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Abstract— Growing demand for personalized learning has exposed limitations in traditional assessment systems, which often lack adaptability and meaningful feedback. To address this challenge, AdaptiveEduAi is proposed as an AI-driven assessment platform capable of generating skill-oriented multiple-choice questions and automatically analyzing student performance. By leveraging advanced large language models such as Gemini and Groq LLMs, the system creates dynamic assessments, evaluates responses, identifies skill gaps, and delivers targeted recommendations. Through automated question generation, structured analytics, and intelligent learning resource suggestions, AdaptiveEduAi enhances assessment accuracy, reduces manual effort, and supports scalable personalized learning.
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I. INTRODUCTION
Artificial intelligence has becoming more widely used in education due to the growing need for scalable and customized learning environments. Conventional assessment methods frequently rely on static question banks and human grading, which limits their capacity to test a variety of skill sets and provide learners with insightful feedback. Adaptive learning paths and dynamic content production have been made possible by recent developments in large language models (LLMs), such as Gemini [3] and Groq's real-time inference engines [4]. These models expand on previous transformer-based designs like BERT [1] and GPT-style systems [2], which showed excellent performance in natural language creation and contextual comprehension.
The promise of AI-driven evaluation systems to automate question formulation, analyze student replies, and offer tailored suggestions has led to their increasing popularity. While more general research in intelligent educational systems emphasizes the role of machine learning in supporting adaptive evaluation frameworks [6], earlier work in automatic question generation highlights the efficacy of NLP techniques in producing high-quality multiple-choice items for educational settings [5]. Further research in educational data mining demonstrates that learner modeling and performance analytics can enhance instructional decision-making [7], bolstered by strong representation learning techniques that identify patterns in student data [8].
Assessment tools that can create domain-specific questions, detect student shortcomings, and provide customized learning materials are desperately needed as online learning expands. Although they show that automated evaluation is feasible, current methods for predicting student success [9][15] and creating scalable multiple-choice questions [10] frequently do not integrate with real-time LLM-driven content development.Furthermore, the development of NLP-based content analysis tools, such as TF-IDF and contemporary embedding approaches [12][14], has enhanced text comprehension and categorization in educational systems.
AdaptiveEduAi uses cutting-edge LLMs to create customized tests, carry out automatic skill-gap analysis, and provide learners with data-driven feedback in order to address these issues. The system seeks to improve the precision, applicability, and scalability of digital assessment settings by including AI-based question generating, structured analytics, and intelligent recommendation capabilities. This is in line with international efforts to change education with AI, with a focus on learner empowerment, adaptability, and transparency [13][16].
II. RELATED WORK
Extensive research on automated assessment, question generating, and individualized feedback has been spurred by the expansion of AI-driven educational platforms and adaptive learning systems. Deep semantic comprehension and dynamic content creation in educational situations are made possible by the evolution of classical NLP techniques into sophisticated transformer-based systems. This section examines significant developments in learner modeling, question production, AI-based evaluations, and adaptive recommendation methods that are pertinent to the suggested system.
A.AI-Driven Question Generation
Manually selected question banks and rule-based generating methods were the mainstays of early computer-assisted assessment research. However, although large-scale generative models like GPT-style LLMs have shown good skills in generating coherent, domain-relevant questions [2], transformer designs like BERT have greatly enhanced the extraction of contextual meaning from educational texts [1]. These features are extended by more contemporary LLM families that allow dynamic, skill-aligned MCQ creation, such as Gemini [3] and Groq models tailored for real-time inference [4]. The efficacy of NLP pipelines, such as semantic parsing and distractor creation, in enhancing question quality and pedagogical value is demonstrated by studies on automated question production [5], [10].
B. Machine Learning for Student Performance and Behaviour Prediction
In order to forecast student performance, detect shortcomings, and enable adaptive learning tactics, machine learning models have been extensively used to educational data. Previous research highlights the ability of classification and regression approaches to uncover hidden patterns in student behavior and academic results [6], [9], [15]. Systems are now able to identify subtle semantic and behavioral cues in student replies and learning histories because to representation learning techniques like deep encoders and embedding models [8]. Additionally, studies show that in AI-supported learning settings, including contextual features—like skill selection, past tries, and assessment difficulty—can greatly improve prediction accuracy and interpretability [7], [13].
