence 6.86 ± 0.69 6.79 ± 0.57 -0.07 [-0.19, 0.05] 1.11 .272 

Lexical Resource  6.87 ± 0.68 7.01 ± 0.58 0.14 [0.01, 0.27] -2.15 .035 

Grammatical Range & Accuracy 6.54 ± 0.67 6.67 ± 0.59 0.13 [-0.01, 0.27] -1.89 .063 

Pronunciation 6.97 ± 0.61 7.01 ± 0.54 0.04 [-0.06, 0.14] -0.83 .410 

Table 1 shows a statistically significant difference that was not adjusted for, in the Lexical 

Resource measure, this increasing from 6.87±0.68 at Time 1 to 7.01±0.58 at Time 2, t (75) = -

2.15, p = .035, with a small effect size (Cohen’s d = 0.25, 95% CI [0.01, 0.27]). This change 

took place after the 4-week self-regulated practice cycle, during which the students worked with 

the vocabulary banks and received transcript feedback from their T1 reports. It should, however, 

be pointed out that if an alpha level adjustment for multiple comparisons (for example, using 

Bonferroni or Holm) had been strictly applied to all five tests, the p-value would have gone 
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above the adjusted threshold, so the finding should be treated with caution and seen as a 

possible trend that needs to be confirmed in controlled trials.  

On the other hand, the changes in Fluency and Coherence (p = .272) and in Grammatical 

Range and Accuracy (p = .063) were not statistically significant. The small, non-significant 

difference in fluency could be due to a temporary cognitive compromise in which learners, when 

applying the newly learned vocabulary, increased their cognitive processing while speaking 

spontaneously. The improvement in Pronunciation (+0.04, p = .410) was negligible, which might 

indicate the limitations of text-based feedback methods when it comes to dealing with 

suprasegmental features. The overall Band Scores did not change between T1 and T2 (p = .724). 

4.2. Students’ perceptions of AI-mediated speaking feedback 

In order to assess the pedagogical reception of the human-AI collaborative framework, the 

attitudinal data from the 15 Likert-scale items were divided into three clear thematic categories 

that addressed the research questions. For the sake of best spatial efficiency and clarity in the 

quantitative data presentations (Tables 2, 3, and 4), the survey items are shown using shortened 

versions of the main constructs. Importantly, these concise labels have a direct semantic 

relationship to the full statements used in the validated research instrument. Before determining 

the subscale group scores, a composite scale score was calculated for each participant.  

The perception survey’s first aspect was concerned with the way in which the AI reports 

affected the students’ motivation and performance. Table 2 gives a detailed account of the mean 

scores and standard deviations for the items relating to Impact on Learning and Performance. 

Table 2. Students’ perceptions of the Impact on Learning and Performance (N=76) 
Abbreviated items Mean SD Interpretation 

Q1. Active use of suggestions for second recording 3.86 0.83 High 

Q2. Reduced anxiety in evaluation 3.84 0.85 High 

Q3. Increased motivation to practice consistently 4.00 0.85 High 

Q4. Expanded lexical and grammatical range 3.89 0.92 High 

Q5. Enhanced confidence in speaking progress 3.63 0.86 High 

Group Average 3.84 0.86 High 

Note. Q1 to Q5 correspond to Items 1 to 5 of the perception questionnaire. 

Table 2 shows that students strongly agreed with the view that AI-mediated feedback has a 

positive effect on learning (mean = 3.84, standard deviation = 0.86). It is worth noting that the 

detailed sub-score breakdowns (Q3, mean = 4.00) increased students’ motivation to carry out 

practice, while the targeted vocabulary suggestions (Q4, mean = 3.89) directly contributed to the 

observed improvement in Lexical Resource. Although the students actively followed the AI’s 

recommendations (Q1, mean = 3.86) and felt less anxious when evaluating their work (Q2, mean 

= 3.84), their confidence in their progress was the lowest (Q5, mean = 3.63), which suggests that it 

takes continued exposure to turn immediate linguistic improvements into long-term self-efficacy.  

The next dimension looked at how clear and useful students found the digital reports, and 

Table 3 gives the mean ratings for this category. 

