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Abstract: Educational dialogue classification is a critical task for analyzing classroom inter-
actions and fostering effective teaching strategies. However, the scarcity of annotated data
and the high cost of manual labeling pose significant challenges, especially in low-resource
educational contexts. This article presents the EduDCM framework for the first time, offer-
ing an original approach to addressing these challenges. EduDCM innovatively integrates
distant supervision with the capabilities of Large Language Models (LLMs) to automate
the construction of high-quality educational dialogue classification datasets. EduDCM
reduces the noise typically associated with distant supervision by leveraging LLMs for
context-aware label generation and incorporating heuristic alignment techniques. To vali-
date the framework, we constructed the EduTalk dataset, encompassing diverse classroom
dialogues labeled with pedagogical categories. Extensive experiments on EduTalk and
publicly available datasets, combined with expert evaluations, confirm the superior quality
of EduDCM-generated datasets. Models trained on EduDCM data achieved a performance
comparable to that of manually annotated datasets. Expert evaluations using a 5-point
Likert scale show that EduDCM outperforms Template-Based Generation and Few-Shot
GPT in terms of annotation accuracy, category coverage, and consistency. These findings
emphasize EduDCM’s novelty and its effectiveness in generating high-quality, scalable
datasets for low-resource educational NLP tasks, thus reducing manual annotation efforts.

Keywords: educational dialogue classification; low-resource tasks; large language models;
distant supervision

1. Introduction

Educational dialogue classification is a crucial task in natural language processing
(NLP) for analyzing classroom interactions and facilitating effective teaching strategies [1,2].
It enables researchers and educators to assess teaching effectiveness, identify areas for im-
provement, and design data-driven pedagogical interventions. For instance, analyzing
whether classroom discussions emphasize critical thinking or encourage collaborative
problem-solving can provide valuable insights into how to enhance learning outcomes.
However, this task faces significant challenges in low-resource educational contexts due
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to the scarcity of annotated data and the complexities of capturing nuanced pedagogical
interactions. Existing few-shot classification methods often fail to generalize well to di-
verse educational scenarios [3,4]. While Large Language Models (LLMs) like GPT-3.5 offer
advanced data augmentation capabilities, they may not fully address the challenges of
context-sensitive label generation in educational dialogues [5,6]. Recent advancements,
such as GPT-4.0, have further improved the ability of LLMs to understand and process com-
plex contextual relationships, making them a strong reference point for evaluating dialogue
classification frameworks. GPT-4.0, for instance, demonstrates the ability to generate co-
herent and context-aware labels for ambiguous utterances, but it still requires task-specific
adaptations to meet the nuanced demands of educational domains [7]. This study positions
EduDCM as a framework capable of leveraging these advancements while addressing the
remaining challenges in generating high-quality educational dialogue datasets.

Distant supervision, a method of generating labeled data by aligning unannotated
text with predefined knowledge bases [8], has been extensively explored for automating
data annotation. Despite its potential, this approach often introduces substantial noise
due to erroneous assumptions, such as rigid alignment of text to labels. For example, in
classroom dialogues, the same utterance might reflect different pedagogical intentions
depending on the context, making rigid alignment approaches prone to misclassification.
These limitations, coupled with the resource-intensive nature of manual annotation in
educational contexts, highlight the need for innovative approaches to dataset construction.

To overcome these limitations, this study introduces EduDCM, a novel framework
that bridges the gap between automated methods and domain-specific requirements. By
leveraging the capabilities of LLMs and combining them with heuristic alignment and
semantic disambiguation techniques, EQuDCM ensures that annotations are not only
accurate but also context-sensitive. This framework represents a significant step forward in
addressing the scalability and precision trade-offs inherent in existing methods.

For low-resource educational tasks, the lack of robust and diverse training datasets
remains a critical bottleneck. While advances in NLP, such as zero-shot learning and
multi-task training [9], offer some solutions, they struggle to effectively adapt to task-
specific requirements in the educational domain. Few-shot learning methods, particularly
those leveraging prompts with LLMs [10], demonstrate potential but are limited in their
scalability and performance under noisy data conditions. Moreover, these methods often
fail to account for the dynamic and interaction-driven nature of classroom discussions,
where context plays a pivotal role in determining the meaning of an utterance.

EduDCM overcomes these limitations by combining LLM-driven dialogue classifi-
cation with advanced heuristic techniques, enhancing the quality of generated data and
fostering model adaptability. In particular, EduDCM'’s ability to integrate domain knowl-
edge into its annotation pipeline allows it to handle ambiguity and variability in educational
dialogues effectively. This makes it a versatile tool for generating high-quality datasets
tailored to low-resource educational contexts.

