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Abstract 
Artificial intelligence (AI) can support academic reading, yet its instructional value depends on whether students use it to 
interrogate texts or merely obtain ready-made answers. This study developed and preliminarily evaluated an AI-supported 
Problem-Based Learning (PBL) model designed to promote evidence-based inquiry in EFL academic reading. Following the 
ADDIE framework, the study produced a six-session instructional module and a structured prompting protocol that guided 
students to formulate questions, examine textual evidence, evaluate arguments, and reflect on their interpretations. The 
model was implemented with 22 undergraduate EFL students enrolled in an Academic Reading course at a public university 
in Indonesia. Data were collected through expert validation, pre- and post-intervention academic reading assessments, a 
student perception questionnaire, classroom observations, AI-interaction logs, and reflective justification sheets. Quantitative 
data were analysed using descriptive statistics and a paired-samples t-test, while qualitative data were examined thematically. 
Students’ mean academic reading score increased from 61.45 to 81.32, with a statistically significant difference between the 
pretest and posttest scores, t(21) = 9.42, p < .001. The most substantial improvements occurred in coherence evaluation and 
inferential reasoning. Questionnaire, observational, and interaction-log data also indicated positive student perceptions and 
progressively greater engagement in inferential questioning, textual justification, argument evaluation, and reflective 
revision. These findings suggest that structured AI-supported PBL may help shift students’ use of AI from answer seeking 
toward evidence-based academic inquiry. Nevertheless, the small single-institution sample, absence of a comparison group, 
and lack of direct cognitive-load measurement require the findings to be interpreted as preliminary. 

Keywords: academic reading; artificial intelligence literacy; evidence-based inquiry; EFL higher education; problem-based 
learning; structured prompting. 

1. Introduction 

Academic reading is central to learning in higher education because students must engage with scholarly 
texts to acquire disciplinary knowledge, evaluate competing perspectives, and construct academically 
defensible interpretations. For students learning English as a foreign language (EFL), however, academic 
reading involves more than understanding vocabulary and identifying explicitly stated information. It 
requires readers to infer relationships, distinguish claims from supporting evidence, assess argumentative 
coherence, and monitor whether their interpretations remain consistent with the text (Fitria & Nafiah, 2025; 
Safarli et al., 2025; Song et al., 2025). These demands can become particularly challenging when students 
have limited linguistic resources and insufficient experience in analysing complex academic discourse. 
Consequently, many EFL students can retrieve isolated information from a text but continue to experience 
difficulty evaluating arguments, connecting evidence across sections, and justifying their interpretations. 

Problem-Based Learning (PBL) offers a potentially relevant framework for addressing these difficulties. 
Rather than positioning reading as the passive reception of information, PBL engages students in 
investigating authentic problems, identifying what they need to understand, evaluating available evidence, 
and constructing reasoned solutions. Previous studies have associated PBL with active inquiry, collaborative 
knowledge construction, and the development of higher-order thinking skills (Hafizah et al., 2024; Nguyễn, 
2021; Wijaya, 2021). Applied to academic reading, PBL can encourage students to approach a text as a source 
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of evidence for addressing a problem rather than as a collection of information to be recalled. Nevertheless, 
the quality of learning within PBL depends substantially on the scaffolding provided during inquiry (Pan & 
Liu, 2022). When students encounter unfamiliar vocabulary, complex arguments, and multiple sources 
simultaneously, insufficient guidance may result in fragmented analysis or unsupported conclusions. PBL 
therefore requires carefully structured support that sustains inquiry without replacing students’ 
responsibility for interpretation. 

