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Abstract Natural Language Processing (NLP) plays a crucial role in automating text classification tasks, particularly
in the context of education and scientific experimentation. However, the classification of practical tasks, especially
distinguishing between individual and collaborative worksheets in laboratory sessions, remains an open challenge. This
work extends our previous research on collaborative virtual laboratories by introducing an intelligent classification model
that automatically determines task modality from worksheet specifications, enabling adaptive pedagogical orchestration.
This article investigates the performance of Recurrent Neural Networks (RNNs) and their variants, including LSTM, GRU,
and bidirectional models, in addressing this issue. For contextual benchmarking, selected transformer-based models were
also evaluated to compare performance and computational trade-offs. We aim to determine which architecture best balances
classification accuracy and computational efficiency. RNN-based models were selected due to their efficiency in sequential
text modeling and their suitability for real-time deployment in educational platforms. To enhance data diversity and improve
model generalization, a data augmentation step leveraging a Large Language Model (LLM) was employed to synthetically
enrich the training corpus while preserving semantic consistency. Multiple RNN architectures were trained and evaluated on
a domain-specific dataset of chemistry-related worksheets, using both original and LLM-augmented data. Performance was
assessed using accuracy, precision, recall, and F1-score metrics. Among the models, LSTM achieved the highest accuracy
(95.02%), demonstrating superior classification capabilities. GRU models offered competitive performance with lower
computational costs, while bidirectional architectures improved contextual retention but exhibited variable performance
depending on the dataset features. Although LLM-based data augmentation marginally enhanced model efficiency, the
dataset’s inherent simplicity ensured strong baseline performance across all models. Importantly, classification errors do
not compromise learning outcomes but only affect execution modality, making the approach robust for real educational
deployment. Overall, the findings highlight the efficiency of deep learning models in classifying practical educational tasks
and underscore the potential of LLM-assisted augmentation to enhance adaptive learning environments.
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1. Introduction

Deep Learning (DL) is a branch of Artificial Intelligence (AI) that enables machines to learn from large datasets
and accomplish complex tasks. By combining principles from computer science, mathematics, and neuroscience, it
develops models capable of understanding, interpreting, and generating information [1]. This approach effectively
bridges the gap between human cognition and computational power, revolutionizing fields such as computer vision,
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speech recognition, and Natural Language Processing (NLP) [2, 3].
Among these, NLP is a cornerstone of AI, enabling computers to understand and generate human language with
remarkable accuracy. Integrating computer science, linguistics, and AI, it tackles the inherent complexities of
human communication through syntactic and semantic analysis, discourse processing, and text generation [4, 5].
The core of NLP lies in the development of sophisticated algorithms and DL models capable of processing and
analyzing large amounts of unstructured textual data. These models leverage neural networks and transformer
architectures to extract semantic meaning, detect patterns, and enhance comprehension. As a result, NLP has
become an indispensable tool in various real-world applications, including machine translation, sentiment analysis,
speech recognition, information retrieval, conversational AI, automated summarization, and multilingual systems
[6, 7, 8].
Text classification is an important NLP task supporting applications such as sentiment analysis, spam detection, and
topic categorization. Traditional machine learning methods, such as Naı̈ve Bayes and SVM, rely on handcrafted
features, limiting their effectiveness. DL has greatly improved classification accuracy using architectures such
as CNNs, RNNs, and transformer-based models (e.g., BERT and GPT) that autonomously learn hierarchical
representations. However, these models require large amounts of high-quality labeled data, which is often expensive
and labor-intensive to collect. These drive researchers toward semi-supervised, transfer, and self-supervised
learning techniques to reduce extensive labeled datasets while maintaining performance [9, 10].
NLP has brought significant advances across various domains, including education, where its integration is
transforming traditional teaching and learning methodologies. By leveraging NLP-driven technologies, educational
environments benefit from intelligent tools that support automated assessment, personalized learning, and
interactive tutoring systems. These applications enhance student engagement, streamline content delivery, and offer
instructors valuable insights into learner progress. As NLP technologies evolve, they promise to further reshape the
educational landscapes [11, 12].
Neural language models have significantly evolved, revolutionizing the field of NLP. Among the most influential
models are BERT (Bidirectional Encoder Representations from Transformers) and GPT (Generative Pre-trained
Transformer), both of which have redefined the capabilities of modern NLP systems. Built on the Transformer
architecture, these models effectively capture long-range dependencies and process variable-length textual
sequences using self-attention mechanisms and deep contextual embeddings. They have substantially improved
performance in NLP tasks, including machine translation, text summarization, and sentiment analysis, paving the
way for large-scale language modeling, demonstrating the transformative impact of deep learning in language
understanding [13, 14].
Building on these advancements, NLP techniques can be applied beyond conventional domains to address
challenges in education[15]. Practical work sessions, which play a crucial role in developing problem-solving
and collaboration skills, can greatly benefit from NLP-driven automation and intelligent task management. A
key challenge for instructors lies in effectively assigning students to tasks, whether individual or collaborative.
Traditionally, this process is carried out manually, relying on instructor expertise to distinguish between tasks
that require independent effort and those that benefit from teamwork. However, this manual approach is time-
consuming, prone to inconsistencies, and difficult to scale in large classroom settings.
To address this issue, we leverage advances in NLP, DL, and Large Language Models (LLMs) to automatically
classify laboratory tasks extracted from textual descriptions of practical work worksheets. By accurately identifying
whether a task is individual or collaborative, the system assists instructors in assigning students more effectively,
enhancing classroom management, collaboration, and improving overall learning experience. While existing
studies highlight the potential of NLP and Deep Learning in enhancing education, most of them focus on adaptive
feedback, language support, or general e-learning applications. To the best of our knowledge, no prior work
has specifically explored the automatic classification of practical learning tasks in individual and collaborative
contexts. This gap motivates our work, where we propose a novel classification framework that combines NLP,
Deep Learning, and RNN architectures to enhance task allocation and support adaptive, personalized learning
environments.
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This work extends our previous research on collaborative virtual laboratories, in which we developed a
web-based immersive environment enabling students to conduct experimental practical work interactively
[16]. Although the platform supported collaborative experimentation, the identification of task modality
(individual versus collaborative) relied on manual instructor intervention, thereby limiting scalability and
real-time adaptability. The present study addresses this limitation by introducing an AI-driven, NLP-based
classification model that can automatically determine whether a practical task should be performed individually
or collaboratively based on worksheet specifications. This extension represents a significant step towards adaptive
virtual laboratories with autonomous pedagogical orchestration, enabling intelligent task allocation and seamless
integration with Learning. Management Systems (LMS).

