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Abstract

This study compares scaffolding strategies generated by ChatGPT-3.5 
and a customized GPT in reading comprehension exercises to assist Thai 
university students in achieving a minimum CEFR B2 level as a requirement 
for Thai bachelor’s degree programs. A prompt for ChatGPT-3.5 was 
designed to generate four reading passages, each with five multiple-choice 
questions. A similar approach was used to configure a customized GPT, 
also with a prepared file containing four reading passages and five 
multiple-choice questions. Data were collected based on the responses 
from both versions when two incorrect and one correct answer were 
selected respectively for each question. The results revealed that the 
customized GPT generated more meaningful and diverse scaffolding 
strategies, whereas ChatGPT-3.5 produced consistent but limited responses 
focused on specific reading strategies. Furthermore, the study found that 
some valuable strategies, such as misconception correction and the 
promotion of critical thinking, were absent in ChatGPT-3.5. While both 
versions offer educational value, they differ in the depth and range of 
scaffolds provided. Educators and researchers should carefully consider 
these differences when integrating generative AI into instructional design. 
In particular, this study highlights the importance of grounding AI-assisted 
learning in established pedagogical theories, such as scaffolding, to 
support core language skills like reading comprehension. As generative 
AI becomes more common in classrooms, thoughtful implementation 
and training for both instructors and students will be key to maximizing 
its potential within the Thai educational context.

INTRODUCTION

In Thailand, proficiency in English language skills within higher education has been identified 
as a critical concern, especially regarding reading performance.  On November 28, 2023, Prime 
Minister Srettha Thavisin mandated the Ministry of Higher Education, Science, Research, and 
Innovation to ensure that bachelor’s degree students pass a compulsory English test at a 
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minimum CEFR B2 level. This directive responded to the PISA test results, which indicated that 
Thai students’ scores were at a 20-year low. Furthermore, it was reported that Thailand was 
among seven countries having a decline in reading performance even before the pandemic 
(Bangprapa, 2024). This was followed by an official announcement from the Commission on 
Higher Education Standards (2024) on policy for raising the standard of English in higher 
education institutions. 
	
Reading is a fundamental, complex, and essential English language skill tested in academic 
settings. It serves as a primary input for gaining new knowledge and information, and provides 
access to various explanations and interpretations. Furthermore, beyond the classroom, reading 
is also regarded as the primary means for independent or lifelong learning (Lee, 2012; Yukselir, 
2014). Although reading is critical in higher education, the associated challenges have not been 
adequately recognized and addressed.  Dreyer and Nel (2003) suggested that the problem 
might arise because assessment typically focuses on the outputs or results of reading rather 
than the reading process itself. In other words, reading tests are usually used as assessments 
of learning instead of assessments for learning.  Karakoç et al. (2022) found that the lecturers 
often fail to provide any specific guidance to help students meet the high demand of academic 
reading courses. This lack of support can leave ESL and L1 students struggling to meet lecturers’ 
expectations independently. Furthermore, lecturers may have limited time to assist students 
or may not consider reading within their area of expertise.  
	
To enhance students’ reading skills, it is crucial for lecturers to employ scaffolding strategies 
for reading comprehension. Scaffolding provides “specific just-in-time support that gives 
students the pedagogical push that enables them to work at a higher level of activity” (Gonulal 
& Loewen, 2018, p. 3). This concept is derived from Vygotsky’s theory of the Zone of Proximal 
Development, which includes external supports that help students perform tasks, such as text 
comprehension, which they could not achieve independently (Hattan & Alexander, 2018). 
However, as previously mentioned, one challenge is lecturers’ limited time to help students, 
and providing contingent support or feedback for individual students is difficult in typical 
classroom settings. To address this issue, there have been efforts to utilize technology as a 
superior system to enhance reading skills and promote learner autonomy.  With the emergence 
of generative AI, particularly ChatGPT, applying chatbot-like tools as capable peers into the 
classroom is expected to facilitate teaching and learning English as a foreign language (EFL). 
As these tools can generate text, they are potentially applicable for both reading and writing. 
However, this study focuses on applying ChatGPT to reading comprehension and using reading 
exercises in the format of tests as assessments for learning. 

LITERATURE REVIEW

Scaffolding in educational settings

The term “scaffolding” as a metaphor in educational contexts was introduced by Woods, 
Bruner, and Ross (Wilson & Devereux, 2014). This concept draws on Vygotsky’s sociocultural 
theory, particularly his notion of the Zone of Proximal Development (ZPD).  Vygotsky (1987, 
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as cited in Wilson & Devereux, 2014) described the ZPD as “the distance between the actual 
development level as determined by independent problem solving and the level of potential 
development as determined through problem-solving under adult guidance or in collaboration 
with more capable peers” (p. 92).  In educational terms, scaffolding refers to “the interventions 
that tutors or teachers make within the students’ ZPD to facilitate their learning and improve 
their current knowledge and skills” (Gonulal & Loewen, 2018, p. 12). Basically, teachers provide 
temporary support to assist students in performing tasks they cannot do independently and 
gradually remove these supports as students gain the confidence to perform them on their own.  