The increasing accessibility of generative artificial intelligence (AI) has created new possibilities for 
providing such support. AI tools can generate questions, clarify concepts, offer feedback, and respond 
adaptively to learners’ requests. Studies have consequently examined their potential for supporting 
feedback, writing, tutoring, assessment, and self-regulated learning (Chang et al., 2023; Kooli & Yusuf, 2025; 
Ng et al., 2024). In reading-related activities, structured interaction with AI may encourage learners to ask 
inferential questions, reconsider preliminary interpretations, and examine relationships between textual 
claims and evidence (Fu & Hiniker, 2025; Thongsan & Anderson, 2025). However, unrestricted AI use also 
creates a pedagogical problem. When students ask AI to summarize texts, formulate interpretations, or 
provide direct answers, cognitive responsibility may shift from the learner to the technology. AI assistance 
cannot automatically be equated with meaningful academic engagement; its value depends on how it is 
positioned within the instructional process. 

Despite increasing research on AI-assisted learning, three related gaps remain. First, much of the existing 
literature treats AI as a stand-alone tool for feedback, assessment, information retrieval, or answer 
generation rather than as an element embedded within a coherent instructional model (Bhimavarapu, 2025; 
Chakraborty et al., 2024; Kanthimathi et al., 2025). Second, studies frequently report learners’ achievement 
or perceptions but provide limited evidence of how students interact with AI while interpreting texts, 
questioning arguments, and revising their reasoning. Third, research integrating AI with PBL has not 
sufficiently explained how instructional constraints can preserve evidence-based reasoning and prevent 
students from delegating interpretive work to AI. These gaps are especially apparent in EFL academic 
reading, where learners require assistance but must remain responsible for evaluating textual evidence and 
constructing defensible interpretations. 

The present study addresses these gaps by developing an AI-supported PBL model that positions AI as a 
scaffold for evidence-based inquiry. The model integrates a six-session academic reading module with a 
structured prompting protocol that guides students through problem orientation, textual investigation, 
inferential questioning, argument evaluation, collaborative discussion, and reflective revision. Before 
interacting with AI, students are required to formulate an initial interpretation and support it with textual 
evidence. AI prompts are then used to question, extend, or challenge their reasoning rather than supply final 
answers. This sequencing is intended to preserve learner agency while enabling AI to support inquiry at 
points where students require clarification or strategic direction. The novelty of the model therefore lies not 
simply in adding AI to PBL, but in pedagogically constraining AI use so that it redirects students from answer 
seeking towards evidence-based academic inquiry. 

This study makes a significant contribution to scholarship and practice in three key respects. 
Conceptually, it reframes AI as a pedagogically regulated inquiry scaffold rather than an autonomous source 
of answers. Instructionally, it extends PBL into EFL academic reading by connecting problem investigation 
with explicit processes of inference, textual justification, argument evaluation, and reflective revision. 
Methodologically, it combines achievement data with student perceptions, classroom observations, AI-
interaction logs, and reflective justification sheets. This combination enables the study to examine not only 
whether reading performance changes following implementation, but also how students engage with textual 
evidence and AI-supported prompts during the learning process. Nevertheless, because the model was 
implemented with a small, single-institution sample without a comparison group, the study provides a 
preliminary evaluation rather than definitive evidence of causal effectiveness. 
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Accordingly, this study aimed to develop and preliminarily evaluate an AI-supported PBL model for 
promoting evidence-based inquiry in EFL academic reading. It addressed the following research questions: 

1. To what extent does the developed AI-supported PBL model meet the established criteria for content 

validity and instrument reliability? 

2. What changes occur in students’ academic reading performance following the implementation of the AI-

supported PBL model? 

3. How do students perceive and engage with structured AI-supported inquiry during academic reading 

activities? 

 

2. Method 

2.1 Research Design and Participants 
This study employed a Research and Development design based on the Analysis, Design, Development, 

Implementation, and Evaluation (ADDIE) framework (Branch, 2009). The framework guided the 
development and preliminary evaluation of an AI-supported Problem-Based Learning (PBL) model for EFL 
academic reading. The resulting products consisted of a six-session instructional module and structured AI 
prompts designed to support clarification, inferential questioning, evidence checking, argument evaluation, 
and reflective revision. 

