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  ABSTRACT 
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Generative artificial intelligence (GenAI)- powered tools have been 

widely used to enhance language learning skills. However, little is 

known about their role in shaping learners’ experiences during 

academic reading. To address this gap, our study engaged twelve 

postgraduate students in evaluating reading reports generated by 

Fullpicture, an academic reading tool powered by ChatGPT, over 

seven weeks. Students reflected on their experiences using the GenAI 

tool for academic reading and rated its effectiveness on a 6-point Likert 

scale. Based on the three-level model of reading comprehension, 

learners’ reported benefits of the tool include the literal level, which 

encompasses the facilitation of quick comprehension and the reduction 

of cognitive load; the inferential level, which includes the 

interpretation of the author’s tone and purpose and the reinforcement 

of personal beliefs; and the critical level, which involves the promotion 

of reflective reading practices and the generation of new perspectives 

for academic writing. The perceived challenges can also be categorized 

into three levels: selective summarization and misrepresentation of 

details at the literal level; overgeneralization of interpretations and 

irrelevance to personal reading and writing goals at the inferential 

level; and a lack of practical suggestions and weak evidence to support 

critiques at the critical level. The analysis of questionnaire results also 

revealed the supporting role of GenAI-powered tools for L2 learners 

in evaluating arguments, evidence quality, or the generalizability of 

research; however, their limited effectiveness was also identified, 

especially concerning the adequacy of discussion and theoretical 

frameworks. The study suggested that learners should collaborate with 

AI instead of fully relying on it to support academic reading. 

 

Introduction 

Academic reading posed high requirements for L2 learners, as it usually involves frequent use 

of cognitive resources to evaluate different ideas before making well-informed decisions 

(Goldman, 2024; Lin et al., 2025; Liu et al., 2021), and, along with this, linguistic barriers and 
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cross-discipline knowledge requirements also hindered L2 learners’ sustained academic 

development (Green, 2009). In recent years, the emergence of Generative Artificial Intelligence 

(GenAI)-powered tools has attracted academic interest in supporting L2 reading comprehension 

by reducing cognitive load (Feng, 2024; Srinivasan & Murthy, 2021). However, there remains 

a gap regarding whether these tools can help L2 learners to overcome the challenges in 

academic reading, therefore making it particularly crucial to investigate their experiences and 

perceptions of GenAI assistance. 

A review of existing studies identified three primary concerns. First, although previous research 

has explored L2 learners’ experiences with GenAI-powered tools in general language learning 

(Jeon, 2024), writing (Kim et al., 2024), speaking (Zou et al., 2024), there has been limited 

attention to tracing students’ experiences specifically in GenAI-assisted academic reading 

contexts. Second, most studies on GenAI-assisted reading tools focus on short-term 

interventions, such as one-week or four-week durations, to compare the effects of AI integration 

versus non-AI scenarios. However, as noted by previous researchers (Jeon, 2024; Lin et al., 

2024; G. L. Liu et al., 2024; Monib et al., 2025), it is equally important to first understand the 

benefits and challenges that AI brings to learning in order to avoid potential pitfalls when using 

GenAI. Third, despite the increasing adoption of GenAI tools, ethical concerns, such as 

plagiarism and the potential hindrance of higher-order thinking due to the direct provision of 

answers, have sparked heated debates. These concerns might prevent learners from expressing 

their personal experiences of utilizing GenAI in academic contexts (Wang, 2024). This silence 

also poses a threat to educators and policymakers in listening to learners’ voices and designing 

curricula that appropriately balance the reasonable use of GenAI tools with meeting actual 

learner needs. This study aimed to address these gaps by adopting a mixed-methods approach. 

First, we applied the three-level reading comprehension framework and conducted a qualitative 

analysis to explore postgraduate learners’ reported benefits and challenges of GenAI-powered 

academic reading. Second, we conducted a quantitative analysis based on a survey investigating 

students’ perceptions of which dimensions of academic reading were most beneficial to them. 

 

Literature review 

The three-level model of reading comprehension 

Reading comprehension is a complex cognitive process in which readers decipher meaning 

from written work (Hudson et al., 2008; Snow, 2002). To achieve effective reading, it usually 

involves not only reader itself and also include interactions with the text and the reading context 

(Rouet et al., 2017). Prior researchers have emphasized the hierarchical nature of reading 

comprehension and have deconstructed it into three levels (Basaraba et al., 2013; de-la-Peña & 

Luque-Rojas, 2021; Herber, 1978; Saadatnia et al., 2016): literal comprehension, which is the 

basic level of reading and often involves understanding, extracting, and summarizing explicit 

information in a text; inferential or interpretative comprehension, which requires readers to 

“read between the lines,” including the interpretation of implicit information, constructing 

connections among multiple ideas in the text, and making comparisons with prior knowledge 

(Alptekin, 2006; Basaraba et al., 2013); and critical or evaluative comprehension, which 
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demands the highest cognitive resources, as it requires readers to apply higher-order thinking 

after a thorough evaluation of the main arguments of the text and to make critical judgments 

about the reliability and quality of the information (Basaraba et al., 2013; Wallace & Wray, 

2021). 

