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Abstract. Personalized learning is a critical need in today's dynamic 

educational landscape, where learners require tailored pathways to develop 

skills effectively. This paper presents a web-based platform designed to assess 

users' current skills and recommend courses aligned with their interests and 

career aspirations. The system utilizes an AI-driven skill evaluation mechanism 

to gauge users' knowledge levels and maps their strengths and weaknesses to 

relevant domains. A recommendation engine then suggests targeted courses, 

ensuring the content matches the user’s skill level and future goals. By 

integrating user-provided skills, interests, and domain preferences, the platform 

enhances the learning experience and bridges skill gaps effectively. This system 

demonstrates significant potential to revolutionize skill-based learning and 

foster career development through adaptive, interest-driven education 

pathways. 
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1. Introduction 

In today’s fast-paced world, staying updated with the right skills is essential for 

personal and professional growth. However, traditional learning systems often lack 

the flexibility to cater to individual needs, making it difficult for people to identify 

their competencies, address knowledge gaps, and find relevant courses. This 

highlights the need for a personalized approach to learning that empowers individuals 

to achieve their full potential. 

Our platform addresses this challenge by providing a user-centric, technology-driven 

solution for personalized learning. Users begin by inputting their skills and areas of 

interest, allowing the system to understand their current expertise and preferences. 

Instead of a generic approach, the platform personalizes learning paths based on this 

input, ensuring relevance and engagement. 

A tailored skill assessment follows, evaluating users' strengths and areas for 

improvement. This adaptive approach ensures precision without overwhelming the  
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user, forming the foundation for personalized recommendations. Based on the 

assessment, the platform suggests courses that align with the user’s skill level and 

career goals, balancing challenge and accessibility. 

By providing meaningful, customized learning opportunities, the platform enhances 

engagement and motivation. Users can refine existing skills, explore new domains, or 

advance their careers with a seamless and guided experience. This dynamic approach 

ensures that learning remains purposeful, effective, and aligned with individual 

aspirations. 

In essence, our platform integrates user-centric design, intelligent algorithms, and 

tailored recommendations to revolutionize skill development. By bridging the gap 

between aspirations and opportunities, it empowers individuals to take control of their 

learning journey with clarity and confidence.  

2. Literature Review 

The integration of skill assessment and personalized course recommendations has 

garnered significant attention in the field of educational technology, driven by the 

need to provide learners with tailored pathways for effective skill development. This 

section reviews key studies that highlight advancements and gaps in skill evaluation, 

adaptive learning, and recommender systems.  

Adaptive learning systems leverage technology to deliver customized educational 
content based on learners' performance and progress. Singh et al. [1] developed a 

machine learning-based adaptive platform that adjusts the learning material 

dynamically, providing users with content suited to their skill level. However, their 

system faced scalability challenges and difficulty in managing diverse user profiles. 

Our proposed system overcomes these limitations by integrating a user profile module 

with secure data storage and real-time querying using MongoDB. Additionally, our 

structured approach to skill assessment and recommendations ensures adaptability to 

diverse user needs, providing a more robust and scalable learning experience.  

Sharma et al. [2] introduced a competency-based evaluation framework that identifies 

skill gaps through pre-assessments and offers tailored recommendations. While their 

framework was effective in identifying gaps, it lacked adaptability to evolving user 
skills. In our system, we address this limitation by employing dynamic assessments 

using a randomized question bank tailored to each user’s domain and skill level. This 

ensures that recommendations evolve in real time with the user’s progress, fostering 

continuous learning.  

Educational recommender systems play a crucial role in personalizing learning by 

suggesting resources aligned with learners' interests and goals. Kumar et al. [3] 

presented an interest-driven recommendation engine that matched user preferences 

with suitable learning materials. While effective in improving learner satisfaction, the 

system struggled with handling diverse user profiles. Our system enhances interest 

mapping by using a hybrid recommendation algorithm powered by a fine-tuned 
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Hugging Face model. This approach integrates user skills, interests, and career 

aspirations, ensuring more precise and personalized recommendations.  

Roy et al. [4] addressed the limitations of interest-driven systems by incorporating 

skill proficiency levels into the recommendation process. This enhancement improved 

the precision of their recommendations but failed to address the evolving nature of 

user goals and market demands. Our proposed methodology introduces a multi-
criteria weighted scoring system that dynamically aligns recommendations with user 

proficiency, interests, and market-relevant courses. By maintaining a curated course 

database that is regularly updated, we ensure that the recommendations remain 

aligned with evolving trends.  

Zhang et al. [5] employed deep learning models to evaluate user profiles and 

recommend domain-specific learning pathways. However, their approach faced 

challenges with users who had limited historical data. To address this, our system 

incorporates a dynamic skill assessment module that establishes a baseline 

proficiency for new users, ensuring meaningful recommendations even in the absence 

of extensive historical data.  