One of the significant and fundamental scaffolding strategies applied in classroom contexts 
with English language learners is instructional scaffolding. Techniques of instructional 
scaffolding include modelling, bridging, contextualizing, schema building, re-presenting text, 
and developing metacognition. Gonulal and Loewen (2018) note that in modelling, teachers 
provide representative examples as concrete guidelines for students. Bridging techniques help 
create connections by activating students’ prior knowledge. Contextualizing involves aiding 
students’ learning with various supports, such as pictures or videos. Schema building relates 
to connecting new information with learners’ existing knowledge. Re-presenting text is a 
technique where linguistic structures are transformed from one genre to another, such as 
changing a poem to a narrative. Finally, developing metacognition involves strategies like 
think-aloud and self-assessment activities.

Integrating scaffolding and reading strategies in reading comprehension
	
In the context of reading comprehension, scaffolding and reading strategies are closely 
interconnected. Teachers utilize scaffolding strategies to support students in applying and 
developing effective reading strategies. Significant research has been conducted in this area, 
from Palinscar and Brown’s reciprocal teaching (Hattan & Alexander, 2018), where teachers 
guide students to summarize, question, clarify, and predict during reading, to Oxford’s 
strategies (Yussof et al., 2012) include note taking, summarizing, inferencing, using prior 
knowledge, predicting, analyzing, and using context clues. Sheorey and Mokhtari (2001) 
categorized reading strategies into three groups: metacognitive strategies, where learners 
monitor and manage their reading; cognitive strategies, such as adjusting reading speed 
according to the difficulty of the materials or guessing the meanings of unknown words; and 
support strategies, like note-taking or highlighting the text for better understanding. Yukselir 
(2014) investigated the use of prominent cognitive strategies in EFL prep-class students, 
including grouping, deduction, imagery, contextualization, elaboration, and inferencing.  These 
reading strategies allow teachers to scaffold student learning through strategies such as 
modelling and thinking aloud. However, in Thai educational context, the strategies used to 
enhance students’ reading skills are primarily delivered through lecturing and testing.

Reading tests as assessment for learning 

Reading tests or reading exercises in the format of tests are commonly used to teach reading 
in classrooms, with multiple choice items dominating these tests. Students in Thailand are 
particularly familiar with multiple-choice testing because they are assessed at the national 
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level through the Ordinary National Education Test (ONET) every three years, where only 
multiple-choice items are provided in the exams for English (Watson Todd, 2019). In classroom 
practices at Thai schools, Watson Todd (2019) found that “test-style assessments (exams and 
quizzes) and closed-ended assessments dominate how the English language ability of students 
is assessed” (p. 11). His study, based on surveys, also highlighted that teachers prefer using 
test-style assessments for administrative purposes rather than assessment for learning. At 
university level, standardized tests such as TOEIC, IELTS, and TOEFL, as well as in-house tests, 
are typically used to assess university students’ CEFR levels. Similar to ONET, multiple-choice 
items are prevalent among these tests, particularly in the reading sections, for practical 
administrative reasons. 

Although using multiple-choice tests traditionally as summative assessments can be 
disadvantageous to learning, this study aims to utilize reading tests as assessment for learning.  
Black et. al (2009, as cited in Wiliam, 2011) defined assessment for learning is “any assessment 
for which the first priority in its design and practice is to serve the purpose of promoting 
students’ learning,” and stated that “an assessment activity can help learning if it provides 
information that teachers and their students can use as feedback in assessing themselves and 
one another and in modifying the teaching and learning activities in which they are engaged” 
(p. 10). They also emphasized that learning processes are regulated during ‘moments of 
contingency’ instruction. 

However, in typical classroom settings, teachers often cannot closely monitor or scaffold 
individual students to effectively use reading strategies. When reading tests are used as 
formative assessments, they typically focus on providing correct answers for students to check 
their own work, which often results in a lack of meaningful feedback. This lack of feedback 
hinders learning, as students miss opportunities to correct mistakes and learn the appropriate 
strategies for finding the correct answers. Ideally, teachers should provide contingent feedback 
and scaffold individual students in using the right strategies to arrive at correct answers. 
However, in reality, especially in the Thai educational context, large class sizes and limited 
teaching time make it nearly impossible for teachers to offer individualized support. As a result, 
generative AI is an ideal solution, acting as a more capable peer or a superior system that can 
scaffold individual learners and personalize contingent feedback and support to their actual 
development level. 

Integrating contingent micro-scaffolding with technology in reading tests 
	
Technology, including computer-assisted testing and generative AI, is well-suited for providing 
both macro and micro scaffolding in reading tests. Macro scaffolding refers to a teaching and 
learning unit designed around the curriculum cycle, focusing on broader issues such as program 
goals, and the selection and sequencing of tasks (Syarifah & Gunawan, 2015). It involves 
pedagogical methods or strategies that guide the overall flow of larger-scale activities, offering 
broad guidance on how to approach different learning tasks or problems (Melero et al., 2012). 
Within this broader framework, micro scaffolding occurs as the teacher provides contingent 
support during ongoing interactions (Hammond, 2001, as cited in Syarifah & Gunawan, 2015). 
This involves offering specific scaffolds that address detailed actions. The key aspect of micro 
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scaffolding is its responsiveness to the immediate needs of learners in order to facilitate the 
resolution of particular activities in alignment with the macro-level objectives (Melero et al., 
2012). In computer-assisted testing, macro scaffolding guides the overall flow and difficulty of 
tasks, while micro scaffolding offers specific clues and feedback to help solve detailed problems. 
Wang et al. (2023) stated that computer-based scaffoldings can offer dynamic and adaptive 
supports during self-regulated learning (SRL) which is “a proactive and constructive learning 
process whereby learners dynamically monitor and adjust the motivational, affective, cognitive, 
metacognitive, and behavioural aspects of learning to achieve predetermined goals” (p. 1653). 
Integrating both levels ensures a clear connection between tasks and learning goals, making 
tests effective tools as assessment for learning.

