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ARTICLE INFO ABSTRACT

Keywords: High-quality instruction is essential to facilitating student learning, prompting many professional development
ChatGPT (PD) programmes for teachers to focus on improving classroom dialogue. However, during PD programmes,
GPT-40

analysing discourse data is time-consuming, delaying feedback on teachers’ performance and potentially
impairing the programmes’ effectiveness. We therefore explored the use of ChatGPT (a fine-tuned GPT-3.5 series
model) and GPT-40 to automate the coding of classroom discourse data. We equipped these Al tools with a
codebook designed for mathematics discourse and academically productive talk. Our dataset consisted of over
400 authentic talk turns in Chinese from synchronous online mathematics lessons. The coding outcomes of
ChatGPT and GPT-40 were quantitatively compared against a human standard. Qualitative analysis was con-
ducted to understand their coding decisions. The overall agreement between the human standard, ChatGPT
output, and GPT-40 output was moderate (Fleiss’s Kappa = 0.46) when classifying talk turns into major cate-
gories. Pairwise comparisons indicated that GPT-40 (Cohen’s Kappa = 0.69) had better performance than
ChatGPT (Cohen’s Kappa = 0.33). However, at the code level, the performance of both AI tools was unsatis-
factory. Based on the identified competences and weaknesses, we propose a two-stage approach to classroom
discourse analysis. Specifically, GPT-40 can be employed for the initial category-level analysis, following which
teacher educators can conduct a more detailed code-level analysis and refine the coding outcomes. This approach
can facilitate timely provision of analytical resources for teachers to reflect on their teaching practices.

Classroom discourse analysis
Professional development
Mathematics instruction

1. Introduction In the context of teacher professional development (PD), particularly

in mathematics, the analyses of teacher-student interactions through

Classroom discourse analysis is a critical aspect of teacher education
(Chen et al., 2020; Ng et al., 2021). It examines how discourse is used to
convey knowledge and engage students in class discussions (Adler &
Ronda, 2015; Mercer et al., 2019; Resnick et al., 2010). Such analysis is
particularly important in synchronous online mathematics instruction,
where effective communication is crucial for students’ understanding of
the knowledge imparted and their engagement in class (Lo & Liu, 2022;
Roberts & Olarte, 2023). In virtual classrooms, the dynamics of teach-
er-student interactions differ significantly from those in traditional
settings, making it essential to understand how discourse practices
impact virtual classroom dynamics (Gutentag et al., 2022; Jaekel et al.,
2023). This understanding can enable teacher educators to identify
effective instructional practices and areas for improvement.

classroom discourse are crucial for informing instructional improvement
(Chen et al., 2020). From the perspective of teacher educators, however,
“this laborious and time-consuming process poses challenges” (Wang &
Chen, 2024, p. 2). Therefore, this study evaluated the performance of
ChatGPT (a fine-tuned GPT-3.5 series model) and GPT-40, which are
advanced Artificial Intelligence (AI) chatbots developed by OpenAl
(2022, 2024), in coding classroom discourse data from synchronous
online mathematics lessons. Comparisons of human and Al performance
on the same task can provide important insights into how humans can
offload specific tasks to Al. A parallel example is the use of Al for
automated scoring of student writing, as explored by Mizumoto and
Eguchi (2023). Ideally, “This feedback method can effectively reduce
the workload of teachers in correcting student writing” (p. 9). In the
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current study, we adopted a similar approach, as we evaluated the
performance of the two Al tools and explored their potential to assist
teacher educators in PD contexts. The following research questions (RQ1
and RQ2) guided the study.

@® RQ1: What is the level of agreement between the human standard,
ChatGPT, and GPT-4o in coding discourse data from synchronous
online mathematics lessons?

@® RQ2: How do the coding outcomes of the Al tools align with or differ
from the human standard, and what are the underlying reasons for
differences, if any?

2. Background and related work

In this section, we first provide an introduction to video-supported
teacher PD and its challenges, which highlights the need to explore
the use of Al tools in teacher education. Subsequently, we provide a brief
overview of the Al tools investigated in this study. Thereafter, we
examine empirical studies related to the application of these Al tools in
the field of qualitative analysis.

2.1. Video-supported teacher professional development

Darling-Hammond et al. (2017) identified that the key elements of
effective teacher PD programmes include coaching, support, feedback,
and reflection. Teacher educators can incorporate video-based tasks into
their PD activities to coach participants and provide feedback on
instructional improvement (Gaudin & Chalies, 2015). Importantly,
videos capture the richness and complexity of classroom interactions
(Major & Watson, 2018), which can facilitate reflection (Larison et al.,
2024). However, such video-captured information can also overwhelm
teachers (Blomberg et al., 2013). To enhance coaching and support,
some teacher educators (e.g., Chen et al., 2020; Ng et al., 2021) have
first analysed classroom discourse data and then presented the discourse
information (e.g., the proportions of teacher instructions and student
responses) to aid teacher reflection.

However, analysing classroom discourse is time-consuming and
labour-intensive and thus imposes a significant burden on teacher ed-
ucators (Wang & Chen, 2024). In our PD programmes for teachers, for
example, this process involves transcribing lesson recordings, coding
each talk turn, and then importing the coding outcomes into our class-
room discourse visualiser for teachers to review their teaching practices
(see Chen, 2020 for a review). In particular, coding talk turns (which
usually number over 100 in a 40-min lesson) requires independent ef-
forts by two trained coders, comparing their coding outcomes, and
resolving any discrepancies to ensure accuracy (Gamoran Sherin & van
Es, 2009). This process delays feedback on teachers’ performance and
hinders their timely reflection, potentially impairing the efficacy of PD
(Darling-Hammond et al., 2017; Wang & Chen, 2024). Accordingly, the
current study sought to determine whether Al could offer a solution to
the aforementioned problem. ChatGPT and GPT-40 have demonstrated
considerable capabilities in processing and understanding natural lan-
guage (Lo et al., 2024; Rodrigues et al., 2024; Roumeliotis & Tselikas,
2023). Thus, these Al tools may enable teacher educators to streamline
the coding process and thereby provide more timely feedback than is
possible with current methods.

2.2. ChatGPT and its subsequent releases

ChatGPT, fine-tuned from a model in the GPT-3.5 series (OpenAl,
2022), was used in our pilot and main studies. It generates human-like
responses to user queries and improves itself by learning from user
feedback (OpenAl, 2022; Ouyang et al., 2022; Roumeliotis & Tselikas,
2023). It excels in zero-shot and few-shot learning scenarios and in
various natural language processing tasks, such as article generation and
code writing (Lo et al., 2024; Wu et al., 2023). However, ChatGPT has
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limitations, such as its tendency to provide incorrect information and
lack knowledge of recent events (Lo et al., 2024; Wu et al., 2023).
Nevertheless, it is free to use and thereby accessible to a broad audience,
including teacher educators.

