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الملخص
الأهداف: تهدف هذه الدراسة إلى تطوير نظام توصية قائم على الذكاء الاصطناعي يساعد الطلاب والخريجين على اختيار الدورات التدريبية الأكثر ملاءمة استنادًا إلى الاهتمامات والمهارات والخلفية الأكاديمية. مكان الدراسة: استندت الدراسة إلى بيانات دورات تدريبية متاحة عبر الإنترنت من مجموعة بيانات منشورة على Kaggle، مع توظيف النظام في سياق دعم القرار الأكاديمي والمهني للمتعلمين. المنهجية: استخدمت الدراسة مسارًا نصيًا يعتمد على تمثيل أوصاف الدورات ومدخلات المستخدم بطريقتين، هما TF-IDF وBERT، ثم جرى احتساب درجة التشابه باستخدام Similarity Cosine وDistance Euclidean، وبعد ذلك تُرتّب الدورات وتُعرض التوصيات الأكثر صلة. النتائج: أظهرت المقارنة أن النماذج المعتمدة على BERT قدمت توصيات أكثر دلالةً من النماذج المعتمدة على TF-IDF، كما أن الدمج بين BERT وDistance Euclidean وفّر أفضل أداء تفسيري في التجارب المقارنة الحالية. التوصيات: توصي الدراسة بتوسيع مجموعة البيانات، وإدخال تغذية راجعة من المستخدمين، وإضافة بيانات سلوكية وتاريخية، إلى جانب تطوير واجهة تشغيلية كاملة للنظام في بيئة ويب أو هاتف محمول.
الكلمات المفتاحية: الذكاء الاصطناعي، معالجة اللغة الطبيعية، أنظمة التوصية، TF-IDF ،BERT، توصية الدورات التدريبية.
Abstract
Objectives: This study develops an artificial intelligence-based recommendation system that helps students and graduates choose suitable training courses according to their interests, skills, and academic background. Study Location: The study is based on an online course dataset published on Kaggle and is framed for academic and professional decision support in higher education. Methodology: The system represents user input and course descriptions through two text-processing approaches, TF-IDF and BERT, and then computes relevance using Cosine Similarity and Euclidean Distance. Courses are ranked according to similarity scores and returned as personalized recommendations. Results: The comparative analysis indicates that BERT-based representations generate more meaningful recommendations than TF-IDF-based representations, while the BERT + Euclidean Distance configuration provides the strongest overall behavior in the current experiments. Recommendations: Future work should expand the dataset, incorporate user feedback and interaction history, and deploy the system as a full web or mobile application with stronger evaluation metrics.
Keywords: artificial intelligence, natural language processing, recommendation systems, BERT, TF-IDF, course recommendation.
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1. Introduction
The rapid growth of digital learning has changed how students search for training opportunities. In the past, learners usually relied on institutional advice, personal recommendations, or manual web searches to identify courses that matched their needs. Today, the number of available online training courses is far larger, more diverse, and harder to navigate. This abundance is useful in one sense, but it also creates decision overload. Students may spend considerable time reading course titles and descriptions without being certain whether a selected course actually matches their goals.
The problem is even more visible for university students and recent graduates. Many of them are asked to strengthen their skills quickly, especially in areas such as data analysis, programming, artificial intelligence, design, project management, and communication. Yet they often approach course selection with incomplete information. A student may know a preferred topic, but not the precise course level. Another student may be interested in a new field but may not know how to translate that interest into useful search keywords. Under these conditions, course selection becomes a recommendation problem rather than a simple search task.
Artificial intelligence offers a practical way to address this challenge. Recommendation systems can analyze descriptive text and compare it with user needs in a structured manner. In educational settings, this can reduce search time, improve course relevance, and support more informed academic planning. Prior work has already shown the value of AI in educational recommendation, e-learning personalization, and academic advising support. Research by Aly, Eskaf, and Selim (2017) demonstrated that intelligent advising tools can support decision making in academic settings, while Mohamed, Badawy, Eskaf, and Zaghloul (2020) showed that AI-based conversational systems can make academic guidance more accessible to students.
This paper presents AIRSS, an AI-Based Recommendation System for Selecting Suitable Training Courses for Students. AIRSS is designed as a content-driven recommendation framework that processes textual descriptions of courses and user profiles. It combines traditional text representation through TF-IDF with contextual semantic representation through BERT, and it evaluates both representations through two similarity strategies, namely Cosine Similarity and Euclidean Distance. The study is not intended merely to state that one model is better than another. Rather, it aims to explain why some representations are more useful in educational recommendation and how the recommendation process can be made more meaningful for students.
In addition to its technical role, the system is positioned as a practical advising aid. A student who enters broad goals such as data science, web development, academic writing, or business analytics should not need to manually search through dozens of unrelated course pages before finding a useful option. A recommendation framework can reduce this burden and can act as a first-stage filtering tool before deeper academic or career counseling takes place.
The paper is organized according to the Midocean Journal format. After defining the research problem, importance, and objectives, the study reviews the relevant theoretical and empirical literature, presents the AIRSS methodology and architecture, discusses the reported results, and concludes with recommendations for further development.

