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Abstract: Collaborative Problem Solving (CPS) is a vital 21st-century skill that demands nuanced coordination of cognitive,
social, and regulatory processes among learners. In face-to-face classrooms, peer dialogue offers rich data for studying CPS,
but manual annotation of such unstructured, oral interaction is labour-intensive and difficult to scale. This study investigates
whether open-source Large Language Models (LLMs), including Llama and Qwen, can perform inductive qualitative coding
on classroom peer dialogues using zero-shot prompting alone—without fine-tuning or training data. We collected over
210,000 words of dialogue transcripts from 38 student dyads across two CPS tasks at university classrooms: an engineering
design activity and a GenAl-supported peer assessment of lesson plans. Through a multi-phase process, we iteratively
developed three zero-shot prompting strategies (self-prompting, chain-of-thought prompting, and in-context prompting) via
GPT-4o interactions and deployed them across different LLMs via APl access. Our findings suggest that in-context prompting
consistently yields context-sensitive and theoretically coherent CPS constructs. Chain-of-thought prompting facilitates
abstract reasoning but may lead to overgeneralization, while self-prompting demonstrates autonomous logic yet lacks
consistency. Expert evaluations using a five-dimensional rubric (clarity, concreteness, objectivity, granularity, specificity)
show moderate to high alignment between human and LLM-generated codes, although LLMs tend to overrate clarity and
coherence. We further analyse discrepancies between LLMs and academic frameworks such as PISA CPS and ATC21S, and
highlight challenges such as terminological drift, low recall, and theoretical misalignment. This work contributes a scalable,
human-centered workflow for inductive coding of classroom dialogue and provides ready-to-use prompt templates for
educational researchers. The aim of this study is to critically examine whether open-source LLMs can inductively code
classroom peer dialogue in collaborative problem-solving tasks, while acknowledging both their potential and limitations in
educational practice. We conclude with a dual-pathway strategy for combining practice-oriented, behaviourally grounded
constructs with theory-aligned coding schemes, and offer design recommendations for future human-Al collaborative tools
in learning analytics and classroom assessment.
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1. Introduction

Collaborative Problem Solving (CPS) is increasingly recognised as a critical 21st-century skill, aligned with global
educational priorities (OECD, 2017). As artificial intelligence (Al) technologies become more integrated into
classrooms, understanding how students engage in CPS is essential for providing timely pedagogical feedback
and designing effective learning environments. However, analysing peer dialogue to identify CPS behaviours
remains a methodological bottleneck. Manual annotation is costly, labour-intensive, and time-consuming—
especially in face-to-face (F2F) classroom settings where conversations are dynamic, unstructured, and
contextually embedded.

Recent advances in large language models (LLMs) have shown promise in automating qualitative coding tasks.
Prior studies have explored their use in deductive coding (Ramanathan et al., 2025), rubric-based annotation
(Vujinovic et al., 2024), and structured online interactions (Pinargote et al., 2024; Na & Feng, 2025). However,
few studies have examined how LLMs perform inductive coding on raw, oral peer dialogue in F2F classroom
settings, particularly using prompt-only zero-shot strategies without fine-tuning.

This study investigates whether open-source LLMs can meaningfully and reliably support inductive CPS coding
in such contexts. We build on prompt engineering frameworks such as CLEAR (Lo, 2023) and TELeR (Santu &
Feng, 2023), adapting them to real-world educational data. Specifically, we compare three zero-shot prompting
strategies—in-context prompting, self-prompting, and chain-of-thought prompting—to evaluate their
effectiveness in generating CPS constructs from classroom dialogue. We further explore the practical
implications of these methods for supporting teachers in understanding and responding to students’
collaborative learning behaviours.

Pitfalls of integrating LLMs in education. While LLMs offer opportunities for scalable and context-sensitive
analysis, it is important to acknowledge the pitfalls of EdTech integration. Over-reliance on automated coding
tools risks reducing teachers’ professional agency and may lead to unintended consequences in practical
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classroom use, as algorithms can oversimplify nuanced student interactions (Harvey et al., 2025). Moreover,
LLMs often operate as “black boxes,” raising concerns about data privacy, system bias, transparency,
reproducibility, and accountability in classroom assessment (Pitts et al., 2025). These risks highlight the need for
critical reflection when embedding LLM-based tools into classroom practice.

