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Abstract— This study presents an AI-powered study tool that leverages Bidirectional Encoder Representations from Transformers (BERT) to automatically generate study reviewers from academic materials such as lecture notes, handouts, and textbooks. The system applies Natural Language Processing (NLP) techniques for text summarization, keyword extraction, and question generation to improve learning efficiency and comprehension among college students. EduSummarize also integrates a semantic similarity module using Sentence-BERT (SBERT) to evaluate the relevance and accuracy of students’ written responses, providing interactive feedback to enhance active learning. Through this implementation, the research aims to reduce cognitive load, streamline reviewer preparation, and promote personalized learning experiences aligned with Sustainable Development Goal (SDG) 4: Quality Education. Evaluation methods, including ROUGE metrics and user satisfaction surveys, will be employed to assess system accuracy, readability, and effectiveness. The expected outcomes highlight the potential of transformer-based NLP models to revolutionize educational practices by making studying more efficient, engaging, and accessible.
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Introduction 
Background and Context
In today's education system, students are faced with an abundance of information from sources such as textbooks, lecture notes, and research papers, leading to lengthy and potentially cognitively taxing study time [1]. Typical study methods involve manually summarizing or creating reviewers; however, this can cause information overload and inefficient understanding [2]. As we transition into a society that has access to Artificial Intelligence (AI) and Natural Language Processing (NLP), it is becoming possible to automatically summarize content, extract keywords, and generate knowledge based on large sets of text [3].
Recent developments of transformer-based language models, such as BERT, T5, and BART, have enhanced the ability of machines to comprehend text and perform functions such as summarization, translation, and question answering with considerable accuracy [4], [5]. Furthermore, studies related to education have successfully applied these models to reading comprehension, review generation, and interactive tutoring [6].
Following these advances, EduSummarize is proposed as an AI-powered study tool that automatically develops structured study reviewers and comprehension questions from academic texts. The distinguishing factor of EduSummarize, in relation to existing systems, is its ability to interactively analyze user answers to open-ended questions for relevance and accuracy using semantic similarity models like Sentence-BERT (SBERT) [7]. This feature transforms reading from a passive activity into an active learning process, enabling students to evaluate their comprehension through AI-assisted feedback.
Significance of the Study
Incorporating Natural Language Processing (NLP) into formal education fulfills the goals of Sustainable Development Goal (SDG) 4: Quality Education, which seeks to achieve inclusive, equitable quality education 	and promote lifelong learning opportunities for all [8]. For example, an AI-empowered educational system like EduSummarize shows the overall capacity of technology to improve accessibility, increase opportunities for personalized learning, and advance learning outcomes [9].
In place of using traditional and time-consuming study strategies, like taking manual notes or preparing flashcards, this system entails a student uploading items of academic text for the system to read and then derive summaries, key terms and questions of comprehension. This enables the learner to consider meaning or retention, rather than time-consuming repeated preparation of the reviewer materials sources [10].
Moreover, the study provides additional value by advancing AI driven educational innovation through providing a research contribution to a field (NLP) that will provide insights for learners, professional educators, and institutions about using NLP to improve efficiency and overall comprehension. Ultimately, the implementation of EduSummarize is promoted not only by a reduction in cognitive load, increased opportunities for personalized learning, and improved engagement practices continually through self-assessment, but also aligns itself to the broader initiative to achieve SDG 4: Quality Education, by providing equitable, efficient, and learning technology-enhanced practices and skills, particularly in the study of higher education [8], [9], [10], [11].
Problem Statement
A. Domain: Education
Education continues to be an important element of individual and societal development and can guide global advancement. Nevertheless, there are still challenges faced by students and educators in the current context of the ever-expanding digital and information-rich learning environment. The continuing increase in alternative resources for students to study, combined with the pressure to achieve quality academic performance, generates levels of stress, cognitive overload, and decreased learning ability.
Even though educational technology has advanced to present students easier access to academic resources, many still struggle to identify effective individualized study techniques that meet their learning requirements and time constraints. This suggests the need for educational innovation that supports inclusive, equitable, and quality learning opportunities connected to Sustainable Development Goal (SDG) 4: Quality Education [1].
B. Societal Problem:  Learning Inefficiency
Conventional methods of studying are often based on manual note-taking, reading, and summarizing, which can be labor-intensive and cognitively demanding, particularly for longer and complex academic content. These manual strategies are unlikely to help students discern what concepts are essential or to manage their time effectively while studying.
 