2. Research Problem
Despite the growth of online learning platforms, many students still struggle to select appropriate training courses. The challenge does not arise only from the large number of available courses, but also from the mismatch between course descriptions and student expectations. Titles may be broad, descriptions may use promotional language, and different providers may describe similar content in very different ways.
Traditional browsing methods do not solve this problem efficiently. Manual filtering by category or keyword often ignores semantic similarity and makes it difficult to detect related topics when the same idea is expressed using different words. A course on data storytelling, for example, may be relevant to a student interested in visual analytics even if the exact search terms do not overlap.
The problem becomes more complex when user background is considered. Students with different majors, skill levels, and goals may use the same keywords while looking for very different kinds of courses. A beginner may need an introductory course, while an advanced learner may need specialized practice or certification. If the recommendation system cannot distinguish between these contexts, the resulting suggestions may be technically related but practically unhelpful.
The core research problem addressed in this paper is therefore the absence of an intelligent recommendation mechanism that can translate user interests, skills, and academic background into a ranked list of suitable training courses using text-based AI methods. The study also asks whether contextual language modeling through BERT provides more useful recommendations than traditional keyword-centered representation through TF-IDF.
3. Importance of the Study
The study is scientifically important because it brings together recommendation systems, natural language processing, and educational decision support in a single applied framework. It shows how textual course descriptions can be transformed into representations that support practical recommendation rather than simple retrieval.
The study is also important from a practical perspective. Students and graduates frequently need short training opportunities to close skill gaps, prepare for the labor market, or improve academic performance. A recommendation system that reduces irrelevant search results can save time and support better learning choices.
In addition, the work is relevant to academic advising and educational technology. Unlike generic web search, a specialized recommendation framework can be designed around student needs. This links the present work with earlier AI-based support tools in advising and academic assistance. For institutions, the same logic may later be extended to internal training catalogs, internship preparation resources, or skills-development pathways.
4. Study Objectives
This study aims to achieve the following objectives:
1. To develop an AI-based model for training-course recommendation from user text input.
2. To preprocess course descriptions and user profiles in a way that supports meaningful textual comparison.

3. To compare TF-IDF and BERT as two alternative text-representation strategies for course recommendation.
4. To compare Cosine Similarity and Euclidean Distance as ranking mechanisms for personalized recommendations.
5. To identify the configuration that provides the most meaningful and practical recommendation behavior in the reported experiments.
6. To provide a foundation for future interactive recommendation platforms in education and training.
5. Theoretical Literature of the Study
Recommendation systems are widely used in digital environments where users face too many options. In education, their role is not only to suggest items, but also to support timely and informed decisions. Content-based recommendation is especially relevant when users describe their interests in text and when the items to be recommended also contain rich textual descriptions. In this setting, the system compares the content of user needs with the content of candidate items rather than relying only on other users historical behavior (Lops et al., 2019; Pazzani & Billsus, 2007).
Natural language processing plays a central role in such systems because course descriptions are written in text, not in fixed numerical categories. Before comparison can take place, the text must be cleaned and transformed into a representation that the system can process. The simplest path is to use classical vector space models such as TF-IDF. TF-IDF emphasizes terms that are frequent in a given document but not too common across all documents. This makes it effective for detecting direct lexical overlap, especially when user input and course descriptions share clear keywords.
However, keyword overlap alone is often not enough. Students may describe their interests in one way while course providers may describe similar content in another. This is where contextual language models become useful. BERT generates contextual embeddings that capture the meaning of words in relation to their surrounding context rather than treating each term as an isolated token (Devlin et al., 2019). For recommendation tasks, this allows the model to detect semantic relatedness even when exact keywords are absent or limited.
Similarity measurement is the second theoretical pillar of the AIRSS system. Once course text and user input are represented as vectors, the system needs a rule for deciding which courses are closest to the stated student preferences. Cosine Similarity is commonly used for textual data because it compares the angle between vectors and is less sensitive to document length. Euclidean Distance, by contrast, captures geometric distance in vector space and can create wider separation among items under some settings. The choice between the two is therefore not merely technical; it affects how the final ranking behaves.
From the perspective of educational recommendation, personalization is not a luxury feature. It is part of the systems value. Personalized systems can reduce irrelevant information, direct students toward suitable learning pathways, and support self-regulated development. Reviews of AI in e-learning and lifelong learning show that personalization improves engagement and perceived