Building on this integration, several studies have focused on contingent micro-scaffolding with 
the integration of technology in developing English skills. However, the number of studies 
applying computer-based scaffolding for reading skills is limited. One example is Watson Todd 
(2014), which explored the use of Supportive Adaptive Testing (SAT). This approach to adaptive 
computer-based multiple-choice testing aims to improve reading skills by the design and 
development of Support Adaptive Tests (SATs) was driven by an effort to enhance the efficiency 
of multiple-choice computer-based tests (CBTs) by integrating scaffolding mechanisms and 
fostering learner autonomy. Initially, SATs resemble typical multiple-choice tests, with reading 
passages on one side of the screen and questions on the other. However, the innovation 
becomes evident in the post-test stage, where incorrect answers are revisited with added 
scaffolding support. Three types of scaffolds were embedded: text highlighting, which emphasizes 
relevant sections of the text to draw the test-taker’s focus; text translation, which provides 
first-language translations of difficult words in the text; and question translation, which offers 
first-language translations of challenging phrases within the questions. Test-takers are then 
given the autonomy to choose their preferred scaffold before reattempting the questions. 
After completing this second attempt, they receive detailed feedback, including explanations 
for any remaining incorrect answers. This design not only promotes assessment for learning 
through mistakes but also allows test-takers to personalize the support according to their 
specific needs. 

ChatGPT and language learning 
	
With the emergence of ChatGPT, researchers have begun to integrate this large language 
model (LLM) into pedagogical practices. While the nature of ChatGPT primarily leads to its use 
in enhancing writing skills, its capabilities extend far beyond. ChatGPT, or Chat Generative 
Pre-trained Transformer, is a chatbot capable of providing human-like responses to prompts 
or questions. This artificial intelligence (AI) is developed from a large language model primarily 
designed for conversational interactions, but its capabilities have been extended to include 
various other uses (Barrot, 2023; Essel et al., 2024). ChatGPT was developed by the Microsoft- 
backed company OpenAI, with its first version launched in November 2022 (Kohnke et al., 
2023). Subsequent versions, including GPT-3.5 Plus and GPT-4 for Plus subscribers, were 
released in February and March 2023, respectively. These versions offered enhanced capabilities 
in advanced reasoning, complex instruction processing, and creativity. Throughout 2023, 
several features were updated, including enabling third-party plugins, sharing links, and 
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accessing voice and image capabilities. In November 2023, OpenAI introduced custom versions 
of ChatGPT or GPTs, allowing users to create and share a “tailor version of ChatGPT” for specific 
purposes (OpenAI, 2023). As a result, users do not need to copy and paste the prompts they 
create every time they start using them for the same task. Moreover, more knowledge and 
files can be added to GPTs. 
	
In teaching and learning contexts, researchers have identified significant opportunities to 
utilize ChatGPT. It can facilitate language learning by offering authentic interactions, such as 
providing the meaning of words in context, correcting and clarifying language errors, generating 
texts across different genres, creating quizzes, functioning as a dictionary, and translating texts 
(Kohnke et al., 2023). It offers immediate, targeted feedback, explanations, and examples, 
helping learners monitor their progress and accelerate their language development. ChatGPT 
is particularly beneficial for students with limited access to traditional language learning 
resources, such as in-person classes or native speakers. These advantages can overcome 
geographical boundaries (Barrot, 2023). Furthermore, the chatbot supports “long-term 
personalized learning and self-regulating process” (Ghafouri, 2024, p. 5), potentially sustaining 
interest in language learning and reducing stress related to teacher feedback or peer pressure. 
In Thai educational context, there is an increasing adoption of ChatGPT for English language 
learning across a range of educational levels and learner groups. For example, Tantivejakul 
et al. (2024) conducted a study with university students majoring in Public Relations to 
explore their views on using generative AI in academic and professional writing. Additionally, 
Jitpaisarnwattana (2024) proposed ChatGPT as a support tool for diagnostic writing assessment 
among English-major university students. In this approach, students were asked to write and 
then use provided prompts to request feedback from ChatGPT on their writing. Beyond 
university students, elderly learners aged 60 to 70 were also studied to examine how they 
used ChatGPT prompts for learning English, specifically to generate scripts and advertisements 
for their community products (Sanmuang et al., 2024).  
	