The main contributions of this study are:

1. Designing a domain-specific dataset of chemistry practical tasks labeled as individual or collaborative,
using structured data generation, meticulous annotation, verification, and data augmentation techniques (e.g.,
synonym replacement, random insertion, deletion) to enhance model robustness and generalization.

2. Applying various data augmentation techniques, including synonym replacement, random insertion, and
deletion, to expand the dataset, enhance model robustness, and improve generalization on unseen task
descriptions.

3. Developing RNN-based classifiers, including RNN, LSTM, GRU, and their bidirectional variants, to
automatically classify task descriptions.

4. Evaluating and comparing model performance using accuracy, precision, recall, and F1-score to determine
the most effective deep learning model for classifying long scientific experimental texts.

5. Conducting a comparative assessment with transformer-based models to contextualize RNN performance in
terms of accuracy and resource requirements.

The remainder of this paper is organized as follows: Section 2 reviews related work on NLP and DL for text
classification in the educational domain. Section 3 describes the proposed workflow, including dataset creation,
preprocessing, and model architecture. Section 4 details the experimental setup and performance evaluation of
RNN-based models on both original and augmented datasets, and we discuss key findings, emphasizing the
superior performance of the LSTM model ,the benefits of data augmentation and a comparative analysis with
transformer-based model. Finally, Section 5 concludes the paper and suggests future research directions, including
the integration of advanced transformer-based model and optimization strategies.

2. Related Work

The rapid advancement of Artificial Intelligence (AI) and NLP has led to transformative developments across
various fields, including education and experimental sciences. This section reviews key studies and organizes
related work into four main categories:

1. NLP in education,
2. Foundational architectures and models,
3. AI/ML for adaptive learning and analytics,
4. NLP-based classification and domain-specific applications.

2.1. NLP in education

Fuchs [13] examines opportunities and challenges of NLP models such as ChatGPT and Google Bard in
higher education. The study highlights their potential to enhance student learning through personalized learning
experiences, automation, and real-time support. It also discusses their role in facilitating academic engagement,
particularly for non-English languages that lack adequate support in traditional learning management systems.
However, concerns remain regarding accuracy, bias in training data, and the risk of over-reliance on AI tools,
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which may affect the development of critical thinking skills. The study highlights the need for ethical guidelines
and structured implementation.
Similarly, Biester and Wu [17] propose a series of homework assignments linked to in-class worksheets to help
NLP students understand and debug their code. These worksheets allow students to verify their comprehension
of algorithms on paper before coding and later serve as test cases during programming, enabling students to
compare their results with expected outcomes. This pedagogical approach reinforces conceptual understanding
and improves learning and debugging efficiency. However, while pedagogically valuable, this work focuses on
general NLP learning and debugging rather than the automatic classification of practical-work worksheets, which
remains an underexplored challenge addressed by our proposed framework.
The study by Li et al. [18] examined the role of NLP technology in e-learning, focusing on intelligent platforms for
computer-mediated education. It reviews existing methods already integrated into learning systems and emerging
techniques not yet deployed in real-world software solutions. Despite certain limitations, the study highlights the
significant contribution of language technology to enhancing computer-assisted teaching and learning, particularly
for underrepresented languages. A case study on Czech e-learning materials illustrates these concepts in practice.

2.2. Foundational Architectures and Models

The Transformer model proposed by Vaswani et al. [14], represents a major shift in sequence modeling by replacing
recurrence with self-attention mechanisms. Unlike RNN-based and CNN-based architectures, it processes input
sequences entirely through self-attention, significantly improving parallelization and computational efficiency.
Its effectiveness was demonstrated in WMT 2014 translation benchmarks (English-to-German and English-to-
French) with reduced training time. By leveraging multi-head attention and positional encodings, the Transformer
captures long-range dependencies more effectively, establishing the foundation for modern attention-based NLP
architecture.

Authors in [19] explored the application of ChatGPT and BERT models in mechanical engineering, focusing
on tasks such as technical documentation analysis, fault diagnosis, and customer service. This work provides their
architecture, advantages, and limitations, while evaluating their performance in logical inference, paraphrasing,
and text similarity. It also discusses challenges faced by ChatGPT in natural language understanding and suggests
hybrid approaches like the Multidimensional Informational-Variable Approach (Mivar) method to enhance
performance.

Recent studies have further demonstrated the effectiveness of hybrid deep learning and NLP models. Rustad et al.
[20] conducted a comprehensive systematic literature review on named-entity recognition, highlighting the synergy
between statistical modelling and transformer-based architectures. Similarly, Ferdous et al. [21] explored sentiment
analysis in the machine-learning era, combining hybrid architectures to improve classification under limited-data
conditions. These contributions illustrate how hybrid NLP–deep learning frameworks can advance classification
performance across domains where data are scarce.