The implementation adopted a one-group pretest–posttest design supported by quantitative and 
qualitative data. Changes in academic reading performance were examined through pretest and posttest 
scores, while expert validation and a student perception questionnaire provided evidence regarding the 
quality and usability of the model. Classroom observations, AI-interaction logs, and reflective justification 
sheets were used to examine how students engaged with texts and AI during the intervention. As the study 
did not involve random assignment or a comparison group, the findings were interpreted as a preliminary 
evaluation of within-group change rather than conclusive evidence of causal effectiveness. 

The participants were 22 undergraduate EFL students enrolled in an Academic Reading course at a public 
university in Indonesia. They were drawn from an intact class using convenience sampling because the class 
was accessible and relevant to the instructional purpose of the study (Etikan et al., 2016). All participants 
completed the pretest, six instructional sessions, posttest, and perception questionnaire. 

2.2 Development of the AI-Supported PBL Model 
The model was developed iteratively through the five phases of ADDIE (Branch, 2009). The analysis phase 

focused on the academic reading demands faced by students, particularly those related to understanding 
explicit information, drawing inferences, evaluating textual coherence, examining arguments, and justifying 
interpretations with evidence. It also considered the need to guide students in using AI critically rather than 
treating its output as an unquestioned source of answers. 

During the design phase, the researchers formulated the learning objectives, instructional sequence, 
reading activities, assessment procedures, and principles for responsible AI use. PBL was adapted to 
academic reading by presenting students with text-based problems requiring investigation, interpretation, 
evidence selection, and evaluation of alternative explanations. This design reflected the problem-centred and 
inquiry-oriented principles of PBL, in which learners actively construct understanding through investigation 
and reasoned decision-making (Hmelo-Silver, 2004). 

The development phase produced the instructional module, structured AI prompts, student worksheets, 
reflective justification sheets, and assessment instruments. The prompts were organised around five 
functions: clarification, inferential questioning, evidence checking, argument evaluation, and reflective 
revision. These functions provided a consistent framework but allowed students to adapt the wording of 
their prompts to different texts and reading problems. The module and instruments were reviewed by 



Voices of English Language Education Society 10(2), 2026  
  

 

 
291 

 

experts in English language education, academic reading, and instructional technology. Their ratings and 
written feedback were used to improve the relevance, clarity, coherence, and instructional suitability of the 
products before implementation. 

2.3 Instructional Procedures 
Before the intervention, students completed an academic reading pretest under comparable classroom 

conditions. They were then introduced to the PBL stages, structured AI prompts, and principles of 
responsible AI use. The lecturer emphasised that AI-generated information could be inaccurate, biased, or 
insufficiently grounded in the assigned text. Students were therefore expected to compare AI output with 
textual evidence and remain responsible for their final interpretations. 

Each instructional session followed five stages. First, students were presented with an academic text and 
a contextualised problem requiring interpretation or evaluation. Second, they read the text independently, 
developed an initial response, and identified relevant supporting evidence. Third, they used structured AI 
prompts to clarify difficult information, examine possible inferences, consider alternative interpretations, 
evaluate arguments, or test the adequacy of their evidence. Fourth, students compared the AI-generated 
responses with the original text and discussed their reasoning collaboratively. Finally, they revised their 
responses and completed a reflective justification sheet explaining which AI suggestions they accepted, 
modified, or rejected and the reasons for their decisions. 

Instructional support was gradually reduced across the six sessions. In the initial sessions, the lecturer 
modelled how to formulate purposeful prompts and critically verify AI output. In subsequent sessions, 
students selected and adapted the prompts more independently according to the problems encountered in 
each text. This progression positioned students as active decision-makers and encouraged them to use AI as 
a flexible inquiry aid rather than a substitute for reading and reasoning. After the final session, students 
completed the posttest and perception questionnaire, and their AI-interaction logs and reflective justification 
sheets were collected. 