Artificial Intelligence (AI) and Natural Language Processing (NLP) could be introduced in the form of study reviewers that automatically create study guides that identify key ideas, definitions, and concepts to assist students in engaging with concept retention more efficiently, focusing students studying needs on comprehension and tonal academic performance, and meeting SDG 4 (Sustainable Development Goal). Furthermore, AI learning tools like EduSummarize have the potential benefit of promoting technological inclusion by improving student learning outcomes, and Quality Education accessible to all learners [1], [2], and working towards improving SDG 4.

Research Objectives

	The goal of this research is to create an AI-based technology that utilizes Natural Language Processing (NLP) Specifically BERT to automatically generate study guides from college-level reading materials. The proposed system can evaluate text materials, including lecture notes, handouts, and textbooks, to process and condense key ideas while identifying the material's major concepts and terminology.
Understanding what ideas or concepts have significant importance that assists students in directing their attention toward content needing to strengthen study skills while increasing comprehension and learning. Teachers/schools can also use this information to understand common learning difficulties and improve teaching resources. Overall, the project will make studying easier and more efficient, thereby supporting improved academic achievement and an enhanced learning experience.
A. General Objective
   To develop an AI-powered study tool that utilizes Natural Language Processing (NLP) to automatically generate summarized study reviewers, produce reviewer-style questions, and evaluate student answers based on relevance and accuracy with respect to the uploaded academic materials.
B. Specific Objectives
1. To apply NLP techniques such as text summarization, keyword extraction, question generation, and semantic similarity analysis to generate organized and meaningful study reviewers.
2. To design and develop a web-based interface that allows users to upload academic documents in various formats (e.g., PDF, DOCX, or TXT) for automated processing and reviewer generation.
3. To integrate a question generation module that produces essay-type comprehension questions from summarized content to enhance active learning and self-assessment.
4. To implement and evaluate an NLP-based answer assessment feature that measures the relevance and accuracy of students’ written responses through semantic similarity analysis and feedback generation.

I. Review of Related Literature

1. NLP in Educational Contexts
Natural Language Processing (NLP) has been shown to improve learning environments by assisting with tasks such as text understanding, question generation, and assessment in educational settings. For example, Alhawiti (2014) found that NLP applications helped students and educators by offering tools for writing, analysis, and assessment processes in e-learning and university systems.[12]
2. BERT-based Models for Summarization and Keyword Extraction
Research into BERT and its variants demonstrates strong performance in summarization and keyword extraction tasks. Abdel-Salam et al. (2022) explored BERT variants for extractive text summarization and found them effective in reducing human reading time while retaining key content accuracy[13].
3. AI summarization and study efficiency in education
 	The use of AI-generated summaries in educational settings can support study efficiency and comprehension, though some limitations exist. For instance, Deng Wenqiang (2025) found that AI-generated summaries aided basic comprehension among EFL learners, yet were less effective for deeper inferential understanding[14].
Scope of Work
EduSummarize is a proposed project that involves designing a study tool powered by artificial intelligence using Natural Language Processing (NLP) to automate the summarization of academic materials, generate reviewer-type questions, and evaluate student's answer accuracy and relevance. The project includes all phases of building and evaluating the EduSummarize system. Major phases include data collection, data pre-processing, model selection, training and fine-tuning of the system, and evaluation of the system. Academic documents, including lecture notes, handouts, and open-access textbooks will use the primary dataset for model development.
The system will leverage Transformers-based NLP models, specifically BERT, to summarize and extract keywords. The framework will be fine-tuned on educational text to produce concise, meaningful study reviewers. Evaluation will be focused on the accuracy, readability, and efficiency of the study reviewers and questions. EduSummarize contributes towards improved learning efficiency and accessibility through the automated generation of intelligently derived study reviewers aligned to Sustainable Development Goal (SDG) 4: Quality Education.
A.  Data Collection and Preprocessing
   Collect academic content (i.e., lecture notes, handouts, textbooks) in PDF, DOCX, or TXT formats. Extract raw text from the documents and preprocess the text data. Preprocessing can be any combination of lowercasing, special characters and stopword removal, tokenization, and sentence segmentation to input data into the NLP inference pipeline.
B.  Model Selection and Summarization Development
   Select and apply a model pre-trained for general NLP tasks but applicable for summarization and keyword extraction using BERT to Adapt or fine-tune the model to generate structured, coherent, concise, and contextual-aware study reviewers that maintain the main ideas of the uploaded text.