Our contributions are threefold: We construct a domain-informed, multi-turn prompt chaining structure for
inductive coding of CPS behaviours; We compare multiple LLMs in terms of accuracy, interpretability, and
construct complexity in educational behaviour recognition tasks; We explore the potential of LLMs as
pedagogical expert annotators, capable of generating context-sensitive scaffolding suggestions from raw
classroom dialogue.

2. Related Work and Research Questions

This section reviews prior work in four key areas relevant to our study: (1) established frameworks for
collaborative problem solving, (2) the use of large language models (LLMs) in educational text annotation and
dialogue analysis, (3) prompting strategies for qualitative coding, and (4) human-Al collaboration in educational
assessment.

To interpret CPS behaviours, several well-established frameworks have been developed, including the indicator-
based mapping by Sun et al. (2022), the PISA CPS framework (OECD, 2017), the ATC21S framework (Hesse et al.,
2015), and the CPS Ontology (Andrews-Todd et al., 2023). These frameworks typically distinguish between social
and cognitive dimensions, covering facets such as shared understanding, task regulation, negotiation, and
communication. While they offer strong theoretical grounding and are widely used in standardized assessments,
their abstract constructs and formal terminology often pose challenges when applied to spontaneous, real-time
classroom dialogue. In particular, they may lack the linguistic naturalism and contextual adaptability needed to
capture the nuanced nature of peer interactions in face-to-face learning environments.

Recent studies have explored the potential of LLMs to support educational annotation tasks. Vujinovi¢ et al.
(2024) demonstrated that ChatGPT can serve as a pedagogy expert annotator, while Ramanathan et al. (2025)
proposed a grounded prompt engineering (GROPROE) approach to translate literature-based codebooks into
effective prompts for deductive coding. In collaborative learning contexts, Pinargote et al. (2024) used GPT-3.5
to classify utterances into collaboration metrics, and Na and Feng (2025) enhanced LLMs’ contextual
understanding by modelling interdependencies between different communicative components in dialogue.
Snyder et al. (2024) further applied LLMs to analyse CPS behaviour patterns across performance levels. However,
few studies have examined how LLMs perform inductive coding on unstructured, oral peer dialogue in face-to-
face classroom settings using prompt-only strategies.

Prompt engineering plays a critical role in shaping LLM outputs, especially in zero-shot or few-shot scenarios.
While frameworks such as CLEAR (Lo, 2023) and TELeR (Santu & Feng, 2023) offer abstract guidance, they often
require domain-specific adaptation. Ramanathan et al. (2025) iteratively refined chain-of-thought prompts
based on prior frameworks, and Snyder et al. (2024) experimented with pattern-based prompting strategies. Na
and Feng (2025) leveraged in-context learning to embed human knowledge into prompts. Despite these
advances, there is limited empirical evidence comparing different zero-shot prompting strategies for inductive
coding of CPS behaviours in authentic classroom dialogue.

Finally, research on human-Al collaboration in educational assessment highlights both the potential and
limitations of LLMs. Ramanathan et al. (2025) noted that while LLMs can explain their coding decisions, they may
exhibit sycophantic bias in interactive settings. Parfenova et al. (2025) found that human coders outperform
LLMs on complex sentences, whereas LLMs perform better on simpler ones. These findings suggest
complementary strengths and underscore the need to examine alignment patterns and interpretive gaps
between human and machine evaluations. Our study builds on this line of work by focusing on inductive coding
from raw, unstructured peer dialogues using prompt-only strategies without fine-tuning, and by comparing the
performance of three zero-shot prompting methods—self-prompting, in-context prompting, and chain-of-
thought prompting—in real-time classroom settings. We further explore the practical implications of these
methods for supporting teachers in understanding and responding to students’ collaborative learning
behaviours.

Different from prior work, the aim of this study is to critically examine whether open-source LLMs can inductively
code classroom peer dialogue in collaborative problem-solving tasks, while acknowledging both their potential
and limitations in educational practice. This approach emphasizes transparency, scalability, and adaptability for
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educational use. Specifically, we investigate the following research questions using data from university
classrooms:

RQ1: How do performances of three different zero-shot prompting strategies (in-context, self-prompting, and
chain-of-thought) differ in inductive coding of CPS behaviours in peer oral dialogue from face-to-face classrooms?