We used GPT-4 and GPT-40 in our pilot study (see Section 3.1) and
main study, respectively. It was reported that GPT-4 excels in following
complex instructions and achieves human-level performance on various
benchmarks (OpenAl, 2023). Korkmaz Guler et al. (2024) and Plevris
et al. (2023) found that GPT-4 surpasses ChatGPT in performance on
certain professional examinations and in terms of accuracy in mathe-
matical tasks. However, Bubeck et al. (2023) uncovered limitations in
GPT-4’s planning, working memory, and reasoning. GPT-40, an
advanced version of GPT-4, understands and generates text, audio,
video, and images faster and better than its predecessors (Islam &
Moushi, 2024; OpenAl, 2024; Shahriar et al., 2024). GPT-4o also offers
multimodal support, exhibits superior mathematical reasoning capa-
bilities, and demonstrates accuracy and efficiency in managing complex
tasks (Shahriar et al., 2024; Zhu et al., 2024). However, the utility of
GPT-40 in various application areas has remained under-evaluated,
necessitating further assessment to fully understand its capabilities
and limitations (Shahriar et al., 2024). Therefore, we used GPT-40 in our
main study to explore its potential utility for assisting teacher educators
in classroom discourse analysis.

2.3. The use of ChatGPT and its subsequent releases in qualitative
analysis

ChatGPT and its subsequent releases have the potential to support
human researchers in qualitative analysis processes (Hamilton et al.,
2023; Zambrano et al., 2023). These Al tools excel in conducting effi-
cient analysis, facilitating initial exploration, and providing qualitative
insights (Yan et al., 2024). In coding analysis, ChatGPT has demon-
strated capability in specifying codes, categories, and descriptive themes
and analysing the meaning of datasets (Morgan, 2023; Sen et al., 2023).
It can capture various language structures and explain its coding de-
cisions (Zambrano et al., 2023; Zhang et al., 2024). Furthermore, Drapal
et al. (2023) found that GPT-4 performed well in identifying themes
from raw data in empirical legal studies. However, although Al tools
have shown promise, concerns have persisted regarding their validation,
accuracy, and reliability in qualitative research (Xiao et al., 2023). For
example, Wang et al. (2023) reported that ChatGPT exhibited only a fair
agreement with human coders in analysing online student feedback on
mathematics lessons in terms of pedagogy. Similarly, Gandolfi (2024)
highlighted a moderate level of inaccuracies in GPT-4’s analysis of
students’ mathematics work. Furthermore, concerns have been
expressed regarding Al tools’ contextual comprehension in qualitative
analysis (Hamilton et al., 2023; Hitch, 2024; Yan et al., 2024; Zhang
et al., 2024).

In the context of teacher PD, some educators have developed code-
books to analyse classroom discourse data based on teacher behaviours
that are targeted for reflection or improvement (see Chen et al., 2020 for
a review). However, only a few studies (e.g., Misiejuk et al., 2024; Xiao
etal., 2023; Zambrano et al., 2023) have provided such codebooks for Al
tools to utilise in data analysis, despite the important implications from
these studies for future research. Xiao et al. (2023) found that while their
codebook provided transparency and explicit control, it might have
constrained Al performance. Therefore, they suggested the need for
more effective codebook design, which led us to adopt established
coding frameworks from the literature in the current study (see Section
3.2). Misiejuk et al. (2024) explored Al coding of online discourse
written by students. Their results indicated that GPT-4 agreed substan-
tially with human coding on major categories. However, they observed
that GPT-4 struggled with coding tasks requiring contextual under-
standing. This observation led us to adapt the prompt design proposed
by Zhang et al. (2024) in the current study, with a focus on providing
sufficient contextual information (see Section 3.4). Zambrano et al.



S. Xu et al.

(2023) reported that based on their codebook for analysing govern-
mental press releases and public addresses, the agreement between
GPT-4 coding and human coding was not substantial (Cohen’s Kappa
<0.6; Nili et al., 2020). Nevertheless, they demonstrated GPT-4’s ability
to explain its coding decisions. Likewise, in the current study, we asked
ChatGPT and GPT-4o to explain their coding decisions to allow us to
clearly understand the reasoning behind these decisions (see Section
3.4). Given the scarcity of comparative studies on ChatGPT and GPT-40
in qualitative analysis, particularly in coding classroom discourse data,
we assessed the accuracy of these two Al tools in this domain.

3. Materials and methods

In this section, we first discuss the major findings and lessons learnt
from a pilot study that we conducted to inform the main study. Subse-
quently, we describe the development of the codebook tailored to
classroom discourse analysis, outlining its components and theoretical
underpinnings. Thereafter, we elaborate on the preparation of the
dataset and the establishment of the human standard, which are crucial
for benchmarking the performance of Al tools. Subsequently, we present
the coding process adopted in the use of ChatGPT and GPT-40, followed
by a description of the data extraction and analysis.

3.1. Major findings and lessons learnt from the pilot study

In view of the lack of studies on Al-supported classroom discourse
analysis, we conducted a pilot study to test our methodology and
identify its limitations to facilitate the main study. As presented in Lo
et al. (in press), our pilot study analysed a 40-min synchronous online
mathematics lesson on plane geometry. The lesson involved one math-
ematics teacher and 19 Grade 12 students. The language of instruction
was Cantonese, the predominant Chinese language spoken in Hong
Kong. We developed a codebook based on the Classroom Observation
Protocol for Undergraduate STEM (COPUS; Smith et al., 2014) and the
framework of Academically Productive Talk (APT; Michaels et al., 2008;
Resnick et al., 2010). We used the ChatGPT and GPT-4 hosted on our
campus and instructed these Al tools to code each talk turn using the
codebook. Their coding outcomes were then compared with a human
standard. The results indicated substantial discrepancies between the
human standard and both the ChatGPT (Cohen’s Kappa = 0.18) and
GPT-4 (Cohen’s Kappa = 0.37) outputs. Although GPT-4 performed
better than ChatGPT, the level of agreement in both comparisons was
not satisfactory.