2.3. AI and ML for Adaptive Learning

Recent advancements in AI and Machine Learning (ML) are reshaping e-learning platforms and enabling adaptive
learning systems. A study conducted by [22] examines the utilization, benefits, and challenges of AI/ML in this
domain through a literature review of works published since 2010. The findings show how AI/ML algorithms
enhance student engagement, retention, and performance by personalizing learning experiences and optimizing
learning paths. Despite challenges such as data privacy concerns, AI-driven e-learning systems hold great potential
for transforming education by meeting individual learner needs more effectively.
Similarly, authors in [23] present a comprehensive study of ML in online education by synthesizing findings from
1961 to 2022. It explores methodologies for developing learning analytics tools, identifies key data resources,
and analyzes the diversity of available datasets. The study evaluates different ML and DL techniques, providing
valuable insights and methodological guidance for advancing research and practice in data-driven education.
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2.4. NLP-based Classification and Domain-Specific Applications

Hasanen et al. [24] compare the performance and behavior of CNN, LSTM, and GRU for classification and
prediction tasks across several datasets, highlighting trade-offs in accuracy, training time and resource usage. Their
findings guide model selection for text classification problems relevant to educational contexts.
In [25], the authors demonstrate that exam-generation and assessment tasks in education can benefit from RNN
and LSTM architectures, particularly for capturing relationships among exam questions and student performance
patterns. Although the study focuses on exam papers rather than practical work worksheets, it provides valuable
methodological insights for designing classification systems in educational settings.
Recent surveys and benchmarks on NLP for education and text classification highlight the rapid growth of
methods and application domains, while also emphasizing domain-specific challenges for scientific text. Lan et
al. [25] provide a taxonomy of educational NLP tasks and identify text classification as a core task with unique
constraints in educational settings. Prior work on automated assessment of collaborative engagement demonstrates
the feasibility of detecting group interactions and collaboration interactions from textual and multimodal data, yet
practical work classification remains underexplored. Moreover, domain-specific efforts such as ChemNLP tools
Choudhary and Kelley [26] show the feasibility of extracting structured information from experimental texts,
supporting the relevance of our chemistry-focused dataset.

2.5. Discussions

Despite extensive research on NLP applied to education, few studies have specifically addressed the automatic
classification of practical educational tasks, such as worksheets used for scientific practical work. Most existing
research focuses on general NLP applications or specific educational tasks without directly tackling the problem
of classifying practical tasks based on their nature (individual vs. collaborative). This gap in literature emphasizes
the originality and significance of our contribution. By developing an approach that leverages NLP and Large
Language Models (LLMs) to classify practical educational tasks, we propose a novel NLP- and LLM-driven
framework for classifying practical educational tasks. Furthermore, by developing a domain-specific annotated
dataset for this task and implementing deep learning architectures, we provide both methodological advancement
and a valuable resource to the scientific community, filling this gap and opening new research directions in the field.

3. Proposed Hybrid NLP-LLM-Based Task Classification System

3.1. System Design

The automatic classification of individual and collaborative practical works aims to distinguish the nature of
students’ activities according to their working mode. A practical work is considered collaborative when it involves
a division of tasks among several learners working together toward a common goal, whereas it is individual when
a single student can complete it independently. In this context, implementing an automatic classification system
makes it possible to analyze the content of practical works, identify indicators of collaboration or autonomy, and
differentiate between collective and individual tasks. This approach enables a faster and fairer evaluation, while
providing teachers with a clear understanding of each student’s or group’s working mode. It therefore contributes
to improving pedagogical management and monitoring in online or hybrid learning environments.
This section presents a structured framework for classifying chemistry practical tasks into individual or
collaborative categories using Recurrent Neural Network (RNN) models. As shown in Fig. 1, the proposed
approach consists of two main phases: dataset generation and task classification. In the first phase, a high-
quality, domain-specific dataset was developed from real-world practical worksheets provided by the Chemistry
Department of our university. This process involved analyzing task structure, generating additional entries using
prompt engineering with ChatGPT-4, and performing automated consistency checks. The final dataset, containing
over 1, 400 structured documents, was further augmented to enhance diversity and model robustness. In the
second phase, we focused on classifying these tasks using RNN-based architectures. We carried out thorough
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data preprocessing, including normalization, tokenization, and lemmatization, to prepare the text for sequential
learning. The dataset was then split into training, validation, and testing sets to ensure balanced evaluation. RNN
models, including LSTM, GRU, and their bidirectional variants, were employed for their ability to capture temporal
dependencies in text. Model performance was assessed using standard metrics: accuracy, precision, recall, and F1-
score, ensuring a rigorous and interpretable evaluation of the proposed classification system.

Figure 1. The Workflow of the Proposed Approach.

3.2. Chemistry Dataset Construction

The construction of a suitable dataset for this study presented several challenges. Initially, the absence of an existing
corpus specifically designed to distinguish between individual and collaborative chemistry tasks, combined with
the limited availability of domain experts for data labeling, made it difficult to ensure contextual relevance and
accuracy. This limitation underlined the need for expert-informed guidelines or automated methods for dataset
construction in domain-specific educational contexts. To overcome these challenges, we collaborated with the
Chemistry Department of our institution to collect practical work descriptions. However, the available material
was limited in scope and predominantly individual in nature, rendering it insufficient for training deep learning
models.

Consequently, we developed a dedicated dataset named AMCDPT [27](Automatic Multiclass Chemistry Dataset
for Practical Tasks) † through a structured and systematic methodology tailored to the requirements of this research.
The process encompassed the collection of academic materials, data generation using advanced NLP and LLM
tools, and rigorous verification to ensure label consistency and annotation quality. The resulting dataset serves as
a robust foundation for training and evaluating binary text classification models aimed at distinguishing between
individual and collaborative chemistry tasks.

†The chemistry dataset is publicly available on Kaggle at https://www.kaggle.com/datasets/pfe202419/amcdpt-dataset
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3.2.1. Dataset Description and Characteristics: The AMCDPT dataset consists of structured descriptions of
experimental chemistry tasks, each written in concise, domain-specific language. An in-depth analysis of the data
reveals several distinctive characteristics that guided the model design and training strategy:

• Moderate text length: Each description contains an average of approximately 32 words, with a maximum
of 104, enabling efficient model learning without information loss due to sequence truncation.

• Structured and coherent organization: The descriptions follow a logical procedural format describing
experimental steps, facilitating the ability of sequential models to capture contextual dependencies.

• Specialized vocabulary: The use of precise scientific terminology enhances model generalization while
reducing linguistic ambiguity and noise.

• Low lexical diversity: The use of controlled vocabulary simplifies the model learning process by minimizing
variance and improving token consistency.

• Minimal textual noise: As the data originates from academic sources, grammatical and typographical errors
are rare, allowing the model to focus on meaningful linguistic and structural patterns.

These characteristics collectively make the AMCDPT dataset particularly suitable for training Recurrent Neural
Network (RNN) architectures such as LSTM and GRU, which excel at modeling sequential dependencies in
structured textual data.