RQ2: What are the relative advantages and disadvantages of automatic inductive coding methods for improving
teachers’ practice?

3. Methods

This study adopts a multi-phase approach to explore the feasibility and effectiveness of using open large
language models (LLMs) for inductive qualitative coding of collaborative problem-solving (CPS) behaviours in
oral peer dialogues. The overall strategy involves prompt development using small-scale samples, followed by
large-scale automated coding using refined prompts, and expert-based evaluation of the generated constructs.

3.1 Data Collection

We collected peer dialogue transcripts from 38 dyad groups across two face-to-face CPS tasks from two
university classrooms:

Task A: An engineering-based design challenge (ICMP task)
Task B: A GenAl-supported peer assessment of lesson plans

All dialogues were audio-recorded and manually transcribed, resulting in a total word count of 214,696
words (134,256 from Task A and 80,440 from Task B).

3.2 Prompt Development and Coding Strategy

We adopted a prompt-only zero-shot strategy using open LLMs (e.g., Llama 3.1/3.3/4, Qwen3) via API access.
The coding process followed these steps:

Prompt Iteration: Initial prompts were developed using small samples from the dataset. Drawing on frameworks
such as CLEAR (Lo, 2023) and TELeR (Santu & Feng, 2023), we iteratively refined the prompts through multi-turn
interactions with GPT-4o. This involved adjusting instructions, formatting, and output structure to improve
clarity and alignment with inductive coding principles.

Prompt Types: Referring to the prompt strategies used in the study by Liu Y. et al. (2024), we compare three
zero-shot coding methods: self-prompt, chain-of-thought, in-context prompt. We compared three prompting
strategies to generate the zero-shot prompting. Inspiring by the experience from the article by Dai et al. (2025),
several round prompt iterations was conducted.

Scaling Up: Finalized prompts were used to code the full dataset. Due to token window limitations, longer
transcripts were segmented before processing. The temperature was set to 0.8 to encourage diverse and
exploratory outputs, consistent with prior studies (Zhang et al., 2025; Parfenova et al. 2025).

3.3 Construct Evaluation and Framework Comparison

After coding, CPS constructs were synthesized by GPT-40 and verified by human experts. The evaluation
followed the five-dimension rubric from Liu X. et al. (2024), assessing: Clarity, Concreteness, Objectivity,
Granularity, Specificity. Each construct was rated on a 0-2 scale with justifications. The resulting codebooks were
then compared with established CPS frameworks including Sun et al. (2022), the PISA CPS framework (OECD,
2017), the ATC21S framework (Hesse et al., 2015), and the CPS Ontology (Andrews-Todd et al., 2023) to identify
overlaps. A simplified workflow is illustrated in Figure 1.

The code solution to call LLMs APl in multi-turn dialogue transcription analysis, 3 prompt templates used in this
code solution, one example of the coding results (Llama4+promptl1+ICMP task), one example of the GPT 4o
analysis of the coding results (Llama4+prompt1+ICMP task) are available via
OSF: https://osf.io/sm5zp/?view only=1f71b048431a45b9b7118c8b21fe3bdc
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Figure 1: Analysis method
4. Results

For RQ1: How do performances of three different zero-shot prompting strategies (in-context, self-prompting, and
chain-of-thought) differ in inductive coding of CPS behaviours in peer oral dialogue from face-to-face classrooms?

This section presents a concise synthesis of the outputs generated by large language models (LLMs) across
various collaborative problem-solving (CPS) tasks. Rather than providing an in-depth interpretive analysis, the
focus here is on summarizing the types and structures of CPS skills identified through inductive coding.

For RQ2: What are the relative advantages and disadvantages of automatic inductive coding methods for
improving teachers’ practice?

Issues related to human verification, theoretical alignment, and interpretive challenges are discussed in detail
in the subsequent Discussion section.