After taking a quick glance at the theoretical framework of reading comprehension, in the next 

section we will briefly review the challenges faced by L2 learners, who often differ from first 

language learners. 

Challenges in L2 learners’ reading comprehension 

Although researchers, like Jeon and Yamashita (2014) and Pretorius and Spaull (2016), have 

pointed out the importance of reading for L2 learners, a review of the existing literature reveals 

several factors that hinder their reading development. These challenges can be understood 

through the lens of reading comprehension model, which divides reading into three levels: (1) 

literal, which includes limited language proficiency and linguistic barriers (Alptekin, 2006; 

Alptekin & ErÇEtin, 2011), (2) inferential, which involves inactivation of context or 

background knowledge, and cultural and educational differences (Elbro & and Buch-Iversen, 

2013). and (3) critical comprehension, which entails high cognitive demands, posing challenges 

such as evaluating arguments and assessing authorial intent (Wang & Gierl, 2011). Across all 

three comprehension levels, learners’ insufficient use of metacognitive reading strategies, 

defined as readers' awareness and control of their own reading processes such as planning, 

monitoring, and evaluating (Sheorey & Mokhtari, 2001; Taki, 2016), can further impede 

effective comprehension (Johnson et al., 2010; Ku & Ho, 2010). 

First, regarding literal comprehension, limited language proficiency poses an obvious challenge 

for L2 learners when they encounter linguistic issues, which may hinder their basic-level 

comprehension prevent them from progressing to the next level of comprehension.. For instance, 

Yüzlü and Dikilitaş (2022) found that some students could not fully comprehend the reading 

materials because of limited English proficiency even when multimodal texts were utilized to 

support the translanguaging classroom.  

Second, for inferential comprehension, failure to activate background knowledge and cultural 

value pose additional difficulties for L2 learners. For example, in their case study investigating 

young learners’ reading of multimodal texts about global warming, Fazio et al. (2022) found 

that learners faced challenges in interpreting content about coral reef deterioration because they 

lacked the relevant background knowledge to support inference-making. L2 learners also 

frequently encounter difficulties in activating prior knowledge during academic reading, 

especially when processing unfamiliar or culturally different texts. Similarly, Luk and Hui 

(2017), whose study focused on adolescent readers, indicated that the Confucian cultural 

background significantly impacted Hong Kong students’ reading of English advertisements, as 

they often relied on established facts and were limited in exploring alternative interpretations. 

This suggested that cultural values emphasizing obedience to authority may hinder learners’ 

deeper understanding of texts, since they avoid contradicting higher-level authorities. 

Third, regarding critical comprehension, the major challenge for L2 learners lies in the 

relatively high cognitive demands required during critical reading. For example, Kiili et al. 
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(2018) found that Finnish primary school students felt overwhelmed when asked to evaluate a 

health-related text from multiple perspectives in digital format. This task imposes an even 

greater burden on L2 learners, as they must first overcome language barriers before engaging 

in higher-order thinking processes. Furthermore, the insufficient use of metacognitive reading 

strategies can negatively affect the development of critical thinking. This is illustrated by Ku 

and Ho’s (2010) study, which showed that low-performing readers in critical reading tasks 

rarely employed metacognitive strategies, resulting in limited critical comprehension. 

AI and reading 

Although L2 learners face great challenges in reading, the recent advancements in GenAI such 

as ChatGPT, Deepseek, and other GenAI-powered tools have brought new possibilities for 

supporting learners in overcoming these barriers and achieving deeper levels of reading 

comprehension. 

First, regarding literal comprehension, GenAI-powered tools can offer summarization functions 

or provide feedback on learners’ vocabulary questions, which help L2 learners to understand 

the explicit meaning of the text more effectively. For example, Yang et al. (2021) employed 

BERT, which served as an advanced text summarization tool, to extract key concepts from 

learning materials and grade students’ markings. They suggested that the AI-assisted marking 

function effectively helped students identify and focus on key information and therefore 

enhanced their literal understanding of the text. Toyokawa et al. (2023) performed a case study 

using the LEAF system with two students in inclusive education settings and indicated that AI-

assisted active reading tasks, by analyzing learning logs and providing personalized feedback, 

helped students improve their literal understanding by detecting learning difficulties and 

enhancing their focus on explicit information in texts. Rees and Lew (2024) conducted an 

experimental study with 43 L2 English students using AI-generated definitions from OpenAI 

GPT-3 in a lexically oriented reading task and found that the AI-assisted definitions effectively 

supported students' literal understanding by helping them grasp the meaning of unfamiliar 

words in context. 

