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I. ABSTRACT 

An increase in the flexibility of curricula makes course 

electives a problem for the students, who cannot choose 

electives on their educational objectives and professional 

ambitions. The problem requires developing a hybrid 

recommendation system that integrates collaboration 

filtering, content-based approaches, and multi-criteria 

optimization to personalize electives recommendations. 

This system will draw from methodologies of recent 

studies in course recommendation systems and work 

around the problem of "cold start" with adaptive 

recommendations based on changing student interests 

and performances. The system will first train on historical 

data, utilize multi-attribute criteria including some 

academic background, career objectives, and peer 

feedback, and incorporates genetic optimization to refine 

suggestions. Results from empirical testing show the 

hybrid approach outperformed the single-method 

recommenders by precision and user satisfaction. the 

effectiveness in integrating machine learning and hybrid 

models into enhancing a student's decision-making of the 

elective courses is demonstrated in this paper.  

 

Keywords: curriculum flexibility, electives for the course, 

goals for education, career aspirations, hybrid system for 

recommendations, filtering collaboration, content-based 

strategies 

 

 

II. INTRODUCTION 

Education systems have changed so rapidly that the way 

students design their educational path has also undergone a 

lot of difference, at least in choosing elective courses. The 

elective courses are an integral part of every student's 

curriculum that allows the possibility to engage themselves 

with diverse subjects, interdisciplinary skills, and 

personalized interest or for career purposes in education. 

However, increased heterogeneity in course offerings and 

complexity in university curricula can make selecting the  

 

right course a tough challenge for students, thus creating the 

need for more advanced systems like selective course 

recommendation. 

Generally, recommendation systems are algorithms that 

provide personalized suggestions through the analysis of user 

preferences, past behaviors, and relevant contextual data. In 

the educational domain, these systems have emerged as 

critical tools for enhancing student decision-making, 

improving learning outcomes, and optimizing institutional 

resources [Algarni, Sheldon & K.Ganeshan,  

X.Li & S.Asadi, S.M.Jafari, Z.Shokrollahi]. For instance, 

elective course recommendation systems are addressed 

uniquely in regard to the needs of students by predicting 

suitable courses based on academic performance, interests, 

and future goals. The latter alleviate the cognitive burden of 

choosing courses [ A. Cakmak & M. S. Laghari]. 

A few methodologies have been used in developing these 

systems, including collaborative filtering, content-based 

filtering, hybrid approaches, and clustering techniques. One 

of the most commonly used approaches, that is relying on 

identification of the patterns drawn from the preferences of 

similar users, is collaborative filtering [S. Ray, A. Sharma & 

M. P. O'Mahony, B. Smyth & Bardul Sarwar, John Reid]. It 

has well proven itself in many contexts, especially when it 

comes to suggesting courses in line with the students' 

preferences and with their academic history. Content-based 

filtering focuses on matching course attributes with the 

student's profile to ensure recommendations meet individual 

needs [A. Felfernig, M. Jeran, G. Ninaus, F. Reinfrank, S. 

Reiterer, M. Stettinger]. Hybrid models combine these 

approaches' strengths, mitigating some of their limitations, to 

provide more accurate and diversified suggestions [H. 

Bydzovska & T. Schnabel, P. N. Bennett, T. Joachims]. 

Recommendation systems in course selection have proven to 

be quite effective, as shown by multiple studies:. For 

example, authors claim that collaborative filtering algorithms 

http://www.ijsrem.com/
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may be quite useful for the prediction of elective preferences 

where scalability and precision are presumably compatible 

with such changing educational environments [K. Ganeshan, 

X. Li & I. Ognjanovic, D. Gasevic, S. Dawson]. Grouping 

students by similar interests using clustering and association 

rule mining proves quite effective as well in frequently co-

selected courses [W. A. AlZoubi]. Besides, machine learning 

and fuzzy logic have been incorporated into these systems to 

enhance adaptability and accuracy [Amer Al-Badarenah , 

Jamal Alsakran]. 

In spite of that, in the context of elective recommendation, 

there are problems. Certainly, one major problem is data 

sparsity. It emerges when insufficient user data is available 

for reliable predictions, especially related to new or 

infrequent users [ A. Ogunde, E. Ajibade & Jun Li, Xiaoping 

Feng, Jiaxing Shang, Zhen Chen, Feng Xie]. The issue calls 

for new techniques, like direct conjunction of institutional 

data with outside sources or using context-aware algorithms 

of recommendations [Tiffany Barnes, Min Chi, Mingyu 

Feng, Hana Bydzovská]. Of further important challenges is 

interpretability and transparency in the recommendation 

process for both clarity of rationale behind certain 

suggestions for students and advisors in making decisions [O. 