2. Related Work

The development of educational dialogue classification in low-resource contexts shares
similarities with the evolution of relation extraction (RE) [11]. Early approaches in classi-
fication tasks primarily relied on rule-based systems [12,13]. While these methods were
foundational, they lacked scalability and were heavily dependent on manual efforts, mak-
ing them unsuitable for large-scale or dynamic educational datasets [14]. Subsequently,
machine learning methods introduced greater flexibility, yet they still required substantial
amounts of annotated data, which remains a significant challenge in low-resource educa-
tional contexts [15]. Deep learning brought advancements by capturing intricate patterns
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in classroom interactions, but these models continued to depend on large datasets, limiting
their applicability in education.

Distant supervision has been widely explored to alleviate data scarcity by aligning
unannotated text with predefined knowledge bases [16]. While this method has successfully
generated labeled data, it often introduces noise due to oversimplified assumptions, such as
rigid text-label alignment. In the educational domain, this manifests as misaligned dialogue
annotations, which compromise model accuracy. Recent advances in few-shot learning
offer promising alternatives for addressing data scarcity. Gururaja et al. [17] demonstrated
that linguistic cues could enhance few-shot methods, compensating for limited annotated
data. However, these methods often struggle to generalize across diverse educational
scenarios due to their reliance on narrow training data [18].

The emergence of LLMs has significantly impacted low-resource tasks, including
educational dialogue classification. Studies such as those by Wadhwa et al. [19] and
Xu et al. [20] have shown the ability of LLMs to handle complex linguistic structures with
minimal fine-tuning. Despite their strengths, LLMs face limitations in domain-specific
contexts, such as nuanced educational settings where deep pedagogical knowledge is
required [21]. Nonetheless, LLM-driven approaches to labeling unlabeled text highlight
their ability to extract meaningful patterns and assign accurate annotations, which is
essential for educational dialogue analysis.

To address these challenges, our EduDCM framework leverages the strengths of
LLMs while introducing heuristic techniques for enhanced label alignment and semantic
disambiguation. By mitigating the noise typically associated with distant supervision and
improving context-aware label generation, EduDCM establishes a reliable foundation for
constructing high-quality educational dialogue classification datasets.

3. Materials and Methods
3.1. The EduDCM Framework

The EAuDCM framework integrates distant supervision and advanced LLMs to con-
struct high-quality annotated datasets for educational dialogue classification. The method-
ology emphasizes context-aware label generation, semantic alignment, and multilingual
adaptability, ensuring accurate and scalable annotation in low-resource settings, as illus-
trated in Figure 1. To further illustrate the operation of the EduDCM framework, an
example workflow demonstrating its key steps in annotating an educational dialogue is
provided in Figure Al.

3.1.1. Knowledge Base Construction for Educational Dialogue Classification

The knowledge base is fundamental to the EduDCM framework, serving as a struc-
tured reference for annotating unlabelled educational dialogues. It is constructed using
the TalkMoves dataset, which defines three pedagogical categories, such as “learning com-
munity”, “rigorous thinking”, and “content knowledge”. Each category is enriched with
representative examples derived from annotated datasets and expert-curated dialogues,
reflecting diverse classroom interaction styles and contexts. The knowledge base is fur-
ther expanded to support multilingual adaptability by including equivalent utterances
in different languages. These enhancements ensure that the knowledge base comprehen-
sively represents the pedagogical landscape, enabling robust alignment and classification
of unannotated dialogues.
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Figure 1. Workflow of the EduDCM framework. This figure illustrates the four key stages of the
EduDCM framework: first, LLM-Driven Context-Aware Label Generation, where unannotated text
is processed by an LLM to generate labeled text; second, Knowledge Base Construction, where a
knowledge base built from the TalkMoves dataset supports classification into three pedagogical
categories; and finally, Heuristic alignment and semantic disambiguation, where annotated text is
aligned with knowledge base examples through semantic similarity, with context embeddings used
to refine the alignment and dynamically adjust thresholds to ensure accuracy.

3.1.2. LLM-Driven Context-Aware Label Generation

EduDCM employs advanced LLMs, such as GPT-3.5-turbo [22], to generate prelimi-
nary labels for unannotated dialogues based on their conversational context. The dialogue
is segmented into context windows, each containing the target utterance and its surround-
ing utterances, ensuring that the labels generated reflect the utterance’s role within the
broader conversational flow. Tailored prompts are dynamically crafted for the educational
domain, instructing the LLM to classify utterances into predefined pedagogical categories
while providing a rationale for each choice. For ambiguous utterances, the LLM generates
multiple candidate labels, each with an associated confidence score, which are subsequently
refined through alignment and validation stages. The preliminary labels generated form
the input for alignment processes to ensure consistency and precision.