The lessons learnt from the pilot study led to the incorporation of five
major enhancements into the main study. First, the COPUS codes were
too general to inform teacher instructional improvement in the context
of mathematics teaching. Therefore, we incorporated the Mathematics
Discourse in Instruction (MDI) framework proposed by Adler and Ronda
(2015) to better capture variations in teaching practices. Second, we
found that one Al-generated code was useful for enhancing the
comprehensiveness of our analysis. Specifically, the code “Affirmation”
(see Section 3.2), generated by ChatGPT in the pilot study, was added to
the codebook in the main study. Third, both ChatGPT and GPT-4 had
difficulty recognising and classifying dialogue related to technical
problems in online teaching. This limitation might have stemmed from
their training data (Roumeliotis & Tselikas, 2023; Wu et al., 2023),
which lacked sufficient information about synchronous online instruc-
tion because it was not widely adopted before the COVID-19 pandemic.
To address this limitation, we enriched our description of the code
“Fixing technical problems” (see Section 3.2) in the main study. Fourth,
we asked the Al tools to provide explanations for their coding decisions
to enhance the transparency and traceability of their coding outcomes
(Zhang et al., 2024). This approach was previously shown to allow re-
searchers to understand the underlying reasons for Al tools’ mistakes
(Sen et al.,, 2023). Fifth, the main study included a large dataset
comprising multiple lessons across different stages of a two-month fully

Computers and Education: Artificial Intelligence 7 (2024) 100325

online mathematics enrichment programme. We also utilised the most
updated version of the GPT series, GPT-4o0, to evaluate its capabilities in
classroom discourse analysis. These enhancements were adopted to
facilitate the main study and fully exploit the potential of the Al tools in
classroom discourse analysis.

3.2. Codebook for classroom discourse analysis

As shown in Table 1, we developed our codebook to cover all
teacher—student dialogues in synchronous online mathematics lessons.
Based on the literature and the lessons learnt from the pilot study, the

Table 1

The codebook for classroom discourse analysis.

Code (sources)

Description

Representative quotations

Category 1. MDI codes (adopted from Adler & Ronda, 2015, pp. 10-14)

1.1. Examples

1.2. Tasks

1.3. Naming

1.4. Legitimations

Using examples by providing
experiences of similarity,
contrast, and fusion in
mathematics

Requiring students to carry
out known operations, apply
skills, select procedures, and
make connections in
mathematics

Naming conventions for
words used within and across
episodes, including colloquial
language, mathematics words
as names, and proper
mathematical language
Justifying concepts using
localised and general criteria,
considering non-
mathematical factors like
everyday knowledge, visual
cues, and authority

“Example 1: x + x + 4x +y,”
“Example 2: x +y,” “Example
4:2(x+y),” ...

... to simplify expressions by
first factorising expressions
and then cancelling common
factors.”

“So, over here it concerns the
common factor. Why?
Because we want to have one,
one term at the top and one
term below.”

“So, you just apply the same
principle, it’s just that when
it looks complicated ...”

Category 2. APT codes (adopted from Resnick et al., 2010, p. 180)

2.1. Say more

2.2. Revoice

2.3. Press for
reasoning

2.4. Challenge

2.5. Explain
others

2.6. Restate

2.7. Add on

2.8. Agree/
disagree

Asking the student(s) for
further elaboration
Re-voicing the expressions of
the student(s) to prompt
further responses

Asking the student(s) to
explain the reasoning
Challenging the idea put forth
by the student(s)

Asking the student(s) to
explain someone else’s
reasoning

Asking the student(s) to
restate someone else’s
reasoning

Prompting other student(s)
for further participation
Asking the student(s) to state
the standpoint

Category 3. Other codes (pilot study)

3.1. Checking
attention

3.2. Fixing
technical
problems

3.3. Guiding and
administration

3.4. Student
responses
3.5. Affirmation

Checking the attention of the
student(s)

Addressing connectivity
issues, audio or video
problems, and software or
platform glitches
Introduction, follow-up
feedback on homework or
tests, and assigning
homework or specific tasks
The student(s) respond to the
teacher

Validating and
acknowledging a student’s
response

“Say more about that.”

“So let me see if I've got your
thinking right. You're saying
XXX?”

“Why do you think that?”

“Is this always true?”

“Can you [explain] what he
just said in your own words?”

“Can you repeat what he just
said in your own words?”

“Would someone like to add
on?”

“Do you agree or disagree
and why?”

“Let’s ask a student. Let me
see. Johnny, are you here?”
“Hey, why is there no sound
from the mic, no sound?”

“Okay, good. This is done by
Roy. N equals 6. Okay, your
equation is well formulated.”

A student answered: “x, the
one on the top.”

“Very good! Ha, well done,
Stephen! Very good!”

Note. APT = Academically productive talk; MDI = Mathematics discourse in

instruction.
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codebook encompassed the following categories: Category 1: MDI codes
(i.e., teacher presentation of mathematics knowledge); Category 2: APT
codes (i.e., teacher engagement of students in class discussions); and
Category 3: Other codes (mainly everyday classroom interactions, not
covered by the first two categories). In the following paragraphs, we
present representative talk turns from the main study as illustrative
examples.

To analyse teachers’ presentation of mathematics knowledge, we
adopted the MDI framework proposed by Adler and Ronda (2015). The
theoretical foundation of the framework is Variation Theory, which has
been widely applied in mathematics teaching (Essien, 2021; Thanheiser
& Melhuish, 2019). The core idea of this theory is discernment — seeing
or experiencing critical features of the object of learning (Essien, 2021).
It explains how to systematically represent variations through a range of
examples and hands-on practices to facilitate student learning
(Thanheiser & Melhuish, 2019). Consequently, the MDI framework fo-
cuses on four elements of mathematics instruction: (1) examples, (2)
tasks, (3) naming, and (4) legitimations (Category 1 in Table 1; Adler &
Ronda, 2015). For example, in one of the classes used in this study, the
teacher said, “mopa: multiplied by maa- equals 5/2 multiplied by —3/7,
which simplifies to —15/14. This result is important because it is not
equal to —1. Therefore, they are not perpendicular” (Lesson 3 Turn 93).
This turn was coded as “Legitimations” because the teacher justified the
conclusion based on mathematical calculations and criteria. The MDI
framework is useful in teacher PD because it provides structured insights
into effective mathematics instruction (Adler & Ronda, 2015).

To analyse how the teacher engaged students in class discussions, we
adopted the APT framework proposed by Michaels et al. (2008) and
Resnick et al. (2010). The theoretical foundation of this framework lies
in Sociocultural Theory, which suggests that learning is a social process
(Vygotsky, 1978). In the educational context, this social process involves
interaction between teachers and students through dialogue The
framework consists of eight types of talk moves that increase the like-
lihood of students’ participation in knowledge construction: (1) say
more, (2) re-voice, (3) press for reasoning, (4) challenge, (5) explain
others, (6) restate, (7) add on, and (8) agree/disagree (Category 2 in
Table 1; Resnick et al., 2010). For example, our teacher asked, “Steve [a
pseudonym of a student], can you explain why you took 160 as the
denominator?” (Lesson 2 Turn 38). This turn was coded as “Press for
reasoning” because the teacher asked the student to explain his
reasoning for using 160 as the denominator in his calculation. The APT
framework is valuable in teacher PD because it provides clear strategies
to foster student participation and enables teachers to assess whether
their students have acquired the knowledge the teachers communicated
(Chen et al., 2020; Ng et al., 2021).

