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Abstract: Discussion forums in Massive Open Online Courses (MOOCs) often contain urgent 
posts requiring timely instructor intervention, but identifying these posts is challenging due to 
severe class imbalance in urgency levels. This study presents a novel approach combining Large 
Language Models (LLMs) and traditional machine learning to address this challenge. We 
develop a two-stage pipeline that first uses LLMs to generate synthetic forum posts, creating a 
balanced dataset across seven urgency levels, then evaluates five different machine learning 
models on both original and balanced datasets. Our results demonstrate significant 
improvements across all models, with the Support Vector Regression achieving the highest 
performance (R² improvement from 0.298 to 0.857). Through comprehensive evaluation using 
multiple metrics and cross-validation, we show that our approach not only improves model 
performance but also enhances prediction stability across different urgency levels. This work 
contributes to both educational data mining methodology and practical MOOC forum 
management. 

Introduction 
Massive Open Online Courses (MOOCs) have transformed educational accessibility, attracting millions of 
learners worldwide. However, the scale that makes MOOCs revolutionary also creates significant challenges in 
providing timely support to learners (Almatrafi et al., 2018). Discussion forums, while crucial for learner 
engagement and support, often become overwhelming for instructors due to the high volume of posts and varying 
levels of urgency (Almatrafi et al., 2018; Guo et al., 2019). 

A particularly critical challenge is identifying posts that require urgent instructor intervention. These 
posts, if left unaddressed, can significantly impact learner progression and potentially contribute to the notably 
high dropout rates in MOOCs (El-Rashidy et al., 2024). However, automating the identification of urgent posts 
presents a fundamental data science challenge: severe class imbalance. In typical MOOC forums, highly urgent 
posts are rare but critically important, creating a "needle in a haystack" problem that compromises traditional 
machine learning approaches (Almatrafi et al., 2018; Alrajhi et al., 2024). 

Recent advances in Large Language Models (LLMs) offer promising new directions for addressing data 
imbalance through synthetic data generation. While LLMs have shown remarkable capabilities in various 
educational applications (Becerra et al., 2024), their potential for addressing class imbalance in educational data 
mining remains largely unexplored. This gap is particularly notable in the context of MOOC forum analysis, 
where maintaining the authentic characteristics of student communications while generating synthetic data is 
crucial. The existing literature has approached the urgent post identification problem through various methods, 
from traditional machine learning approaches (Almatrafi et al., 2018) to sophisticated deep learning models (El-
Rashidy et al., 2023). However, these approaches typically struggle with the inherent class imbalance in the data, 
leading to suboptimal performance in minority classes – often the most critical urgent posts. While data 
augmentation techniques have been explored in other domains, their application to MOOC forum data presents 
unique challenges due to the complex nature of educational discourse and the need to preserve semantic 
coherence. Building upon these challenges and opportunities, we explore three interconnected research questions:  

 

● RQ 1: How effective are LLM-generated synthetic posts in addressing class imbalance in MOOC forum 

urgency prediction? 

● RQ 2: What is the impact of balanced training data on different machine learning models' performance 

across various urgency levels? 

● RQ 3: To what extent does synthetic data augmentation affect model generalization and stability across 

different urgency categories? 

●  

This work advances the field in several significant ways. We introduce the pipeline for using LLMs to 
generate balanced educational forum data while preserving semantic coherence and urgency characteristics, 
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 provide empirical evidence of synthetic data augmentation's effectiveness in improving urgency prediction across 
multiple machine learning models, and offer comprehensive insights into the performance improvements and 
stability across urgency levels. These contributions not only advance our theoretical understanding of data 
augmentation in educational contexts but also provide practical solutions for improving MOOC forum 
management and learner support. 

Related work 

The challenge of urgent post detection and data imbalance in MOOCs 
MOOC discussion forums, vital interaction hubs often analyzed for various predictive insights such as problem-
solving depth (Li et al., 2023), frequently suffer information overload (Guo et al., 2019). Identifying posts 
requiring urgent instructor intervention is crucial (Almatrafi et al., 2018), with ongoing efforts focused on 
improving accuracy using methods like contextual features (El-Rashidy et al., 2024) or BERT-based semantic 
refinement (Zhang et al., 2024; El-Rashidy et al., 2023), as well as enhancing generalizability across different 
MOOCs (Švábenský et al., 2023). However, these efforts are persistently challenged by severe class imbalance. 
This imbalance, a known issue in educational data mining (Alrajhi et al., 2024), stems from the rarity of critical 
posts. Traditional sampling techniques often prove ineffective for complex educational discourse, failing to 
capture necessary linguistic and semantic patterns (Alrajhi et al., 2024), consequently hindering urgency detection 
accuracy (Sultani & Daneshpour, 2024). This necessitates novel approaches to address the data scarcity for 
critical, high-urgency posts. 