Chen et al. [6] leveraged natural language processing (NLP) techniques to interpret 

user inputs, enhancing the platform’s ability to map preferences accurately to relevant 

courses. Despite this, their system struggled with ambiguous or incomplete data. Our 

methodology improves upon this by integrating structured data collection through a 

user-friendly React interface, combined with secure backend APIs. This ensures 

accurate and complete user information, reducing ambiguity and enhancing the 

precision of recommendations.  

Ahmed et al. [7] introduced a hybrid framework combining cognitive assessments and 

psychometric models to evaluate user knowledge comprehensively. While effective, 

their system faced scalability issues due to its complexity. Our approach simplifies 
this process by using a dynamic question bank and a percentage-based grading system 

that efficiently classifies skill levels, making the system both scalable and accurate.  

Banerjee et al. [8] explored gamified skill assessment approaches to increase 

engagement and reduce assessment fatigue. While their method demonstrated 

improved accuracy, it was less effective for certain demographics. Our system avoids 

reliance on gamification, instead employing randomized, domain-specific quizzes to 

evaluate proficiency. This ensures inclusivity and accuracy for a broader range of 

users without bias toward specific engagement styles.  

Lalitha et al. [9] explored the transition from traditional, teacher-centric models to 
online and hybrid learning environments. Their research highlighted the flexibility, 

cost-effectiveness, and global access offered by these methods, while also addressing 

challenges such as self-motivation and feedback in online learning. They proposed a 

Personalized Self-Directed Learning Recommendation System (PSDLR) using 

machine learning and ontology to tailor learning resources for individual needs, 

enhancing self-directed learning. However, their system faced limitations in handling 
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real-time adaptability and implicit learner preferences. Our methodology improves 

upon their work by incorporating dynamic skill assessments and a hybrid 

recommendation algorithm, ensuring real-time adaptability and alignment with 

individual preferences.  

AI-based personalized e-learning systems have evolved to tailor content and enhance 

engagement [10]. While they use techniques like knowledge tracing and adaptive 
models, they struggle with real-time comprehension assessment and scalability. Our 

methodology addresses these gaps by leveraging machine learning and NLP, utilizing 

fine-tuned Hugging Face models for real-time adaptability and MongoDB for scalable 

backend support. 

Chen and Chang [11] demonstrated AI’s role in optimizing employee training through 

personalized recommendations but noted limitations in accommodating diverse 

learner profiles and evolving skills. Our work builds on this by incorporating a 

dynamic question bank and percentage-based scoring, ensuring continuous skill 

evaluation and evolving recommendations. 

Sandeepkumar Racherla [12] used K-means and Hierarchical clustering to classify 

employees based on the Felder-Silverman Learning Styles Model (FSLSM), 

improving engagement by tailoring training. However, it was limited to predefined 

learning styles and lacked adaptability to changing skills. Our system overcomes this 

by using a multi-criteria weighted scoring system to dynamically align 

recommendations with user skills, interests, and career aspirations. 

Chunaev and Shikov [13] developed a corporate e-learning system aligning 

competency profiles with job requirements but relied heavily on predefined profiles, 

limiting adaptability. Our hybrid recommendation engine integrates user interests, 

career goals, and evolving market trends for a more flexible and comprehensive 

personalized learning experience. 

LMS and PLE integration has been proposed to enhance self-regulated learning, as 

suggested by Downes [14] and Siemens [15]. However, these systems often require 

high technological readiness, limiting scalability. Our system simplifies integration 

using a secure, scalable backend API and React-based interfaces for ease of use. 

Nykänen et al. [16] explored AI-driven customized learning paths by identifying skill 

gaps but focused on conceptual frameworks rather than practical implementation. Our 

system builds on this by integrating LLM-based analysis with a weighted scoring 

system, generating actionable, personalized recommendations based on user interests, 

proficiency, and career aspirations. 

Schwab [17] emphasized adaptive, feedback-driven, continuous learning for 

workforce development but lacked a dynamic skill evaluation system. Our system 

incorporates real-time assessments and iterative feedback, ensuring recommendations 

remain relevant and promote continuous learning. 
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Vassileva et al. [18] developed a data-driven personalized learning model that 

matched learners with suitable resources based on competency levels. However, their 

system lacked adaptability to evolving learner progress and real-time feedback. Our 

system employs fine-tuned AI models, such as Hugging Face, for continuous skill 

analysis and evolving recommendations. 