Focusing on contingent micro-scaffolding, several studies have integrated artificial intelligence 
technology to support the development of English skills, particularly writing. For example, Lim 
et al. (2024) investigated how university students learn with real-time personalized scaffolds 
driven by a rule-based AI system during a 45-minute learning task. This task involved reading 
about artificial intelligence, differentiation in schools, and scaffolding in education, followed 
by writing an essay on the future of education. Similarly, Dhillon et al. (2024) conducted a 
quasi-experiment with 131 participants who responded to argumentative writing prompts 
under three randomly sequenced conditions: no AI assistance (control), next-sentence 
suggestions (low scaffolding), and next-paragraph suggestions (high scaffolding). Another study 
by Li et al. (2025) evaluated the effectiveness of adaptive scaffolds generated by generative AI 
based on real-time analytics of learners’ self-regulated learning (SRL) processes. This study 
also examined how graduate students enrolled in an academic English writing course 
responded to the prompted scaffolding in terms of compliance and overall self-regulatory 
patterns. In terms of speaking skills, Wang et al. (2025) examined the effects of AI-based 
interactive scaffolding (AIIS) on secondary students’ speaking performance, goal setting, 
self-evaluation, and motivation in informal digital learning of English (IDLE). This was 
implemented through a mobile app featuring an AI conversational agent. All of the studies 
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reported positive outcomes, suggesting that interactive, personalized, adaptive generated 
scaffolds can positively influence learners’ learning behavior, self-regulated learning, and 
language performance. However, it is important to note that the instruments used in these 
studies were based on custom-designed interfaces integrated with AI and system-level data 
collection, which required the expertise of computational specialists. This may limit practicality 
and transferability for educators or practitioners without specialized knowledge in computer 
science or AI. 

Based on prior studies, the use of ChatGPT as a tool for dialogue-based learning to scaffold 
students’ reading comprehension is found to be rare, particularly in the context of using reading 
tests for learning. Recent studies on generative AI and English reading have primarily focused 
on reading materials and students’ interaction.  For instance, researchers have examined the 
quality of multiple-choice reading items (Lam et al., 2024; Lin & Chen, 2024), the interpretation 
of ChatGPT-generated texts to support holistic reading (Cheung et al., 2024), and students’ 
perceptions and strategies when using GenAI for reading (Pan et al., 2025). In response to this 
gap, the purpose of this study is to compare scaffolding strategies generated by ChatGPT-3.5 
and a customized GPT in reading comprehension exercises. This comparison aims to assist Thai 
university students in achieving a minimum CEFR B2 level as a requirement for Thai bachelor’s 
degree programs. By comparing two versions of ChatGPT as primary research, this study 
expects to identify similarities and differences between the free-access and paid versions to 
provide practical implications in Thai educational contexts. 

Research questions

1)  How do ChatGPT-3.5 and the customized GPT scaffold learners during reading comprehension  
     exercises?
2) What are differences in scaffolding strategies between ChatGPT-3.5 and the customized  
     GPT?

METHODOLOGY 

Instrument design

This study aims to explore and compare how different versions of ChatGPT help learners find 
correct answers in multiple-choice reading comprehension exercises. To compare the capacities 
of ChatGPT-3.5 (a free version) and a custom GPT (a paid version) in scaffolding learners, 
responses generated by ChatGPT serve as the primary data of this study. Although the quality 
of reading passages and multiple-choice questions can influence learners’ decisions, it is 
beyond the scope of this study. The authors attempted to prompt ChatGPT-3.5 and configure 
the custom GPT under the same conditions similar to Watson Todd’s SAT (2014):

1) It should be convenient for learners to start and learn independently with minimal  
     instructions.
2) Learners should be able to interact with ChatGPT with little to no external assistance. 
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3) ChatGPT should provide four choices of reading passages.
4) Each passage should have five multiple-choice questions, each with only one correct answer.
5) ChatGPT should present one question at a time and avoid revealing correct answers until  
     learners select them on their own, encouraging independence and critical thinking. 
6) When learners select incorrect answers, ChatGPT should use techniques such as screening,  
   skimming, highlighting, inferring, and translating to guide them toward discovering the  
     correct answers independently. 
7) ChatGPT should generate a feedback summary for each passage and for all passages  
      combined. 

Given these conditions, the operationalization of both versions of ChatGPT differed due to 
their distinct features and capabilities. Consequently, the authors focused on designing a 
prompt that would generate results aligned with the expected conditions. This prompt was 
revised and tested until a final version was established for data collection (Appendix A).  To 
assess whether the prompt used with the free version effectively generated B2-level reading 
passages, each passage was analyzed using the GSE Text Analyzer (see  https://www.english.
com/gse/teacher-toolkit/user/textanalyzer) to determine its CEFR level. The analysis showed 
that all passages generated by the free version were at the B2+ level. According to CEFR 
reading comprehension descriptors (Council of Europe, 2020), these passages correspond to 
the categories of reading for orientation and reading for information and argument. These 
categories include skills such as scanning texts quickly, identifying relevant content, extracting 
key information, and understanding articles and reports.

To maximize the benefits of the customized GPT under the specified conditions, the 
configuration process was carried out in two stages. First, the authors adapted the instructions 
from the prompt used in ChatGPT-3.5 to achieve comparable results (Appendix A).  The second 
stage involved designing a reading comprehension exercise with four reading passages, each 
containing five multiple-choice questions. At this stage, the authors leveraged a key advantage 
of the customized GPT, the ability to process uploaded files, which enables ChatGPT to use 
only specific data provided by the user. This feature addresses a limitation of the free version, 
in which the generated content cannot be controlled. To ensure the reading passages aligned 
with the B2 level, a list of key vocabulary items at the B2 level was selected from the Oxford 
3,000 and 5,000 wordlist (see https://www.oxfordlearnersdictionaries.com/external/pdf/ 
wordlists/oxford-3000-5000/The_Oxford_3000_by_CEFR_level.pdf). In addition, only low- 
frequency words identified using the Corpus of Contemporary American English (COCA) were 
selected and complied as a PDF file and uploaded alongside the prompt (Appendix B). This 
configuration was used to generate reading passages and questions based on given topics. 
From the generated output, four passages and five questions per passage were selected and 
fine-tuned. The CEFR level of each passage was evaluated using the same method applied to 
the free version, with all passages found to be at the B2+ level. A final PDF file, including four 
reading passages, multiple-choice questions, and predetermined correct answers, was then 
uploaded to the customized GPT for use in the study (Appendices C & D). 
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Data collection
	