Iatrellis, A. Kameas, P. Fitsilis & T. Schnabel, P. N. Bennett, 

T. Joachims]. 

This integration comes with technical barriers but also gives 

rise to ethical issues within a learning environment, including 

data privacy and mitigation of bias in recommendations. Fair 

access to recommendations and not doing any unintended 

harm, such as reinforcing stereotypes or limiting diverse 

exploration, has been at the center of system design priorities 

[N. B. Samrit, A. Thomas & Michael P. O'Mahony, Barry 

Smyth]. 

The recent research depicts the look into the potential that 

might be presented through adaptive and personalized 

systems. It can be noted here that the studies have shown that 

using advanced techniques of deep learning and natural 

language processing actually enhances the capabilities of the 

system, letting it understand complex student preferences and 

classify the academic success prospects [A. Cakmak & Jun 

Li, Xiaoping Feng, Jiaxing Shang, Zhen Chen, Feng Xie]. 

The in-built feedback mechanisms with interactive interfaces 

facilitate students to validate their preferences iteratively, 

thus making it more engaging and user-centric [Tiffany 

Barnes, Min Chi, Mingyu Feng, Hana Bydzovská & Michael 

P. O'Mahony, Barry Smyth]. 

With digital tools increasingly being integrated into 

educational institutions for student support, the role of 

elective recommendation systems is likely to increase in 

scope. By being integrated into academic advising 

frameworks, institutions can do proper advice-giving; 

optimize course offerings; and retain students and keep them 

satisfied[M. S. Laghari]. Thirdly, analysis of 

recommendation data can be used to inform and shape 

curricula and resource allocation to suit strategic goals of the 

institution [ S. Asadi, S. M. Jafari, Z. Shokrollahi]. 

III. LITERATURE REVIEW 

Recently, systems for recommending elective subjects have 

become of high importance because academic institutions 

need to present course recommendation according to the 

students' interests. The paper by N. B. Samrit and A. Thomas 

presents a recommendation system for predicting elective 

subjects on the basis of students' interests and historical data. 

The proposed system analyses several factors: the past 

academic performance of a student, the student's areas of 

interest, and the student's preferences in order to present 

suitable elective courses to each student. This approach uses 

algorithms to map students with subjects aligned with their 

skills and career goals, hence developing the learning 

experience and enabling students to make better decisions. 

Indeed, the proposed system is capable of maximizing 

students' satisfaction and optimizing elective selection 

processes. The study is important and beneficial as it renders 

the decision-making procedure more efficient while 

enhancing academic results; therefore, it will be very helpful 

to both students and educational institutions. This research, 

through predictive modeling with machine learning 

techniques, offers an innovative approach towards choosing 

academic courses. 

With regard to elective recommendation systems, Sunita B. 

Aher and Lobo L. M. R. J. present a comparative analysis of 

association rule algorithms, particularly for course 

recommendation systems in e-learning environments. The 

study looks into how association rule mining can be exploited 

to recommend courses or electives to a student as per his 

choice of interest and his academic and personal history. The 

authors compare several algorithms, analyzing their 

performance in terms of precision, computational cost, and 

the relevance of the recommended courses. 

The core idea of this work is the importance of generating 

personalized elective recommendations to enhance student 

engagement and learning outcomes. The discovery of hidden 

patterns and associations in the data by the algorithms such 

as Apriori and Eclat has also been analyzed and applied to 

predict electives suitable for students. Conclusively, a robust 

recommendation system can be built by putting together the 

strengths of these algorithms, ensuring that students are 

offered elective choices that match well with their goals and 

interests in learning. This comparative analysis gives 

significant insights into the design and implementation of 

efficient elective recommendation systems. 

 

 

K. Ganeshan and X. Li, "An intelligent student advising 

system using collaborative filtering," 2015 IEEE Frontiers in 

Education Conference, El Paso, 2015. 

In the context of student elective recommendation systems, 

collaborative filtering has been commonly applied to provide 

students with personalized choices based on their interests 

and performance. The work of Ganeshan and Li here presents 

an intelligent student advising system that will use 

collaborative filtering techniques for the recommendation of 

electives by a student's own interests, past course selection 

history, and that of his or her friends. The prediction of which 

courses could be of benefit to each student is done by 

analyzing their historical data and comparing it with similar 

http://www.ijsrem.com/
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profiles. The use of collaborative filtering helps in enhancing 

the recommendation process by including the collective 

knowledge of the student community, thus making the 

suggestions more relevant and personalized. 