2.4 Instruments and Data Collection 
The academic reading assessment consisted of 16 items covering four dimensions: explicit 

comprehension, inferential reasoning, coherence evaluation, and critical evaluation. Each dimension was 
represented by four items. The same assessment framework and scoring criteria were applied to the pretest 
and posttest, and the resulting scores were converted to a scale of 0–100. The instrument was reviewed by 
experts for item relevance, clarity, construct representation, and alignment with the learning objectives. Its 
internal consistency was examined using Cronbach’s alpha (Cronbach, 1951). 

The student perception questionnaire was administered after the intervention. It examined students’ 
perceptions of the instructional sequence, structured AI prompts, engagement with academic texts, use of 
textual evidence, reflective revision, and responsible AI use. The questionnaire items were rated using the 
Likert scale specified in the instrument. Expert review was used to establish their relevance and clarity, while 
Cronbach’s alpha was employed to examine internal consistency. The questionnaire results represented 
students’ experiences with the model and were not treated as direct evidence of improved reading 
performance. 

Classroom observations were conducted during all six sessions using a structured checklist and 
descriptive field notes. They documented students’ participation in problem investigation, inferential 
questioning, evidence use, argument evaluation, collaborative discussion, verification of AI output, and 
reflective revision. The observations were used to examine the implementation process and provide 
contextual evidence for interpreting the assessment and questionnaire results. 

AI-interaction logs recorded the prompts submitted by students, AI-generated responses, follow-up 
questions, and subsequent revisions. Reflective justification sheets documented students’ initial 
interpretations, supporting evidence, relevant AI feedback, revisions, and reasons for accepting or rejecting 
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AI suggestions. Together, these sources provided qualitative evidence of how students used AI while 
retaining responsibility for their interpretations. The observation checklist was treated as an 
implementation record rather than an independent psychometric scale. 

2.5 Data Analysis and Ethical Considerations 
Quantitative data were analysed using descriptive and inferential statistics. Expert-validation ratings and 

questionnaire responses were summarised using means, frequencies, and percentages, while academic 
reading scores were described using means and standard deviations. After the distribution of the pretest–
posttest difference scores had been examined, a paired-samples t-test was conducted to determine whether 
the change between the two measurement points was statistically significant at p < .05. Cohen’s d for paired 
observations was calculated to estimate the magnitude of the within-group change. The effect size was 
interpreted cautiously because the design did not include a comparison group. 

Qualitative data from classroom observations, AI-interaction logs, and reflective justification sheets were 
analysed thematically following Braun and Clarke (2006). The analysis involved familiarisation with the data, 
initial coding, grouping related codes, developing themes, and reviewing the themes against the dataset. 
Particular attention was given to inferential questioning, textual justification, argument evaluation, 
verification of AI output, and reflective revision. Evidence from the three sources was compared to identify 
converging, complementary, or contrasting patterns. The qualitative findings were then used to 
contextualise and extend the quantitative results. 

The study followed the principles of voluntary participation, informed consent, confidentiality, and 
responsible data management. Participants were informed about the objectives, procedures, types of data 
collected, and their right to withdraw without academic consequences. Personal identifiers were removed, 
and the findings were reported in aggregate or anonymised form. Students were also instructed not to enter 
personal, confidential, or institutionally sensitive information into the AI platform. Because AI output may 
contain inaccuracies or unsupported claims, they were required to verify relevant responses against the 
assigned texts before incorporating them into their final interpretations. 

3. Findings 

The findings are presented according to the three research questions. The first subsection reports the 
validity of the developed model, the reliability of the research instruments, and the revisions made before 
implementation. The second presents changes in students’ academic reading performance, while the third 
reports students’ perceptions and engagement during the intervention. 