LLM-based synthetic data generation 
Large Language Models (LLMs) offer new possibilities for addressing educational data challenges (Becerra et 
al., 2024), including their potential for synthetic data generation to combat class imbalance, as pioneered in 
education by Li and Botelho (2024). Unlike generic data augmentation, generating high-fidelity educational data 
requires careful handling of contextual complexity and authenticity. While LLMs show promise in analyzing 
educational interactions (e.g., cognitive presence, Hu et al., 2024), creating realistic synthetic forum posts 
demands preserving not only linguistic style but also pedagogical context and relevance (Zhang et al., 2024). 
Maintaining authenticity in AI-generated educational content is paramount (Zobel & Meinel, 2024). Therefore, 
our work leverages LLMs specifically to generate a balanced dataset for urgency prediction, focusing on these 
quality requirements to overcome the limitations imposed by data imbalance. 

Methodology 
Our study utilizes the Stanford MOOCPosts dataset, a comprehensive collection of MOOC forum interactions 
with expert-annotated urgency levels ranging from 1 (not urgent) to 7 (highly urgent). The dataset exhibits 
significant class imbalance, with urgency level 1 containing 1,275 posts while level 7 has only 2 posts, presenting 
a clear challenge for traditional machine learning approaches. 

Data generation 
To address the class imbalance challenge, we developed a systematic data augmentation workflow (see in Figure 
1). The workflow consists of six key stages, beginning with a distribution analysis of the original dataset to 
determine the required number of synthetic posts for each urgency level. The system then carefully selects 
representative examples and constructs prompts that capture the essential characteristics of each urgency level. 
These prompts guide the LLM in generating contextually appropriate synthetic posts through a parallel processing 
architecture. 
       Our generation process employs the GPT-4o-mini model, chosen for its balance of capability, API access, 
and cost-efficiency. Robust quality control mechanisms were integrated into the generation process. Automated 
validation after each API call ensured the generated output adhered to the required JSON format, contained all 
necessary fields, met a minimum post length requirement, and reported an urgency level within the valid 1-7 
range. Consistency and semantic coherence were primarily ensured through careful prompt engineering: the 
prompts provided the LLM (GPT-4o-mini) with explicit urgency level definitions, multiple representative 
examples from the original dataset for the target level, and detailed instructions to guide the generation of 
contextually appropriate posts. This careful attention to quality ensures that synthetic posts maintain the authentic 
characteristics of MOOC forum interactions while addressing the distributional imbalance. The workflow 
successfully generated and validated synthetic posts to achieve a balanced dataset of exactly 1,275 posts per 
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 urgency level. This required varying numbers of synthetic posts for each level: 55 for level 2, 941 for level 3, 902 
for level 4, 1,025 for level 5, 1,227 for level 6, and 1,273 for level 7.  

Figure 1 

LLM-Based Data Generation Workflow 

 
This workflow outlines the key stages for creating a balanced dataset: analyzing 
distribution, selecting examples, prompt engineering, LLM generation (GPT-4o-mini), 
quality validation, and data integration. 

Model training and evaluation 
Our evaluation workflow implements a comprehensive pipeline that combines sophisticated text preprocessing 
with multiple machine learning approaches. The preprocessing stage utilizes TF-IDF vectorization with a 
maximum of 1,000 features and English stop word removal, ensuring efficient yet comprehensive text 
representation. To assess augmentation impact across diverse algorithms, we selected five models: Decision Tree 
(baseline), common ensembles (Random Forest, XGBoost, Gradient Boosting), and SVR (effective in high 
dimensions). These models were each configured with carefully tuned hyperparameters for optimal performance. 
For evaluation, the balanced dataset, combining original posts and all LLM-generated synthetic posts, was created 
upfront. Subsequently, a standard 5-fold cross-validation strategy was applied to the training portion of this 
combined dataset using cross-validation to tune and assess model robustness. At the same time, final performance 
was measured on a held-out test set also drawn from the balanced data. This process utilized multiple scoring 
metrics including Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and R². Our workflow 
calculates both validation and test scores, providing a comprehensive view of model generalization. Performance 
analysis is conducted at both the aggregate and per-urgency-level granularity, enabling a detailed understanding 
of how data augmentation affects prediction accuracy across different urgency categories. This methodological 
approach ensures reproducibility and scalability while providing valuable insights into the effectiveness of LLM-
based data augmentation in educational contexts. 