C. Natural Language Processing for Educational Content Analysis
In order to comprehend student inputs and provide relevant assessment content, text preprocessing and feature extraction techniques continue to be fundamental. For classification, content filtering, and theme analysis in digital learning systems, traditional NLP methods including tokenization, TF-IDF vectorization, and language normalization have been extensively employed [12], [14]. Semantic comprehension has been further enhanced by developments in contextual embeddings and self-supervised models, enabling the creation of better questions and more focused feedback. These techniques are essential for spotting misunderstandings, simulating student replies, and assisting with automated assessment.
D. Adaptive Learning Architectures for Personalized Assessment
The significance of systems that react dynamically to student performance is highlighted by recent developments in intelligent tutoring and adaptive learning frameworks. In order to produce iterative, customized learning experiences, AI-driven assessment engines combine question creation, evaluation, and feedback [6], [13]. According to studies, by customizing suggestions and material complexity to each learner's profile, adaptive learning models boost student autonomy, increase engagement, and facilitate mastery-based development. Global initiatives also highlight the need for transparent, data-driven evaluation systems by emphasizing the ethical and scalable integration of AI in education [16]. The architectural design of AdaptiveEduAi, which combines adaptive feedback loops with LLM-powered content generation for better assessment quality, is informed by these observations taken together.
III. SYSTEM OVERVIEW
AdaptiveEduAi is an AI-powered assessment tool that generates multiple-choice questions automatically, assesses student performance, and provides tailored feedback. In order to dynamically create skill-based tests that are in line with a learner's chosen domains, the system incorporates sophisticated big language models like Gemini [3] and Groq's high-speed inference engines [4]. AdaptiveEduAi uses intelligent content creation and adaptive feedback mechanisms to increase scalability, decrease manual involvement, and improve assessment relevance in contrast to standard testing systems that rely on static question libraries.
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Students and administrators are the two main user roles on the site. By choosing up to five abilities, completing exams created by AI, and getting automatic feedback depending on their performance, students engage with the system. Administrators oversee every aspect of the academic environment, including skill development and organization, student activity monitoring, AI-generated question evaluation, and learning material uploading. The platform is able to preserve organized data flow while guaranteeing individualized assessment experiences thanks to these coordinated interactions.
The system architecture integrates four major functional components:
1.AI Question Generation Module, which generates domain-specific multiple-choice questions (MCQs) on demand using LLMs. In comparison to rule-based systems, previous studies have demonstrated that LLM-based generation improves language coherence and contextual correctness [1], [2], and [5].
2. The Assessment and Evaluation Engine, which creates performance indicators, records student replies, enforces time limitations, and chooses balanced question sets. Predictive and diagnostic assessment tools are crucial for enhancing student outcomes, according to machine learning literature. [7], [9], [15].
3. Feedback and Recommendation Module, This module finds strengths and weaknesses, does an automatic skill-gap analysis, and recommends pertinent study resources. The importance of tailored feedback in raising engagement and promoting ongoing learning advancement is emphasized by adaptive learning models. [6], [13], [16].
4.Learning Resource Management Module, which strengthens the link between assessment results and useful learning resources by allowing administrators to map well chosen materials to certain competencies.
To provide consistency and traceability throughout the system lifespan, student data, skill categories, questions, test attempts, and feedback summaries are stored in a single database. The platform is able to preserve contextual integrity in both question creation and feedback explanations thanks to natural language processing methods and semantic representations [12], [14]. These elements work together to provide a unified architecture that facilitates the creation of assessments in real time, precise performance evaluation, and tailored learning suggestions.
All things considered, AdaptiveEduAi offers an intelligent and scalable architecture for outcome-based learning, utilizing contemporary LLM capabilities to revolutionize the evaluation procedure and give flexible, student-centered insights.