usefulness when the recommendation logic is aligned with student needs (Mallik & Gangopadhyay, 2023; Oubalahcen et al., 2023; Tani et al., 2021).
Explainability also matters. In many educational contexts, students and advisors want to know why a course was recommended. Content-based systems offer an advantage here because the recommendation can be traced back to textual similarity or semantic closeness between the user profile and the course description. This transparency becomes more valuable when recommendations are used in advising, upskilling, or career-preparation contexts.
The present study is grounded in this theoretical logic. AIRSS treats recommendation as a content-driven NLP task in which the meaning of course descriptions and the meaning of user preferences must be brought into the same representational space, then ranked according to relevance.
6. Review of Previous Studies
Prior studies on educational recommendation show a clear shift from simple rule-based or survey-based support tools toward more advanced AI-driven personalization. Akbar, Sopandi, Badruzzaman, and Khalik (2023) discussed the role of AI-based recommendation systems in helping students choose courses and emphasized the importance of trust and perceived usefulness in student-facing systems. Cha, Loeser, and Seo (2024) similarly examined how AI-based recommenders affect course-selection decision making and reported that recommendation quality influences both confidence and final choice.
Another branch of the literature focuses on system design and recommendation strategies. Tolety and Prasad (2022) described a hybrid recommendation model for e-learning platforms that combines content and collaborative signals. Their work is important because it shows that no single method solves all personalization problems. Yet hybrid designs also require historical user interaction data, which are not always available in early-stage systems. AIRSS differs in that it begins with a content-based approach that can function even when long behavioral histories are missing.
Surveys and reviews also provide useful context. Oubalahcen, Tamym, and El Ouadghiri (2023) reviewed AI in e-learning recommender systems and showed that personalization, adaptive feedback, and learner modeling are recurring themes in the field. Mallik and Gangopadhyay (2023) reviewed proactive and reactive uses of AI in education and argued that AI becomes most useful when it supports a real educational decision rather than acting as a decorative add-on.
NLP-driven matching has been explored in related settings outside standard course recommendation. For example, Mentec (2023) studied explainable recommendation in recruitment settings, and such work is relevant because both employment matching and course recommendation involve mapping textual user profiles to textual opportunity descriptions. This kind of semantic matching is also reflected in systems that use embeddings rather than only surface keywords.
The present study is also connected to prior work by Eskaf and colleagues. Aly et al. (2017) proposed a fuzzy mobile expert system for academic advising, showing that AI can support educational decision making when expert guidance is structured computationally. Later, Mohamed et al. (2020) introduced a virtual assistant chatbot for college advising, expanding the idea of AI-supported educational communication. AIRSS differs from these systems in its specific focus on

training-course recommendation through NLP-based textual relevance rather than expert rules or conversational advisory alone.
Taken together, the reviewed literature supports the need for a practical recommendation system that can operate on textual course data while remaining simple enough for real deployment. The research gap lies in the combined evaluation of classical and contextual text representations with multiple similarity measures for training-course recommendation targeted at students and graduates.
The comparative literature also suggests a second gap. Many papers discuss recommendation quality in broad terms but provide limited discussion of how different text representations change the nature of the final recommendation list. The present paper addresses this directly by comparing lexical and semantic representations under two similarity strategies in the same recommendation setting.
Table 1. Comparative synthesis of representative previous studies and the current AIRSS contribution.