Second, in terms of inferential comprehension, GenAI can scaffold learners’ understanding by 

activating and integrating prior knowledge, offering contextual as well as and tailoring 

explanations to scaffold them overcoming cultural or educational gaps. M. Liu et al. (2024) 

carried out a user study with 59 undergraduate students utilizing the CoAsker tool, which 

leverages AI-driven question cocreation, and found that AI-assisted question generation 

improved students’ inferential comprehension by supporting reflective revision of questions to 

enhance inferential skills and by facilitating repeated activation of their knowledge through 

cocreated question banks. Cheng et al. (2024) implemented a study on Chinese kindergarteners 

from underprivileged backgrounds to assess the effects of chatbot-led dialogic reading on story 

comprehension. Using AI to deliver inferential questions targeting causal reasoning, predictions, 

and themes, combined with tailored feedback mechanisms, the study revealed that AI 

significantly enhanced inferential understanding and providing adaptive scaffolding. 

Third, for critical comprehension, GenAI tools can guide learners in evaluating arguments, 

synthesizing diverse perspectives, and applying metacognitive reading strategies through 
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personalized feedback and interactive prompts. Peng et al. (2022) investigated how CReBot, an 

AI-driven interactive tool, supports routine paper readers and novices in critically engaging 

with scientific papers. Through interactive prompts and tailored hints, CReBot facilitated 

deeper critical analysis by encouraging users to evaluate arguments, identify weaknesses, and 

reframe the content in meaningful ways, demonstrating its potential to enhance critical 

understanding in academic reading. Cheung et al. (2024) studied Hong Kong junior secondary 

students to explore their critical understanding of climate change in a ChatGPT scenario. The 

study found that AI facilitated students’ evaluation skills by supporting their metacognitive 

skills, enabling them to reflect on the reliability of AI-generated content and critically assess 

the tentative and empirical nature of scientific claims. 

However, the limitations inherent in GenAI cannot be overlooked. While previous studies have 

briefly touched upon the challenges of AI-assisted tools in reading, such as the high cognitive 

load for novice readers (Peng et al., 2022), and the biased content devoid of contextual 

understanding (Cheung et al., 2024; M. Liu et al., 2024; Rees & Lew, 2024), existing research 

on AI-assisted academic reading remains limited in several important ways. First, current 

studies rarely consider the benefits and challenges of GenAI tools systematically and 

comprehensively, often discussing them only as secondary findings rather than dedicated 

research objectives. Second, there is a notable absence of theoretical frameworks explicitly 

employed to evaluate the strengths and weaknesses of AI-assisted reading, resulting in 

fragmented and context-specific understandings of GenAI effectiveness. Third, empirical 

research explicitly targeting postgraduate students’ perceptions and experiences, who typically 

engage in more sophisticated and cognitively demanding academic reading tasks, is particularly 

scarce. 

Research Questions 

To address these gaps, this study proposed two research questions: 

1. What are the benefits and challenges of integrating GenAI tools in supporting academic 

reading? 

2. Which dimensions of academic reading do postgraduate students find most and least 

supported by GenAI tools? 

 

Methods 

Research Design 

This study adopted a mixed-methods approach, specifically an exploratory sequential design 

(Creswell & Plano Clark, 2018), to gain a comprehensive understanding of how AI-assisted 

tools support postgraduate students’ academic reading. In this design, qualitative data were first 

collected through reflection journals to explore participants’ subjective experiences and insights. 

These findings then informed the development and interpretation of a subsequent quantitative 

questionnaire, which measured participants’ perceptions across key dimensions. 
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Participants and context 

The participants in this study consisted of twelve second-year postgraduate students majoring 

in Translation and Interpretation at a university in South China, which is renowned for its focus 

in foreign language studies. Their ages ranged from 21 to 24 years, with a mean age of 22.63 

years. Given the widespread use of machine-assisted translation in both teaching and 

professional translation practice, the participants were already familiar with using translation 

tools such as DeepL and Google Translate. They also reported personal use of generative AI 

chatbots like ChatGPT and Ernie Bot to support their translation work. However, their prior 

experience was primarily limited to tools designed for translation or general-purpose AI 

assistance, rather than academic reading assistants like Fullpicture. Therefore, to ensure a fair 

starting point, all participants were introduced to the AI-powered academic reading tool 

Fullpicture before the experiment, during which they also signed consent forms. Following this 

introduction, they used the tool over a two-week period to familiarize themselves with its 

features and functionalities. Although they had not previously used academic reading tools of 

this kind, they had been trained to engage in critical reading for academic purposes for over 

five years, a skill essential to their postgraduate academic work. 