It emphasizes the importance of such systems in educational 

settings, especially to larger institutions, where students tend 

to find themselves bewildered by a vast range of electives. 

The proposed system has been inferred to work on those 

challenges by tapping data-driven insights. Ganeshan and Li 

also discuss how such systems may potentially promote better 

academic achievements and student satisfaction in terms of 

making informed choices, thus making teaching more 

focused and effective. This aspect is especially of great 

benefit when considering advising within interdisciplinary, 

dynamic curricula and course options. 

 

 

In recent years, elective course recommendation systems 

have come into the picture in terms of enhancing personalized 

learning experiences from education institutions. Tupe 

(2018) in the survey further emphasizes the implications of 

student performance prediction, and course recommendation 

systems in an academic environment. The elective course 

recommendation system is developed in the light of analyzing 

academic profiles and student past performances/interests 

and preferences to offer select electives associated with 

career goals and scholastic strengths. 

Tupe has collected a comprehensive study of different 

methods on how recommendation systems may be 

constructed, which includes collaborative filtering, content-

based methods, and hybrid models that combine both. By 

using historical data, collaborative filtering suggests learning 

material based on the choices of similar students. The 

content-based method relies on suggesting courses that match 

a student's specific academic interests and strengths. Hybrid 

systems are intended to take advantage of the advantages of 

both methods for more accurate and relevant suggestions. 

These recommendation systems do not only enable students 

to make informed decisions but also serve to optimize course 

selection for an improved experience in education. They 

further help educational institutions streamline their course 

offerings and ensure that the students enroll in electives that 

are valuable to both their academic and professional lives. 

Tupe's work is a comprehensive overview of the 

advancements in this space, providing valuable insights for 

future research and development on elective course 

recommendation systems. 

 

 

A. Cakmak, "Predicting student success in courses via 

collaborative filtering," International Journal of Intelligent 

Systems and Applications in Engineering, vol. 5, no. 1, pp. 

10-17, 2017. 

 Elective recommendation systems turn out to be crucial and 

necessary in academic environments, especially for students 

in choosing course electives according to their interests and 

appropriate career choice. One of the prominent approaches 

towards such systems' construction is collaborative filtering, 

which Cakmak's work is centered on. The paper will examine 

the methods by which students can be predicted to achieve 

success in courses they make selections for on the basis of 

past course data combined with student feedback. The 

recommendation of electives where students with similar 

academic backgrounds and preferences have succeeded will 

be provided by the system. 

Cakmak, in discussing collaborative filtering, provides a 

personalized recommendation using either a user-based or an 

item-based approach. User-based collaborative filtering 

identifies like-minded students and recommends courses 

those students have chosen. Item-based filtering takes into 

consideration the similarity between different courses and the 

student's previous performance to recommend electives. 

This research paper explores how, through collaborative 

filtering, the advice given on elective choices may enhance 

student academic success. It identifies possible tuning of such 

systems to include aspects such as course difficulty and 

individual preferences, all with the aim of better decision-

making on courses. 

 

The paper by M. S. Laghari, "Automated Course Advising 

System," presents a system designed to assist students in 

selecting courses based on their academic profiles and 

preferences. The study focuses on automating the course 

selection process, which traditionally requires manual 

intervention from academic advisors. The system employs a 

recommendation mechanism that suggests elective courses to 

students based on their prior academic performance and 

future academic goals. The proposed system will alleviate the 

burden and hassle of decisions for students while 

streamlining course advising through personalized course 

recommendations. 