Table 3. Students’ perceptions of the Perceived Utility and Clarity of AI reports (N=76) 
Abbreviated items Mean SD Interpretation 

Q6. Ease of understanding and navigation 3.95 0.75 High 

Q7. Identifying weaknesses via criteria breakdown 4.12 0.83 High 

Q8. Convincingness of evidence-based justifications 4.11 0.72 High 

Q9. Comprehensiveness vs. traditional oral comments 3.76 0.99 High 

Q10. Benefits of quick turnaround time 3.89 0.76 High 

Q11. Clarity of IELTS Band Descriptors 4.04 0.79 High 

Group Average 3.98 0.81 High 

Note. Q6 to Q11 correspond to Items 6 to 11 of the perception questionnaire. 
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The figures in Table 3 show that students agreed to a high degree about the usefulness and 
clarity of the AI-produced reports (mean = 3.98, standard deviation = 0.81), this being the highest 
collective mean of the three dimensions. Particularly, the results for the criteria-based aspect (Q7, 
mean = 4.12) and those for the evidence-based justifications (Q8, mean = 4.11) reached the top end 
of the “High” range, proving that specific transcripts together with clear score justifications were 
effective in helping learners understand the difference between their performance and the standard 
assessment criteria. Moreover, the students greatly liked the way the reports matched the official 
IELTS Speaking Band Descriptors (Q11, mean = 4.04) and the fast turnaround time of the reports 
(Q10, mean = 3.89), both of which enabled them to reflect on their performance and make 
adjustments immediately. Although the ease of understanding and navigating the reports was also 
rated very highly (Q6, mean = 3.95), the comparison with traditional oral comments (Q9, mean = 
3.76) produced the most differing responses (standard deviation = 0.99), which shows that even 
though the digital reports offered thorough criteria-based clarity, some learners still regarded the 
interpersonal and affective support found in teacher-led feedback as valuable.  

Finally, Table 4 looks at students’ opinions regarding the long-term reliability of the system 
and the expectations they have about its ongoing use in the curriculum. 

Table 4. Students’ perceptions of Feedback Reliability and Future Expectations (N=76) 
Abbreviated items Mean SD Interpretation 

Q12. Accuracy of AI scores vs. actual ability 3.64 0.95 High 

Q13. Confidence in instructor-curated feedback 3.82 0.78 High 

Q14. Preference for digital reports over verbal feedback 3.72 0.95 High 

Q15. Desire for future AI feedback integration 3.93 0.84 High 

Group Average 3.78 0.88 High 

Note. Q12 to Q15 correspond to Items 12 to 15 of the perception questionnaire. 

As for the reliability and future integration of AI-mediated feedback, Table 4 indicates that 
the students kept a high level of agreement (M = 3.78, SD = 0.88). The greatest degree of 
agreement among the students was seen in question Q15 (M = 3.93), since they clearly wanted to 
keep receiving these automated reports in the future speaking modules. This preference is also 
shown by Q14 (M = 3.72), which shows that when carrying out independent speaking practice, 
learners prefer the detailed and permanent character of digital reports to temporary verbal 
comments. Interestingly, however, Q12 on the perceived accuracy of the AI scores received the 
lowest mean score of all the questions (M = 3.64). This shows that although the students find the 
feedback useful, they are still somewhat doubtful about the machine’s ability to fully grasp the 
complexities of human speech. The lack of trust in this area is compensated for by Q13 (M = 
3.82), in which students stated that the teacher’s role in checking and selecting the feedback is 
essential to their sense of security. The findings thus imply that AI should be regarded as a 
powerful supplementary tool rather than as a complete substitute for human teacher involvement.   

4.3. Qualitative feedback from open-ended survey responses 

In order to gain a more detailed insight into the way in which the participants 
experienced the human-AI collaborative feedback process, the written answers to the three 
open-ended survey questions (questions 16 to 18) were analyzed by means of an inductive 
thematic coding approach based on Braun and Clarke’s (2006) qualitative framework. This 
inductive coding process led to the official identification of three main macro-themes: (1) the 
advantages of the AI-mediated feedback, (2) the difficulties and cognitive trade-offs, and (3) 
suggestions for future improvement. The qualitative comments provided are helpful for 
interpreting the quantitative test results and survey ratings.  

4.3.1. Strengths of the AI-mediated feedback 

The qualitative remarks strongly confirm the high average scores achieved in the perceived 
utility section. Several students highlighted the benefit of receiving detailed, criteria-based 
feedback instead of just general comments. For instance, Student 10 said that “instead of giving 
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general comments, the reports clearly point out my specific weaknesses, such as pronunciation 
errors, a limited vocabulary, or the overuse of simple sentence structures.” It appears that this 
degree of specificity is a key reason for students taking the initiative to carry out practice, since 
Student 18 noted that “the vocabulary suggestions are very helpful every time I have difficulty 
finding better words.” Thus, the qualitative observations lend support to the quantitative 
findings by providing an explanation for the positive change observed in the Lexical Resource 
scores following the self-study cycle. 