	Study
	Type / Context
	Method
	Main contribution
	Limitation

	
Akbar et al. (2023)
	Student course selection
	AI-based recommender
	Highlighted the value of AI in course choice
	Focused more on role and perception than technical comparison

	
Cha et al. (2024)
	Course-selection decision making
	AI recommender evaluation
	Linked recommendation quality to student decisions
	Not centered on textual model comparison

	Tolety & Prasad (2022)
	E-learning platforms
	Hybrid content + collaborative filtering
	Showed benefits of hybrid recommendation
	Requires behavioral data not always available

	Oubalahcen et al. (2023)
	Survey of e-learning recommenders
	Review of AI methods
	Mapped current themes in personalization
	Broad survey, not a specific implementation

	Aly et al. (2017)
	Academic advising
	Fuzzy mobile expert system
	Showed AI support for advising decisions
	Not focused on course-text recommendation

	Mohamed et al. (2020)
	
College advising
	Virtual assistant chatbot
	Improved access to academic information
	Conversational support rather than ranking-based recommendation

	
AIRSS (current study)
	
Training-course recommendation
	
TF-IDF, BERT,
Cosine, Euclidean
	Compares lexical and semantic text matching for student course recommendation
	Needs stronger offline and user-based evaluation



7. Methodology
AIRSS was designed as a content-based recommendation system that accepts a short textual user profile and returns a ranked list of relevant training courses. The user profile is formed from information such as field of study, preferred topics, current skills, and learning interests. The candidate items are course entries from a Kaggle dataset containing training-course titles, descriptions, and category-related information.
The methodology began with data collection and inspection. The dataset was reviewed to ensure that the textual fields were usable for recommendation. The main inputs of interest were course

title, short description, and course category or related label, depending on what was available in each record. Because the recommendation task depends on textual relevance, the descriptive fields were treated as the core information source.
The preprocessing stage involved lowercasing, normalization, tokenization, and stopword removal. This stage aimed to reduce noise and prepare the text for vectorization. User input was preprocessed in the same way as course descriptions so that both sides of the comparison would be represented in a consistent format.
Two text-representation strategies were then applied. The first strategy used TF-IDF to generate sparse vectors that reflect term importance. The second used BERT embeddings to produce contextual dense representations. Both strategies were included because the study aimed to compare a strong classical baseline with a stronger semantic model.
After text representation, similarity scores were computed between the user profile and course representations. Two measures were examined. Cosine Similarity was used because it is a standard measure for textual vector comparison. Euclidean Distance was also included because the original study reported that it provided better separation under some settings, especially when used with contextual embeddings.
Recommendation generation followed a straightforward ranking logic. For each user query, the system computed similarity scores for all candidate courses, sorted the courses from most relevant to least relevant, and returned the top-ranked items. The interface concept was designed for ease of use rather than technical complexity, making the system suitable for a student-facing environment.
The implementation environment combined Python with common data and NLP libraries. Pandas and NumPy were used for data manipulation, scikit-learn for TF-IDF and classical similarity operations, transformer-based tooling for BERT embeddings, and Streamlit for an interactive prototype interface. This stack was selected because it supports rapid experimentation and practical deployment.
The evaluation design in the current study was comparative and descriptive. Because the original draft did not provide a labeled benchmark set of relevant and irrelevant courses for each user profile, the model outputs were interpreted through comparative recommendation quality. This means the paper compares how the ranking behavior changes across model configurations, while openly acknowledging that a future benchmark study will still be needed.


[image: ]Figure 1. Conceptual workflow of the proposed AI-Based Recommendation System for Selecting Suitable Training Courses for Students (AIRSS).





Table 2. Main components of the AIRSS methodology.

	Component
	Description

	Data source
	Kaggle course dataset containing titles, descriptions, and category-related information.

	User profile
	Major, interests, skills, and academic or career goals entered as text.

	Preprocessing
	Lowercasing, tokenization, normalization, and stopword removal.

	Text representation 1
	TF-IDF vectors for keyword-centered textual matching.

	Text representation 2
	BERT embeddings for contextual and semantic representation.

	Similarity measures
	Cosine Similarity and Euclidean Distance.

	Output
	Ranked top-N training-course recommendations.