Instruments 

In order to obtain both qualitative and quantitative data regarding postgraduate students’ 

perceptions and experiences with GenAI-assisted academic reading, reflection journals and 

questionnaires were employed as research instruments. 

To address RQ1, we employed reflection journals, which allowed students to express their 

authentic and deeper feelings when interacting with AI-generated reading reports. Specifically, 

participants reflected on their perceptions of the AI-generated reports in relation to their 

academic reading after completing five research articles and the corresponding AI-generated 

reports. They were also encouraged to discuss their opinions on the benefits and challenges of 

AI, particularly from the perspective of the 10 dimensions of academic reading (see Figure 1) 

proposed by Wallace and Wray (2021). 

To answer RQ2, we used a questionnaire, which aimed to evaluate participants’ perceptions of 

key academic reading dimensions in a quantitative way. Adapted from the academic reading 

framework of Wallace and Wray (2021), the questionnaire focused on evaluating how 

participants perceived the usefulness of the AI-generated reading reports. It consisted of 10 

items, including one item for each of the 10 dimensions (e.g., “The AI-supported reading report 

helped me clarify my reading purpose and how the text is relevant to the purpose”). The 

questionnaire used a six-point Likert scale (1 = strongly disagree to 6 = strongly agree) to 

measure the extent of participants’ agreement with each statement. This structure ensured that 

the questionnaire comprehensively addressed both specific aspects of the AI reports and 

participants’ general evaluation of their utility. To ensure seamless integration with the 

reflection journal, the questionnaire was placed directly below the journal template, allowing 

participants to complete it immediately after reflecting on their experiences. 
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Figure 1. 

The ten dimensions of Wallace and Wray’s (2021) academic reading framework 

 

Data collection 

The data collection process spanned approximately seven weeks and involved the following 

three detailed steps (see Figure 2): 

Figure 2. 

The flowchart of the data collection 
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In the first step (lasted about 1 week), the teacher selected five research articles published in 

SSCI-indexed journals, all focusing on topics related to translation studies. The selection was 

guided by three criteria: (1) the articles’ relevance to the teaching curriculum of the postgraduate 

program, (2) their potential for integration into future assignments requiring critical evaluation 

and summary, and (3) the complexity of their linguistic features and their compatibility with 

the academic genre. These five articles were then processed using the AI tool Full-Picture (see 

Figure 3), which was powered by ChatGPT-3, which generated detailed reading reports 

including the information of overall reliability, estimated reading time of the report, main 

takeaways, detailed content analysis, trustworthiness and bias check, and relevant research 

topics. To align with the reading comprehension framework, we mapped these features to the 

three comprehension levels: literal (main takeaways, reading time), inferential (content analysis, 

related topics), and critical (bias check, reliability evaluation). 

Figure 3. 

Fullpicture - The ChatGPT-powered academic reading tool 

 

In the second step (which lasted about 5 weeks), the students were instructed to read each of 

the five research articles one at a time. Each student was instructed to read the AI-generated 

report after finishing the article. The process of reading both the article and the AI-generated 

report was repeated five times.  

The final step lasted about one week, and students were required to document their positive and 

negative experiences in their reflection journals when using the reports generated by Fullpicture 

during their academic reading, and then they completed the questionnaire. 

Data analysis 

We utilized the coding book adapted from the study by Zhang et al. (2024) and employed 

thematic analysis to examine qualitative data in reflective journals. In detail, we classified 

students’ perspectives as either benefits or challenges, and next we, following the reading 
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comprehension model (Basaraba et al., 2013; Saadatnia et al., 2016), divided the benefits and 

challenges of students into three levels (Basaraba et al., 2013; Saadatnia et al., 2016), where the 

literal level is related to understanding explicit information, the inferential level is related to the 

personal goals of readers, and the critical level involves in-depth evaluation or critical insights 

of the text. The coding process consisted of three stages. First, the two coders familiarized 

themselves with the reflection journal data through multiple readings. Second, we coded the 

data following a predefined framework, which included levels, sub-categories, and 

representative quotes. Third, the coders compared their results, discussed discrepancies, and 

resolved differences through consensus. To minimize potential bias, both coders were aware of 

their personal views toward the AI tool and took deliberate steps to prevent these from 

influencing the analysis. These perspectives were openly discussed during the discussion stage 

to ensure objectivity. The final coding achieved an interrater agreement rate of 85.50%, 

ensuring the process was rigorous, consistent, and aligned with the theoretical framework. 