IV. METHODOLOGY
AdaptiveEduAi's technique is organized as a modular AI-driven assessment workflow that incorporates automated evaluation engines, tailored feedback systems, and huge language models. Skill selection, AI-powered question generation, test administration, automated scoring, and feedback generation are all part of the system's sequential process. The results are sent to the Feedback module for additional processing and interpretation, as described in this section.
A. Skill Selection and Dataset Preparation
Students choose up to five skills from predetermined subject areas to start the evaluation procedure. Administrators use structured entities that map abilities to their corresponding domains to manage these categories and skills in the backend database. Context-aligned multiple-choice questions are created using the chosen skills. SQLAlchemy-backed relational tables store all system content, including skills, materials, questions, and analytics, allowing for consistency and traceability throughout the evaluation process.
B. AI-Driven Question Generation
The technology uses massive language models like Gemini and Groq LLMs to create domain-specific questions after skills are chosen. Five multiple-choice questions (MCQs) are created for each skill, resulting in a 25-question evaluation for five competencies. To preserve openness and enable administrative review, generated questions are kept in the Question and AiLog tables together with alternatives and the appropriate key. This design allows for long-term analytics on question quality and LLM performance, permits backup regeneration, and guarantees reproducibility of AI results.
C. Assessment Delivery and Response Capture
Students have a set 25 minutes to complete the AI-generated multiple-choice questions during the test session. Every attempt is meticulously recorded by the Test and TestQuestion models, which include timestamps, selected responses, and accuracy flags. When students finish the test or the allotted time runs out, the system automatically logs their answers and completes submissions.
D. Automated Evaluation and Scoring
The scoring system compares the chosen options to the stored right answers to determine the overall score and percentage. In order to ensure objectivity and exclude human influence, the review process is automated and rule-driven. Interaction metrics are used once scoring is finished. The evaluation focuses on the efficiency with which big language models (Gemini and Groq LLMs) produce skill-specific multiple-choice questions, the reliability of automated scoring, and the value of the tailored feedback given to students.
E.AI-Based Feedback and Skill-Gap Analysis
Following scoring, the system uses AI-based reasoning to produce customized feedback. Strengths, weaknesses, skill gaps at the topic level, and ideas for improvement are all included in the feedback, which is kept in structured JSON fields in the Feedback database. A fallback rule-based engine offers crucial feedback in the event that the AI API malfunctions or times out, guaranteeing continuous operation. Students can interact with specific materials posted by administrators thanks to recommendations that are connected to learning resources matched to each competence.
F.Learning Material Recommendation
The admin interface is used to upload and maintain curated materials (PDFs, PPTs, and links) that are mapped to skill-gap outputs. This offers an end-to-end adaptive cycle that propels personalized learning advancement through evaluation → analysis → recommendations.
G.System Integration and Workflow Execution
A single system architecture is used to implement the methodology: 1. Frontend template interactions between users and administrators 2. SQLAlchemy ORM and Flask routes are used to construct backend logic 3. AI communication via API queries 4. Long-term preservation of all evaluation and feedback materials Every element, from skill selection to AI feedback, is closely integrated and regularly tracked thanks to this procedure.
V. RESULTS AND ANALYSIS
The AdaptiveEduAi system's performance results in terms of question creation quality, assessment accuracy, feedback relevance, and user
A. AI-Generated Question Quality
To assess the consistency and contextual accuracy of LLM-generated multiple-choice questions, a collection of 250 questions covering various competencies was created. According to the findings, 94.1% of the questions contained logically sound distractions, 88.6% were contextually related to the chosen skill, and 92.4% of the questions were grammatically correct. These findings are consistent with earlier studies showing that transformer-based models can consistently produce instructional content with excellent semantic accuracy [1], [2], [5]. Furthermore, 87% of the items were graded as "assessment-ready" by teacher reviewers, indicating that LLM-generated content is appropriate for academic testing.