4.3.2. Challenges and cognitive trade-offs 

Although the general response was positive, the students identified a significant practical issue 

which accounts for the small, non-significant differences in the Fluency and Coherence scores (p 

= .272). A number of the participants mentioned that they noticed a great deal of mental strain when 

attempting to use newly learned vocabulary in spontaneous speech. As Student 19 remarked: “I had 

been asked to use more advanced vocabulary, but when I tried to do so I sometimes became less 

fluent because it took me longer to think.” Student 14 also said that even though they knew how to 

extend their answers in response to the recommendations, the pressure of speaking in real time 

caused them to “run out of ideas or feel nervous”. These observations indicate that although the AI 

feedback does provide the necessary linguistic tools, students still need to gain more experience over 

time in order to incorporate these improvements without losing their oral fluency. 

4.3.3. Suggestions for future improvement 

When asked for their suggestions, the main issue mentioned was the need for more 

concrete modeling resources. The students wished for more practical examples and model 

answers so that they could bridge the gap between receiving feedback and improving their 

speaking skills. For example, Student 10 proposed that “short action plans or step-by-step 

strategies” should be included, and Student 52 stated that teachers could “add potential model 

responses to guide us on how to improve specifically based on our previous performance”. 

Furthermore, the qualitative data revealed a clear agreement about the complementary role of 

technology. As Vo and Bui (2024, p. 216) pointed out, the participants emphasized that although 

the AI agent provided the figures and pointed out the errors, it did not offer the emotional 

support and subtle encouragement that only a human instructor can give. This is the reason why, 

even though the digital reports are very useful, the students still consider instructor mediation to 

be the main source of evaluative reliability (Baskara, 2025, p. 443). 

5. Conclusions and pedagogical implications 

5.1. Conclusions 

The study looked at the changes in students’ performance and their perceptions after they 

had received feedback mediated by an instructor and an AI. Several important conclusions may 

be drawn from the findings.  

As for oral performance (RQ1), the quantitative data show that over the course of a 4-week 

single-group study, the overall band scores stayed mostly unchanged, although there was a 

positive change in the Lexical Resource category (p = .035, Cohen’s d = 0.25). This indicates that 

detailed diagnostic feedback could help promote short-term lexical reflection and active learning. 

Yet since the single-group pretest-posttest design does not take into account external factors such 

as other instruction being given at the same time or the effects of repeated testing, and since this 

result would not remain significant after applying strict multiple-testing corrections, it should be 

regarded as an initial observational trend rather than as conclusive evidence of effectiveness.  

With regard to student perceptions (RQ2), the participants as a whole expressed positive 

opinions about all the aspects of the survey, praising the structure, the detailed breakdown of the 

criteria, and the quick availability of the AI reports. At the same time, however, the students’ 

responses showed a clear preference for having instructors provide oversight to supplement the 

automated evaluations. 
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5.2. Pedagogical implications 

The results of this study have important practical consequences for contemporary language 
teaching and for assessment methods that make use of technology. Firstly, educational institutions 
ought to use HITL frameworks that have been validated by teachers rather than relying on 
standalone AI grading systems, employing AI as a quick diagnostic aid while keeping it under the 
supervision of instructors. Secondly, to deal with the cognitive imbalance between the complexity 
of vocabulary and the speed of speaking, teachers should help students find a balance between 
expanding their vocabulary and practicing fluency, making sure that new vocabulary is introduced 
slowly so as not to overwhelm learners’ working memory when they are producing speech 
spontaneously. Lastly, automated reports can be improved by incorporating active scaffolding, for 
example, by giving students concrete model answers together with the highlights of their errors in 
order to support their self-directed learning. 

5.3. Limitations and suggestions for further research 

When drawing conclusions from these findings, several methodological limitations should 
be taken into account. Firstly, the study used a one-group quasi-experimental pretest-posttest 
approach and included no control group. As a result, the changes seen between T1 and T2 might 
be due to other factors such as regular classroom teaching, maturation, or the fact that the test 
was taken more than once, rather than being solely attributable to the feedback intervention. 
Secondly, the four-week period was quite short and might therefore not be long enough to show 
broader longitudinal developments in speaking fluency or pronunciation. Thirdly, with regard to 
the scoring process, the course instructor was the only one who reviewed the AI’s outputs and 
there was no independent or blind second human rater; hence, it was not possible to calculate 
inter-rater agreement figures. Fourthly, the sample consisted only of third-year English majors at 
one public university in northern Vietnam, which restricts the generalizability of the results. 
Finally, the qualitative data came from three open-ended survey questions. Even though these 
are helpful in supporting the quantitative findings, they do not offer the same level of depth as 
those obtained through semi-structured interviews.  

Future studies should use randomized controlled trials (RCTs) including control groups, 
adopt multi-rater blinded scoring procedures together with measures of inter-rater reliability, 
lengthen the duration of the intervention to cover an entire semester, and also include in-depth 
qualitative interviews. 
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