In addition to the talk turns represented by the MDI and APT codes,
other types of talk turns identified in the pilot study were incorporated
into the main study, as they facilitated the classroom discourse analysis.
As shown in Category 3 in Table 1, these additional codes were (1)
checking attention, (2) fixing technical problems, (3) guiding and
administration, (4) student responses, and (5) affirmation. For example,
the online teaching context necessitated the inclusion of unique codes,
such as “Checking attention” and “Fixing technical problems.” In Lesson
1, the teacher said, “Oh, someone has sent me a chat message. I should
have shared my screen. I am going to share it again” (Turn 57). This turn
was coded as “Fixing technical problems” because the teacher addressed
a technical issue that arose during the online lesson. These other codes
are important to facilitate teacher reflection on classroom management
during synchronous online lessons.

3.3. Preparation of the dataset and the human standard

We used three 45-min lesson recordings from a two-month syn-
chronous online mathematics enrichment programme at a Hong Kong
secondary school. These lessons (Lessons 1 to 3) represented the start,
middle, and end stages of the programme and were aimed at helping
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struggling students overcome deficiencies in their learning. The pro-
gramme involved one mathematics teacher and 15 students. As in the
pilot study, the language of instruction was Cantonese. The lesson re-
cordings were transcribed into Chinese. Table 2 presents the summary
characteristics of the lessons. The dataset comprised 24,166 words and
414 talk turns. Due to the token limit for each prompt in the interface for
the ChatGPT and GPT-40 hosted on our campus, we divided the lesson
recordings into episodes based on the content of the classroom discourse
(see Section 3.4). The three lessons consisted of 31 episodes in total.

To establish the human standard for the coding of the lessons, we
adopted the negotiated agreement approach described by Campbell
et al. (2013). In this approach, “two or more researchers code a tran-
script, compare codings, and then discuss their disagreements in an
effort to reconcile them and arrive at a final version in which as many
discrepancies as possible have been resolved” (p. 305). Specifically, two
trained human coders (the first two authors) independently coded the
dataset using the codebook developed in Section 3.2. Their coding
outcomes were then compared and were found to demonstrate almost
perfect agreement (Cohen’s Kappa = 0.98; Nili et al., 2020; Viera &
Garrett, 2005). In keeping with the final step of the methodology of
Campbell et al. (2013), the discrepancies were resolved through dis-
cussion. The finalised human coding results, which served as the ground
truth, were then compared with the outcomes generated by ChatGPT
and GPT-4o.

3.4. Coding process in the use of ChatGPT and GPT-40

We utilised two chatbot-based large language models, ChatGPT and
GPT-4o0, provided by the first author’s university through the Microsoft
Azure OpenAl service (Office of the Chief Information Officer, 2024).
This service provides functionality similar to that of OpenAI’s ChatGPT
and GPT-40. However, because it is hosted on campus, the conversation
history could be deleted at our discretion and would not be used for the
training of future AI models, thereby ensuring privacy.

The prompts input to Al tools can significantly impact the quality,
coherence, and applicability of their outputs. We adapted the prompt
design for thematic analysis proposed by Zhang et al. (2024). The pro-
cesses adopted for coding with ChatGPT and GPT-40 were identical and
the coding was conducted in early June 2024. As shown in Table 3, the
prompt design consisted of seven components that helped the AI tools
gain the comprehensive understanding needed to conduct the analysis.
The prompts provided the Al tools with the necessary background in-
formation, instructions on the task to be performed, and the codebook
detailing the codes and their corresponding definitions (see Table 1).
Each component of the prompt design served to systematically introduce
the task to the Al tools and maximise their output quality. For example,
Zhang et al. (2024) stated that the role-playing prompt allows ChatGPT
to focus effectively on completing a specific type of task. Consequently,
we assigned the Al tools the role of a research expert in qualitative
analysis. In subsequent prompts, we copied and pasted the discourse
data into the input box of each Al tool episode by episode. Fig. 1 shows
the output of ChatGPT in coding Episode 1 (Turns 1 to 12) in Lesson 1.

3.5. Data extraction and analysis

The coding outcomes generated by ChatGPT and GPT-40 were
extracted and stored in two separate spreadsheets. This process involved

Table 2
Characteristics of the three lessons.
Lesson Topic Word counts Talk turns Episodes
1 Percentages 8282 161 11
2 Inequalities 8497 152 11
3 Coordinate geometry 7387 101 9
Total 24,166 414 31




S. Xu et al.

Table 3
Components of the prompt design and instructions for the Al tools.

Component Instruction

1. Role-playing
2. Goal of the task

You are now a research expert in qualitative analysis.
The goal is to code the classroom discourse text data
based on a predefined codebook in order to
understand the instructions and interactions within
these lessons.

The dataset consists of Cantonese-language
mathematics classes conducted online in Hong Kong.
The lessons cover the topics of Percentages,
Inequalities, and Coordinate Geometry.

Please conduct a thematic analysis and code each
talk turn using only one code from the codebook
provided below.

... (Note. Table 1 was inserted here) ...

After assigning each code, provide a brief
explanation of your code.

My input format looks like this: [Turn number]
[Role] [Classroom talk]

Your output format looks like this: [Turn number]
[Your assigned code] [Your explanation]

3. Background/Conceptual
understanding

4. Focus on analytical
process

5. Transparency and
traceability
6. Data format (inputs)

7. Data format (outputs)

identifying and recording the codes assigned by each Al tool to each talk
turn. To address RQ1, the descriptive statistics of the code distribution
were first used to provide an overview of their coding outcomes
compared with the human standard. To understand the extent to which
human can delegate specific tasks to Al, we conducted a quantitative
analysis at two levels: the category level and the code level. At the
category level, we examined whether the AI tools classified individual
talk turns into correct categories (i.e., MDI, APT, and Other codes). At
the code level, we assessed whether the Al tools assigned correct codes
to individual talk turns. As suggested by Nili et al. (2020), Fleiss’s Kappa

®
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was used to determine the agreement level among multiple coders
simultaneously (i.e., the human standard, ChatGPT, and GPT-40). For
pairwise comparisons, Cohen’s Kappa was used to determine the
agreement level between (1) the human standard and ChatGPT coding,
(2) the human standard and GPT-40 coding, and (3) ChatGPT and
GPT-40 coding. When interpreting the Kappa statistics, we used the
benchmarks defined by Viera and Garrett (2005), in which 0 or below
indicates poor agreement, 0.01 to 0.20 indicates slight agreement, 0.21
to 0.40 indicates fair agreement, 0.41 to 0.59 indicates moderate
agreement, 0.60 to 0.79 indicates substantial agreement, and 0.80 to
0.99 indicates almost perfect agreement.