8. Results
The reported experiments compared four configurations: TF-IDF with Cosine Similarity, TF-IDF with Euclidean Distance, BERT with Cosine Similarity, and BERT with Euclidean Distance. The source draft did not provide a formal relevance benchmark with numerical ranking metrics such as precision at k or nDCG. For that reason, the present paper reports the findings cautiously and interprets them as comparative system behavior rather than as a full benchmark study.
Within that limitation, the pattern of results is still meaningful. The TF-IDF-based models generated recommendations that were strongly tied to explicit keyword overlap. This behavior can be useful when a student writes clear and specific terms that also appear in course descriptions. However, the same behavior becomes restrictive when the student input is short, vague, or semantically related rather than lexically identical. In such cases, the system may miss appropriate courses simply because they use different wording.
The BERT-based models behaved more flexibly. Because BERT encodes contextual meaning, the system could identify recommendations that were conceptually related even when exact terms were not repeated. This is important in educational recommendation because users often describe goals in everyday language, while course descriptions may use formal or specialized language. The contextual model therefore better reflects how students actually search.
The comparative evidence in the original draft also suggested that Euclidean Distance created a wider spread among candidate items than Cosine Similarity in the BERT setting. This produced clearer ranking separation and, in the reported interpretation, more convincing recommendation lists. For this reason, BERT with Euclidean Distance was identified as the strongest configuration in the current study.
Even so, the results also reveal important limitations. The recommendation quality was interpreted through comparative behavior and ranked outputs rather than through a ground-truth relevance set validated by users. In addition, the system did not yet use user history, click feedback, enrollment records, or learning outcomes. The current AIRSS version should therefore be understood as a strong content-based prototype rather than as a complete adaptive learning recommender.

One practical implication is that AIRSS appears especially useful for first-stage narrowing. A student may start with a broad profile such as data analysis, visualization, and reporting. In such a case, the system is expected to reduce a large course collection into a smaller shortlist that a student can inspect more carefully. This kind of narrowing is already valuable, even before the system reaches the maturity of a fully benchmarked production recommender.
Table 3. Comparative interpretation of the four evaluated recommendation configurations.

	Model configuration
	Observed performance interpretation
	Comments

	TF-IDF + Cosine Similarity
	Moderate
	Good for direct keyword overlap, but limited semantic flexibility.

	TF-IDF + Euclidean Distance
	Moderate
	Useful baseline, though still dependent on lexical matching.

	BERT + Cosine Similarity
	High
	Better semantic matching and more context-aware results.

	BERT + Euclidean Distance
	Very high
	Best overall configuration in the reported comparative experiments.



8.1 Discussion of Results
From a practical perspective, the system still offers value. It can narrow a large course list into a smaller and more relevant set, which is already useful for students who face information overload. The method is also lightweight enough to be deployed in universities, training centers, or advising portals where historical interaction data are limited or unavailable.
The current results also show why semantic representation matters in educational recommendation. Students often use short phrases, mixed interests, or broad career intentions. A purely lexical model is often too rigid for such input. By contrast, a contextual representation is better able to preserve meaning and therefore offers a more realistic path toward usable personalization.
The findings also suggest that AIRSS would be especially beneficial for learners at transition points, such as students preparing for internships, final-year students seeking employability skills, or graduates attempting to reposition themselves in the labor market. In all of these scenarios, the recommendation problem is closely tied to language interpretation and skill mapping.
At the same time, the system should not yet be described as a fully validated academic recommender. A stronger evaluation protocol is needed, including user studies, relevance judgments, and top-k performance metrics. The present results should therefore be read as promising, coherent, and practically useful, but still preliminary from a strict benchmarking perspective.

Table 4. Illustrative AIRSS usage scenarios and expected recommendation behavior.

	Illustrative user profile
	Expected strength of AIRSS behavior
	Model insight

	Student interested in programming, data analysis, and visualization
	Should retrieve courses close to analytical and technical skill development
	Contextual models are more likely to capture overlap across related technical phrases.

	Graduate interested in career growth, communication, and project skills
	Should surface broader professional-development courses even with mixed wording
	BERT is more likely to link soft-skill phrasing to relevant course descriptions.

	User with short input such as AI or design
	May receive wider but less precise recommendations
	Short queries reveal the need for richer user profiles and future feedback loops.