Overall, the use of LLM APIs for large-scale inductive coding proved to be both practical and efficient. Across
different tasks, the models generated context-sensitive CPS skill constructs, with nuanced variation depending
on the prompt design and model architecture. Specifically:

In-context prompting yielded nuanced and context-aware outputs;
Self-prompting showed potential for autonomous reasoning but struggled with consistency;

Chain-of-thought prompting excelled at logical sequencing and abstraction, though it occasionally led to
overgeneralization.

Different prompts applied to different LLMs revealed distinct patterns in CPS skill labelling, suggesting that
prompt design plays a critical role in shaping the granularity and relevance of the generated constructs.

To facilitate cross-model comparison, frequent CPS skills identified across LLMs were synthesized by human
coders into a unified table. This synthesis used less task-specific terminology to enhance generalizability and
support subsequent alignment with academic frameworks. To illustrate the variation in CPS constructs
generated by large language models (LLMs) under different prompting strategies and task contexts, we initially
generated six tables. For brevity, we present two representative examples in the main text: Table 1 (in-context
prompting in the ICMP task) and Table 2 (chain-of-thought prompting in the lesson plan task). The remaining
tables are available on the OSF link: https://osf.io/sm5zp/?view only=1f71b048431a45b9b7118c8b21fe3bdc

Table 1: CPS construct induced by LLMs using in-context prompts in ICMP engineering operation task

Dimensions LLMs generated CPS skills Academic terms

cognitive Trial and error + experimental Task regulation (ATC21S), Planning and executing
adjustment — Problem-solving ability (PISA)

Clarifying issues and division of roles Task regulation (ATC21S), Planning and executing

(PISA)
Tool usage — Technological Task regulation (ATC21S), Planning and executing
proficiency (PISA), Exploring and understanding (CPS
Ontology)
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Dimensions

LLMs generated CPS skills

Academic terms

social

Expression and response —
Communication competence

Maintaining communication (CPS Ontology),
Responding to others’ ideas (Sun et al., 2022)

Knowledge sharing — Collaborative
support capability

Establishing shared understanding (CPS
Ontology), Participation+Social regulation
(ATC218), Establishing and maintaining shared
understanding (PISA)

Role allocation — Coordination and
team management

Establishing and maintaining team organization
(PISA), Participation +Social regulation (ATC21S)

Emotional encouragement — Socio-
emotional regulation

Compliments or encourages others (Sun et al.,
2022), Participation +Social regulation (ATC21S)

metacognition

Process monitoring — Strategic
adjustment skills

Monitoring and reflecting (PISA), Monitoring (CPS
Ontology)

Experience reflection — Self-
assessment ability

Monitoring and reflecting (PISA), Task regulation
(ATC21S)

Perseverance/adaptation —
Adaptability

Suggests appropriate ideas (Sun et al., 2022),
Perspective taking (ATC21S)

Seeking assistance — Remedial
strategy capability

Social regulation (ATC21S), Asking for suggestions
(Sun et al., 2022)

assessment of lesson plans

Table 2: CPS construct induced by LLMs using Chain-of-thought prompts in GenAl-supported peer

Dimensions LLMs generated CPS skills Academic terms
Cognitive Structured Task Planning Planning and executing (PISA), Task regulation
(ATC218S), Planning (CPS Ontology)
Technical & Adaptive Integration Task regulation (ATC21S), Planning and executing
(PISA), Exploring and understanding (CPS
Ontology)
Social Dialogue-Based Knowledge Co- Discusses results (Sun et al., 2022), Participation

Construction

(ATC218), Establishing and maintaining shared
understanding (PISA)

Metacognitive

Collaborative Goal Regulation

Monitoring and reflecting (PISA), Monitoring (CPS
Ontology)

Evaluating the Consistency of Human and LLM Coding

This subsection examines the alignment between human raters and LLMs in evaluating CPS constructs generated
through inductive coding. Overall, the results indicate moderate to high alignment between human and machine
ratings across evaluated dimensions. However, notable differences were observed in scoring tendencies:

e LLMs tended to assign higher scores to CPS constructs, possibly due to their reliance on surface-level
coherence and internal consistency;

e Human raters, by contrast, often drew on their familiarity with the dataset and existing theoretical
frameworks, leading to more conservative evaluations—particularly when constructs lacked coverage
or theoretical grounding.