To address RQ2 regarding the alignment and discrepancies between
the outcomes of the Al tools and the human standard in coding the
classroom discourse, we followed the qualitative analysis procedure
proposed by Braun and Clarke (2006). First, we familiarised ourselves
with the coding outcomes obtained using ChatGPT and GPT-40 and how
they compared with the human standard. Subsequently, we generated
initial codes to categorise instances in which the Al tools performed well
and those in which discrepancies emerged. We then searched for themes
across these codes, focusing on identifying the competences and weak-
nesses of the Al tools. After reviewing these themes to ensure that they
were consistent and relevant to RQ2, each theme was defined to capture
the key findings, culminating in the identification of three major com-
petences and three major weaknesses (see Section 4.2).

1 3.3 Guiding and administration: The teacher is providing information about the class, introducing themselves, and
explaining how students can ask questions if they do not understand.

2 3.3 Guiding and administration: The teacher is discussing attendance and test materials with the students.

3 1.1 Examples: The teacher introduces the topic of percentages and explains its relevance to the DSE exam.

4 2.7 Add on: The teacher explains the benefits of participating in answering questions and invites students to

engage in the process.

5 3.2 Fixing technical problems: The teacher addresses technical issues with students' microphones and instructs
them on how to communicate if their microphone is not working.

6 3.3 Guiding and administration: The teacher instructs students to refer to their notebooks for notes on the lesson.

7 3.3 Guiding and administration: The teacher checks if students have the correct page in their notebooks for the

lesson on percentages.

8 2.8 Agree/disagree: The teacher randomly selects a student and asks if they are present in the class.

9 3.3 Guiding and administration: The teacher checks if students have the correct page in their textbooks for the

lesson.

10 4 Student responses: A student responds to the teacher’s question about having the correct page in their

textbook.

11 3.3 Guiding and administration: The teacher instructs students to find paper to write on if they do not have the

required page in their textbook.

12 3.3 Guiding and administration: The teacher informs students about upcoming exercises and how to submit their

answers for feedback.

Fig. 1. Coding output of ChatGPT for Episode 1 (Turns 1 to 12) in Lesson 1.
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4. Results

4.1. RQI: what is the level of agreement between the human standard,
ChatGPT, and GPT-4o in coding discourse data from synchronous online
mathematics lessons?

This section addresses RQ1 in two stages. First, we present the
descriptive statistics of the code distribution to provide an overview of
how each coder categorised the classroom discourse data. Second, we
analyse the Kappa statistics to quantitatively compare the coding
agreement between the human standard and the Al tools at the category
and code levels.

4.1.1. Descriptive statistics of the code distribution

Fig. 2 presents the code distributions of the human standard and the
ChatGPT and GPT-40 outputs by category. Compared with the code
distribution of ChatGPT, that of GPT-40 more closely resembled that of
the human standard. In both the human standard and GPT-40 output,
the MDI category accounted for approximately 30% of the codes,
whereas ChatGPT assigned nearly 40% of its codes from this category.
Similarly, in both the human standard and GPT-40 output, the APT
category accounted for around 15% of the codes, whereas ChatGPT
assigned over 23% of its codes from this category. Table 4 provides a
detailed breakdown of the frequency of each code assigned by ChatGPT
and GPT-40 compared with that in the human standard. Within every
code category, the Al tool outputs differed from the human standard in
terms of their emphasis on each code. For example, regarding the APT
code category, the human standard primarily used the code “Say more,”
whereas ChatGPT and GPT-40 most frequently used “Explain others”
and “Press for reasoning,” respectively.

In addition to the codes in the three main categories outlined in the
codebook, both ChatGPT and GPT-40 generated new codes during their
coding process. ChatGPT created five new codes, assigning them to 17
talk turns (4.1% of the total). These new codes were “Building rapport”
(n = 2), “Clarification” (n = 7), “Clarifications” (n = 3), “Correction” (n
= 4), and “Providing information” (n = 1). However, “Clarification” and

(a) Human Standard

— MDI codes

(n=120; 29.0%)
Other codes

(n=227; 54.8%)
APT codes
(n=67;16.2%)

(b) ChatGPT
New codes
(n=17:4.1%)
—— MDI codes
Other codes (n=163; 39.4%)
(n=136; 32.9%)

APT codes
(n=098:23.7%)
(c) GPT-4o

New codes

(n=13;3.1%) __ MDIcodes

(n=114;27.5%)
Other codes
(n=213;51.4%)

APT codes
(n=174;17.9%)

Fig. 2. Code distributions for (a) the human standard, (b) ChatGPT, and (c)
GPT-40 by category.
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Table 4
Frequency distribution of codes assigned by ChatGPT and GPT-40 compared
with that of the human standard.

Code Human ChatGPT GPT-40
standard
Category 1. MDI codes 120 (29.0%) 163 114
(39.4%) (27.5%)
1.1. Examples 0 (0%) 22 (5.3%) 36 (8.7%)
1.2. Tasks 27 (6.5%) 102 34 (8.2%)
(24.6%)

1.3. Naming 27 (6.5%) 21 (5.1%) 16 (3.9%)
1.4. Legitimations 66 (15.9%) 18 (4.3%) 28 (6.8%)
Category 2. APT codes 67 (16.2%) 98 (23.7%) 74 (17.9%)
2.1. Say more 59 (14.2%) 1 (0.2%) 20 (4.8%)

2.2. Re-voice 3 (0.7%) 1 (0.2%) 0 (0%)
2.3. Press for reasoning 3 (0.7%) 2 (0.5%) 40 (9.7%)
2.4. Challenge 0 (0%) 10 (2.4%) 0 (0%)
2.5. Explain others 0 (0%) 40 (9.7%) 2 (0.5%)
2.6. Restate 0 (0%) 7 (1.7%) 0 (0%)
2.7. Add on 1 (0.2%) 32 (7.7%) 10 (2.4%)
2.8. Agree/disagree 1 (0.2%) 5 (1.2%) 2 (0.5%)
Category 3. Other codes 227 (54.8%) 136 213
(32.9%) (51.4%)
3.1. Checking attention 27 (6.5%) 21 (5.1%) 29 (7.0%)
3.2. Fixing technical problems 3 (0.7%) 3 (0.7%) 5 (1.2%)
3.3. Guiding and 72 (17.4%) 24 (5.8%) 36 (8.7%)
administration
3.4. Student responses 83 (20.0%) 29 (7.0%) 83 (20.0%)
3.5 Affirmation 42 (10.1%) 59 (14.3%) 60 (14.5%)
New codes created by Al coders N.A. 17 (4.1%) 13 (3.1%)

Total 414 (100%) 414 (100%) 414 (100%)

“Clarifications” appeared to be redundant. GPT-40 created four new
codes, assigning them to 13 talk turns (3.1% of the total). These new
codes were “Checking understanding” (n = 6), “Introduction of new
concept” (n = 3), “Open floor” (n = 3), and “Repetition” (n = 1). As can
be seen, the set of new codes generated by ChatGPT was distinct from
that generated by GPT-4o, indicating these AI tools’ divergent ap-
proaches in identifying additional codes beyond the prescribed
codebook.