3.2.2. Structural Analysis of Practical Works: Based on 400 practical tasks worksheets provided by the Chemistry
Department, the structural analysis of these materials was conducted to guide the organization of the dataset.
This analysis helped us design a dataset specifically tailored for binary text classification, distinguishing between
Collaborative and Individual tasks. The final dataset includes over 1, 400 detailed documents, each representing a
specific chemical practical task. Fig. 2 presents key attributes of dataset, including a unique identifier (ID), task
name, required laboratory glassware, involved products, and a step-by-step procedure description.

The classification label (Collaborative or Individual) serves as the target variable for training the model. These
structured elements were selected to capture the complexity and collaborative dimension inherent in laboratory-
based educational tasks.

3.2.3. LLM-Based Dataset Generation: To achieve high-quality data generation, prompt engineering techniques
were applied to guide ChatGPT-4 in producing structured and semantically consistent outputs. This approach
involves formulating clear and detailed prompts that provide sufficient context, define the model’s role (e.g.,
chemistry teacher), and specify the desired data structure. In our study, ChatGPT-4 was instructed to generate
a customized dataset of approximately 1,700 practical chemistry tasks using predefined fields derived from
Chemistry Department task sheets: task ID, task name, required laboratory glassware, products, procedures, and
task type (collaborative or individual).
Besides, ChatGPT-4 has strong capability in understanding and generating domain-specific terminology related to
scientific and practical laboratory tasks (represented by chemical practical activities) to enhance well-structured
task descriptions and preserve semantic coherence.

3.2.4. Data Verification and Improvement: After completing the dataset generation with ChatGPT-4, we enter
the rigorous verification step to refine its processing methods and enhance the subsequent performance. Aligned
with its objectives, constructing a high-quality dataset, improving the accuracy of labels assigned to each task this
step re-submit dataset to ChatGPT without the assigned labels, and the model is instructed to classify each task
as either collaborative or individual. The newly generated classifications were systematically compared with the
original labels to evaluate consistency. Tasks that retained the same classification were marked as verified, whereas
those with inconsistent labels were excluded to maintain dataset integrity. This verification and sorting process
was carefully managed in Google Sheets, facilitating efficient tracking and validation. After verification, the final
exported CSV file contained 1405 validated practical works, ready for further analysis and model training.

3.2.5. Data augmentation: was used to expand the dataset and enhance the robustness and generalization of RNN
models, especially for sequential learning tasks. Three techniques were applied:
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1. synonym replacement, which substitutes words with their synonyms using WordNet to maintain meaning,
2. random insertion, which adds words at random positions to test the model’s ability to handle sequence

disruptions,
3. random deletion, which removes words probabilistically to encourage the model to infer meaning from

limited context.

After applying these augmentation techniques, the dataset was expanded from 1405 to 7885 practical tasks. All the
newly generated entries were semantically validated to ensure that the added tasks remained true to the original
practical works and scientifically coherent.These augmentation strategies increase data diversity and improve the
model’s ability to effectively learn temporal dependencies and linguistic variability.

Figure 2. List of data properties and items.

3.3. Practical Work Task Classification

3.3.1. Data Preparation and Preprocessing The data preparation phase involved a careful curation of the dataset
to ensure that only the most relevant and informative data records were retained for training. This filtering process
ensured that the RNN model would be exposed to high-quality, meaningful input, while irrelevant or redundant data
was removed. The dataset was efficiently managed and structured using Python and the panda’s library, establishing
a solid foundation for the subsequent stages of preprocessing and model training.
During preprocessing, the raw text data was systematically cleaned and standardized to improve model
performance. The process included lowercasing, removal of extra white spaces, punctuation, numerals, and special
characters, followed by tokenization. A comprehensive list of 571 stop words was used to eliminate common
terms that carry minimal semantic weight. Finally, lemmatization was applied to reduce words to their root forms,
ensuring lexical consistency. Together, these preprocessing steps minimize textual noise and variability, allowing
the RNN model to focus on essential linguistic patterns relevant to learning task.

3.3.2. Dataset Splitting To ensure balanced training and reliable evaluation, the dataset was divided into three
subsets: 70% for training, 15% for testing, and 15% for validation. This split helps reduce overfitting and ensures
that models generalize well to new data. The training subset facilitated model learning, the validation subset
optimized hyperparameter tuning, and the test subset provided an unbiased measure of model performance.

3.3.3. Application models: RNN and Variants Recurrent Neural Networks (RNNs) were chosen for classifying
chemistry experiment descriptions into individual or collaborative tasks due to their proven effectiveness in
processing sequential data. These experiment task descriptions are inherently sequential, with each step depending
on the preceding and subsequent ones for full contextual understanding. RNNs, especially advanced variants like
Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) networks, are capable of capturing both
short- and long-term dependencies within such sequences. This capability makes them well-suited for handling
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texts averaging 32 words and extending up to 104 words. Furthermore, bidirectional RNNs enhance performance
by processing text in both directions, allowing the model to leverage contextual information from both past and
future words. Their proven effectiveness across a wide range of natural language processing tasks, combined with
architectural flexibility in architecture, including Simple-RNN, LSTM, GRU, and their bidirectional forms, and
their robustness in adapting to scientific language and moderate-length texts, make them an ideal choice for this
classification task.
In addition, we apply transformer-based architecture (e.g., BERT and RoBERTa) to enhance classification
performance. The main motivation for adopting transformer models lies in their strong capability to model
contextual dependencies within scientific textual content, such as worksheet descriptions of practical tasks. Their
attention-based mechanism enables effective semantic encoding and robust representation learning, improving
embedding quality and reducing information loss. This results in more accurate and consistent classification while
maintaining acceptable computational cost and processing efficiency.

3.3.4. Evaluation of classification models To assess the effectiveness of the classification models, four standard
evaluation metrics were used: accuracy, precision, recall, and the F1-score.
Accuracy measures the proportion of correct predictions over the total number of predictions.

Accuracy =
TP + TN

TP + FP + FN + TN
(1)

where TP , TN , FP , and FN true positives, true negatives, false positives, and false negatives, respectively.
Precision quantifies the accuracy of positive predictions, indicating the proportion of the predicted positives among
all predicted positives.