Results and analysis 
Our experimental results demonstrate substantial improvements in model performance through LLM-based data 
augmentation. The comprehensive evaluation reveals benefits in both prediction accuracy and model stability 
across different urgency levels. 

The performance comparison with confidence intervals demonstrates significant improvements in model 
predictions after applying our data augmentation approach (see Figure 2). Particularly noteworthy is the Support 
Vector Regression (SVR) model's enhanced performance, achieving a reduction in validation RMSE from 1.129 
to 0.785. The narrowed confidence intervals across all models indicate increased prediction stability, suggesting 
that the synthetic data effectively captures the essential characteristics of MOOC forum posts. 

 
        Figure 2  

        Evaluation Comparing Model Performance Before and After Augmentation 
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Left: Validation RMSE (lower is better) with 95% CIs for models on original (green) vs. balanced (red) 
data. Right: Percentage improvement (%) in key metrics (RMSE, MAE, R²) when using balanced data. 

 
The visualization of performance improvements reveals substantial gains across multiple evaluation 

metrics (see Figure 2). The most dramatic improvements appear in R² scores, with Decision Trees showing over 
400% improvement and ensemble methods achieving more than 200% enhancement. This significant 
improvement in R² values, coupled with substantial reductions in both RMSE and MAE, indicates that our 
balanced dataset enables more accurate predictions across the full spectrum of urgency levels. 

The analysis of high-urgency predictions reveals particularly promising results for critical cases that 
demand immediate instructor attention (see Table 1). The dramatic reduction in RMSE for urgency levels 5 and 
6, coupled with newly enabled predictions for level 7, demonstrates our approach's effectiveness in addressing 
the crucial challenge of identifying highly urgent posts. The balanced dataset notably improved the models' ability 
to identify these rare but critical cases, with RMSE improvements of up to 80% for level 6 posts. 
 

Table 1  

Model Performance on High-Urgency Posts 
Urgency Level Original RMSE Balanced RMSE Improvement 

Level 5  2.193 0.946 56.9% 
Level 6 3.537 0.708 80.0% 
Level 7 N/A* 0.283 N/A 

* Based on N=2 original samples of Level 7, interpretation requires caution. 
 

Error analysis reveals remaining challenges primarily in posts containing multiple urgency aspects or 
subtle contextual indicators. These findings suggest that while our approach successfully addresses the 
fundamental challenge of class imbalance, future work might explore more sophisticated methods for handling 
complex, multi-faceted forum posts. 

Discussion 
Our study advances LLM-based data augmentation in education by extending beyond Li and Botelho’s (2024) 
binary classification of at-risk students to a seven-level urgency detection pipeline. This approach enhances LLM-
generated synthetic data capabilities, achieving an 80% RMSE reduction in high-urgency predictions (level 6), 
and effectively identifying posts requiring immediate intervention (El-Rashidy et al., 2024). Unlike traditional 
augmentation methods (Alrajhi et al., 2024), our method preserves semantic coherence while addressing class 
imbalance in educational contexts. 

Several limitations warrant careful consideration. While our synthetic data generation process effectively 
balances the dataset, the reliance on GPT-4o-mini may introduce model-specific biases. The current approach 
focuses solely on textual content without incorporating temporal patterns or user interaction histories that might 
provide additional context for urgency assessment. Also, while performing data augmentation upfront facilitated 
consistent model comparison, this procedural choice warrants consideration regarding potential data leakage prior 
to cross-validation. Moreover, while our evaluation metrics show significant statistical improvements, the 
practical impact on instructor response times and student outcomes requires further investigation to fully validate 
the approach's educational value. 

Future research could explore more sophisticated approaches to synthetic data generation, potentially 
incorporating multi-modal features and temporal dynamics to better capture the complexity of MOOC 
interactions. Additionally, expanding this approach to cross-platform and cross-domain applications could 
establish its broader applicability in diverse educational contexts, potentially leading to more robust and 
generalizable urgency detection systems.  
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