3.1 Validity and Refinement of the AI-Supported PBL Model 
The first research question concerned the quality of the developed AI-supported PBL model and its 

supporting instruments. Three experts evaluated six components using a four-point relevance scale. The 
components included the alignment between the learning objectives and PBL stages, authenticity of the 
problem scenarios, scaffolding functions of the structured AI prompts, clarity and feasibility of the learning 
activities, coverage of the academic reading dimensions, and relevance of the student perception 
questionnaire. As presented in Figure 1, the S-CVI/Ave values ranged from 0.89 to 0.95. The structured AI 
prompts received the highest value (0.95), followed by the alignment between the learning objectives and 
PBL stages (0.93), clarity and feasibility of the learning activities (0.92), relevance of the student perception 
questionnaire (0.91), authenticity of the problem scenarios (0.90), and coverage of the academic reading 
dimensions (0.89). All components exceeded the minimum criterion of 0.80, indicating satisfactory content 
validity. 
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Figure 1. Expert Validation Results for the AI-Supported PBL Model 

The academic reading assessment and student perception questionnaire also demonstrated satisfactory 
internal consistency. As shown in Table 1, the academic reading assessment produced a Cronbach’s alpha 
coefficient of 0.84, while the student perception questionnaire obtained a coefficient of 0.91. Both 
instruments therefore exceeded the predetermined reliability criterion of 0.70. 

Table 1  
Reliability of the Research Instruments 

Instrument Cronbach’s α Interpretation 

Academic reading assessment 0.84 Good 

Student perception questionnaire 0.91 Excellent 

 

In addition to providing quantitative ratings, the experts recommended several revisions to improve the 
instructional and assessment components. As summarised in Table 2, generic prompts were replaced with 
more targeted prompts requiring students to clarify information, compare interpretations, examine textual 
evidence, evaluate arguments, and reflect on their conclusions. The task instructions were simplified and 
sequenced more clearly, the difficulty of the reading texts was adjusted, and the assessment criteria were 
clarified across the four academic reading dimensions. 

Table 2  
Revisions to the AI-Supported PBL Model 

Component Revision Intended improvement 

Structured AI prompts Generic prompts were replaced with targeted prompts Strengthen inquiry and reasoning support 

Task instructions Instructions were simplified and sequenced Improve procedural clarity 

Reading texts Text difficulty was adjusted Improve accessibility for students 

Assessment criteria Criteria for the four reading dimensions were clarified Improve scoring consistency 

 

Together, the expert-validation results indicated that the instructional model achieved satisfactory 
content validity, while the reliability analysis supported the internal consistency of the two principal 
measurement instruments. The experts’ recommendations were incorporated before classroom 
implementation. 
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3.2 Changes in Students’ Academic Reading Performance 
The second research question examined changes in students’ academic reading performance following 

the six-session intervention. As presented in Table 3, the students’ mean score increased from 61.45 (SD = 
6.82) on the pretest to 81.32 (SD = 7.15) on the posttest, representing a mean gain of 19.87 points. The 
paired-samples t-test showed that the difference was statistically significant, t(21) = 9.42, p < .001. Cohen’s 
d for paired observations was 2.01, indicating a substantial within-group change. 

Table 3  
Pretest and Posttest Academic Reading Results 

Measurement Mean SD Mean gain t(21) p Cohen’s d 

Pretest 61.45 6.82 — — — — 

Posttest 81.32 7.15 19.87 9.42 < .001 2.01 

 

Improvement was also observed across all four academic reading dimensions. Figure 2 shows that 
coherence evaluation recorded the largest gain of 5.8 points, followed by inferential reasoning with a gain of 
5.3 points, critical evaluation with a gain of 4.5 points, and explicit comprehension with a gain of 4.2 points. 
The two largest gains were therefore found in dimensions requiring students to establish relationships 
across a text and construct meanings that were not stated directly. 

 

Figure 2. Gains across the Four Academic Reading Dimensions 

 

These findings demonstrate a statistically significant and substantial improvement in students’ academic 
reading performance after the intervention. Nevertheless, because the study employed a one-group pretest–
posttest design, the results represent within-group change and should not be interpreted as conclusive 
evidence that the intervention alone caused the improvement. 