C.  Reviewer Generation System
   Develop the centralized reviewer generation system that will take uploaded text, apply NLP algorithms, and structure the generated study reviewer. The generated study reviewer will consist of organized summaries with sections, keywords that have been highlighted, and key definitions/concepts extracted from the source documents.
D.  User Interface Development and Integration
   Build the front-end web interface and create a user-friendly function that will allow students to upload their documents, access the generated reviewer, and download the reduced text. The interface will support multiple document formats and provide an organized study reviewer as an output.
E.  Personalized and Study Optimization Features
   Add features that allow users to opt for the type of output they want (i.e., short summary, detailed reviewer, keyword list).
F.  Testing and Evaluation
Complete testing for tool summarization accuracy, readability, and user satisfaction. Evaluate different summarization models and examine the impact of the system on students' study efficiency and comprehension.

Methodology
A.  Data Source Selection
   The study's dataset will comprise academic documents and educational materials sourced through publicly accessible formats and materials sourced or made available by an instructor. Such materials include lecture notes, handouts, open textbooks online, and sample reviewers generally available to college students. Publicly sourced learning resources will be compiled from established repositories like OER Commons, OpenStax, and Google Scholar and open access papers from universities.
The compiled materials will be the input text for the NLP (Natural Language Processing) model within EduSummarize, being the text the system will use to summarize, generate and evaluate completion questions for students. Since reviewers will be created from authentic academic content, the incorporation or selection of documents will demonstrate the type and caliber of typical academic contents.

B.  Dataset Relevance and Suitability 
The chosen dataset matches well with the purposes of the study, and provides textual materials appropriate for testing text summarization, question generation and answer evaluation modules. The materials have organized and information-rich academic content—suitable for summarization and comprehension based question generation—as appropriate content for educational purposes.
 
   Moreover, the utilization of actual educational materials allows the system to operate in circumstances similar to students in authentic study settings. The text data includes English and Filipino sources to align compatibility with multilingual NLP models like Multilingual BERT and T5 that hold various languages.

   To ensure dataset suitability, each document will be evaluated based on the following criteria:

· Relevance: The content must be academic or instructional in nature.

· Clarity: The text should be grammatically sound and free from excessive noise (e.g., incomplete scans or OCR errors).

· Diversity: Materials should come from multiple disciplines (e.g., IT, social science, and general education) to enhance model generalization.

· Ethical Accessibility: Only open-source or permission-granted files will be used, following academic integrity and copyright guidelines.

 Data Preprocessing and Preparation
Before applying NLP models, the collected data will undergo several preprocessing steps to ensure quality and consistency. These include:

· Text Extraction: Converting PDF or DOCX files into plain text using document processing libraries.
 
· Data Cleaning: Removing unnecessary elements such as special symbols, headers, page numbers, and formatting tags.
  
· Tokenization and Normalization: Splitting the text into words and sentences, converting all text to lowercase, and removing stopwords to standardize the input.

· Sentence Segmentation: Structuring long text passages into logical units for summarization and question generation.
 
· Language Filtering: Separating English and Filipino documents to ensure accurate processing under the correct language model.
 
· Data Structuring: Storing cleaned text in a dataset format (e.g., CSV or JSON) containing fields for document ID, content, summary, keywords, generated questions, and reference answers.

  These preprocessing steps are essential to the summarization and question-generation models' performance and accuracy. Efficient and well-organized data will enhance the models' performance and improve the quality of reviewers and feedback generated for essay-type responses.
 
Model Selection
Baseline Model: TF-IDF + Keyword Matching
A traditional approach that uses term frequency–inverse document frequency (TF-IDF) to identify important words and match key terms within academic texts. Provides a simple, non-contextual baseline for comparison against transformer-based models in summarizing content and generating study reviewers.