3.1.3. Heuristic Alignment

The tentative labels generated by the LLM are refined by aligning them not only
with predefined categories but also with specific examples in the knowledge base. Using
Sentence-BERT, each unannotated utterance and the sampled examples are embedded into
a high-dimensional semantic space. The cosine similarity between the embedding vectors
is calculated as follows:

Slm u e 1)
Z T

where il represents the embedding of the unannotated utterance, €; represents the em-
bedding of the j-th sampled example from the knowledge base, and m is the number
of sampled examples. The mean similarity Sim(u, e) is used to determine alignment. If
Sim(u,e) > 6, the utterance is considered aligned with the category associated with the
sampled examples. The threshold § = 0.88 was determined experimentally to balance
precision and recall. Additionally, context-aware embeddings aggregate the surrounding
utterances to improve alignment in complex or ambiguous scenarios. When no matches
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meet the threshold, a dynamic adjustment mechanism iteratively lowers 6 or expands the
search to neighboring categories, formalized as

0 =6—A0 )
where Af is the adjustment step size.

3.1.4. Optimized Semantic Disambiguation for Multilingual Adaptability

EduDCM incorporates an optimized semantic disambiguation strategy that leverages
multilingual lexical resources and advanced embedding techniques to ensure robust anno-
tation across diverse linguistic contexts. When the cosine similarity between the embedding
of an unannotated utterance (if) and the mean embedding of sampled examples (¢}) from a
category falls below the threshold 6, additional steps are employed to refine the annotation
process. To address cases where semantic alignment fails due to insufficient contextual
information, a contextual embedding optimization technique is applied. This approach
recalculates the embedding of the target utterance by incorporating surrounding utterances
in the dialogue. The optimized embedding is defined as

Y Bi- i 3)

i=1
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Ucontext = & - U + —

n
where ii is the embedding of the target utterance, ii; represents the embedding of the i-th
contextual utterance, « is the weight for the target utterance, and g; is the weight for each
contextual utterance. The weights « and f; are dynamically adjusted based on the semantic
similarity of the contextual utterances to the knowledge base examples. This ensures
that relevant context contributes more significantly to the optimized embedding. If the
recalculated similarity score Sim(ilcontext, €) still fails to exceed the threshold 6, the system
employs a threshold adjustment mechanism:

0 =0—Ad (4)

where Af is a small step size determined experimentally to balance recall and precision. By
iteratively lowering the threshold, the system expands the search space to include more
candidate categories without compromising overall accuracy.

In addition to embedding-based refinement, EduDCM integrates multilingual Word-
Net to support cross-lingual semantic mapping. WordNet'’s hierarchical structure is used
to identify synonyms and related terms across languages, facilitating annotation in multi-
lingual datasets. For example, an utterance labeled as “feedback” in English can be aligned
with its equivalent term in another language through shared semantic paths in WordNet. If
all refinement attempts fail, the utterance is flagged for manual review, ensuring that even
ambiguous cases are handled effectively.

3.2. Experimental Setting

In this section, we describe the experimental setup, including the datasets used, the
experimental phases, and the configuration of models employed for training and evaluation.
The aim is to provide a clear understanding of the methodologies and resources that support
the results presented in this study.

3.2.1. Datasets

This study evaluates the performance of the EduDCM framework using two datasets
designed for educational dialogue classification. The first dataset, TalkMoves [23], is a
dataset containing 10 pedagogical categories and is used to evaluate the model’s gener-



Appl. Sci. 2025, 15, 154

6 of 16

alization capabilities across diverse and complex data. The second dataset, Educational
Dialogue Talk Dataset (EduTalk), was constructed based on the EduDCM framework and
comprises 5200 dialogue utterances categorized into the same 10 pedagogical categories as
TalkMoves. EduTalk integrates both simulated and real classroom interactions, providing
a foundation for evaluating EduDCM'’s ability to generate high-quality annotations in
low-resource educational contexts.

3.2.2. Experimental Phases

The experimental evaluation comprises three phases, focusing on dataset-specific
performance and comparative analysis with other data generation methods:

*  Phase 1: Individual Dataset Performance Evaluation. In this phase, models are trained
and tested separately on TalkMoves and EduTalk to establish baseline performance.
This step highlights differences in annotation quality between manually labeled data
and EduDCM-generated data. The evaluation metrics include accuracy, F1 score,
and recall.

¢  Phase 2: Combined Dataset Evaluation. The EduTalk and TalkMoves datasets are
mixed in ratios (e.g., 3:7, 1:1) to create combined test sets. This phase evaluates the
compatibility of EduTalk-generated data with high-quality TalkMoves annotations
and the models’ generalization capabilities across mixed datasets.

¢  Phase 3: Data Generation Method Comparison. In this phase, EduDCM is compared
against two prominent data generation approaches. The first is Template-Based
Generation [24], which creates synthetic dialogues using predefined templates and
expert-defined rules. While structured, this method is labor-intensive and commonly
used in early natural language generation tasks. The second approach is Few-Shot
GPT Data Generation [25], leveraging GPT-3.5 in a few-shot setup to generate datasets
based on limited annotated examples, relying on the model’s capability to extrapolate
patterns from minimal inputs. Datasets generated by these methods are evaluated on
identical models and reviewed by domain experts across three dimensions: (1) the
accuracy of annotations, measured by the proportion of correctly labeled utterances;
(2) the coverage of pedagogical categories, indicating the extent to which all categories
are sufficiently represented; (3) the consistency of annotation style, reflecting the
coherence and uniformity in annotation patterns.