The average scores across key dimensions (e.g., clarity, theoretical alignment, transferability) are summarized
in Table 3.

Table 3: Average scores of evaluated dimensions for each construct

Rater+LLMs | Prompt | Sum Clarity Concreteness | Objectivity Granularity Specificity
Human+ 1 6.9 1.5 1.35 1.4 1.15 1.5
Llama4 2 6.85 1.5 1.5 1.35 1 1.5

3 7.15 1.4 1.45 1.55 1.25 1.5

GPT-40+ 1 8.2 1.915 1.55 1.55 1.45 1.735

Llama4 2 7.55 1.815 1.385 1.615 1 1.735
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Rater+LLMs | Prompt | Sum Clarity Concreteness | Objectivity Granularity Specificity
3 7.535 1.79 1.535 1.69 1 1.52

Human+ 1 6.25 1.25 1.25 1.25 1.25 1.25
Llama3.3 2 6.875 1.375 1.375 1.375 1.375 1.375
3 6.25 1.25 1.25 1.25 1.25 1.25

GPT-40+ 1 8.96 1.875 1.875 1.875 1.46 1.875
Llama3.3 2 8.975 1.855 1.93 1.93 1.475 1.785
3 8.395 1.9 1.59 1.715 1.45 1.74

Human+ 1 7.125 1.375 1.375 1.375 1.5 1.5
Llama3.1 2 7.25 1.375 1.375 1.5 1.5 1.5
3 7.5 1.5 1.5 1.5 1.5 1.5

GPT-40+ 1 7.625 1.875 1.585 1.29 1.165 1.71
Llama3.1 2 8.75 2 1.835 1.665 1.415 1.835
3 8.43 1.9 1.735 1.615 1.465 1.715

Human+ 1 6.9 1.4 1.4 1.3 1.3 1.5
Qwen3 2 7.35 1.5 1.5 1.5 1.35 1.5
3 7.5 1.5 1.5 1.5 1.5 1.5

GPT-40+ 1 8.165 2 1.5 1.5 1.33 1.835
Qwen3 2 9.17 1.835 1.835 1.835 1.665 2
3 9.165 2 1.75 1.835 1.665 1.915

Note: the LLMs in the first column refer to the API during the scale inductive coding. Prompt 1is the final prompt
after in-context prompting strategy between human-GPT-40; Prompt 2 is the final prompt after self-prompting
strategy between human-GPT-40; Prompt 3 is the final prompt after Chain-of-thought prompting strategy
between human-GPT-4o.

5. Discussion

While this study identifies several limitations in the use of LLMs for inductive qualitative coding—such as
inconsistency, lack of transparency, and weak theoretical grounding—it also reveals important strengths that
highlight the practical value of LLMs in educational research and practice.

5.1 Strengths

First, the locally generated “behavior - skill” constructs, grounded in authentic student dialogue (e.g., “you
revise the structure, I'll add an example”), offer clarity, concreteness, and immediate usability for instructional
design, classroom observation, and formative assessment. Compared to academic CPS frameworks such as PISA
(OECD, 2017), ATC21S (Hesse et al., 2015), and the CPS Ontology (Andrews-Todd et al., 2023), these LLM-derived
constructs are more accessible to teachers and students, easier to observe and operationalize, and better suited
for real-world discourse analysis.

Second, inductive coding using LLM APIs at scale proves to be both efficient and feasible, especially for large
datasets. The models are capable of generating context-sensitive CPS skills that reflect the nuances of different
tasks. Notably, in-context prompting yields outputs that are linguistically natural and context-aware, particularly
in tasks with limited prior information. Chain-of-thought prompting supports logical sequencing and abstraction,
though it may occasionally overgeneralize. Self-prompting shows potential for autonomous reasoning but
remains inconsistent.