Transformer Model: BERT
The project will use Bidirectional Encoder Representations from Transformers (BERT), an innovative language model created for natural language understanding tasks. BERT reads text bidirectionally, meaning it reads text from left to right and right to left simultaneously. BERT's method of utilizing the text context allows it to have a better understanding of what each individual word means in context. This contextualized understanding improves the model's capabilities of capturing the intention and relations between individual words, compared to traditional models. 
In this project, BERT will be further conditioned to perform text summarization and keyword extraction techniques from scholarly materials. Once BERT has an understanding of the educational context, it can generate quick and meaningful reviewers of content based on intent and importance. These features make BERT an appropriate model for building a robust intelligent study reviewing system that assists in providing efficient and effective learning experiences.
Training and  Fine-Tuning 
The first step in the development process will be to choose a suitable pre-trained BERT model from the Hugging Face library that meets the needs of the study reviewer system. This pre-trained model will be the basis to build on, as it will already have some level of knowledge of language patterns and contextual relationships, as acquired from large text data.

To finally tune this model, the selected BERT model will be fine-tuned with datasets within the education realm, such as lecture slides, lecture notes, handouts, or textbooks. The fine-tuning process will allow the BERT model to adapt its internal parameters to help it better understand education-related content and extract relevant information more accurately. Fine-tuning enhances the potential of the study reviewer system to provide coherent summaries, identify key terms from selected texts, and provide highly relevant and well-structured study reviewers to meet learners' needs.

Evaluation and Baseline Comparison
The study will apply different types of model evaluation techniques to assess the effectiveness and performance of the BERT-based AI study reviewer system. The goal of this evaluation is to measure how accurately and coherently the system summarizes academic materials and identifies key information relevant to the user.
1. Standard NLP Metrics:
To evaluate the performance of the text summarization and keyword extraction processes, standard NLP metrics such as Precision, Recall, and F1-score will be employed. These metrics will determine how well the generated summaries and keywords align with the important concepts from the original materials.

2. ROUGE (Recall-Oriented Understudy for Gisting Evaluation):
ROUGE metrics, particularly ROUGE-1, ROUGE-2, and ROUGE-L, will be used to compare the automatically generated summaries against human-written references. This helps measure the overlap of words, phrases, and sentence structures to evaluate the quality and relevance of the summary.

3. User Evaluation and Satisfaction Survey:
To complement quantitative metrics, user feedback will be collected through surveys and interviews with students. This evaluation will measure the clarity, usefulness, and effectiveness of the generated reviewers in supporting learning and exam preparation.
 Expected Outcomes
The planned investigation will focus on developing a study tool that utilizes Artificial Intelligence (AI) in the form of Bidirectional Encoder Representations from Transformers (BERT) for the generation of study reviewers based on academic material. The information provided via uploaded content (ie. integration of lecture notes, handouts and textbooks) will be processed to create summaries, keywords and outline major concepts leading to improved understanding and retention of materials.
Expected outcomes will include improved study efficiency, comprehension, and learning in academic performance through automated, literature generated structured reviewers. The tool would also decrease time and effort to create a manual-reviewer, allowing students to focus their efforts on learning and demonstrating understanding of content material instead of organizing their own study materials. 
 
The primary contribution of the project will be the use of a BERT based Natural Language Processing (NLP) model within an educational context. The BERT model improves traditional study approaches through producing accurate summaries and keywords that are also nuanced to the context of several types of academic materials.

Research Timeline

[image: ]fig. 1. Gantt Chart of Project Timeline
This Gantt chart serves as a timeline for our project proposal, offering a clear visual representation of the major tasks and their corresponding schedules. It illustrates the flow of activities, starting with project setup and dataset preparation, which includes downloading, cleaning, and label remapping of the dataset. The following weeks focus on preprocessing and baseline model implementation, followed by fine-tuning the BERT transformer to enhance performance. Subsequent tasks involve evaluation, error analysis, and visualization to assess the model’s accuracy and reliability. Finally, the project concludes with documentation, report finalization, and presentation preparation. By monitoring both completed and ongoing tasks, this timeline helps us manage our time efficiently, maintain steady progress, and ensure smooth coordination within the team, leading to the successful completion of our project.
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