Table 1.  

The coding book 

 Literal Inferential Critical 

Benefits Facilitating quick 

comprehension (Student C: 

The report concisely 

summarized the source, 

saving me time compared to 

reading it myself.) 

Supporting interpretation of 

author’s tone and purpose 

(Student G: The report 

helped me identify the 

author's tone, such as their 

supportive attitude toward 

multimodal technology.) 

Promoting reflective 

reading practice (Student 

F: The report made me 

reevaluate the contribution 

and limitations of the 

article, aiding my critical 

reading.) 

Reducing cognitive load 

(Student E: ChatGPT helps 

me to maintain focus on the 

article, and reduce my 

workload.) 

Reinforcing personal beliefs 

(Student A: The findings 

mentioned in ChatGPT’s 

summary helped reinforce 

my views on learner self-

assessment, making me 

more confident that my 

research direction is 

meaningful.) 

Generating new 

perspectives for academic 

writing (Student I: 

ChatGPT suggested 

potential research 

directions in the report, 

which inspired me to 

expand the content of my 

paper.) 

Challenges Selective summarization 

(Student B: The report barely 

mentioned the author's 

conclusion or reproduced the 

entire reasoning process.) 

 

Overgeneralization of 

interpretations (Student H: 

ChatGPT's analysis is 

sometimes too broad, such 

as concerning the 

interpretation of the 

research context and 

participants) 

 

Lack of practical 

suggestions (Student F: 

ChatGPT’s critiques 

pointed out problems but 

didn’t provide actionable 

suggestions, such as how to 

improve the experimental 

design.) 

Misrepresentation of details 

(Student J: The analysis 

sometimes misunderstood the 

article, such as claiming that 

the research didn’t consider 

the effect of stress on 

interpreting, when it actually 

did.) 

Irrelevance to personal 

reading and writing goals 

(Student K: Some 

suggestions seemed vague 

and didn’t align well with 

my writing needs.) 

Weak evidence for 

critiques (Student K: When 

pointing out the limitations 

of the article, the report 

didn’t provide specific 

examples to support its 

claims, making it feel 

vague.) 

The questionnaire demonstrated good reliability and validity, with Cronbach’s alpha of 0.727, 
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indicating good internal consistency. The Bartlett’s test of sphericity was significant (p < 0.001), 

confirming that the data showed acceptable validity. For content validity, the items were 

carefully adapted from Wallace and Wray (2021) academic reading and reviewed by two experts 

(PhD holders in educational technology) in the field of academic reading, who ensured the 

clarity, relevance, and alignment of the items with the study’s objectives. Subsequently, the 

descriptive data from the questionnaire were calculated, including means and standard 

deviations for each of the 10 items, as well as the overall mean score, to summarize participants’ 

perceptions of the AI-generated reports. 

 

Research Findings 

Benefits of the GenAI-powered academic reading tool 

We identified three levels, namely literal, inferential, and critical levels (see Table 1), of benefits 

reported by students during their utilization of the academic reading tool. When it comes to 

literal comprehension, the benefits include the facilitation of quick comprehension and the 

alleviation of cognitive load. In terms of inferential comprehension, students reported 

advantages such as the enhancement of the interpretation of the author’s tone and purpose, and 

the reinforcement of readers’ personal beliefs. As for critical comprehension, the perceived 

benefits involve the stimulation of reflective reading practices and the inspiration of new 

perspectives for academic writing. 

First, regarding the benefits at the literal level, students indicated that the tool can provide 

concise summaries of the article to facilitate their quick comprehension of the main ideas. An 

example can be seen from Student C, who said, “The report concisely summarized the source, 

saving me time compared to reading it myself.” In addition, students also illustrated that the tool 

has helped them to maintain understanding of the key points of an article and reduce cognitive 

load because of the information simplification function, as one student reflected, “ChatGPT 

helps me to maintain focus on the article and reduce my workload” (Student E). 

Second, for the inferential level, students expressed their favoring of the tool in supporting them 

to interpret the implicit information of the article, such as the author’s tone and purpose. For 

example, one student noted, “The report helped me identify the author’s tone, such as their 

supportive attitude toward multimodal technology” (Student G). Moreover, students believed 

that the tool has reinforced their personal views and beliefs about the article and helped them 

stay on the right track, as one individual remarked, “The findings mentioned in ChatGPT’s 

summary helped reinforce my views on learner self-assessment, making me more confident that 

my research direction is meaningful” (Student A). 