To collect responses generated by ChatGPT, the authors assumed on the role of a learner and 
followed these procedures to initiate responses from ChatGPT. Both versions are processed 
in the same way:

1) Request reading passages.
2) Select one of the provided reading passages.
3) Request a question.
4) Select incorrect answers twice.
5) Select the correct answer.
6) Repeat steps 2-5 until five questions of each reading passage are completed.
7) Request feedback.
8) Request another passage.
9) Repeat steps 2-7 until all four passages are completed.
10) Request a feedback summary.

Following these procedures, a learner answers 20 questions from 4 reading passages (5 questions 
per passage). For each question, the responses include two incorrect answers followed by the 
correct answer. Responses generated by ChatGPT-3.5 and a customized GPT (OpenAI, 2024) 
were collected in MS Word files. In addition to reading passages and questions, both versions 
generated a variety of responses, including transitional guidelines between questions and 
passages, scaffolding strategies when incorrect answers were selected, positive feedback for 
correct answers, and feedback summaries after completing each set of 5 questions, and an 
overall summary after completing all 4 passages. However, this study focused on generated 
responses when learners selected answers, excluding the reading passages and questions from 
the data. Only the responses following answer selections were used for data analysis. Two 
refined PDF files were analyzed using the Atlas.ti program for content analysis. 

Units of analysis 

The data were treated as texts and analyzed by coding. To ensure precise coding, the unit of 
analysis was defined as sentences. Based on syntactic structures, the types of sentences 
analyzed included:

1) Declarative sentences: e.g., “Pad Thai is mentioned as a staple that captivates both locals  
     and visitors.”
2) Interrogative sentences: e.g., “Given this hint, which industries do you think are highlighted  
     as key sectors alongside tourism in Thailand?”
3) Imperative sentences: e.g., “Let’s narrow it down a bit more.” 
4) Exclamatory sentences/phrases: e.g., “Well done!” “Yes, that’s right!” “Exactly right!” 

Categories and codes 

Codes were created based on instructional scaffolding strategies and reading strategies as 
deductive coding. However, some codes emerged during the data analysis process. To check 



rEFLections
Vol 32, No 3, September - December 2025

1802

reliability of the codes, a 1,200-word document combining responses from both versions was 
coded by the authors’ colleague. Comparing the colleague’s codes against those assigned by 
the authors for inter-rater reliability resulted in a Cohen’s Kappa value of 0.633, indicating a 
substantial level of agreement between two raters. Table 1 presents the codes, descriptions, 
and examples. The table lists instructional and reading strategies categorized as scaffolding 
techniques used during reading instruction. These strategies fall into three main categories:  
1) instructional support, which provides direct scaffolding to learners as they engage with 
texts; 2) cognitive development, which encourages learners to engage more deeply with the 
reading material by developing thinking skills; and 3) learner engagement, which keeps learners 
actively involved and promotes autonomy in their learning. 

Table 1 
Categories and codes of strategies generated by ChatGPT 
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It should be noted that each unit can be assigned more than one code, as some units analysis 
are compound or complex sentences, which may correspond to two or more codes. This 
recognizes the complexity of educational interactions and allows for a more in-depth data 
analysis, which reflects how various strategies can overlap in teaching and learning. Examples 
of how to code texts generated by both versions are illustrated in Figure 1 and Figure 2.

Figure 1 Examples how to assign codes to texts generated from ChatGPT-3.5

Note. The highlighted sentences illustrate how units of analysis are identified and codes assigned (OpenAI, 2024).
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Figure 2 Examples how to assign codes to texts generated from a custom GPT

Note. The highlighted sentences illustrate how units of analysis are identified and codes assigned (OpenAI, 2024).

A thorough examination of the generated responses revealed that certain words or formulaic 
phrases were repeatedly generated. To confirm this observation, corpus analysis was conducted 
using AntConc (Anthony, 2022), a corpus analysis tool, to examine similarities and differences 
in language use across both versions. This cluster and keyword analysis focused on the quality 
of responses, particularly how they may rely on specific scaffolding strategies. Overreliance 
on such strategies could reduce the effectiveness of the responses for learners. Consequently, 
the coded data were also analyzed for usefulness that can help learners to comprehend reading 
passages. To further assess response quality, the coded data were analyzed for their usefulness 
in scaffolding reading comprehension. Drawing on Bloom’s taxonomy (Anderson & Krathwohl, 
2001), cognitive tasks were classified into six hierarchical levels: remember, understand, apply, 
analyze, evaluate, and create. The remember level includes actions such as repeating, defining, 
and stating, while the understand level involves classifying, discussing, explaining, identifying, 
and selecting. For example, responses that relied heavily on repetition or basic procedural 
guidance were considered less useful in supporting comprehension or promoting higher-order 
thinking skills. Accordingly, the usefulness of each response was evaluated based on its 
potential to enhance learners’ cognitive processes, as outlined in Bloom’s taxonomy. This 
criterion was crucial in assessing the quality of the coded texts. The frequency of useful coded 
texts was also analyzed to determine patterns across the dataset.