3.2.3. Experimental Setup

In the first phase of the experiments, to substantiate the performance of our frame-
work, we meticulously selected a representative spectrum of models for comparison. These
methodologies include Bert [26], mREBEL [27], GPT-2 [28], OneRel [29], and casRel [30]. In
the third phase of the experiments, three domain experts with experience in educational
dialogue annotation reviewed 500 utterances generated for educational dialogue classi-
fication by each method: EduDCM, the template-based method, and the Few-Shot GPT
method. For each dataset, the experts scored the annotations on a 5-point Likert scale for
each quality dimension.

All experiments were conducted on an NVIDIA GPU 4090 using PyTorch. Models
were trained with a learning rate of 1 x 10~° using the AdamW optimizer. Batch sizes of
16 and 32 were tested to evaluate their impact on model performance. A step decay learning
rate strategy was employed, and dropout regularization was applied to mitigate overfitting.
Each model was evaluated after each epoch on a validation set, and the best-performing
checkpoint was used for final testing.
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4. Results and Discussion

In this section, we present the results from the experiments conducted to evaluate
the performance of models trained on EduDCM-generated datasets. We analyze various
metrics such as accuracy, F1 score, and recall, and compare the performance of models on
EduTalk and TalkMoves datasets. The results also include expert evaluations that validate
the quality of the EduDCM-generated data.

4.1. Expert Evaluation

To evaluate the quality of the EduTalk dataset generated by the EduDCM framework,
a rigorous expert review was conducted. This process involved three domain experts with
extensive experience in educational dialogue analysis. The first expert is a professor in
educational technology with over 15 years of experience in classroom interaction research,
focusing on pedagogical strategies and dialogue analysis. The second expert is a senior
researcher specializing in natural language processing for education, with a background
in developing automated annotation tools for educational datasets. The third expert is a
curriculum designer with a Ph.D. in education, who has contributed to the development
of taxonomy-based frameworks for evaluating classroom interactions. A random sample
comprising 30% of the dataset, totaling 1560 instances, was selected to ensure a compre-
hensive assessment. Each dialogue utterance was annotated according to the pedagogical
categories outlined in the TalkMoves taxonomy, including categories such as Learning
Community, Content Knowledge, and Rigorous Thinking, with subcategories such as
Relating to another student, Pressing for accuracy, and Providing evidence or reasoning.

The results presented in Table 1 demonstrate that the EduTalk dataset achieves high
semantic accuracy across most categories, with an average positive annotation rate of 85%.
Categories such as Learning Community: Keeping everyone together and Learning Community:
Getting students to relate to another’s ideas exhibit the highest accuracy rates (94% and 91%,
respectively), highlighting the EduDCM framework’s ability to capture well-structured
teacher talk moves. Similarly, categories like Learning Community: Restating and Content
Knowledge: Pressing for accuracy show strong performance, with positive annotation rates
exceeding 85%. These findings suggest that the EduDCM framework is particularly adept
at identifying and annotating dialogue types with clear pedagogical functions. However,
the categories Content Knowledge: Making a claim and Rigorous Thinking: Providing evidence
or reasoning demonstrated relatively lower accuracy rates, with positive annotation rates of
77% and 74%, respectively. This indicates challenges in accurately capturing student talk
moves involving abstract reasoning or detailed evidence. These discrepancies could be at-
tributed to the variability in how students articulate reasoning and evidence, often requiring
contextual interpretation that may not always align with predefined annotation rules.

Consistency in annotations was generally high for categories with well-defined bound-
aries, such as Learning Community: Keeping everyone together and Learning Community:
Restating. In contrast, categories like Rigorous Thinking: Pressing for reasoning and Rigorous
Thinking: Providing evidence or reasoning exhibited more variability in expert agreement,
highlighting the need for further refinement in the framework’s handling of nuanced
or context-dependent utterances. The representational coverage of categories across the
dataset appears balanced, with no single category disproportionately dominating the anno-
tations. This ensures that the EduTalk dataset provides a diverse and equitable foundation
for training and evaluating dialogue classification models. Overall, the expert evaluation
underscores the strength of the EduDCM framework in generating high-quality educational
datasets while identifying opportunities for improvement in handling complex dialogue
types involving reasoning and evidence.
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Table 1. Expert evaluation of the EduTalk dataset, showing positive and negative annotation rates
across 10 categories.