Precision =
TP

TP + FN
(2)

Recall, on the other hand, reflects the model’s capability to identify all actual positive cases within the dataset.

Recall =
TP

TP + FP
(3)

F1-score offers a harmonic mean between precision and recall, providing a more balanced view when there’s an
uneven class distribution. These metrics are defined as follows:

F1− score = 2× Precision×Recall

Precision+Recall
(4)

4. Experimental Evaluation And Results

This section presents a comprehensive evaluation of various RNN models using both original data and augmented
datasets to assess the impact of architectural optimization and data augmentation on classification performance.

4.1. Parameter settings

The models were trained for 8 epochs with batch size of 256. The CNN model utilized 32 filters with a kernel
size of 7, an activation function of ReLU and a pooling size of 2. The Simple RNN, LSTM, Bi-LSTM, GRU, and
Bi-GRU models were each configured with 256 units, including a 20% dropout and recurrent dropout to reduce
overfitting.
The performance of the models was evaluated and compared using both the original data and augmented data to
analyze the impact of data augmentation on classification accuracy. We utilized grid search and random search to
optimize key hyperparameters, including learning rate, which ranged from 0.001 to 0.1, and the batch size across
values 16, 32, 64, and 128. The number of epochs was evaluated between 10 and 100, while the dropout rate was
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varied between 0.2 and 0.5 to ensure model regularization. Additionally, the number of units in the hidden layers
was tested at 32, 64, 128, and 256 to determine the most effective configuration for sequential text processing.
All models were implemented in TensorFlow/Keras and executed on Google Colab, a cloud-based computational
environment for experimental evaluation. For classification, worksheet content is converted into embedding
vectors using Word2Vec to capture semantic relationships between domain-specific terms. Model optimization
was performed using the Adam optimizer, with systematic hyperparameter tuning and validation-based early
stopping to ensure stable convergence and prevent overfitting.

4.2. Criteria for Selecting Best Parameters

The selection of best parameters is guided by three criteria:

• Validation accuracy: monitored continuously to find the highest performance on unseen data,
• Early stopping: Implemented to prevent overfitting by halting training when validation loss does not

improve,
• Final model evaluation: Analyzed test accuracy and classification reports, including precision, recall, and

F1-score.

4.3. Impact of Optimization on RNN Performance

Figures 3, 4, and 5 illustrate the effects of optimization techniques and data augmentation on RNN models.
Specifically, we examine baseline performance, improvements following architectural tuning, and gains from
augmented training data. The RNN model shows better data diversity and enhanced accuracy across epochs from
augmented data. However, the optimizer now follows a smoother gradient path, leading to stable convergence.

Figure 3. RNN model performance before optimization (A) Training and validation loss (B) Training and validation accuracy.

4.4. Impact of Data Augmentation on Individual RNN Variants Performance

Figures 6 to 10 illustrate results for each recurrent neural network (RNN) variant, namely Simple-RNN, long
short-term memory (LSTM), and gated recurrent unit (GRU), with their bidirectional extensions. Each model is
evaluated on both the original and augmented datasets to examine the improvements in contextual learning and
classification accuracy. Finally, a comparative analysis is presented for Bi-Simple-RNN, LSTM, Bi-LSTM, GRU,
and Bi-GRU, highlighting their performance differences between the original and augmented data.
As shown in Fig. 6, the Bi-SimpleRNN trained on original data shows slower convergence and mild overfitting,
with a noticeable gap between training and validation curves. After data augmentation, the model achieves faster
convergence, closer training–validation alignment, and higher accuracy, indicating improved generalization and
overall robustness.
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Figure 4. RNN model performance after optimization (A) Training and validation loss (B) Training and validation accuracy.

Figure 5. RNN model performance using augmented data (A) Training and validation loss (B) Training and validation
accuracy.

In Fig. 7, the LSTM model trained on original data shows gradual learning with mild fluctuations in validation
performance, suggesting limited generalization. After data augmentation, the model achieves faster convergence,
lower loss, and higher, more stable accuracy, demonstrating improved generalization and better adaptation to
diverse input patterns.

In Fig. 8, the Bi-LSTM model trained on original data exhibits steady improvement but with noticeable
fluctuations in validation accuracy, indicating partial overfitting. After data augmentation, the model converges
faster and more smoothly, with lower loss and closely aligned training–validation accuracy, confirming enhanced
learning stability and stronger generalization capability.

In Fig. 9, the GRU model trained on original data shows gradual convergence with minor fluctuations in
validation accuracy, indicating limited generalization.

After data augmentation in Fig. 10, the model achieves faster and smoother convergence, lower loss, and more
stable accuracy, demonstrating improved learning efficiency, reduced overfitting, and stronger generalization to
unseen data.

From above results, several key observations can be summarized as follows:

• LSTM and GRU achieved the best performances, with precision scores of 94.3% and 92.9%, respectively.
• Bidirectional models (Bi-LSTM, Bi-GRU) slightly outperformed their standard versions, benefiting from

enhanced contextual understanding by processing input sequences in both forward and backward directions.
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Figure 6. Bi-SimpleRNN model performance on original vs. augmented data; (A) Original data (B) Augmented data.

Figure 7. LSTM model performance on original vs. augmented data, (A) Original data (B) Augmented data.
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Figure 8. Bi-LSTM model performance on original vs. augmented data; (A) Original data (B) Augmented data.

Figure 9. GRU model performance on original vs. augmented data; (A) Original data (B) Augmented data.
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Figure 10. Bi-GRU model performance on original vs. augmented data; (A) Original data (B) Augmented data.

• The SimpleRNN achieved precision of 90.9%, indicating competitive performance despite its simpler
architecture.

• With augmented data, GRU and LSTM reached 94.8% and 95.0% precision, confirming their efficiency and
robustness.

• Data augmentation improved the models’ generalization, particularly for Bi-GRU and Bi-LSTM.