RESULTS

The quantitative analysis of this study is primarily based on the frequency of codes manually 
coded in the software Atlas.ti. In the qualitative analysis, AntConc (Anthony, 2022), a corpus 
analysis tool, was also utilized to support the quality analysis of the codes. 
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1) Coding Analysis
	
According to responses generated by ChatGPT-3.5 and the customized GPT, Table 2 shows that 
the customized GPT generated more text than ChatGPT-3.5. When considering only responses 
generated after selecting answers (excluding reading passages and other introductions), the 
customized version also produced more responses. Based on the word count, this indicates 
that a customized GPT might provide more detailed scaffolding. 
	

Table 2 
Total amount of generated texts and only responses by both versions

It is crucial to note that the prompts used in both versions include predetermined instructional 
scaffolding techniques based on Watson Todd’s SAT (2014), such as screening, skimming, 
highlighting, inferring, and translating. These strategies were intended to guide learners 
toward independently discovering the correct answers. Additionally, both prompts emphasized 
fostering learner independence and critical thinking (Appendix A).  Beyond these predetermined 
techniques, several additional scaffolding strategies emerged from the data during analysis. 
These emergent ones were identified as inductive codes, which contributes to an understanding 
of how each version of ChatGPT supported reading comprehension.  

As for scaffolding strategies found in responses to selected answers, the customized GPT 
shows a more diversified use of scaffolding strategies. It has higher frequency and percentages 
in most strategies like constructive feedback, misconception correction, inferencing, critical 
thinking promotion, and clarifying than ChatGPT-3.5. However, ChatGPT-3.5 has higher 
frequency in schema building, guiding transitions, positive feedback expression, and 
highlighting. To check whether the proportion of codes between two versions is significantly 
different, a chi-square analysis was conducted. The results were extremely statistically 
significant (χ2 = 159.30; df = 14, p < 0.001) with a relatively strong effect size (Cramér’s V = 0.455), 
indicating a relatively strong association between the frequencies of code usage for 
ChatGPT-3.5 and the customized GPT, and not merely due to random variation.

Table 3 
Comparison of scaffolding strategies used in ChatGPT-3.5 and customized GPT 
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2) Corpus Analysis

However, considering only the quantity of generated text may not adequately reflect the 
quality of each response. During coding, the authors found that ChatGPT-3.5 generated more 
repetitions with the same phrases or expressions compared to the customized GPT. To confirm 
this observation, a corpus analysis was conducted. Table 4 shows that ChatGPT-3.5 frequently 
generated the same phrases, for example, “find the correct answer” (22 times), “based on this 
excerpt” (19 times), and “given this information what” (14 times).  The repetition suggests 
that the same directive is repetitively generated. Such pattern raises concerns about whether 
ChatGPT-3.5 fosters personalized learning, as it often provides specific scaffolding strategies 
which may not align with the diverse learning strategies or styles of individual learners. 

Table 4 
Repetition of common four-word clusters occurring more than ten times in ChatGPT-3.5

In contrast to ChatGPT-3.5, the customized GPT uses more interactive and engaging phrases. 
For instance, the question “What do you think” is frequently generated, as shown by its 
frequency in Table 5. In essence, the customized GPT involves the learner more in the process 
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by asking for their opinion and thoughts, which can enhance critical thinking and retention. 
Although the dataset for the customized GPT is larger, there is less reliance on standard 
formulaic phrases.

Table 5 
Repetition of four-word clusters occurring more than ten times in a customized GPT

Furthermore, the frequency of word usage can be examined through keyword analysis, as 
shown in Tables 6 and 7. In this analysis, the authors employed log-likelihood (LL) as a keyness 
statistic to generate lists of key linguistic feathers of the responses generated by both ChatGPT 
versions, treated as two separate corpora.  Drawing on Pojanapunya and Watson Todd (2018), 
who note that the choice of statistic depends on the research purpose, LL is a probability 
statistic suitable for differentiating the characteristics of language generated by the two 
versions. Linguistic features with high LL values are particularly useful for identifying the 
focused scaffolding strategies of each ChatGPT version. Given the small corpus size for each 
version, the top 20 keywords were considered. In addition, when examining words beyond 
the top 20, they are often content words mentioned in reading passages. 

The keyword analysis reveals differences in word choice between ChatGPT-3.5 and the 
customized GPT. ChatGPT-3.5 frequently uses words such as “excerpt,” “let,” “find,” “information,” 
“based,” and “reviewed,” with frequency ranging from 13 and 71 occurrences. These keywords 
suggest an emphasis on directives and content presentation, supporting the code analysis that 
ChtGPT-3.5 heavily relies on specific scaffolding strategies. On the other hand, the customized 
GPT prioritizes words like “it,” “think,” “but,” “option,” “try,” “approach,” “specifically,” 
“consider,” “context,” and “hint,” which indicates a focus on user engagement, critical thinking, 
and misconception correction. This highlights the customized GPT’s role in fostering deeper 
interaction and cognitive involvement, while ChatGPT-3.5 leans more toward instructional 
language and content highlighting.