4.1.2. Kappa statistics comparing the human standard with ChatGPT and
GPT-4o0 outputs

We first evaluated the coding agreement between the human stan-
dard, the ChatGPT output, and the GPT-40 output at the category level.
There were three categories (MDI, APT, and Other codes; see Table 1) in
the codebook, together with a “new codes” category comprising codes
generated by the Al tools. Table 5 shows that the overall agreement
between the three coders at the category level was moderate (Fleiss’s
Kappa = 0.46). Pairwise comparisons revealed that the agreement be-
tween the human standard and GPT-40 output was substantial (Cohen’s
Kappa = 0.69), indicating the capacity of GPT-4o to classify talk turns
into correct categories. In contrast, the agreements between the human
standard and ChatGPT output (Cohen’s Kappa = 0.33) and between the
ChatGPT output and GPT-40 output (Cohen’s Kappa = 0.40) were fair.
The Sankey diagrams in Figs. 3 and 4 visualise the performances of
ChatGPT and GPT-4o, respectively, by mapping their coded classroom
discourse data to the human standard. Compared with the ChatGPT
output (Fig. 3), the GPT-40 output had fewer deviations from the human

Table 5
Coding agreement between the human standard, ChatGPT output, and GPT-40
output at the category level.

Comparison Kappa statistics (level of agreement)

Overall comparison (Fleiss’s Kappa)
Pairwise comparison (Cohen’s Kappa)

0.46 (moderate)

@ Human standard vs. ChatGPT 0.33 (fair)
@® Human standard vs. GPT-40 0.69 (substantial)
@® ChatGPT vs. GPT-40 0.40 (fair)
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Human Standard

MDI codes
(n=120)

APT codes
(n=67)

Other codes
(n=227)

Computers and Education: Artificial Intelligence 7 (2024) 100325

ChatGPT

MDI codes
(n=163)

APT codes
(n=98)

Other codes
(n=136)

New codes
(n=17)

Fig. 3. Sankey diagram of the human standard (left) vs. ChatGPT coding (right) by category.

Human Standard GPT-40
MDI codes MDI codes
(n=120) (n=114)
APT codes APT codes
(n=67) (n=174)
Other codes Other codes
(n=227) (I?=213)
New codes
(n=13)

Fig. 4. Sankey diagram of the human standard (left) vs. GPT-40 coding (right) by category.

standard (Fig. 4).

Next, we explored the code level to examine the coding agreement
between the human standard, ChatGPT output, and GPT-40 output in
detail. There were 17 predefined codes (four MDI codes, eight APT
codes, and five Other codes; see Table 1), together with nine new codes
generated by the Al tools. Table 6 shows that the overall agreement
between the three coders at the code level decreased to fair (Fleiss’s
Kappa = 0.31), indicating inconsistency in the assignment of individual
codes to talk turns. Within the MDI and APT code categories, the three
coders showed slight (Fleiss’s Kappa = 0.07) and poor (Fleiss’s Kappa =
—0.07) agreement, respectively. The Others category of codes achieved
fair agreement (Fleiss’s Kappa = 0.40), reflecting that the AI tools had
some capability to recognise key aspects of everyday classroom in-
teractions. In pairwise comparisons, the overall agreement between the
human standard and GPT-40 output was moderate (Cohen’s Kappa =
0.48), whereas the agreements between the other two pairs were fair.
Within both the MDI and APT code categories, the agreements between
the human standard and the two AI tool outputs were slight. Within the
Other code category, however, the agreement between the human
standard and GPT-40 output was substantial (Cohen’s Kappa = 0.71)
and that between the human standard and ChatGPT output was fair

Table 6
Coding agreement between the human standard, ChatGPT output, and GPT-40
output at the code level.

Comparison Codes

Kappa statistics (level of agreement)

All codes (n MDI codes  APT codes  Other codes (n
=414) (n =120) (n=67) =227)
Overall 0.31 (fair) 0.07 —0.07 0.40 (fair)
comparison (slight) (poor)
(Fleiss’s Kappa)
Pairwise comparison (Cohen’s Kappa)
@ Human 0.21 (fair) 0.03 0.03 0.28 (fair)
standard vs. (slight) (slight)
ChatGPT
@ Human 0.48 0.05 0.06 0.71
standard vs. (moderate) (slight) (slight) (substantial)
GPT-40
@ ChatGPT vs. 0.27 (fair) 0.24 (fair) 0.08 0.29 (fair)
GPT-40 (slight)
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(Cohen’s Kappa = 0.28).

4.2. RQ2: how do the coding outcomes of the Al tools align with or differ
from the human standard, and what are the underlying reasons for
differences, if any?

This section explores the coding agreements and discrepancies be-
tween the human standard and the Al tool outputs. We examined (1)
instances in which the Al tools performed well, (2) instances in which
GPT-40 performed better than ChatGPT, and (3) instances in which the
Al tools did not perform effectively. Table 7 provides an overview of the
major identified competences and weaknesses of the Al tools in class-
room discourse analysis.

4.2.1. Instances in which the Al tools performed well

In some talk turns, the codes assigned by ChatGPT and GPT-4o
aligned with the human standard. Most of these codes (n = 72) per-
tained to everyday classroom interactions (Competence 1) within the
Others category of codes, such as “Affirmation,” “Student responses,”
and “Guiding and administration.” For example, both Al tools correctly
assigned the code “Affirmation” to the teacher’s statement, “The Py-
thagorean theorem, yes, that is right ...” (Lesson 3 Turn 24). The human
coders identified that this statement showed the teacher affirming a
student’s answer. ChatGPT described it as “the teacher affirms Student
2’s response and praises their correct answer,” whereas GPT-40
explained that “the teacher acknowledges and validates the student’s
correct response.” In another example, Student 6 provided a short nu-
merical answer, “153” (Lesson 1 Turn 93), and both Al tools categorised
the turn as “Student responses.” ChatGPT noted that “Student 6
responded with the answer 153,” and GPT-40 remarked that “the stu-
dent responded with the result 153.” These examples illustrate that both
Al tools were capable of accurately categorising certain everyday
classroom interactions.

4.2.2. Instances in which GPT-4o performed better than ChatGPT
GPT-40 demonstrated superior competence in classifying broad
categories (Competence 2). At the category level, the agreement be-
tween the human standard and GPT-40 output was substantial, whereas
the agreement between the human standard and ChatGPT output was
fair (Table 5). For example, in Lesson 1 Turn 122, the teacher asked a
student to elaborate on the next step: “40% more than the females, so
what should we do next?” In alignment with the human standard, GPT-
4o assigned this talk turn the APT code “Say more.” However, ChatGPT
assigned this turn the MDI code “Tasks,” describing it as “the teacher
instructs on the next steps to be taken in solving the equation involving
the male members.” Similarly, regarding the talk turn “Okay. Following
this, we have to subtract something. Which one should we subtract?”
(Lesson 2 Turn 30), which was a “Say more” talk turn, GPT-40 assigned
different APT code, “Press for reasoning.” However, ChatGPT assigned it
the MDI code “Tasks.” Clearly, in both the talk turns, the teacher did not
prompt the students to perform familiar operations or apply skills.