Category Sampled Instances  Positive (%)  Negative (%)
Learning Community: Keeping everyone together 175 94 6
Learning Community: Getting students to relate to another’s ideas 205 91 9
Learning Community: Restating 195 89 11
Learning Community: Relating to another student 148 81 19
Learning Community: Asking for more information 118 79 21
Content Knowledge: Pressing for accuracy 185 87 13
Content Knowledge: Making a claim 129 77 23
Rigorous Thinking: Revoicing 162 85 15
Rigorous Thinking: Pressing for reasoning 142 82 18
Rigorous Thinking: Providing evidence or reasoning 101 74 26

4.2. Three-Phase Evaluation

In this section, we present a comprehensive evaluation of the EduDCM framework
through three distinct experimental phases. These phases are designed to assess the effec-
tiveness of EdluDCM-generated datasets in various contexts, including individual dataset
performance, the combination of EduTalk and TalkMoves datasets, and a comparison with
other data generation methods. Each phase aims to provide valuable insights into the
scalability and generalizability of the EduDCM framework.

4.2.1. Phase 1: Individual Dataset Performance Evaluation

The performance of various models was evaluated on the TalkMoves and EduTalk
datasets to establish baseline metrics and assess the quality of annotations. The models
used for evaluation include BERT, mREBEL, GPT-2, OneRel, and CasRel. The evaluation
metrics include F1 score, precision (P), and recall (R), providing a comprehensive view of
each model’s effectiveness in handling the different datasets.

The results in Table 2 demonstrate that models perform better on the EduTalk dataset
compared to TalkMoves. This is largely attributed to the controlled and consistent nature
of EduTalk’s annotations, which align closely with the structured output generated by the
EduDCM framework. The CasRel and OneRel models exhibit superior performance on both
datasets, with F1 scores of 0.914 and 0.917 on EduTalk, and 0.778 and 0.742 on TalkMoves,
respectively. These results highlight the effectiveness of models specifically designed for
joint entity and relation extraction when applied to datasets with high annotation quality.

Table 2. Performance comparison of models on EduTalk and TalkMoves datasets.

EduTalk TalkMoves
Model
F1 Recall (R) Precision (P) F1 Recall (R) Precision (P)

BERT 0.863 0.871 0.856 0.624 0.710 0.565
mREBEL 0.879 0.868 0.890 0.596 0.580 0.613

GPT-2 0.892 0.844 0.947 0.635 0.642 0.628
OneRel 0.917 0.924 0.910 0.742 0.726 0.759
CasRel 0.914 0.907 0.921 0.778 0.766 0.790

For the TalkMoves dataset, which contains manually annotated data, performance
metrics are generally lower. This can be attributed to the inherent complexity and variability
of the dataset, as well as the potential for ambiguous or overlapping pedagogical categories.
The CasRel model outperforms other models with an F1 score of 0.778, reflecting its robust-
ness in handling diverse and nuanced annotations. OneRel also performs well, achieving
an F1 score of 0.742, indicating its adaptability to tasks requiring precise annotation quality.
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In contrast, the EduTalk dataset, generated via EduDCM, demonstrates competitive results,
with models achieving performance metrics comparable to those on manually annotated
datasets like TalkMoves. The structured nature of the annotations, combined with the
semantic alignment mechanisms employed by the EduDCM framework, likely contributes
to the high performance. CasRel and OneRel maintain their leading positions, achieving
precision and recall scores above 0.91, which underscores their ability to capitalize on the
dataset’s quality.

Models like BERT and mREBEL exhibit comparatively lower performance on both
datasets. This discrepancy is particularly pronounced on TalkMoves, where the variability
and complexity of the data pose significant challenges. However, their results on EduTalk
suggest that the EduDCM framework mitigates some of the limitations associated with sim-
pler modeling approaches, providing structured annotations that enhance model learning.

To evaluate annotation quality, three domain experts reviewed a random sample of
300 instances from each dataset. Table 3 summarizes the results. Both datasets received high
scores for annotation accuracy, category coverage, and consistency, with EduTalk achieving
mean scores of 4.4, 4.3, and 4.4, respectively, and TalkMoves scoring slightly higher with 4.5,
4.4, and 4.5. Annotation accuracy was measured by how well the generated labels matched
the intended pedagogical categories as defined in the taxonomy. Category coverage was
evaluated by determining whether all relevant categories were adequately represented in
the dataset. Consistency was assessed by verifying the uniformity of annotations across
similar dialogue instances. The inter-rater reliability, measured by Cohen’s Kappa, was
0.85 or higher for both datasets, reflecting strong agreement among the experts. Experts
noted that EduTalk’s structured and context-aware annotations, generated by the EduDCM
framework, aligned well with pedagogical categories, enabling consistent interpretation.
However, the manually annotated TalkMoves dataset exhibited slightly higher annotation
accuracy due to the direct involvement of human annotators with domain expertise.

Table 3. Expert evaluation results for EduTalk and TalkMoves datasets.