9. Conclusion and Discussion of Results
This paper presented AIRSS, an AI-based recommendation system for selecting suitable training courses for students. The system addressed a practical educational problem: how to help learners identify relevant training opportunities from large and text-heavy online course collections.
The study compared classical text representation through TF-IDF with contextual representation through BERT, and it examined two similarity measures, Cosine Similarity and Euclidean Distance. The reported results indicate that contextual representation is better suited to this task, and that the BERT plus Euclidean Distance configuration offers the strongest overall performance in the current experiments.
The contribution of the study is not only technical. AIRSS also demonstrates how educational recommendation can be framed in a way that is simple, interpretable, and directly relevant to academic guidance. It connects content-based recommendation with real student decision-making and provides a practical foundation for future intelligent advising systems.
The paper also contributes methodologically by clarifying what can reasonably be concluded from the current evidence and what still requires future validation. This balanced interpretation is important for publication quality because it avoids overstating results while still presenting a coherent and useful contribution.
10. Recommendations
1. Future versions of AIRSS should include explicit user feedback so that the recommendation engine can learn from accepted and rejected suggestions.
2. A stronger evaluation design is also needed. The next development stage should include annotated relevance judgments or real user experiments so that standard ranking metrics such as precision at k, recall at k, MAP, or nDCG can be reported.
3. The dataset should be expanded to cover more course providers, broader disciplines, and more detailed metadata such as level, duration, language, prerequisites, and certification outcomes.
4. The system would also benefit from a hybrid design that combines content-based recommendation with behavioral or collaborative signals once interaction history becomes available.

5. Finally, the prototype should be deployed as a full web or mobile application integrated with an advising portal so that students can interact with the system in real time and institutions can study its usefulness in authentic settings.
10.1 Practical Deployment Considerations
For AIRSS to move from a research prototype to a practical advising tool, the recommendation logic must be embedded in a usable workflow. In real educational settings, students often approach recommendation systems with uncertain goals, incomplete self-descriptions, and uneven digital literacy. A deployable version of AIRSS should therefore support guided input, optional keyword suggestions, and profile refinement prompts so that users can express their interests more effectively.
Deployment also requires attention to data maintenance. Course catalogs change frequently. New courses are added, descriptions are updated, and some providers remove old offerings altogether. If the recommendation index is not refreshed regularly, the system may return outdated or inaccessible options. A production version should therefore include a scheduled ingestion process and a quality-control step that removes broken or duplicated entries.
Another deployment issue concerns integration with academic support services. AIRSS should not replace human advising; rather, it should reduce the early search burden and provide a stronger starting point for students. In institutional settings, the system could be connected to advising centers, employability units, internship offices, or professional-development portals. This would allow recommendation outputs to feed into broader student-support workflows.
The system should also support transparency. Students are more likely to trust recommendations if they can see why a course appears in the ranked list. Simple explanation cues, such as matched skills, matched interest areas, and related course themes, would make the system easier to interpret and would improve its educational value.
Table 5. Practical strengths and current limitations of AIRSS in a deployment context.

	Aspect
	Current strength
	Current limitation

	User support
	Can reduce time spent searching through large course catalogs.
	Still depends on users writing meaningful initial input.

	
Model design
	Supports both lexical and semantic comparison through two representation strategies.
	Does not yet learn from click history, ratings, or accepted recommendations.

	Transparency
	Content-based logic can be explained in relation to user text and course text.
	Current prototype does not yet expose explanation messages in the interface.

	
Scalability
	Built on common Python tools suitable for later web deployment.
	Needs a data-refresh pipeline and stronger evaluation before full institutional use.



10.2 Evaluation Roadmap for Future Versions
A stronger evaluation roadmap is necessary if AIRSS is to be presented as a mature educational recommendation system. The first step is offline evaluation against curated relevance judgments. A set of student profiles should be paired with course lists manually reviewed by experts or by the target users themselves. This would make it possible to compute standard ranking metrics such as precision at k, recall at k, MAP, MRR, or nDCG.
The second step is user-centered evaluation. Students should interact with the system in realistic scenarios and judge the usefulness, clarity, and trustworthiness of the recommendations. Such studies could examine decision confidence, perceived relevance, time saved, and willingness to use the system again. These human-centered outcomes are particularly important in educational systems because perceived usefulness directly affects adoption.
The third step is longitudinal evaluation. Once AIRSS is deployed, the system should examine whether recommended courses are not only clicked but also completed, rated positively, or linked to later academic or professional benefit. This would move the evaluation beyond immediate textual similarity and toward real educational impact.
Table 6. Suggested multi-stage evaluation plan for future AIRSS development.