4.5. Model Performance Comparison Before and After Data Augmentation

To provide a comprehensive overview, Fig. 11 and 12 summarize and compare the classification metrics of all
models using original and augmented datasets, respectively. In Fig. 11, models trained on the original data show
varying convergence behaviors, with LSTM and GRU achieving higher accuracy and lower loss than SimpleRNN-
based models. Bidirectional variants demonstrate smoother learning curves and better overall performance,
indicating stronger contextual learning.

In Fig. 12, after applying data augmentation, all models converge faster with reduced loss and improved accuracy
consistency. The gap between models narrows, confirming that augmentation enhances data diversity, stabilizes
training, and boosts generalization across architectures, especially for the LSTM and Bi-GRU models.

4.6. Comparative Evaluation of RNN Models on Original Data

To assess the classification capabilities of different RNN models, we conducted a comparative analysis that was
conducted using key performance indicators: test accuracy, precision, recall, and F1-score. These metrics were
used to evaluate the ability of each model to distinguish between individual and collaborative task contexts. The
results are summarized in Table 1.

From Table 1, we note the following key observations:

• The SimpleRNN model achieved 90.99% accuracy, indicating good performance, despite its simplicity
compared to more advanced models. It maintains balanced precision and recall for both collaborative and
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Figure 11. Comparison of Model Performance on Original Data.

Figure 12. Comparison of Model Performance on Augmented data.

individual tasks, about 91% F1-score, showing its ability to correctly classify instances in each category
effectively.

• The Bidirectional RNN slightly outperformed SimpleRNN with 91.94% accuracy, achieving higher precision
for collaborative tasks (95%) and strong recall for individual tasks (95%), yielding a consistent 92% F1-score
across both classes.

• The LSTM model is the best performing model, achieving 94.31% accuracy. It demonstrates exceptional
recall for collaborative tasks (98%), demonstrating its superior capability to retain long-term dependencies
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Models Epochs/ Test Precision Recall F1-score
Time (s) Accuracy % (Ind/Col) (Ind/Col) (Ind/Col)

S-RNN 25.82 90.99 93 / 89 90 / 92 91 / 91
Bi-RNN 43.51 91.94 95 / 89 89 / 95 92 / 92
LSTM 98.75 94.31 92 / 98 98 / 90 95 / 94
Bi-LSTM 177.46 92.42 93 / 92 93 / 92 93 / 92
GRU 85.54 92.89 93 / 93 94 / 92 93 / 92
Bi-GRU 189.28 91.94 93 / 91 92 / 92 92 / 92
S-RNN: Simple RNN Bi-RNN: Bidirectional RNN
LSTM: Long Short-Term Memory Bi-LSTM: Bidirectional LSTM
GRU: Gated Recurrent Unit Bi-GRU: Bidirectional GRU
Ind: Individual class Col: Collaborative class

Table 1. Performance Comparison of RNN Models on Original Data

with 94% and 95% F1-scores, reflecting its ability to achieve high accuracy while balancing precision and
recall.

• The Bidirectional LSTM achieved 92.42% accuracy with well-balanced precision and recall across both
categories (93% / 92%), benefiting from richer contextual understanding due to its bidirectional processing.

• The GRU model is close in performance to LSTM, reaching 92.89% accuracy with balanced precision
and recall for both classes (93% / 93% and 94% / 92%, respectively, confirming its strength to be a
computationally efficient alternative to LSTM with minimal performance trade-off.

• The Bidirectional GRU model matched the Bidirectional RNN in terms of accuracy (91.94%) and maintained
a 92% F1-score for both classes, offering stable performance, with slightly higher precision for collaborative
tasks.

Overall, all models demonstrate strong classification capabilities. However:

• The LSTM model emerged as the most effective model for classification tasks, achieving the highest test
accuracy (94.31%), and superior recall, particularly for collaborative task contexts.

• The Bidirectional models (Bi-LSTM, Bi-GRU) effectively leverage contextual information from both past
and future sequences, leading to well-balanced precision and recall across classes.

• The SimpleRNN model, while slightly less accurate, still performed well, making it a viable lightweight and
efficient alternative for less complex scenarios.

• GRU and Bi-GRU models offered a comparable performance to LSTM, indicating their suitability as efficient
alternatives with reduced computational costs.

This comparative analysis highlights the strengths and trade-offs of different RNN architectures, providing
valuable insights into selecting the most suitable model based on a combination of classification accuracy,
computational efficiency, and robustness (see Fig. 9).

4.7. Comparative Evaluation of RNN Models on Augmented Data

Table 2 presents a comparative analysis of different RNN-based models trained with augmented data. The
evaluation metrics, including test accuracy, precision, recall, and F1-score were employed to assess the impact
of data augmentation on model performance.
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Models Epochs/ Test Precision Recall F1-score
Time (s) Accuracy % (Ind/Col) (Ind/Col) (Ind/Col)

S-RNN 72.58 93.36 96 / 91 91 / 96 93 / 94
Bi-RNN 164.65 94.23 96 / 93 93 / 96 94 / 94
LSTM 326.50 95.02 95 / 95 95 / 95 95 / 95
Bi-LSTM 320.47 88.93 90 / 88 87 / 91 89 / 89
GRU 306.51 94.86 96 / 94 94 / 96 95 / 95
Bi-GRU 532.32 94.47 95 / 94 94 / 95 94 / 95
S-RNN: Simple RNN Bi-RNN: Bidirectional RNN
LSTM: Long Short-Term Memory Bi-LSTM: Bidirectional LSTM
GRU: Gated Recurrent Unit Bi-GRU: Bidirectional GRU
Ind: Individual class Col: Collaborative class

Table 2. Performance Comparison of RNN Models on Augmented Data

From Table 2, we note the following key observations:

• The SimpleRNN model achieved 93.36% accuracy, showing strong performance on the augmented dataset.
It maintained balanced precision and recall, with a slightly higher precision for the collaborative class
(96%) and F1-scores of 93% for collaborative tasks and 94% for individual tasks, demonstrating effective
performance across both task categories.

• The Bidirectional RNN slightly outperformed SimpleRNN with 94.23% accuracy, showing high recall for
Individual tasks (96%), while maintaining strong precision for both classes. Its 94% F1-score demonstrates
model effective management of precision-recall trade-offs.