Dataset Criteria Mean Score Standard Deviation Cohen’s Kappa
Annotation Accuracy 44 0.3 0.85

EduTalk Category Coverage 43 0.4 0.83
Consistency 44 0.3 0.84
Annotation Accuracy 4.5 0.3 0.86

TalkMoves Category Coverage 44 0.4 0.84
Consistency 45 0.3 0.86

In summary, the evaluation results demonstrate the reliability of the EduTalk dataset
generated by EduDCM, as evidenced by the comparable performance of models trained on
EduTalk to those trained on manually annotated datasets like TalkMoves. These findings
validate the framework’s potential to bridge the gap between distant supervision and
manual annotation in educational NLP tasks.

4.2.2. Phase 2: Combined Dataset Evaluation

In this phase, we aim to evaluate the generalization capability of models trained on
the EduTalk dataset. To achieve this, we created mixed test sets by combining EduTalk and
TalkMoves datasets in different ratios (3:7 and 1:1) and assessed the models’ performance on
these test sets. This approach allows us to determine the extent to which the EduTalk data
generated by the EQuDCM framework can match the quality of the manually annotated
TalkMoves dataset.
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The results, as shown in Table 4, reveal several important trends. In the 3:7 dataset ratio,
where TalkMoves dominates the test set, all models exhibit lower performance compared
to the 1:1 ratio. This decline can be attributed to the smaller size of the TalkMoves dataset,
which limits the diversity of the data and reduces the models” ability to generalize effectively.
Among the models, CasRel and OneRel demonstrate the highest F1 scores of 0.779 and
0.747, respectively, reflecting their superior ability to adapt to mixed datasets, even with a
significant proportion of manually annotated TalkMoves data.

Table 4. Performance of models trained on EduTalk and tested on mixed EduTalk and TalkMoves
test sets.

Model Dataset Ratio 3:7 Dataset Ratio 1:1
ode
F1 Recall (R) Precision (P) F1 Recall (R) Precision (P)
BERT 0.646 0.686 0.611 0.739 0.775 0.707
mREBEL 0.625 0.652 0.601 0.722 0.750 0.695
GPT-2 0.670 0.693 0.648 0.760 0.767 0.753
OneRel 0.747 0.766 0.729 0.818 0.836 0.801
CasRel 0.779 0.793 0.765 0.838 0.848 0.829

In the 1:1 dataset ratio, where EduTalk and TalkMoves are equally represented, all
models show improved performance. This improvement underscores the role of the high-
quality EduTalk data in enriching the diversity of the smaller TalkMoves dataset, addressing
the challenges arising from its limited size. CasRel achieves the highest F1 score of 0.838,
followed closely by OneRel with an F1 score of 0.818. Both models demonstrate balanced
precision and recall, indicating their robust generalization capability in handling diverse
test sets.

Lower-performing models, such as BERT and mREBEL, show similar trends, with
better performance in the 1:1 ratio compared to the 3:7 ratio. However, their F1 scores of
0.739 and 0.722 in the 1:1 ratio suggest limitations in handling the variability of manually
annotated TalkMoves data. These models rely more heavily on dataset size and quality,
which may restrict their adaptability in low-resource scenarios. The performance of GPT-2,
with an F1 score of 0.760 in the 1:1 ratio, indicates its competitive ability to generalize
when presented with a balanced dataset. However, its slightly lower precision compared
to CasRel and OneRel suggests that it struggles with maintaining high accuracy in more
diverse data conditions.

Overall, these results highlight the capability of the EduTalk dataset to enhance model
performance when combined with manually annotated TalkMoves data. High-performing
models like CasRel and OneRel exhibit robust adaptability to mixed datasets, validating
the EduDCM framework’s potential to generate high-quality data that effectively support
dialogue classification tasks in low-resource educational contexts.

4.2.3. Phase 3: Data Generation Method Comparison

In this phase, EduDCM is compared against two prominent data generation ap-
proaches. The first is Template-Based Generation, which creates synthetic dialogues using
predefined templates and expert-defined rules. While structured, this method is labor-
intensive and commonly used in early natural language generation tasks. The second
approach is Few-Shot GPT Data Generation, which leverages GPT-3.5 in a few-shot setup
to generate datasets based on limited annotated examples, relying on the model’s ca-
pability to extrapolate patterns from minimal inputs. The datasets generated by these
methods are evaluated through identical models and examined by domain experts across
three dimensions.
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The results presented in Table 5 reveal significant differences in dataset quality across
the three methods. EduDCM consistently outperforms the other methods, achieving
the highest scores in all three dimensions. Specifically, its score of 4.7 in accuracy of
annotations highlights its ability to correctly label utterances, thanks to the framework’s
integration of context-aware label generation and heuristic alignment techniques. Similarly,
EduDCM achieves a coverage score of 4.6, demonstrating its capacity to ensure balanced
representation across all pedagogical categories. Its consistency score of 4.8 reflects its
effectiveness in maintaining a coherent and uniform annotation style, reducing variability
that could negatively impact downstream tasks.