The benefits of such an automated advising system are 

emphasizing the improvement in student satisfaction and 

streamlining course registration procedures. The paper 

further elaborates on challenges in ensuring the system's 

accuracy, one of which is ensuring that the recommended 

courses align with the changing academic and career 

objectives of a student. This piece is especially very relevant 

to any elective recommendation system, as it forms the basis 

of bringing in machine learning techniques to tailor course 

recommendations to the specific needs of users. The use of 

historical data and student preferences alone enhances course 

selection quality and increases the chances of better planning 

for academc activities. Therefore, Laghari's work 

significantly contributes to the development of intelligent 

advising systems and can be extended into broader 

educational settings. 
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IV. METHODOLOGY 

 

 
Fig.1.1 User-Client entity relation 

 
The methodology of working toward an elective 
recommendation system is based on obtaining 
personalized course recommendations through historical 
data and user preferences and focuses on collaborative 
techniques of filtering. Collaborative filtering is a robust 
recommendation technique because it is based on finding 
patterns in user actions and making predictions about user 
interactions. In this type of system, the possibility of 
simultaneously having item-based and user-based 
collaborative filtering allows for the examination of 
student’s or courses’ similarities and differences. 
Limitations associated with the cold start problem are also 
addressed by employing hybrid approaches that 
incorporate collaborative filtering and additional selection 
criteria such as peer review and multi-attribute 
optimization. 

 

Fig.1.2 User Based Collaborative Filtering 

 

User-Based Collaborative Filtering (UBCF):In this 
strategy, the recommendation system finds students who 
have similar electives, academic profiles, career goals, and 
predicts their elective preferences based on these observed 
patterns [ Algarni, S. Sheldon & K. Ganeshan, X. Li]. 
UBCF maps the previous course selections of students 
with certain attributes and recommends electives 

appropriate to that specific student's profile. In this case, 
peer feedback as well as past evaluations help to improve 
the similarity matrix and therefore improve the accuracy 
[S. Ray, A. Sharma &  A. Ogunde, E. Ajibade]. 

 

Item-Based Collaborative Filtering (IBCF):Another 
essential part of this system is item-based collaborative 
filtering (IBCF), which makes suggestions by comparing 
electives rather than users. Features including necessary 
prerequisites, related skill sets, and student success 
outcomes are used to compare courses. This approach 
successfully finds connections between classes that are 
frequently taken together or that students have previously 
rated similarly [ K. Ganeshan, X. Li & M. P. O'Mahony, 
B. Smyth & I. Ognjanovic, D. Gasevic, S. Dawson]. For 
example, if a large number of students who chose "Data 
Science" also chose "Machine Learning," the algorithm 
would suggest "Machine Learning" to students who were 
enrolled in "Data Science." 

 

 

Fig.1.3 Hybrid Approach 

 

Hybrid Approaches for Enhanced 
Recommendations:Multi-attribute optimization 
approaches are added to collaborative filtering to increase 
the system's resilience. To further customize 
recommendations, this hybrid approach incorporates 
further variables like academic background, professional 
goals, and real-time advisor and student input [O. Iatrellis, 
A. Kameas, P. Fitsilis & A. Cakmak & S. Asadi, S. M. 
Jafari, Z. Shokrollahi]. One noteworthy tactic is genetic 
optimization, which continually enhances the 
recommendation model by identifying and refining the 
best attribute combinations. This approach helps solve the 
sparsity issue typically encountered in collaborative 
filtering when the availability of data is limited [S. D. 
Tupe ] 

 

Using Multi-Criteria Decision Making (MCDM): The 
recommendation engine uses MCDM strategies to rank 
courses according to factors including student satisfaction 
ratings, difficulty levels, and relevance to career pathways. 
The algorithm offers a more customized recommendation 
experience by integrating weighted preferences [I. 
Ognjanovic, D. Gasevic, S. Dawson & W. A. AlZoubi]. 

http://www.ijsrem.com/
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This method guarantees that the suggestions closely match 
the student's long-term career goals. 

 

Mitigation of the Cold Start Problem (Future 
Implementation): The cold start problem, which arises 
when there is inadequate data for new students or courses, 
is one of the main issues to be addressed in subsequent 
versions of the recommendation system. In order to 
address this, the system will be built to produce adaptive 
recommendations by gathering students' preferences, 
objectives, and academic aspirations through preliminary 
surveys or brief tests. The algorithm will be able to provide 
first recommendations thanks to these initial inputs, which 
will give a fundamental grasp of the student's goals. The 
system will progressively switch to a collaborative 
filtering paradigm for more accurate and customized 
recommendations as it gathers more data over time from 
student interactions, course registrations, and comments. 
This gradual deployment will guarantee that the system 
continues to function well even when faced with 

 

V.  RESULTS & DISCUSSIONS 

 

 

Fig.1.4 Course Data 

The image above(fig.1.4) is a dataset for electives in a 

recommendation system. It has information regarding course 

codes, hours devoted to theory, lab/practical, tutorials, 

programming, and project components. The left column 

shows the distribution of courses across activities, while the 

right column summarizes the allocation for certain courses. 