Table 7
Major competences and weaknesses identified in ChatGPT and GPT-4o0 for
classroom discourse analysis.

Performance Description ChatGPT  GPT-
40

Competence Identification of everyday classroom v v
1 interactions

Competence Recognition of main categories x v
2

Competence Recognition of speaker roles x v
3

Weakness 1 Lack of pedagogical content knowledge v v

Weakness 2 Misinterpretation of code definitions v v

Weakness 3 Creation of unnecessary codes v v
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Instead, he requested them to say more, which, in the second instance,
GPT-4o at least correctly interpreted as an APT move to elicit students’
responses.

GPT-40 also demonstrated superior capacity in recognising roles
(Competence 3). GPT-40 correctly identified the student and teacher
roles in the turns, whereas ChatGPT misinterpreted the roles in some
turns. For example, in Lesson 3 Turns 68 to 69, the teacher asked a
student, “How did you get the 4?”” The student responded, “Add 6.” GPT-
4o assigned the same codes to these turns as the human standard, cat-
egorising Turn 68 as “Press for reasoning” and the next turn as “Student
responses.” It explained that “the teacher asks the student to explain
how they derived the new y-coordinate” (Turn 68) and “the student
explains that the new y-coordinate is found by adding 6 to the original y-
coordinate” (Turn 69). In contrast, ChatGPT incorrectly categorised
Turn 68 as “Student responses,” stating that “Student 4 explains that the
value changes by adding 6,” and assigned the next turn the code
“Affirmation,” explaining that “the teacher acknowledges Student 4’s
explanation and thanks them for their contribution.” This finding sug-
gests that ChatGPT occasionally had difficulty distinguishing roles
within a conversation.

4.2.3. Instances in which the Al tools did not perform well

We identified three major weaknesses of the Al tools: (1) lack of
pedagogical content knowledge, (2) misinterpretation of code defini-
tions, and (3) creation of unnecessary codes. First, although the Al tools
correctly identified a range of mathematical concepts, they lacked an
understanding of how these concepts were presented in teaching prac-
tices. This limited pedagogical content knowledge led to inaccuracies in
assigning the MDI codes. For example, in Lesson 2 Turn 54, the teacher
instructed the students, “If the two inequalities are in the same direction,
that is, x is greater than a and simultaneously x is greater than b, to
satisfy both conditions, there can only be one range. So, the final solu-
tion would take the one in which x is greater than b.” The human coders
coded this talk turn as “Legitimations,” suggesting that “the teacher was
justifying concepts associated with compound inequalities.” However,
ChatGPT coded this talk turn as “Tasks,” explaining that “the teacher
introduces another case for compound inequalities with two inequalities
in the same direction, explaining the solution process for ‘and’ situa-
tions.” Similarly, GPT-40 mistakenly coded this talk turn as “Examples,”
describing it as “the teacher is presenting another example to explain a
different case with ‘and’ conditions, showing the overlap and how to
represent the solution.” Despite demonstrating an understanding of the
mathematical concept, the Al tools failed to comprehend the teacher’s
purpose of justifying concepts within compound inequalities (i.e., “Le-
gitimations”) rather than requiring students to perform “tasks,” as
indicated by ChatGPT, or presenting “Examples,” as indicated by GPT-
4o0. This gap between their knowledge of pedagogical content and its
application in teaching practices led to issues in their assignment of
codes.

Second, both Al tools misinterpreted some of the code definitions.
For example, in Lesson 3 Turn 40, the teacher checked a student’s
attention by asking, “Okay, this is just a random question. There is no
preference for whom to ask. I will ask ... is Rebecca [a pseudonym for
the student] here?” Instead of categorising this talk turn as “Checking
attention,” both ChatGPT and GPT-40 coded this turn as “Add on.”
ChatGPT described the turn as “the teacher randomly asks a student,
Rebecca [a pseudonym of the student], if they are present in the class for
a question,” whereas GPT-40 explained it as “the teacher randomly se-
lects a student to answer the question about the coordinates of B’.”
According to the codebook, “Add on” means prompting other student(s)
to participate further. However, the teacher’s question served as a
prompt to check a student’s attention rather than to elicit further re-
sponses from other students. These findings indicated that the Al tools
were limited in their ability to fully interpret the code definitions,
leading to inaccurate code assignments.

Third, the Al tools generated additional codes that were very similar
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to those defined in the codebook. ChatGPT and GPT-40 produced five
and four new codes, respectively. For example, in Lesson 2 Turn 80, the
teacher asked, “Yes, can you further explain one more time?”” ChatGPT
categorised this talk turn as “Clarification,” explaining that “the teacher
asks Student 4 to repeat their explanation for clarity.” GPT-40 assigned
this talk turn the code “Repetition,” stating that “the teacher asks the
student to repeat their suggestion, ensuring clarity.” These codes and
descriptions reflected their understanding of the talk turn in which the
teacher requested the student to repeat or clarify by providing further
explanation. However, their new codes, “Clarification” and “Repeti-
tion,” were similar to the ATP code “Say more.” These findings suggested
that the Al tools overlooked relevant codes covered in the prescribed
codebook and created unnecessary new codes.

5. Discussion

This study examined the performance of ChatGPT and GPT-40 in
analysing classroom discourse data. In this section, we first highlight the
areas in which these Al tools can assist researchers and teacher educa-
tors in the context of teacher PD. Next, we explore the current short-
comings of these AI tools in this domain. Finally, we discuss the
implications and limitations of our study and provide recommendations
for future research.

5.1. Areas in which Al tools can assist in analysing classroom discourse
data

Recognising everyday classroom interactions: Both of the Al tools,
particularly GPT-40, demonstrated competence in recognising and
coding everyday classroom interactions (see Section 4.2.1). This
competence is significant because it allows for the efficient analysis of
classroom routines. Consistent with findings in other research areas (e.
g., Morgan, 2023; Sen et al., 2023), the Al tools were able to qualita-
tively analyse the meaning of the classroom discourse data. Both Al tools
understood Cantonese and provided explanations for their coding de-
cisions (Zambrano et al., 2023; Zhang et al., 2024). These competences
can aid teacher educators in PD contexts by automating the coding of
everyday classroom interactions. Thus, despite these Al tools’ limita-
tions in understanding deeper pedagogical content knowledge (see
Section 4.2.3), their ability to handle routine interaction coding can free
up teacher educators’ time, allowing them to focus on interpreting
PD-specific data related to how teachers present knowledge and engage
students in academically productive discussions.