B.Assessment Scores and Performance Trends
40 students participated in a pilot research that showed distinct trends in a variety of skills. The average test accuracy was 64.3%, with significant variation in fields including verbal reasoning, aptitude, and programming foundations. According to research on educational behavior prediction [9], [15], students who had prior experience with a skill showed statistically superior accuracy (p < 0.05). The reliability of the rule-based evaluation process was confirmed by the automated scoring engine's 100% match with manual scoring in a verification subset.
C.Personalized Feedback Effectiveness
The accuracy and use of feedback produced by Gemini and Groq LLMs were assessed. Students evaluated actionability at 4.4 out of 5, and a panel of academic professionals scored the clarity of feedback explanations at 4.6 out of 5. 91% of skill-gap classifications aligned with expert annotations. This confirms earlier research that, when linked to particular performance characteristics, AI-driven feedback can improve learning comprehension [6], [13].
D.Learning Material Recommendation Accuracy
120 student-skill-feedback combinations were used to assess the mapping of suggested resources to identified shortcomings. 93% of the recommendations were judged to be pertinent, indicating that the material-skill correlations maintained in the backend database were accurate. In line with international research on adaptive learning customisation, students also reported feeling more confident during focused study sessions [16].
E.System Performance and Latency Analysis
When employing Groq's high-speed inference, latency tests revealed that LLM-generated questions took 0.8–1.7 seconds per skill, while feedback generation took 1.2–2.4 seconds. Test submissions and database queries were routinely completed in less than 30 milliseconds, demonstrating effective data processing under relational models supported by SQLAlchemy. According to performance trends of lightweight AI educational systems [8], [10], no significant performance bottlenecks were observed, indicating appropriateness for real-time assessment situations.
F.User Experience and Adoption Metrics
92% of students preferred AI-generated tests over static question banks, citing originality, fairness, and clarity, according to a usability survey. In line with the efficiency promises revealed in previous intelligent tutoring systems studies, administrators claimed a 70% decrease in the manual burden for question generation[7]. Both teachers and students gave dashboard analytics and insight clarity high ratings, confirming the usefulness of the system's visual reporting.
VI.DISCUSSION
The findings show that AdaptiveEduAi offers distinct advantages over conventional static testing systems by successfully integrating large language models into a structured assessment workflow. In line with results from earlier educational NLP research, the high accuracy and contextual relevance of AI-generated multiple-choice questions show the dependability of transformer-based models in generating evaluation-ready content. The system's ability to meaningfully interpret student performance is further validated by the strong alignment between expert evaluations and automated skill-gap detection. The feedback produced by Gemini and Groq LLMs was seen as personalised and actionable, demonstrating the platform's capacity to promote learner autonomy and focused skill development. The recommendations for learning materials also guaranteed consistency between instructional support and assessment insights. Notwithstanding these advantages, there may be room for improvement in prompt engineering and adaptive difficulty control due to elements like sporadic ambiguity in AI-generated distractions and variation in question difficulty. All things considered, the system shows a promising basis for scalable AI-powered customised evaluation.
VII.CONCLUSION
AdaptiveEduAi demonstrates the effectiveness of integrating large language models into modern assessment systems for personalized learning. By automating question generation, evaluation, and feedback, the platform reduces manual workload while improving assessment relevance and learner engagement. Experimental results confirm that Gemini and Groq LLMs can reliably generate high-quality questions and meaningful skill-gap insights. Although minor variability in generated content remains a challenge, the system provides a strong foundation for scalable AI-enabled educational assessment. Future work may focus on adaptive difficulty control, advanced analytics, and deeper integration with learning pathways.
An efficient AI-driven framework for creating customised tests, evaluating student performance, and providing insightful feedback is provided by AdaptiveEduAi. Large language models like Gemini and Groq show great promise for generating excellent questions and offering precise skill-gap insights. The system improves learner engagement through targeted recommendations, decreases manual workload, and increases assessment efficiency, according to evaluation results. The platform creates a scalable basis for intelligent educational assessment, even though sporadic variability in generated content emphasises the need for ongoing improvement. Future improvements could include deeper integration with learning pathways, richer analytics, and adaptive difficulty.
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