• The LSTM recorded the highest accuracy among all models at 95.02%, exhibiting uniformly high precision
and recall at and F1-score of 95%, highlighting its efficiency in maintaining high accuracy while ensuring a
strong balance between precision and recall.

• The Bidirectional LSTM, despite its bidirectional architecture, achieved a lower accuracy of 88.93%
suggesting possible overfitting or sensitivity to augmentation. It maintains a balance between precision 90%
(individual tasks) and 88% (collaborative tasks) with corresponding recall values of recall 87% and 91%
respectively. Its performance is lower compared to other models. Also, its F1-scores of 89% for both classes
indicate reasonable performance, still below that of other models.

• The GRU closely matched LSTM’s performance, achieving 94.86% accuracy with balanced precision and
recall, with slightly higher recall for individual tasks (96%). Its 95% F1-scores across both individual and
collaborative categories, confirming that GRU offers near-LSTM performance with greater computational
efficiency.

• The Bidirectional GRU attained 94.47% accuracy like Bidirectional RNN. It shows well-balanced precision
(95% collaborative, 94% individual) and recall (94% collaborative, 95% individual), with a slight advantage
in precision for the Collaborative class. Its F1-scores of 94% (collaborative) and 95% (individual) reflect
stable and effective classification performance under augmented data conditions.

The proposed approach leverages RNN-based architectures to capture contextual and temporal dependencies
in worksheet description. The obtained results demonstrate that LSTM and GRU mechanisms effectively keep
relevant information and reduce sensitivity to minor lexical variations introduced by augmentation. This leads to
stable feature representations and improves the classification efficiency of AMCDPT textual instances.

4.8. Comparison of RNNS with Transformer-Based Models

For further contextualizing the performance of the proposed approach, we conducted a comparative analysis
between the best-performing RNN model (LSTM) and two transformer-based models, BERT and RoBERTa.
As shown in Table 3, transformer models achieved slightly higher accuracy on the augmented dataset, achieving
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(97.39%) for BERT and (95.26%) for RoBERTa compared to (95.02)%) for LSTM. However, this improvement
came at a significantly higher computational cost. In particular, BERT required approximately 3731.36 seconds for
50 epochs, while RoBERTa required approximately 9335.48 seconds for 50 epochs, compared to only 326.50
seconds for 50 epochs for the LSTM model on the augmented dataset. Despite the higher accuracy achieved
by transformer models, LSTM demonstrated highly competitive performance across all evaluation metrics,
especially on the original dataset, achieving a higher accuracy of (94.31%) with lower computational cost. These
results indicate that for moderately sized and structurally uniform educational datasets, lightweight sequential
architectures may represent a more practical solution than computationally intensive transformer models. On
the other hand, transformer architectures remain promising for future research involving larger, more diverse,
and multilingual datasets, where their contextual modeling capabilities may offer additional advantages. This
observation is consistent with prior studies indicating that transformer superiority becomes more evident in large-
scale and complex linguistic tasks rather than working on structured domain-specific datasets.

Table 3. Comparison of RNNs with Transformer-Based Models

Original Dataset

Models Epochs/ Test Precision Recall F1-score
Time (s) Accuracy % (Ind/Col) (Ind/Col) (Ind/Col)

LSTM 98.75 94.31 92 / 98 98 / 90 95 / 94
BERT 472.07 93.84 92 / 95 95 / 93 94 / 94
RoBERTa 1491.45 91.47 95 / 89 87 / 95 91 / 92

Augmented Dataset

Models Epochs/ Test Precision Recall F1-score
Time (s) Accuracy % (Ind/Col) (Ind/Col) (Ind/Col)

LSTM 326.50 95.02 95 / 95 95 / 95 95 / 95
BERT 3731.36 97.39 97 / 98 97 / 98 97 / 97
RoBERTa 9335.48 95.26 96 / 94 95 / 96 95 / 95

4.9. Comparison of LLMs for Data Augmentation

Table 4 compares the effectiveness of different LLMs for data augmentation. ChatGPT-4 achieved the highest
semantic coherence (4.8) and augmentation quality (4.9), resulting in the best classification accuracy of (95.02%).
GPT-3.5 showed strong performance with slightly lower accuracy, while LLaMA 2 demonstrated comparatively
lower augmentation quality and classification performance. These results confirm that higher-quality semantic
augmentation improves classification accuracy.

Table 4. Performance comparison of different LLMs for data augmentation

LLM Semantic Augmentation Classification
Model Coherence Quality Accuracy

(1–5) (1–5) (%)
GPT-3.5 4.1 4.0 –
LLaMA-2 3.9 3.8 –
ChatGPT-4 4.8 4.9 95.02

4.10. Practical Integration within LMS systems

The proposed classification model will be integrated within Learning Management Systems (LMS) to automatically
analyze worksheet specifications based on parameterized factors derived from learning task characteristics, whether
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a task should be classified as individual or collaborative. Once a worksheet is uploaded, the system automatically
processes its content, predicts the appropriate task type, and configures execution parameters accordingly.
This resulting task-type determination supports LMS orchestration functionalities, including automated group
formation, instruction adaptation, and monitoring of experimental activity.
The integration within LMS systems enables automated group formation, instruction adaptation, and experimental
activity monitoring since it operates through a structured representation of task features, learner interactions, and
contextual parameters, ensuring efficient pedagogical classification. The integration of the proposed model aligns
with the objectives of our previous work [16], which aimed to add intelligent task-type classification mechanisms
to automate pedagogical guidance and support comprehensive learner evaluations.

4.11. Discussions

The advantage of the proposed approach is based on contextual sequence modeling through RNN-based models.
The hidden states represent temporal dependencies and semantic flow within the text, while gated memory
mechanisms are less sensitive to minor lexical variations that may arise from paraphrasing or synonym substitution.
Because RNN variants such as LSTM and GRU selectively retain informative features and suppress irrelevant
noise, the learned representations remain stable even when augmented samples are introduced. For this reason,
data augmentation is preferable, as it positively influences the efficiency of classifying AMCDPT textual instances.

In general, all models exhibit strong classification capabilities, though their performances reveal distinct
strengths and trade-offs. (see Fig. 10):

• The LSTM model achieved the highest accuracy (95.02%), demonstrating its superiority in classifying tasks
effectively.