3.3 Students’ Perceptions and Engagement during AI-Supported PBL 
The third research question examined students’ perceptions of the AI-supported PBL model and their 

engagement during its implementation. Questionnaire responses were interpreted using four categories: 
very positive (3.26–4.00), positive (2.51–3.25), negative (1.76–2.50), and very negative (1.00–1.75). As 
presented in Table 4, all five evaluated aspects were rated very positively. 

Table 4  
Students’ Perceptions of AI-Supported PBL 

Aspect Mean Category 

Ease of AI use 3.72 Very positive 
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Overall satisfaction 3.70 Very positive 

Support for inference and critical evaluation 3.68 Very positive 

Usefulness for reading comprehension 3.66 Very positive 

Engagement and collaboration 3.54 Very positive 

 

Ease of AI use received the highest mean score (M = 3.72), followed by overall satisfaction (M = 3.70). 
Students also perceived the model as supportive of inferential reasoning and critical evaluation (M = 3.68) 
and useful for reading comprehension (M = 3.66). Engagement and collaboration received the lowest mean 
score (M = 3.54), although it remained within the very positive category. Overall, the questionnaire results 
show that the model was perceived as accessible, useful, and supportive of academic reading. 

The classroom observations, AI-interaction logs, and reflective justification sheets provided further 
evidence of changes in students’ engagement. As summarised in Table 5, evidence-based reasoning 
developed from a low–moderate level in the early sessions to a high level in the later sessions. Inferential 
questioning increased from low to high, while critical evaluation progressed from moderate to high. 
Reflective revision also developed from low to moderate–high. 

Table 5  
Changes in Students’ Engagement during the Intervention 

Engagement indicator Early sessions Later sessions 

Evidence-based reasoning Low–moderate High 

Inferential questioning Low High 

Critical evaluation Moderate High 

Reflective revision Low Moderate–high 

 

During the early sessions, students frequently produced general or literal responses and required lecturer 
guidance to formulate purposeful prompts. In the later sessions, their AI-interaction logs showed more 
frequent use of prompts for clarification, inference, evidence checking, and critical evaluation. The reflective 
justification sheets also contained more explicit explanations of why particular AI suggestions were accepted, 
modified, or rejected. These patterns indicate that students gradually exercised greater control over their AI-
supported reading processes and became more accountable for their interpretations. Together, the 
questionnaire and process data show that students perceived the AI-supported PBL model positively and 
gradually demonstrated more evidence-based, inferential, critical, and reflective engagement with academic 
texts. 

4. Discussion 

This study developed and preliminarily evaluated an AI-supported Problem-Based Learning (PBL) model 
for EFL academic reading. The findings showed that the model was considered appropriate by experts, 
students’ academic reading performance improved after its implementation, and students responded 
positively to the learning experience. The most notable improvements occurred in coherence evaluation and 
inferential reasoning, while classroom observations, AI-interaction records, and reflective sheets indicated 
increasingly critical use of AI across the six sessions. Taken together, these findings suggest that generative 
AI can support academic reading when it is integrated into a clear instructional sequence that requires 
students to read independently, examine textual evidence, and evaluate rather than simply reproduce AI-
generated responses. 

The expert-validation results indicate that the model established reasonable alignment among the 
learning objectives, PBL stages, reading activities, structured AI prompts, and assessment procedures. The 
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experts’ recommendations concerning task sequencing, text difficulty, and assessment criteria also 
demonstrate that effective AI integration requires careful instructional design. Kasneci et al. (2023) 
emphasised that the educational benefits of generative AI depend largely on how it is incorporated into 
teaching, while Law (2024) similarly found that technological affordances alone do not guarantee meaningful 
language learning. In this study, the validation and revision process helped ensure that AI supported the 
inquiry process without replacing the essential stages of academic reading. 