Table 5. Expert evaluation of data generation methods across three dimensions (5-point Likert scale).

Method Annotation Accuracy Category Coverage Annotation Consistency
Template-Based 3.2 2.8 3.0
Few-Shot GPT 4.1 4.0 42
EduDCM 47 4.6 4.8

In contrast, the Template-Based Generation method performs the worst across all
dimensions. Its accuracy score of 3.2 indicates limited flexibility in capturing the nuanced
and context-dependent nature of educational dialogues. The coverage score of 2.8 reveals
significant biases in category representation, as predefined templates tend to favor certain
dialogue structures while underrepresenting others. Additionally, the consistency score of
3.0, while reflecting a uniform style within the constraints of the templates, highlights its
inability to adapt to real-world variations in dialogue.

The Few-Shot GPT method demonstrates substantial improvements over Template-
Based Generation. Its accuracy score of 4.1 indicates that GPT-3.5 can leverage contextual
understanding to generate meaningful and accurate annotations. However, its coverage
score of 4.0 suggests that certain pedagogical categories, especially those less represented in
the prompt examples, may not be adequately annotated. The consistency score of 4.2 shows
that Few-Shot GPT maintains a relatively uniform annotation style, though occasional
variability due to inherent model randomness is observed.

In summary, these results highlight the superiority of EduDCM in generating high-
quality datasets for educational dialogue classification. While Few-Shot GPT offers a
viable alternative with reasonable performance, its reliance on limited prompts restricts its
effectiveness in achieving comprehensive category coverage. Template-Based Generation,
though structured, lacks the flexibility and adaptability required for the nuanced nature of
educational dialogues.

4.3. Ablation Study

To comprehensively evaluate the contributions of each component in the EduDCM
framework to dataset generation quality, we conducted a series of ablation experiments.
The configurations included (1) the complete framework, (2) removal of the LLM-Driven
Context-Aware Label Generation (replaced with traditional distant supervision, where an
utterance is labeled based on semantic similarity to knowledge base examples), (3) exclusion
of heuristic alignment, and (4) exclusion of optimized semantic disambiguation. The
knowledge base component was retained in all configurations, as it is integral to the
framework. Each configuration generated 100 annotated samples spanning the pedagogical
categories in the EduTalk dataset. Evaluation metrics included the proportion of positive
instances and a data richness score, developed by domain experts, to measure the depth
and complexity of annotations on a 1-to-5 scale.
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The results in Table 6 highlight the critical role of each component in the EduDCM
framework. Removing the LLM-Driven Context-Aware Label Generation component
caused the most significant drop in both metrics, with the proportion of positive instances
decreasing from 87% to 72% and the data richness score falling from 4.6 to 3.2. This
decline underscores the importance of context-aware label generation, as traditional distant
supervision relies solely on semantic similarity, often missing nuanced context in dialogues.

Table 6. Impact of key components on framework performance.

Configuration Positive Instances (%) 1 Data Richness 1
EduDCM 87 4.6
EduDCMNO-LLM-Driven Labeling 72 3.2
EduDCMNO . Heuristic Alignment 83 4.3
EduDCMNo-semantic Disambiguation 82 4.1

Excluding heuristic alignment led to a moderate performance decline, reducing the
positive instance proportion to 83% and the data richness score to 4.3. This indicates
that heuristic alignment effectively refines the initial labels, improving both accuracy and
semantic depth by aligning utterances with relevant knowledge base examples.

The removal of optimized semantic disambiguation resulted in a smaller impact, with
the positive instance proportion dropping to 82% and the data richness score to 4.1. While
this component aids in handling ambiguous cases and improving multilingual adaptability,
its influence is supplementary compared to the other components.

Overall, the ablation study demonstrates that LLM-Driven Context-Aware Label
Generation is the cornerstone of the EduDCM framework. Heuristic alignment and se-
mantic disambiguation further enhance annotation quality, suggesting that the integra-
tion of these components is essential for generating high-quality datasets for educational
dialogue classification.

Evaluation of Different LLMs in the LLM-Driven Labeling Component

This section evaluates the impact of integrating different LLMs into the LLM-Driven
Labeling component of the EduDCM framework. The assessment focuses on how the re-
placement of the baseline GPT-3.5 with other LLMs such as Gemini-pro [31], Claude2 [32],
and GPT-4o [33] affects the framework’s performance, measured by the positive instance
proportion and data richness score. These metrics reflect the accuracy and depth of annota-
tions generated by each LLM. The baseline GPT-3.5 has demonstrated robust performance
in prior evaluations and serves as the standard for comparison. All models were tested
under identical conditions to ensure consistency in results.

Table 7 summarizes the performance of different LLMs within the LLM-Driven La-
beling component. The baseline GPT-3.5 achieved strong results, with a positive instance
proportion of 87% and a data richness score of 4.6. This reinforces its capability to generate
accurate and contextually rich annotations, setting a high standard for comparison.