Third, at the critical level, the tool promoted reflective reading practices by encouraging 

students to critically evaluate the strengths and weaknesses of the texts they engaged with. One 

participant noted, “The report made me reevaluate the contribution and limitations of the article, 

aiding my critical reading” (Student F). Moreover, the tool generated new perspectives for 

academic writing by inspiring students to think creatively and critically about potential research 

directions or ways to expand their own work. As one student commented, “ChatGPT suggested 

potential research directions in the report, which inspired me to expand the content of my paper” 
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(Student I). 

Challenges of the GenAI-powered academic reading tool 

While the tool provided notable benefits, participants also reported challenges across the literal, 

inferential, and critical levels (see Table 1). In navigating the literal dimension, challenges 

included selective summarization and misrepresentation of details. Moving to the inferential 

level, students raised concerns about overgeneralization of interpretations and irrelevance to 

personal reading and writing goals. As for the critical comprehension, challenges involved the 

lack of actionable suggestions and weak evidence to support critiques. 

First, with reference to the literal level, students expressed frustration with the tool’s tendency 

of selective summarization, where the tool omitted important information, leading to 

incomplete representations of the text. For example, a participant remarked, “The report barely 

mentioned the author's conclusion or reproduced the entire reasoning process” (Student B). 

Another challenge was misrepresentation of details, as the tool occasionally misunderstood 

specific parts of the text. One student noted, “The analysis sometimes misunderstood the article, 

such as claiming that the research didn’t consider the effect of stress on interpreting, when it 

actually did” (Student J). 

Second, as for the inferential level, one issue was evident in cases of overgeneralization, where 

the tool failed to provide nuanced or context-specific analyses. One participant observed, 

“ChatGPT's analysis is sometimes too broad, such as concerning the interpretation of the 

research context and participants” (Student H). Furthermore, the tool was criticized for 

irrelevance to personal reading and writing goals, as some of its suggestions did not align with 

students’ academic needs. A student reflected, “Some suggestions seemed vague and didn’t align 

well with my writing needs” (Student D). 

Third, at the critical level, challenges were most pronounced in the tool’s inability to provide 

actionable suggestions, as students highlighted the absence of practical advice for improving 

research methods or addressing specific problems. For instance, a student explained, 

“ChatGPT’s critiques pointed out problems but didn’t provide actionable suggestions, such as 

how to improve the experimental design” (Student F). Another concern was weak evidence to 

support critiques, where the tool’s feedback often lacked detailed examples or explanations. 

One participant commented, “When pointing out the limitations of the article, the report didn’t 

provide specific examples to support its claims, making it feel vague” (Student D). These 

challenges suggest that the tool requires further refinement to better support students’ academic 

engagement, especially at higher cognitive levels. 

Questionnaire results 

The questionnaire results provide valuable insights into which dimensions of academic reading 

postgraduate students perceive as most and least supported by the GenAI-powered academic 

reading tool. Among the ten dimensions adapted from Wallace and Wray’s (2021) framework, 

the tool demonstrated strong support for evaluating the credibility, sufficiency, and robustness 

of sources and evidence (M = 4.17, SD = 1.19), as well as assessing the clarity, consistency, 

and supportiveness of arguments (M = 4.08, SD = 1.24). These findings suggest that students 

found the tool particularly effective in facilitating evaluation of core components of academic 
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texts, such as the validity of evidence and the logical coherence of claims. Similarly, the tool 

showed moderate support for evaluating the generalizability and limitations of studies (M = 

3.92, SD = 0.79) and for providing overall evaluation (M = 3.83, SD = 0.83), and for analyzing 

stances as well as research contributions (M = 3.67, SD = 1.07). This suggested that while the 

tool is helpful for key evaluative tasks, its performance begins to taper off when addressing 

more interpretive and integrative aspects of academic reading. 

However, the results also showed that participants reported the perceived inadequacy of the 

tool’s ability to support other key dimensions of academic reading. For instance, lower mean 

scores were observed for clarifying reading purposes and understanding how the text aligns 

with those purposes (M = 3.35, SD = 0.90) and identifying authors’ personal preferences and 

biases (M = 3.33, SD = 1.07), suggesting that students struggled to use the tool effectively for 

these interpretive tasks. Even lower ratings were given for evaluating the relevance of authors’ 

arguments or claims in relation to students’ own knowledge and experience (M = 2.58, SD = 

1.00), as well as comparing and contrasting the findings of studies with others’ work in the field 

(M = 2.00, SD = 1.13). The tool’s lowest-rated dimension was understanding and evaluating 

theoretical or conceptual frameworks and how well they are adopted in studies (M = 1.75, SD 

= 0.45). These findings indicate that the tool offers limited support for more nuanced and 

inferential dimensions of academic reading, such as drawing connections between research 

findings, personal knowledge, and other works, or critically assessing the adoption of 

theoretical frameworks. Overall, the data reveal a clear divide between the dimensions of 

academic reading that students found well-supported and those where gaps remain. 