5.2 Challenges

This study reveals several critical limitations and inconsistencies in the use of large language models (LLMs) for
gualitative coding in collaborative problem-solving tasks, particularly when applied to educational contexts such
as lesson planning and instructional design. Our findings highlight three major challenges: instability across
models, lack of transparency in inductive reasoning, and insufficient abstraction and theoretical grounding.
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Instability Across Models and Prompts. A key observation is the inconsistency in code schemes generated by
different LLMs (e.g., LLama4 vs. Qwen3) when given the same prompt. For instance, under Prompt 1, LLama4
identified cognitive dimensions such as Problem Identification & Structured Analysis, Critical Thinking, Lesson
Structuring & Instructional Design, and Content Integration & Application. In contrast, Qwen3 produced a
different set of dimensions, including Critical Thinking, Cognitive Restructuring, Adaptive Problem Solving,
and Technical Tool Application. These discrepancies suggest that LLMs lack a stable internal representation of
CPS constructs, leading to divergent interpretations even under controlled conditions.

Lack of Transparent Inductive Processes. Despite the use of Chain-of-thought prompting, the inductive
reasoning process behind LLM-generated codes remains opaque. It is unclear whether the models rely on
semantic similarity, frequency of phrase occurrence, or other heuristics. This lack of transparency undermines
the interpretability and replicability of the coding process. This phenomenon also has been reported by the
studies by Liu X. et al. (2024) in deductive coding tasks. They claimed that the API usage is less effective at
explaining its decisions, identifying ambiguities in definitions compared to Open Al ChatGPT interface.

Insufficient abstraction and theoretical grounding. The generated code schemes often exhibit low abstraction
and weak theoretical coherence. Unlike academic CPS frameworks, which feature mutually exclusive and
hierarchically structured skills, LLM-generated schemes tend to be fragmented and overlapping. For example,
when applying a code scheme derived from the ICMP task to lesson plan tasks, many skills lacked corresponding
behavioural samples. Some behaviours specific to lesson planning were not captured in the original CPS
framework, indicating poor generalizability and limited transferability of inductively generated codes.

5.3 Pitfalls of Integrating LLMs in Education

Beyond these methodological issues, our findings also underscore broader pitfalls of integrating EdTech in
educational settings. The instability and opacity of LLM outputs highlight risks for teachers who might over-rely
on machine-generated codes, potentially overlooking the contextual richness of student dialogue. Furthermore,
terminological drift and incomplete tagging raise concerns about fairness and validity when such tools are used
for high-stakes assessment. These challenges echo earlier critiques of Al in education (e.g., Liu X. et al., 2024;
Ramanathan et al.,, 2025), which caution against assuming that efficiency gains necessarily translate into
pedagogical value. A more balanced view requires recognizing both the scalability of LLM-based coding and its
limitations in terms of transparency, teacher agency, and ethical responsibility (Harvey et al., 2025; Pitts et al.,
2025). In this study, at the operation level, these pitfalls were demonstrated in the following ways:

Terminological Inconsistency and Conceptual Drift. This issue is related to the inconsistency in terminology
across tasks and prompts. Constructs such as Goal Awareness & Task Orientation appeared in earlier outputs
but were later replaced or omitted, with only loosely related constructs like Goal-oriented Strategic
Thinking emerging in subsequent analyses. This terminological drift leads to the proliferation of similar but non-
identical items, complicating efforts to synthesize or compare results across tasks.

Low Recall and Incomplete Tagging in Open Coding. In tasks requiring fine-grained classification (e.g., Prompt
2’s segmentation into cognitive, procedural, and affective talk), LLMs often failed to assign tags to each
utterance. Instead, they provided summaries without detailing the abstraction process from behaviour to skill.
This aligns with prior findings (e.g., Liu X. et al., 2024), which reported that zero-shot LLMs tend to miss many
relevant cases, resulting in lower recall compared to human coders or few-shot approaches.

Overlapping Codes and Dimensional Ambiguity in Axial Coding. During axial coding, LLMs frequently generated
overlapping items across dimensions. For instance, in the GenAl-assisted lesson plan assessment task, both A/
Evaluation and Al-assisted Usage were categorized under Technological Mediation Collaboration, despite
representing distinct cognitive operations. This suggests that LLMs struggle to maintain dimensional clarity and
often conflate related but separate constructs. This is aligned with the expression about the open coding phase
by Parfenova et al. (2025) that categories and clustering codes from open coding phase into higher-order
categories in axial coding stage by grouped hierarchically into more abstract categories remains a separate task
requiring distinct experiment and evaluation.