Competency-based education (CBE) promotes mastery-based learning but often lacks 

integration with modern adaptive technologies. Watson et al. [19] demonstrated 

CBE’s benefits but did not explore its AI integration. Our approach enhances CBE 

with real-time skill assessments and AI-driven adaptability for a seamless learning 

experience. 

LMS and data analytics play a key role in adaptive learning by tracking performance 

and adapting content in real time. Siemens and Gikandi et al. [20] highlighted the 

importance of analytics but relied on static models, limiting adaptability. Our system 

employs real-time querying with MongoDB and dynamic question banks for 

continuous content updates, ensuring alignment with user needs. 

Despite advancements in adaptive learning, challenges remain in integrating skill 

assessment, interest mapping, and course recommendations. Our system addresses 

this by combining adaptive skill evaluation, interest mapping, and domain-specific 

recommendations into a cohesive AI-driven learning ecosystem. By leveraging 
advanced technologies, we provide personalized learning pathways aligned with 

evolving interests and market demands, fostering career development through data-

driven learning. 

3. Methodology 

The development of our personalized course recommendation system is structured to 

ensure accuracy, scalability, and adaptability. User skills are evaluated, proficiency 

levels are determined, and courses tailored to individual learning needs are suggested. 

3.1 System Design and Workflow 

The system is designed with three primary modules: 

1. User Profile Module – User details, including interests, skills, and preferred domains, 

are captured. 

2. Skill Assessment Module – Assessments are conducted to evaluate the user’s 

proficiency in selected skills. 

3. Course Recommendation Module – A classification model is utilized to categorize 

and recommend courses based on proficiency, interests, and domain alignment. 

The workflow follows these key steps: 



learning domains are provided by users through an interactive web interface. 

 

processed to determine appropriate recommendations. 

 

 

 A web interface is implemented to collect essential user data, including: 

 Areas of interest 
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1. User Registration – Details such as existing skills, career interests, and preferred 

2. Skill Assessment – The user’s proficiency is evaluated through dynamically generated 

quizzes and problem-solving tasks. 

Fig. 1. System Architecture 

3. Data Processing – The collected data, including assessment scores and user  inputs, is 

4. Course Classification and Recommendation – Courses are categorized into difficulty 

levels using a zero-shot classification model, and a weighted scoring mechanism is 

applied to prioritize relevant recommendations. 

3.2 Phases of Development 

User Profile Collection 

 List of known skills 



 Career aspirations 

 User information is securely transmitted and stored in MongoDB by the backend. 

 Data encryption techniques are applied to ensure privacy and security.Input validation 

mechanisms are incorporated to maintain data accuracy and consistency. 

Skill Assessment 

 To assess a user's proficiency, an adaptive evaluation system is employed, 

incorporating: 



the selected domain. 

 

 

 

2. Intermediate: 6% 

Since the highest score corresponds to Basic, the course is categorized accordingly. 

80%. 

 

 Multiple-choice questions (MCQs) and coding tasks, generated dynamically based on 

 A percentage-based scoring system, through which proficiency is categorized into: 

 Basic (< 50%) 

 Intermediate (50–79%) 

 Advanced (≥ 80%) 

 Based on the user’s performance, next steps are suggested, including progressing to 

more advanced levels or revisiting fundamental concepts 

 1079Skillforge: Skill-Based Adaptive Learning            

Course Classification and Recommendation 

 For classifying and recommending courses, a zero-shot classification model 

(facebook/bart-large-mnli)from Hugging Face is integrated. Traditional 

classification models require labeled datasets and domain-specific training, which are 

time-intensive and less adaptable. In contrast, classification is enabled by a zero-shot 

model without prior training on a specific dataset, allowing scalability across multiple 

domains. 

 Course descriptions are provided as input to the model. Entailment scores are 

assigned by the model to predefined categories (Basic, Intermediate, Advanced). The 

course is classified based on the highest entailment score. 

 For example, a course description stating: 

"This course introduces core programming concepts, including variables, loops, and 

functions, suitable for beginners."yields the following classification scores: 

1. Basic: 92% 

3. Advanced: 2% 

 The accuracy of the classification model is influenced by the quality of course 

descriptions: 

1. Well-structured descriptions containing precise keywords improve classification 

accuracy to over 90%. 

2. Vague descriptions with mixed terminology result in lower accuracy, averaging 70–

Thus, refining descriptions ensures that course classification is more reliable and 

enhances the overall effectiveness of the recommendation system. 

Weighted Scoring for Personalized Recommendations 

Once courses are classified, recommendations are ranked using a multi-criteria 

weighted scoring approach, considering: 

ill Match – Alignment with the user's proficiency level is ensure1. 

2. 

Sk d. 

Domain Relevance – Courses corresponding to user interests are prioritized. 