Table 2. 

The questionnaire results 

Questionnaire item Mean SD 

5. ChatGPT-generated reading reports help me evaluate whether the sources and 

evidence in the studies are credible, sufficient, and robust. 

4.17  1.19  

3. ChatGPT-generated reading reports help me evaluate whether the arguments in the 

studies are clear, consistent, and supportive. 

4.08  1.24  

4. ChatGPT-generated reading reports evaluate the generalizability and limitations of 

the studies. 

3.92  0.79  

10. Overall, the ChatGPT-generated reading reports are very helpful. 3.83  0.83  

2. ChatGPT-generated reading reports help me analyze the authors’ stance and the 

contributions of the studies. 

3.67  1.07  

1. ChatGPT-generated reading reports help me clarify my reading purpose and how 

the text is relevant to the purpose. 

3.35  0.90  

7. ChatGPT-generated reading reports help me identify authors’ personal preferences 
and biases in the study. 

3.33  1.07  

9. ChatGPT-generated reading reports help me evaluate the relevance of the authors’ 

arguments / claims with my own knowledge/experience 

2.58  1.00  

8. ChatGPT-generated reading reports help me compare and contrast the findings in 

the studies with others’ work in the field. 

2.00  1.13  

6. ChatGPT-generated reading reports help me understand and evaluate what the 

theoretical or conceptual framework is and how well it is adopted in the study. 

1.75  0.45  

To clarify the reasons behind both lower and higher ratings, questionnaire results were 

compared with qualitative feedback from reflective journals. This comparison revealed that 
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higher ratings were often associated with dimensions involving well-structured analytical tasks, 

such as evaluating the credibility of sources or assessing the clarity and coherence of arguments. 

These aspects of academic reading tend to follow established evaluative criteria and rhetorical 

conventions, making them more accessible to the tool’s generative capabilities. And students 

appreciated the tool’s ability to identify logical inconsistencies and assess evidential support. 

For instance, one student noted, “It helped me see whether the claims were backed up by 

evidence” (Student Q), while another remarked, “It pointed out logical inconsistencies that I 

hadn’t noticed” (Student R). 

In contrast, lower ratings were linked to more interpretive and cognitively demanding 

dimensions. The lowest-rated item, understanding and evaluating theoretical or conceptual 

frameworks, reflects the tool’s limited capacity to engage with abstract or discipline-specific 

constructs. Several students expressed dissatisfaction with the lack of theoretical insight, as in 

“The summary failed to mention the theoretical model the article was based on, which is crucial 

for my own literature review” (Student K). Similarly, dimensions such as comparing and 

contrasting findings or relating arguments to personal knowledge received low scores, likely 

because these tasks require contextual integration and critical synthesis, which go beyond the 

tool’s general summarization capabilities. One student remarked, “The tool doesn’t help me see 

how this article fits into the broader academic conversation, it just summarizes it in isolation” 

(Student M). 

 

Discussion 

This exploratory study aimed to evaluate the experiences of L2 learners using a Generative AI-

powered academic reading tool, focusing on the benefits and challenges across three levels of 

comprehension. The findings highlight that the tool provided significant benefits, such as 

enabling quick comprehension and reducing cognitive load at the literal level, enhancing the 

interpretation of tone and purpose while reinforcing personal beliefs at the inferential level, and 

fostering reflective reading practices alongside inspiring new ideas for academic writing at the 

critical level. It should be noted that several challenges were reported, including selective 

summarization and misrepresentation of details at the literal level; overgeneralization of 

interpretations and irrelevance to personal reading and writing goals at the inferential level; and 

lack of practical suggestions and weak supporting evidence for critiques at the critical level. 

The questionnaire results provided further insights into the affordances and limitations of 

GenAI tools in academic reading. 

RQ1: What are the benefits and challenges of integrating GenAI tools in supporting academic 

reading? 

We identified several benefits that aligned with existing studies and further extended the 

literature by uncovering some novel insights. At the literal level of benefits, students reported 

that the content summarization affordance enhanced their quick comprehension of the material. 