This principle was reflected in the instructional sequence. Before consulting AI, students were required 
to read the text, formulate an initial interpretation, and identify relevant evidence. They then used structured 
prompts to clarify difficult information, explore possible inferences, examine arguments, and reconsider 
their interpretations. Finally, they compared the generated responses with the source text and justified 
whether those responses should be accepted, modified, or rejected. This sequence positioned AI as a source 
of assistance rather than a source of final answers. Such an arrangement is important because fluent and 
persuasive AI responses may contain inaccurate or unsupported information. As Farrokhnia et al. (2024) 
observed, learners need sufficient guidance to evaluate the apparent credibility of AI output, while Yan et al. 
(2024) highlighted verification as an important requirement for responsible educational use of large 
language models. 

The improvement in students’ academic reading performance suggests that structured AI assistance 
complemented the inquiry-oriented characteristics of PBL. Hmelo-Silver (2004) explained that PBL engages 
learners in investigating meaningful problems, identifying relevant information, considering alternative 
explanations, and constructing defensible conclusions. These processes are closely related to academic 
reading, in which students must connect ideas, interpret implicit meanings, evaluate evidence, and judge the 
strength of claims. In the present model, the problems gave students a meaningful purpose for reading, while 
AI-supported questions helped them examine the text from different perspectives. The observed 
improvement should nevertheless be interpreted as within-group development because the study did not 
include a comparison group. 

The particularly strong gains in coherence evaluation and inferential reasoning correspond with the focus 
of the instructional activities. These two dimensions require students to move beyond identifying explicitly 
stated information. According to Kendeou et al. (2016), readers construct deeper comprehension by 
connecting information across a text and generating inferences from textual evidence and prior knowledge. 
The structured prompts in this study repeatedly asked students to identify relationships among ideas, 
explore meanings that were not directly expressed, compare alternative interpretations, and locate evidence 
supporting or challenging a claim. These activities may have made complex reading operations more explicit 
and systematic. The smaller improvement in explicit comprehension may reflect students’ stronger initial 
ability in locating directly stated information, as well as the intervention’s greater emphasis on interpretive 
and evaluative reading. However, further comparative testing is required before concluding that the model 
is more effective for certain reading dimensions. 

The students’ positive perceptions indicate that the model was acceptable and manageable in classroom 
practice. They generally considered the AI-supported activities accessible and useful for understanding texts, 
constructing inferences, and evaluating information. This finding is consistent with Law’s (2024) conclusion 
that generative AI can provide immediate explanations and opportunities for independent language learning. 
Nevertheless, favourable perceptions do not independently demonstrate instructional effectiveness because 
students’ responses may also have been influenced by convenience or the novelty of using AI. In this study, 
the perception data are more meaningful when considered together with the performance results and 
qualitative evidence concerning how students used AI during the intervention. 

The process data showed that students’ engagement became more purposeful over time. During the initial 
sessions, many students produced relatively literal interpretations and relied on lecturer modelling to 
formulate suitable prompts. In subsequent sessions, their interaction records and reflective sheets showed 
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more frequent attempts to explore inferences, question AI-generated explanations, identify textual evidence, 
and revise initial interpretations. This progression suggests that students gradually moved from receiving AI 
assistance to managing it more critically. Although the term interpretive agency should not be treated as a 
separately measured construct in this study, it usefully describes the students’ growing responsibility for 
deciding how AI responses contributed to their interpretations. Their agency was maintained by requiring 
an initial reading, textual verification, and justification of the final decision. 

One result that requires further attention is that engagement and collaboration, despite remaining in the 
very positive category, received the lowest questionnaire mean. This suggests that access to AI does not 
automatically strengthen interaction among students. PBL typically benefits from collaborative discussion 
through which learners compare interpretations, challenge assumptions, and negotiate solutions. Yew and 
Goh (2016) regarded this social process as an important element of PBL, but individual consultation with AI 
may reduce opportunities for peer negotiation when collaboration is not deliberately incorporated. Future 
implementation should therefore provide more structured opportunities for students to compare AI 
responses, discuss unsupported claims, defend competing interpretations, and jointly determine which 
conclusion is most consistent with the text. 