	Evaluation stage
	Purpose
	Example indicators

	Offline relevance testing
	Check ranking quality against a judged benchmark.
	Precision@k, recall@k, MAP, MRR, nDCG

	User-centered usability study
	Assess usefulness and trust from the learner perspective.
	Satisfaction, relevance judgment, confidence, decision time

	Live deployment analysis
	Measure authentic behavioral and educational outcomes.
	Clicks, enrollments, completion rates, repeat use, feedback scores



10.3 Ethical and Operational Considerations
Because AIRSS operates on student profiles and learning interests, data handling must be responsible. Even if the current version uses only short text input, later deployments may include richer personal data such as major, academic performance, skill history, or course-completion records. Institutions should therefore define clear privacy boundaries, retention rules, and user-consent procedures before operational use.
Bias is another issue. Course descriptions may be written differently across providers, and some disciplines may be overrepresented in the data. A recommendation system that appears neutral can still favor certain fields, wording styles, or providers if the underlying text collection is unbalanced. Future versions should therefore include fairness checks and dataset audits so that recommendation quality is not concentrated around only the most heavily represented topics.
Finally, AIRSS should be treated as a decision-support tool rather than as an unquestionable authority. Students may need context that the system cannot infer from text alone, such as schedule constraints, financial limitations, prerequisite gaps, or long-term career strategy. In those cases, AI should complement human guidance rather than replace it.

10.4 Illustrative Recommendation Cases
To clarify how AIRSS may behave in practice, it is useful to consider example student profiles. A first-year computing student may enter a profile centered on programming, Python, problem solving, and data analysis. Under such input, the system should prioritize courses that teach technical foundations and applied analytical skills. A second student from a business background may write management, dashboards, communication, and digital transformation. In that case, the recommendation system should ideally surface applied analytics, project coordination, reporting, and business-oriented digital-skills courses rather than low-level programming content.
A third case involves a graduate who is unsure of direction and submits a broad profile such as AI, design, and entrepreneurship. Such a query is ambiguous, but it still provides useful signals. A lexical model may struggle because the terms point to different clusters of courses. A semantic model is more likely to preserve cross-domain meaning and to produce a set of recommendations that reflects innovation, product thinking, and emerging digital skills rather than a disconnected list of unrelated course titles.
These examples matter because they reveal the real value of recommendation systems in education. The most useful system is not always the one that produces the mathematically closest keyword match. It is the one that helps the user move from a vague interest profile to a more usable shortlist of opportunities. In practice, that shortlist can then be refined further through human advising or self-evaluation.
The examples also show why AIRSS should eventually support iterative interaction. A student might accept one recommendation, reject another, and then clarify preferences. This interaction loop would allow the system to evolve from a one-shot ranking tool into a more adaptive advising assistant.
Table 7. Illustrative student profiles and the kind of recommendation behavior expected from AIRSS.

	Illustrative profile
	What the system should prioritize
	Why this case matters

	Programming, Python, data analysis, problem solving
	Technical foundation and data-related training courses
	Shows how AIRSS can support early technical upskilling.

	Management, dashboards, communication, digital transformation
	Applied analytics and professional-development courses
	Shows value in mixed business-technology profiles.

	
AI, design, entrepreneurship
	Semantically related innovation-oriented courses
	Shows the importance of contextual understanding for broad or ambiguous queries.

	Research methods, academic writing, presentation
	Methodology and scholarly-skills courses
	Shows how the same system could support academic development, not only employability skills.



10.5 Limitations of the Current Dataset and Prototype
The current dataset is sufficient for prototype development, but it is not yet ideal for long-term institutional use. Course descriptions gathered from public online sources may differ in style, completeness, and marketing language. Some records are likely to contain broad descriptions that

obscure level, prerequisites, or assessment expectations. This variability affects recommendation quality because the system can only learn from the text it receives.
Another limitation is that the present dataset does not appear to include richer learner metadata or course outcome measures. Without these, the system cannot yet differentiate strongly between a course that is topically relevant and a course that is educationally appropriate in terms of difficulty, pacing, or certification value. Future datasets should therefore include structured metadata that complements the unstructured text field.
Finally, the prototype was developed as a recommendation engine rather than as a full advising ecosystem. It does not yet include scheduling constraints, cost filters, language preferences, or institutional equivalency rules. These limitations do not invalidate the prototype, but they show where future development work is required before AIRSS can be used as a fully operational recommendation platform.
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