Classifying broad categories: When classifying broad categories of
classroom discourse, GPT-40 demonstrated substantial agreement with
the human standard, showcasing more advanced capabilities than
ChatGPT (see Table 5). Specifically, GPT-4o effectively classified talk
turns into the three prescribed categories, namely MDI (Adler & Ronda,
2015), APT (Resnick et al., 2010), and Others. This observation aligns
with the findings of Misiejuk et al. (2024), who found that GPT-4 was
reasonably reliable in coding students’ online written discourse. In their
study, GPT-4 showed substantial agreement with human coding for
various coding categories, such as “Theory”, Integration,” and “Per-
sonal.” In the current study, we found that GPT-40 excelled in identi-
fying whether a talk turn was from a teacher or a student (see Section
4.2.2), whereas ChatGPT occasionally confused these roles, consistent
with the findings of Sen et al. (2023). GPT-40’s ability to correctly
classify talk turns into broad categories and identify roles can signifi-
cantly facilitate the initial analysis of classroom discourse data. This
automated initial analysis by GPT-4o can provide teacher educators with
an overview of the distribution of talk turns by category, making it a
valuable tool in the context of teacher PD.
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5.2. Areas in which the Al tools cannot yet assist in analysing classroom
discourse data

Inadequate performance at the code level: Although GPT-40 can
assist teacher educators in category-level coding, it is still significantly
limited in its performance at the code level. The results of this study
indicate that both ChatGPT and GPT-4o struggled with assigning cor-
rect, specific MDI and APT codes (see Table 6). These findings contrast
with the more encouraging results reported in the literature regarding
the Al tools’ ability to conduct thematic analysis (e.g., Misiejuk et al.,
2024; Zambrano et al., 2023). The current study provided evidence that
at the code level, the performance of both Al tools was less promising, as
they failed to understand how pedagogical content knowledge was
presented in teaching practices (see Section 4.2.3). This finding aligns
with that of Wang et al. (2023), who noted that ChatGPT demonstrated
only fair agreement with human coders when assessing pedagogy in
student feedback on mathematics lessons.

Generating unnecessary new codes: Another drawback observed in
using ChatGPT and GPT-4o for classroom discourse analysis was their
tendency to generate unnecessary new codes, despite clear instructions
to strictly adhere to the prescribed codebook (see Table 3). This finding
is consistent with concerns highlighted by Yan et al. (2024), whose
participants noted instances of ChatGPT generating hallucinated results
(i.e., results that are not based on fact and are misleading) and fabricated
codes. In the current study, we found that GPT-4o0 also introduced
redundant or duplicate codes that did not align with the predefined MDI
and APT frameworks for classroom discourse analysis. Such deviations
may confuse teachers and divert attention from the intended goal of
improving targeted teaching behaviour, such as using APT turns to
engage students in class discussions (see Chen et al., 2020 for a review).

5.3. Implications, limitations, and recommendations for future research

Building on the seminal work by Zhang et al. (2024), the current
study generated an enriched seven-component framework for prompt
design and instructions for Al tools (see Table 3). This framework guides
Al tools in generating relevant outputs by providing contextual infor-
mation and clearly structuring human—Al interactions. Researchers can
modify the prompts to suit their own contexts and specific needs,
thereby ensuring the utility and performance of Al tools across diverse
settings.

Based on our comparison of the performance of ChatGPT and GPT-
40, we recommend using GPT-40 to facilitate classroom discourse
analysis for teacher educators in PD contexts. Our proposed approach
involves a structured two-stage process to exploit the capabilities of
GPT-40 without requiring advanced Al knowledge or techniques. First,
teacher educators can use GPT-4o for category-level analysis, thereby
providing teachers with timely resources for reflection. However, it is
essential to validate any new Al-generated codes before presenting the
analytics for teachers to review at this stage. Following this, “a hybrid
approach that integrates human judgement” (Misiejuk et al., 2024, p. 1)
should be applied. At this stage, teacher educators can use GPT-40 to
conduct code-level analysis and update the coding outcomes to support
deeper teacher reflection. While the current study focused on teacher
PD, the potential utility of the two-stage approach extends to other
contexts involving qualitative analysis. For example, Misiejuk et al.
(2024) demonstrated that Al tools could assist in classifying discussion
forum contributions into main themes, such as group engagement. As a
potential next step, researchers could collaborate with AI tools to
identify sub-themes, such as “constructive criticism,” “compliments for
previous postings,” or “questions that lead to more discussions” (p. 5),
thereby further enriching analysis.

Finally, this study had several limitations that must be acknowl-
edged. First, our investigation was restricted to synchronous online
mathematics instruction. Although this enabled us to garner valuable
insights into how ChatGPT and GPT-4o0 handles classroom discourse
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data in this subject domain and context, it limits the generalisability of
our results. Different disciplines and instructional environments may
require distinct coding frameworks and pedagogical understanding,
which could influence the performance of the Al tools. Second, the study
was conducted within a Chinese classroom context. Cultural and
contextual factors unique to this setting may have impacted the Al tools’
performance. Third, we established and utilised a specific codebook
based on the literature to guide discourse analysis. However, the Al
tools’ performance may vary with the use of different codebooks tailored
to other educational frameworks or subjects. To address the first three
limitations, future research should incorporate a broader range of sub-
jects and educational contexts to provide a more comprehensive eval-
uation of the capabilities of Al tools in classroom discourse analysis.
Fourth, we did not examine multiple outputs from the AI tools and only
refined queries between the pilot and main studies to enhance output
quality. Future research can explore the consistency and accuracy of
varied responses generated by the same Al tools and engage interac-
tively with these tools during a coding process.

6. Conclusion

This study evaluated the performance of ChatGPT and GPT-40 in
analysing classroom discourse data within the context of synchronous
online mathematics instruction. Our findings revealed that GPT-4o
outperformed ChatGPT and demonstrated potential utility for classi-
fying broad categories of talk turns. However, significant limitations in
these Al tools’ outputs were identified at the code level, and they
generated unnecessary new codes. Based on these insights, we recom-
mend utilising GPT-4o for initial category-level analysis, followed by
manual verification and refinement of the output at the code level to
ensure accuracy and relevance. While this two-stage approach may not
necessarily improve the coding quality of teacher educators, it can
accelerate and enhance the efficiency of the coding process. Specifically,
an Al tool reduces the burden of categorising broad themes and allows
teacher educators to focus on refining and verifying Al-generated codes
rather than requiring them to prepare codes from scratch. Most impor-
tantly, this two-stage process can enhance the effectiveness of teacher
PD, as it first provides teachers with a timely initial overview and then
facilitates their deeper reflection on teaching practices. Future studies
should extend this research beyond the mathematics domain and Chi-
nese classroom context to explore the applicability and performance of
these Al tools in diverse subject disciplines and educational settings.
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