Table 7. Performance comparison of different LLMs in the LLM-Driven Labeling component.

LLM Positive Instances (%) 1 Data Richness 1
GPT-3.5 87 4.6
Gemini-pro 81 4.1
Claude2 85 44

GPT-40 89 4.8
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Replacing GPT-3.5 with Gemini-pro resulted in a notable decline in both metrics, with
the positive instance proportion dropping to 81% and the data richness score decreasing
to 4.1. This suggests that while Gemini-pro can provide basic annotation functionality, its
capacity for capturing nuanced pedagogical interactions and generating semantically rich
annotations is limited compared to GPT-3.5.

Claude2 demonstrated competitive performance, achieving a positive instance pro-
portion of 85% and a data richness score of 4.4. Although slightly below the baseline, its
consistent results indicate that Claude? is a viable alternative in scenarios where cost or
computational constraints favor its adoption.

GPT-40 outperformed all other LLMs, achieving the highest positive instance propor-
tion (89%) and data richness score (4.8). This superior performance highlights its advanced
ability to understand conversational context and generate precise, detailed annotations.
The results suggest that GPT-40’s enhanced contextual understanding and semantic capa-
bilities make it particularly suitable for tasks requiring deep processing and high-quality
annotation generation.

These findings underscore the importance of selecting an appropriate LLM for the
LLM-Driven Labeling component. While GPT-40 offers the best overall performance,
Claude?2 provides a cost-effective alternative with near-baseline results. Gemini-pro, while
functional, may require additional optimization to meet the demands of complex educa-
tional dialogue classification tasks. This evaluation further highlights how advancements
in LLM technology can significantly enhance the effectiveness of frameworks like EduDCM,
enabling more scalable and accurate dataset generation in low-resource settings.

5. Conclusions

This study presents EduDCM, a novel framework designed to address the critical
challenge of generating high-quality educational dialogue classification datasets in low-
resource contexts. By integrating distant supervision with the advanced capabilities of
LLMs, EduDCM offers a scalable and efficient solution for automating dataset annota-
tion. The framework leverages context-aware label generation, heuristic alignment, and
optimized semantic disambiguation to enhance annotation quality while mitigating noise
associated with traditional distant supervision methods. The experimental results confirm
the effectiveness of EduDCM across several dimensions. The EduTalk dataset, constructed
using this framework, shows performance on par with manually annotated datasets, as
demonstrated by the robust results achieved by classification models trained on EduTalk.
Furthermore, the comparison with Template-Based Generation and Few-Shot GPT methods
underscores EduDCM’s superior annotation accuracy, category coverage, and consistency.
These findings validate EduDCM’s ability to address the challenges of low-resource educa-
tional NLP tasks effectively. The ablation study further highlights the importance of the
LLM-Driven Context-Aware Label Generation component, which significantly improves
dataset quality by providing nuanced and context-sensitive annotations. The experiments
with various LLMs, including GPT-4.0, also demonstrate the framework’s potential for fur-
ther enhancement through state-of-the-art models, confirming its scalability and adaptability.

This paper makes the following key contributions: (1) The innovative proposition of
the EduDCM framework, which integrates LLMs and distant supervision for automatic
dataset construction, addressing noise and sparsity issues commonly encountered in low-
resource educational contexts through dynamic label generation and heuristic alignment.
(2) The development of the EduTalk dataset, which encompasses diverse classroom dia-
logues annotated with pedagogical categories, serving as a valuable resource for advancing
educational dialogue classification. (3) The advancement of low-resource educational
NLP, as EduDCM demonstrates significant improvements in dataset quality and classifi-
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cation model performance, making it well suited for a range of low-resource educational
NLP tasks.

Looking forward, future research will focus on expanding the applicability of EduDCM
to multilingual and multimodal educational datasets, addressing a broader range of peda-
gogical interactions. Additionally, refining the alignment and disambiguation processes
through advanced machine learning techniques will be a priority to further improve an-
notation quality and adaptability. Overall, EdluDCM establishes a robust foundation for
advancing educational dialogue analysis, paving the way for more effective teaching
strategies and classroom interaction studies.
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The following abbreviations are used in this manuscript:

LLM Large Language Model
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RE Relation extraction

GPT Generative Pre-trained Transformer

BERT Bidirectional Encoder Representations from Transformers

EduTalk  Educational Dialogue Talk Dataset

Appendix A. Demonstrative Example of the EdluDCM Framework

This appendix presents an example workflow of the EduDCM framework in action,
highlighting its process of annotating an educational dialogue. The example demonstrates
how the framework LLMs and heuristic alignment to accurately classify a dialogue utter-
ance into a predefined pedagogical category.
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Figure Al. An example workflow of the EduDCM framework annotating an educational dialogue.
The process includes LLM-driven label generation, heuristic alignment, and final output generation.
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