Overall, the study proposes a simple conceptual pathway in which problem-based inquiry provides the 
purpose for reading, structured AI assistance supports particular interpretive activities, and textual 
verification and reflection maintain students’ responsibility for the resulting interpretation. 

 
Figure 4. Conceptual Pathway of AI-Supported PBL for Academic Reading Development 

Figure 4 should be understood as a conceptual representation of the instructional process rather than a 
statistically tested model. It proposes that academic reading development does not arise from AI use alone 
but from the sequence through which students investigate a problem, consult AI for specific purposes, verify 
the generated information, and reflect on their interpretations. This process-oriented contribution is 
relevant because, as Lo et al. (2024) reported, research on generative AI in ESL/EFL education has 
concentrated predominantly on writing and learner perceptions, while reading performance and classroom 
interaction processes remain less extensively investigated. Pedagogically, lecturers should therefore 
introduce AI after students have attempted the text independently, align prompts with specific reading 
purposes, and require all generated information to be checked against textual evidence. Instruction should 
also address inaccurate output, bias, privacy, transparency, and appropriate disclosure, which Yan et al. 
(2024) identified as central concerns in educational AI use. 

 

5. Limitations and Directions for Future Research 

The findings should be interpreted within several limitations. The study involved only 22 students from 
one intact class at a single Indonesian university and did not include random assignment or a comparison 
group. Consequently, the observed improvement cannot be attributed exclusively to AI-supported PBL. 
Regular instruction, repeated exposure to academic texts, lecturer assistance, familiarity with the 
assessment, and novelty effects may also have influenced the results. In addition, the six-session 
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implementation does not establish whether the gains would be retained or transferred to unfamiliar texts, 
other disciplines, or independent reading contexts. The qualitative findings were also based on classroom 
observations, AI-interaction records, and reflective documents; therefore, interpretations concerning 
students’ increasingly critical use of AI should not be treated as direct measurements of a separate 
psychological construct. 

Future research should evaluate the model with larger and more diverse samples and compare it with 
conventional PBL, unrestricted AI use, and non-AI reading instruction. Delayed posttests would help 
determine whether improvements are sustained and transferable. Researchers could also examine 
individual reading dimensions more closely, analyse the quality and timing of students’ prompts, assess the 
accuracy of AI-generated responses, and investigate how AI consultation affects peer collaboration. Such 
studies would provide stronger evidence concerning whether the observed development results specifically 
from the model and would clarify the instructional conditions under which generative AI supports academic 
reading without replacing students’ responsibility for interpretation. 

6. Conclusion  

This study developed and preliminarily evaluated an AI-supported Problem-Based Learning model for 
EFL academic reading. Expert validation indicated that the model appropriately aligned learning objectives, 
PBL stages, structured AI prompts, reading activities, and assessment procedures. Following the six-session 
implementation, students demonstrated significant improvement in academic reading, with the strongest 
gains occurring in coherence evaluation and inferential reasoning. Their positive perceptions and 
progressively more critical use of AI also suggest that the model was feasible and acceptable in classroom 
practice. These findings indicate that generative AI can support academic reading when it is embedded in a 
structured learning process rather than used merely to generate summaries or answers. 

The main contribution of the model lies in combining problem-based inquiry, purposeful AI assistance, 
textual verification, and reflection. Students were required to develop an initial interpretation, use AI for 
specific reading purposes, evaluate its responses against textual evidence, and justify their final decisions. 
Nevertheless, the findings represent preliminary within-group evidence and should not be interpreted as 
proof of causal effectiveness because the study involved a small sample, a short intervention, and no 
comparison group. Further studies with larger samples, control conditions, and delayed assessments are 
needed to examine the model’s effectiveness, transferability, and long-term contribution to EFL academic 
reading. 
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