• The SimpleRNN model performed remarkably well, achieving competitive results across all metrics despite
being a simpler model.

• The GRU models provided a balanced and robust performance, making them viable alternatives to LSTM,
offering similar accuracy with reduced computational costs.

• The Bidirectional models (Bi-RNN, Bi-GRU, Bi-LSTM) leveraged contextual dependencies. However,
Bidirectional LSTM showed a noticeable drop in accuracy due to increased model complexity or overfitting
introduced by augmentation.

The AMCDPT dataset demonstrates the strong potential of generative AI to produce high-quality and
pedagogically valid educational materials. Through structured prompts, ChatGPT-4 generated chemistry practical
tasks that are both scientifically coherent and semantically accurate. The validation process confirmed a high level
of consistency between generated and real laboratory tasks, ensuring data reliability. The balanced distribution
between collaborative and individual tasks supports fair model training, while data augmentation to 7,885 samples
enhanced linguistic diversity without compromising meaning. Overall, the dataset combines semantic precision,
educational relevance, and structural balance, making it a robust foundation for automatic classification and
educational NLP research.

Overall, the results obtained with both original and augmented data are closely aligned, with only slight
improvements observed after augmentation. This outcome can be attributed to several factors:

• The simplicity of the dataset, allowing all models to perform effectively and achieve high classification
results.

• The dataset’s limited vocabulary and structured nature lead to reduced complexity, thereby facilitating more
straightforward classification and minimizing the impact of additional synthetic data.

• Although data augmentation provided marginal enhancement in precision and recall, but it does not
significantly change the overall performance rankings among models.

These findings indicate that, while augmentation offers small improvements, the inherent characteristics of the
dataset already enable strong classification performance across all tested architectures.
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Although occasional misclassifications of practical tasks may slightly affect task execution modality, their impact
is organizational rather than pedagogical. For instance, a collaborative task classified as individual can still be
completed effectively, whereas an individual task classified as collaborative only leads to redundant participation.
Thus, misclassification mainly influences time management and coordination efficiency rather than pedagogical
validity.However, we will include in future work cost-sensitive evaluation metrics to better model the differentiated
impact of classification errors.
In fact, misclassification primarily affects the modality of task execution rather than the validity of the learning
process, meaning that the associated costs are organizational rather than pedagogical. While this aspect does not
compromise the integrity of the learning outcomes, it may impact operational efficiency and resource allocation.
Future work will incorporate cost-sensitive evaluation metrics to better capture and model the differentiated impact
and practical consequences of classification errors.
The evaluation of the proposed approach was achieved regarding computational time versus dataset-size sensitivity,
where the obtained results are very encouraging of which accuracy is reduced with training data size decreases.
However, RNN models remain relatively robust under moderate data conditions, which supports their suitability
for realistic educational scenarios. The results presented in Tables 1 and 2 confirm that the proposed approach
achieves a favorable balance between computational efficiency and classification accuracy across varying dataset
sizes

4.12. Limitations and futur work

Although the proposed approach demonstrates strong performance and practical relevance, several limitations
should be acknowledged:

• LLM-generated data may exhibit certain constraints, particularly in experimental scientific worksheets, where
generated text can sometimes show reduced linguistic diversity or formulaic phrasing.

• Limited lexical variability in synthetic samples may affect expressive richness and reduce subtle semantic
distinctions between task descriptions.

• Uniform language patterns across generated data may increase classification difficulty when distinguishing
between individual and collaborative tasks.

• Although experiments were conducted on chemistry practical tasks, the proposed framework is domain-
independent. Chemistry was selected as a prototype domain due to data availability. The underlying architecture
and prompt-engineering strategy can be applied to other domains.

• The current study does not yet assess performance across multiple disciplines; therefore, extending evaluation
to additional domains such as physics and biology is planned for future work.

• Future research will also focus on improving synthetic data quality by reducing artificial patterns and
minimizing semantically weak or repetitive content.

• As a perspective for improving the proposed framework, attempting to create a complete approach based on
recent and relevant explainable AI techniques[28][29]may likewise enhance model interpretability and instructor
trust of the proposed classification approach.

5. Conclusion

This study investigated the automatic classification of practical tasks into individual and collaborative categories
using several Recurrent Neural Network (RNN) models, including SimpleRNN, LSTM, GRU, and their
bidirectional variants. Extensive experiments conducted on both original and augmented datasets demonstrated that
LSTM achieved the best overall performance, reaching an accuracy of (95.02%), while GRU provided competitive
results with lower computational cost. Bidirectional architectures further improved contextual representation,
although their efficiency varied depending on dataset characteristics.
The findings indicate that data augmentation yields modest but consistent improvements, whereas the intrinsic
structure and semantic coherence of the AMCDPT dataset already enable strong classification performance across
models. This highlights the critical role of dataset design, balanced class distribution, and pedagogical consistency
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in determining model effectiveness for educational NLP tasks.
Additional comparative analysis with transformer-based architectures showed that, although transformer models
can achieve slightly higher accuracy on augmented data, this gain often comes at substantially higher computational
cost. These results suggest that lightweight sequential architectures such as LSTM may represent a more practical
solution for structured, domain-specific educational datasets, particularly in real-time or resource-constrained
learning environments.
Despite promising results, several limitations should be acknowledged. The current evaluation was conducted on a
single domain and language, which restricts conclusions regarding cross-domain generalizability. Moreover, while
augmentation improved performance, further investigation of augmentation strategies and statistical validation
techniques would strengthen future analyses.
Future work will explore transformer-based architectures such as DeBERTa and DistilBERT, along with
optimization strategies including hyperparameter tuning and model compression to improve efficiency while
maintaining high predictive performance. Overall, this work demonstrates the feasibility and practical relevance
of automated task-type classification in educational environments and provides a foundation for intelligent
instructional support systems in virtual laboratory settings.
In addition, explainable AI techniques will be incorporated to provide interpretable predictions and enhance
instructor trust in automated educational systems. A user-study evaluation will also be conducted to measure the
real pedagogical impact of the proposed framework.
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