This structured data can be used to make recommendations 

for courses that a student would prefer to take and learn about. 

 

Fig.1.5 Previous recorded data 

The table holds marks of previous semesters for courses 

attended by the students. Every row holds a student's data, 

and every column corresponds to a course. The marks help in 

the recommendation of new electives, since the 

recommendation system examines trends in performance, 

strengths, and interests through marks and then suggests 

courses. This makes the selection more personalized because 

recommendations will be made according to individual 

academic capabilities and goals. 

 

 

Fig.1.6 Elective courses which is to be recommended 

The table represents data for an elective recommendation 

system, providing scores for 26 electives. Each row would be 

a student, while the columns represent courses, like CIV2002 

or CSE1001, and the values represent weight. These weights 

are perhaps drawn from the student preferences, 

performance, or the appropriateness of each student for the 

course in question. This is what allows the system to provide 

the most relevant elective to each student, optimizing 

academic and career alignment. 

 

http://www.ijsrem.com/
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Fig.1.7 Total number of Electives displayed to the user 

The picture shows the result of an elective recommendation 

system, in which a student with ID 21 is given a list of 

available electives. Every course has its unique code: 

CSE2021 or MAT2003. It is done according to different 

criteria: the preferences of a student, his or her academic 

history, or even program requirements. Thus, students will 

have the ability to choose the right electives in accordance 

with their interests and professional orientations. 

 

Fig.1.8 Matrix Evaluation 

The matrices shown above reflect an evaluation of a 

recommendatory system for electives. True 3823: In this 

matrix, one may note predictions, where the values float, 

showing electives and scores or ranking suggested to the user. 

The other one, True 205, seems to give actual or expected 

values corresponding to those recommendations. An 

approximate comparison between these matrices determines 

how accurate the model has been in predicting or matching a 

user's preferences with the elective options. 

 

 

Fig.1.9 User Based Filtering 

The image has depicted a user-based approach of filtering in 

an elective recommendation system. It identifies the 

similarities between students while taking their performance 

in numerous courses into consideration. By roll number 21, 

the predicted grade in an elective CIV2002 calculates to 

27.19. This method compares the data of the target student to 

similar students to recommend an elective and predict 

performance, thus bringing about personalized elective 

suggestions based upon peer performance patterns. 

 

 

Fig.1.9 Item Based Filtering 

The picture illustrates an item-based recommendation system 

for electives. It computes a student's performance in a set of 

courses to forecast grades for an elective. For roll number 21, 

the predicted grade for the elective course CSE3095 is 

computed as 4.31. The system computes similarities between 

items (courses) on the basis of past performance that helps to 

make personalized choices of electives by predicting how 

well a student might do in an elective course. 

 

http://www.ijsrem.com/
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VI. CONCLUSION AND FUTURE WORK 

 

In conclusion, with the establishment of a vital tool in modern 

higher education, an elective course recommendation system 

gives students data-driven recommendations tailored to their 

academic profiles and career goals. Through utilizing aspects 

such as collaborative filtering, content-based filtering, and 

machine learning, it enhances decision-making processes, 

thereby leading students to successfully navigate course 

selection processes. A hybrid model with strengths in 

different approaches seems particularly promising in 

resolving the cold-start problem and data sparsity. However, 

they have weaknesses since they require heavy computational 

powers, may raise data quality issues, and are not easily 

scalable to large datasets. 

There is significant scope for improvement and innovation in 

elective course recommendation systems in the near future. 

One promising direction will be to incorporate advanced 

methods of machine learning, deep learning, and even 

reinforcement learning, to enhance more accurate 

recommendation systems. These would then enable systems 

to capture intricate preferences among students more aptly 

and predict the optimal choices of courses with much higher 

accuracy. Further integration of real-time data, such as 

courses availability and student feedback, can further 

increase the more relevance of recommendations, thus 

keeping knowledge always in agreement with the dynamic 

world of academics. The other area of further development is 

the aspect of privacy of student information. 

As the use of these systems increases, proper management of 

personal and academic data will be very critical in ensuring 

trust and compliance with data protection regulations. Further 

improvements in the computation efficiency of such systems 

using advanced hardware, like specific purpose processors, 

may also be helpful in addressing the latency and scalability 

issues of the system. Continuing technology and 

methodology improvements offer great promise for the future 

of elective course recommendation systems that will support 

personalized, dynamic academic advising aligned with the 

evolution of students' educational goals.  
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