Table 6 
Keyword analysis- ChatGPT-3.5 as a target corpus vs customized GPT as a benchmark corpus
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Table 7 
Keyword analysis- customized GPT as a target corpus vs ChatGPT-3.5 as a benchmark corpus

Notably, data from both versions of ChatGPT contain repetitions, which could affect the quality 
of scaffolding if the same response is provided when incorrect answers are repeatedly selected. 
These repeated responses may lose their effectiveness and usefulness when a learner continues 
to select  incorrect answers. While the usefulness of each response may vary depending on 
individual learners, it is challenging to determine its usefulness for personalized learning, as 
the authors assumed the role of learners. This study, however, focuses on scaffolding strategies 
that support learners in enhancing their cognitive processes, specifically aiming to help them 
reach the understand level or higher in Bloom’s taxonomy. Consequently, repeated use of the 
same scaffolding strategies, even when the incorrect answer is selected a second time, is 
considered unhelpful, as it fails to support deeper comprehension or guide learners toward 
correct answers. While certain responses such as guiding transition (e.g., “Now, let’s move on 
to the comprehension questions”), positive feedback expressions (e.g., Great!), and summarizing 
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scores may benefit some learners, they cannot be classified as cognitive processes within 
Bloom’s taxonomy. Therefore, these types of responses were excluded from the usefulness 
criteria. In addition to identifying repetitive patterns, the usefulness of a response was evaluated 
based on whether it facilitated cognitive actions associated with the understand level of 
Bloom’s taxonomy, such as classifying, describing, discussing, explaining, identifying, locating, 
recognizing, reporting, and selecting.

When comparing the overall quality of both models, 65.18 % of responses generated by the 
customized GPT are useful for users, compared to less than half of the responses generated 
by ChatGPT-3.5 (42.86%).  To determine if there is a significant difference in the proportion of 
usefulness codes between two versions, a chi-square analysis was conducted.  However, for 
the chi-square analysis to be valid, all expected values must be greater than 5. Consequently, 
the code “revision” was excluded from the analysis.  The results showed a highly significant 
difference (χ2 = 110.07; df = 11, p < 0.001) with a strong effect size (Cramer’s V = 0.574), 
indicating a strong link between the frequencies of code usage for ChatGPT-3.5 and the 
customized GPT in terms of usefulness. Table 8 shows that the customized GPT has a higher 
percentage of useful responses in most categories, indicating that it provides more effective 
and informative scaffolding. Significant differences are observed in the categories of clarifying, 
highlighting, inferencing, and paraphrasing, where all responses from the customized GPT are 
both useful and informative (100%). 

Table 8 
Comparison of usefulness between strategies generated by ChatGPT-3.5 and customized GPT

DISCUSSION 
	
This study aimed to explore how ChatGPT-3.5 and a customized GPT provide scaffolding 
strategies to help learners achieve reading comprehension. The data analysis clearly reveals 
that the customized GPT outperforms ChatGPT-3.5 by generating a greater variety of scaffolding 
strategies to assist learners in their reading comprehension. The strategies generated by both 
versions of ChatGPT can be categorized into instructional support, cognitive development, 
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learner engagement, and feedback mechanisms. Given the nature of chatbot-like tool, it is 
unsurprising that interactive questioning is frequently generated by both versions to engage 
learners with the provided task. Similar to teachers in the traditional classroom, interactive 
questioning can sustain interest of students and activate their schema or critical thinking.  
However, ChatGPT-3.5 frequently generated only specific strategies, including schema building, 
guiding transition, positive feedback expression, interactive questioning, and highlighting. 
Important strategies such as critical thinking promotion, inferencing, misconception correction, 
and paraphrasing were not found in ChatGPT-3.5’s responses. This implies that learners might 
miss opportunities to practice some essential and useful strategies if they can only have access 
to the free version. 
	
In terms of quality, ChatGPT-3.5 frequently generates the same language patterns and phrases 
in response to incorrect answers. Highlighting or presenting excerpts, as the second most 
frequently generated strategy, can be useful for learners the first time, but they will be meaningless 
and unhelpful when introduced a second time if learners still select incorrect answers. In 
other words, the repetitions found in ChatGPT-3.5 may reduce the effectiveness of its scaffolding. 
On the other hand, the customized GPT provides several scaffolding strategies. There is a 
tendency for different scaffolding strategies to be used when learners still select incorrect 
answers. In addition, all responses in several strategies, including clarifying, highlighting, 
inferencing, paraphrasing, and summarizing, are considered to be useful. Repeated words 
from keyword analysis, including “think,” “but,” “option,” and “consider,” which are not found 
in ChatGPT-3.5’s data, correspond to more focused strategies generated by a customized GPT, 
such as critical thinking promotion, misconception correction, revision, and constructive 
feedback responding to these keywords. Through exploring both versions, advantages and 
limitations can be found in terms of scaffolding use and other performances shown in Table 9.	
	