3. User Preferences – Additional learning preferences are taken into account. 



 

and recommendation generation. Key attributes include: 

2. Course rating 

3. Number of enrollments 

4. Duration 

5. Price 

7. Launch date 
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Through this ranking mechanism, the recommendation process is refined, ensuring 

that courses best suited to users' needs are provided. 

Course Database Management 

 A comprehensive course repository is maintained by the system, referencing offerings 

from established platforms such as Coursera, Udemy, and LinkedIn Learning. 

Essential metadata is included in the course database to facilitate efficient querying 

1. Instructor details 

6. Course description 

8. Learning objectives 

 Efficient retrieval and scalability are supported by the course database, ensuring that 

recommendations remain relevant as new courses are introduced. 

4. Results and Discussion 

The system was evaluated based on multiple performance parameters, including skill 

classification accuracy, recommendation precision, and user engagement. The 

following subsections provide an in-depth analysis of the obtained results. 

4.1 Model Performance 

BART-Large MNLI (Multi-Genre Natural Language Inference) was leveraged to 

enhance skill assessments and course recommendations by analyzing user inputs with 

advanced text comprehension. Aligned with Bloom’s Taxonomy, users were 

categorized into cognitive proficiency levels, ranging from foundational knowledge 

(Remember, Understand) to higher-order thinking (Evaluate, Create). This approach 

ensured that assessments accurately mapped users' skills, guiding them toward 

progressively advanced learning. 

Model performance was evaluated on both in-domain and out-domain data, as 

shown in Fig. 2. The accuracy for in-domain data was recorded at 92.1%, while for 

out-domain data, it was 84.7%. This slight decrease in accuracy for out-domain data 

indicated the model’s reliance on contextual training while still demonstrating strong 

generalization capabilities. 



 

 

  

Skillforge: Skill-Based Adaptive Learning             1081

 

Fig.2. Accuracy Comparison 

4.2 User Interaction and System Features 

The platform incorporates several essential features to enhance user engagement and 

learning efficiency. Three key aspects of user interaction are highlighted below: 

Skill Assessment Page 

 A quiz-based skill assessment is included, covering multiple domains, as shown in 

Fig. 3. 

 Each domain consists of three difficulty levels: Basic, Intermediate, and Advanced. 

 A key feature of the assessment system is dynamic question selection (Fig. 4). Each 

level contains 20 questions, but only 10 questions are randomly selected for each test 

attempt. This ensures that users receive a new set of questions with every test. 

 

 
Fig. 3.  Skill Assessment Page-1  



 

results (Fig. 6). 
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Fig. 4.  Skill Assessment Page-2  

Enrolled Courses and Progress Tracking 

 Users can monitor their enrolled courses and track learning progress (Fig 5). 

 The interface displays course completion percentages and pending activities. 

  

Fig. 5.  Enrolled Courses  

Course Recommendation System 

 Course recommendations are generated based on the user's skill set and assessment 

 Recommendations dynamically adapt based on user progress and past performance to 
ensure personalized learning. 

 
Fig. 6.  Courses Recommendation  
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4.3 Summary of Findings 

The results indicate that the system effectively assesses users' skills and provides 

personalized recommendations. Accuracy metrics validate the robustness of the 

predictive model, while interactive features enhance user engagement.However, 

certain limitations were observed, including occasional misclassification of out-

domain course descriptions, leading to slight deviations in recommendation accuracy. 

Additionally, while dynamic question selection improves assessments, further 

refinements may be required to optimize difficulty balance.Future enhancements will 

focus on refining recommendation algorithms and incorporating user feedback to 

improve adaptability.  

5. Conclusions 

In conclusion, this platform is designed to make learning more personal, accessible, 

and impactful. By tailoring skill assessments and course recommendations to each 

user’s unique interests, current abilities, and future aspirations, it bridges the gap 

between where they are and where they want to be. Beyond just recommending 

courses, it empowers users to take charge of their growth, providing them with 

meaningful opportunities to learn, improve, and excel.   

The potential for this platform to evolve is immense, with possibilities to integrate 

smarter technologies, expand its reach, and build collaborative ecosystems that 
benefit individuals and organizations alike. It’s more than just a tool—it’s a step 

toward reshaping how people develop skills and adapt to the ever-changing demands 

of the world around them.  

6. Future Scope 

The platform's future scope includes integrating deep learning and NLP for precise 
recommendations, expanding to niche domains and multi-language support, and 

enhancing engagement through gamification. Collaborations with corporations and e-

learning platforms can provide tailored training and seamless course integration. 

Mobile app development, offline access, and social learning features like peer 

interactions and mentorship will create a dynamic, adaptive, and accessible lifelong 

learning ecosystem.  
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