Limited Alignment with Established Frameworks. LLMs are unable to autonomously align their outputs with
established academic frameworks unless explicitly instructed. Even when provided with a CPS framework and
specific task requirements, the alignment results are partial—offering only examples rather than a
comprehensive mapping of all generated skills to existing constructs. This partial alignment limits the utility of
LLMs in theory-driven qualitative research.
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Human-Machine Alignment in Evaluation. Interestingly, human raters tend to assign lower scores than LLMs in
evaluating CPS skills. This may be due to human raters’ broader familiarity with the dataset and their awareness
of missing behaviours or underrepresented skills from authoritative frameworks. This phenomenon echoes
findings by Parfenova et al. (2025), who noted that during the open coding phase, human coders tend to
overinterpret the data and add unnecessary complexity to straightforward sentences while LLM lake the
interpretative depth necessary for complex qualitative analysis.

6. Conclusion and Future Directions

This study provides a comprehensive evaluation of large language models (LLMs) in inductive qualitative coding
for collaborative problem-solving (CPS) tasks in educational contexts. While LLMs exhibit notable limitations—
including inconsistency across models, lack of transparency in inductive reasoning, and weak alignment with
academic frameworks—they also demonstrate significant strengths in scalability, contextual sensitivity, and
practical usability.

LLM-generated CPS constructs, grounded in authentic student discourse, offer high clarity and linguistic
naturalism, making them immediately applicable for instructional design, classroom observation, and formative
assessment. These constructs are particularly accessible to teachers and students, and well-suited for analysing
real-world educational interactions. However, they often lack the layered abstraction and definitional precision
found in validated CPS frameworks such as PISA, ATC21S, and CPS Ontology.

To address these trade-offs, we propose a dual-pathway strategy:

e Practice-oriented pathway: Leverage LLMs to generate context-rich, behaviourally grounded
constructs that support classroom-based interventions and teacher-student communication.

e Theory-aligned pathway: Align LLM outputs with academically validated frameworks to enhance
standardization, interoperability, and theoretical rigor in research and assessment.

Future DirectionsBuilding on these findings, future research can explore the following areas:

Model-Specific Behaviour Analysis. Investigate how differences in model architecture, training data, and
interface (API vs. Chat) influence the generation of CPS constructs, and develop guidelines for model selection
based on task type.

Prompt Engineering for Educational Coding. Systematically compare prompting strategies (e.g., in-context, self-
prompting, chain-of-thought) to identify optimal configurations for generating reliable and interpretable codes
in educational settings.

Human-Al Collaborative Coding Workflows. Design hybrid workflows where human coders guide LLMs through
structured alignment with academic frameworks, improving both coverage and conceptual fidelity.

Tool Design for Teachers and Researchers. Develop educational technology tools that embed LLMs with prompt
templates, alignment protocols, and visualization features to support teacher-led coding and instructional
decision-making.

Cross-Linguistic and Cultural Adaptability. Examine how LLMs perform in multilingual and culturally diverse
educational contexts and assess the transferability of locally generated constructs across languages and regions.

By integrating the efficiency and contextual relevance of LLMs with the conceptual depth of academic
frameworks, future work can advance both the theory and practice of qualitative analysis in education. At the
same time, educators and researchers should remain cautious of potential pitfalls, including over-reliance on
automated analysis, diminished teacher agency, and ethical issues surrounding data privacy and fairness.
Addressing these risks is essential for developing responsible human-Al collaborative workflows in education.

Limitation. While this study provides valuable insights into the use of large language models (LLMs) for inductive
qualitative coding in educational CPS tasks, several limitations should be noted. The analysis was based on a
limited set of models and tasks, which may constrain the generalizability of the findings. Human synthesis and
interpretation were involved in evaluating LLM outputs, introducing potential subjectivity. Moreover, the study
focused on two specific educational contexts, and the applicability of results to other domains remains to be
tested. Finally, while the practical utility of LLM-generated constructs is evident, their integration into classroom
practice raises broader questions about transparency, teacher agency, and ethical use, which warrant further
exploration.

Ethics Declaration: Ethical clearance was not required for this study.
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Al Declaration: Al tools (specifically ChatGPT by OpenAl) were used during the writing process to assist with
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conducted solely by the authors.
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