Table 9 
Comparison of advantages and limitations between ChatGPT-3.5 and customized GPT
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However, teachers continue to play a crucial role in scaffolding, even with the integration of 
generative AI in the learning process. Instead of directly scaffolding students during reading 
activities, teachers can focus on planned-macro scaffolds to effectively use generative AI for 
reading comprehension. Recent literature highlights the importance of personalized scaffolding 
mechanisms that adapt to learners’ evolving needs and proficiency levels, as well as the value 
of tailoring AI assistance according to individual skill levels (Dhillon et al., 2024). Understanding 
the capabilities and limitations of each version of AI is essential for teachers to design prompts, 
create instructions, and develop reading materials as designed-in scaffolding (Reiser, 2004) 
that leverage the strength of both versions. For learners, using generative AI as contingent 
micro-scaffolds, as shown in this study, can address concerns about individual differences in 
learning. Therefore, training for both teachers and students is vital, as emphasized in prior 
studies (e.g., Sanmuang et al., 2024; Tantivejakul et al., 2024) Applying the concept of the Zone 
of Proximal Development (ZPD) in classrooms can be challenging, especially for students at 
different levels of development. For instance, achieving the Common European Framework 
of Reference for Languages (CEFR) B2 level, a minimum requirement for a bachelor’s degree 
in Thailand, can be difficult for teachers to uniformly scaffold in traditional classrooms. In most 
current contexts, reading tests are not explored at all for learning opportunities.  Reading tasks 
like those in this study, utilizing generative AI as a more capable peer can assist and scaffold 
students at their own pace and path to suit their developmental needs and individual learning 
styles. This aligns with findings from a systematic literature review of peer-reviewed articles 
published between 2021 and 2024 by Cai et al. (2025), which concluded that AI tools 
help students identify their ZPD through personalized assessments, promoting effective 
communication, integrated learning, improved academic performance, and increased 
motivation.

On the other hand, applying both versions of ChatGPT in Thailand’s educational context can 
present both opportunities and drawbacks. There has been a gap in English language learning. 
Access to higher-quality English language teaching has typically been available through 
international schools, English program classes, or English language institutions as options 
often accessible to parents who can afford them (Saengboon, 2019).  While ChatGPT can 
promote learner autonomy, it may also maintain or even widen the existing educational gap 
in Thailand when the quality of education depends on how much people can spend to access 
advanced and unlimited versions of generative AI. In other words, the more learners can pay, 
the higher quality of education they will receive, leading to educational inequality. To address 
this issue, government and institutional support in the form of funding and resource allocation 
is essential (Sanmuang et al., 2024; Tantivejakul et al., 2024). On the bright side, the free 
version of ChatGPT and limited access to GPTs for free users provide accessible resources that 
enable students to learn English language independently, a resource that was previously 
unavailable. This is certainly better than the current situation, where many students lack any 
meaningful access to English outside the classroom. In the future, as ChatGPT continues to 
develop, it is likely that basic GPTs will become free while more advanced versions will be 
available under a paid scheme.  
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LIMITATIONS AND FURTHER STUDIES
	
This study focusses on comparing the scaffolding strategies generated by both the free and 
customized versions of ChatGPT.  The reading tests were primarily used as examples of materials 
that teachers can design and control, and as a means to verify whether the customized GPT 
generated reading passages based on uploaded content rather than through random 
generation. As a result, aspects such as the reliability, complexity, and question suitability of 
the reading tests produced by either version fall outside the scope of this study. These areas 
reveal limitations and opportunities for further research.  Another limitation relates to prompt 
design.  In order to maintain consistency, prompts were created to be as similar as possible 
across both versions, with the aim of ensuring that each model processed the same sequence 
of instructions. Simpler and more concise prompts were prioritized to reflect realistic usage 
scenarios, particularly for teachers using the free version with learners in classroom contexts. 
Although longer and more detailed prompts could enhance the accuracy and performance of 
both versions, they may be less practical in classroom settings. Given these limitations, future 
research could focus on systematically evaluating whether reading tests generated by 
ChatGPT align with CEFR levels, and whether they can be reliably used alongside standardized 
assessments as benchmarks. Moreover, although this exploratory study adopted a pragmatic 
approach, involving actual learners in future studies would offer deeper insights into how 
students interact with AI-generated responses in authentic learning environments.

CONCLUSION 

This study explores how ChatGPT-3.5 and the customized GPT generate responses to scaffold 
learners in reading comprehension. The findings show that the customized GPT provides more 
diversified and useful scaffolding strategies. Both versions have their own advantages and 
limitations. However, this study used straightforward procedures by selecting incorrect 
answers to investigate how both versions generate responses based on the given prompt or 
configured instruction. Consequently, this primary exploration needs to be extended to actual 
learners, who may use other strategies to interact with ChatGPT, such as translating or asking 
for definitions of specific words, as studied in Watson Todd’s work (2014). The implications of 
this exploratory study can inform both educators and researchers in evaluating the potential 
and limitations of using generative AI to support reading comprehension. At the design stage, 
careful consideration is essential, as the choice between the free and customized versions of 
ChatGPT may yield different types of outputs and potentially influence research findings or 
learning outcomes. As educators increasingly incorporate generative AI into classrooms, 
thoughtful planning and design are essential for pedagogical implementations. Furthermore, 
this study points out the importance of grounding such implementations in established learning 
theories. In particular, it highlights how reading, a core language skill, can be effectively 
supported through scaffolding theory in AI-assisted instruction.
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Appendix A
Prompt and Instruction
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Appendix B
Prompt used for generating reading passages and questions

Create a B2-level reading passage for Thai students with 10 multiple-choice questions with 
answer key.  The reading should contain at least 10 words from the wordlist file. The content 
and questions should enhance the students reading skills including reference, specific 
information, specific inference, synthesis sequence, information synthesis. The topic of this 
reading is about Thai foods.
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Appendix C
Configuration Interface
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Appendix D
Customized GPT Interface