This finding is consistent with several previous studies (Yang et al., 2021; Rees & Lew, 2024; 

Monib et al., 2025), which highlighted AI’s affordance to support literal comprehension by 

offering summarization and vocabulary assistance. Additionally, the current study found that 
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GenAI-powered tools can help students focus on key points within large volumes of 

information without feeling overwhelmed. This finding aligns with Wang (2024), who also 

observed that the cognitive load reduction affordance of GenAI may be particularly beneficial 

for L2 learners as they strive to balance linguistic and academic demands. 

Regarding the inferential level, this study supported prior research that highlighted GenAI’s 

capacity to scaffold understanding by activating background knowledge and tailoring 

explanations (Cheng et al., 2024; M. Liu et al., 2024). However, a unique contribution of this 

study lies in the observation that the tool validated students’ personal beliefs, reinforcing their 

confidence in academic perspectives. This affective dimension has been less emphasized in 

these studies and suggested that GenAI tools may play an important motivational role for L2 

learners (Jeon, 2024; Zou et al., 2024). 

Similarly, at the critical level, the findings aligned with Peng et al.’s (2022) and Cheung et al.’s 

(2024) studies, which demonstrated how AI tools can support critical comprehension by 

fostering reflective practices and encouraging evaluation of arguments. Moreover, we found 

that the tool can inspire new perspectives for academic writing, which has long been regarded 

as a complex and creative process. These findings suggest that GenAI tools can serve not only 

as assistive tools for improving evaluative skills but also as catalysts for creativity (Wang, 2024). 

We also identified several challenges in this study that were consistent with previous research. 

In terms of challenges at the literal level, students reported feeling frustrated with selective 

summarization and the misrepresentation of details, which aligned with the findings of Yang et 

al. (2021), who also reported inaccuracies in AI-generated summaries. While previous work 

(Jeon, 2024) attributed these challenges to technical limitations, the current study suggests that 

they may also be due to the complexity of academic texts (Conrad, 1996), which are beyond 

the comprehension capacity of the GenAI tool. 

Regarding challenges at the inferential level, we first identified the overgeneralization of 

interpretations, which aligns with the viewpoints of previous researchers such as M. Liu et al. 

(2024) and Cheung et al. (2024), who indicated that AI tools often generate texts that are too 

broad and lack contextual understanding. In addition, participants also expressed dissatisfaction 

with the tool, as it cannot provide fully personalized feedback aligned with their reading and 

writing goals. These findings suggest that the integration of GenAI tools should place greater 

emphasis on enhancing customization and promoting user-centered design to meet users' 

specific needs (Kim et al., 2024; Kohnke, 2024). 

When it comes to challenges at the critical level, the present study indicated that the tool 

sometimes could not provide actionable suggestions, which is consistent with the findings of 

Peng et al. (2022), who also observed that AI often fails to offer truly feasible instructions to 

students. In addition, our findings demonstrated that the tool was incapable of providing 

sufficient evidence to support its critical views on the article, which echoes the viewpoints of 

Darwin et al. (2024), who revealed that GenAI tools often evaluate texts without offering clear 

explanations for the reasons behind such critical assessments. 
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RQ2: Which dimensions of academic reading do postgraduate students find most and least 

supported by GenAI tools? 

The results of the survey showed that the tool supported certain dimensions of academic reading 

more effectively than others. First, students perceived that the GenAI-powered tool performed 

well in assisting them with evaluating the credibility of evidence, the clarity of arguments, and 

the generalizability of findings. This aligned with the view of Wallace and Wray (2021), who 

stated that these are foundational skills in academic reading, and therefore, students would put 

more effort into these dimensions. Oates and Johnson (2025) further revealed that GenAI tools 

are capable of assisting learners in developing their evaluation skills. Second, students rated 

certain dimensions lower, such as the understanding of theoretical frameworks, comparisons of 

the study with other researchers’ work, and the relevance of arguments to user experience. This 

was consistent with the findings of G. L. Liu et al. (2024), who highlighted the limitations of 

GenAI tools in facilitating contextual and conceptual understanding. Similarly, Alqahtani et al. 

(2023) pointed out that GenAI tools perform less effectively when it comes to understanding 

personal experiences and linking them with other scholars’ perspectives. 

 

Implications and limitations 

The present study reveals two implications and identifies two limitations. First, students need 

to form a collaborative relationship with GenAI-powered tools instead of relying entirely on 

them when these tools are applied in a university reading context. Second, when developing 

GenAI reading tools, developers should consider the hierarchical levels of reading 

comprehension and students’ varying levels of AI literacy. As for the limitations, first, the 

sample size was relatively small, constrained to the context of language education, and relied 

on self-reported data. Second, it should be noted that some students in the study might have 

shown a preference for using GenAI tools due to personal interest, which could introduce bias. 
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