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In contemporary higher education, universities often struggle to 
engage students due to a lack of understanding of their diverse 
interests, leading to poor attendance at academic and extracurricular 
events. The Student Interest Tendencies and Recommendation System 
(SITARS) addresses this challenge through a web-based, data-driven 
framework that predicts student interests and enhances engagement. 
SITARS employs a hybrid recommendation approach combining 
Tagging-Based Recommendation, Item-Based Collaborative Filtering 
(IBCF), and User-Based Collaborative Filtering (UBCF), supported by 
Cosine Similarity and K-Nearest Neighbors (KNN). IBCF recommends 
events to students based on their preferences, while UBCF helps 
organizers identify students likely to be interested in specific events. By 
aligning event offerings with student interests across various domains, 
SITARS improves event relevance, planning efficiency, and resource 
allocation. Additionally, it provides valuable analytics for university 
decision-makers. Overall, SITARS promotes a more personalized and 
strategic approach to student engagement, ultimately fostering a more 
student-centered academic environment. 
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1. Introduction 

The Student Interest Tendencies and Recommendation System (SITARS) is a web application system specifically 
developed for the Faculty of Computer Science and Information Technology (FSKTM) at Universiti Tun Hussein 
Onn Malaysia (UTHM). In today’s rapidly evolving educational environment, universities face significant 
challenges in understanding and catering to the diverse interest tendencies of students, which often leads to low 
engagement and poor attendance in events and programs. Without a reliable and effective system for analyzing 
student preferences, event planning becomes inefficient, with universities resorting to generic, one-size-fits-all 
approaches that fail to resonate with students’ interests. As a result, students are often overwhelmed with 
irrelevant information about various events, leading to disengagement and low participation. Student engagement 
is a critical determinant of academic success and overall educational experience in higher education institutions. 
According to student involvement theory for higher education, the learning and personal growth of students in an 
educational program increase as the quality and quantity of students’ involvement increase [1]. Active 
participation in both academic and extracurricular activities has been shown to foster better employability and 
support personal development among university students [2]. However, universities continue to face significant 
challenges in effectively engaging their diverse student populations. Many institutional event planning efforts rely 
on generalized approaches that do not account for the varying interests, preferences, and behaviors of students. 
As a result, participation rates in organized activities often remain low, leading to underutilized resources and 
diminished student satisfaction. 
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SITARS is designed to address these challenges by leveraging data analytics algorithms to analyze collected 
data such as demographics, academic performance, historical event participation, and student feedback. By 
analyzing these data, SITARS can identify and predict student interest patterns, hence offering personalized event 
recommendations tailored to individual students, helping universities better understand and cater to their diverse 
interests. SITARS aims to optimize event planning, enhance resource allocation, and improve student engagement. 
By aligning events with students' evolving preferences, the system can increase attendance rates and reduce 
inefficiencies in event promotion. Ultimately, SITARS fosters a more dynamic, inclusive learning environment that 
enhances student satisfaction and retention by ensuring that future events are more accurately aligned with 
students' interests. 

One of the aims of the proposed system, SITARS, is to design and develop a web application that predicts the 
interest tendencies of FSKTM students regarding events and programs. This system aims to enhance student 
participation by matching their preferences with tailored events and programs, ensuring greater engagement. 
Additionally, the project targets to evaluate the proposed system's functionality and usability to ensure its 
effectiveness in achieving stakeholders' requirements. The key stakeholders of this proposed system are FSKTM 
students, event organizers, and administrators. SITARS will incorporate advanced technologies like Tagging-
Based Recommendation and Item-Based Collaborative Filtering (IB-CF) to recommend academic and 
extracurricular events tailored to students' preferences. It will include features for user management, data 
visualization, and reporting to support decision-making while ensuring responsiveness and operability across 
both mobile and web platforms. 

SITARS is expected to yield significant improvements in student engagement by tailoring educational 
experiences to individual interests, fostering a deeper connection between students and their academic and 
extracurricular events. By providing accurate, data-driven recommendations that align with students' interests, 
learning goals, and professional aspirations, the system is expected to boost participation and enthusiasm in 
university programs. Personalized suggestions will encourage students to develop their skills confidently, 
fostering a proactive and enthusiastic approach to their educational journey. 

2. Literature Review 

This section discusses the literature review conducted for the proposed system. The purpose of this section is to 
provide a comprehensive overview of the system's development, beginning with a discussion of student interest 
tendencies in both academic and extracurricular activities. The section will then discuss the concept of the 
recommender system and the main technologies implemented. A critical analysis of existing related systems will 
also be included, resulting in a comparative evaluation between the existing solutions and the proposed system. 

2.1 Domain Background: Student Interest Tendencies in Academic and Extracurricular 

According to Munir and Zaheer [2], extracurricular activities are activities that students perform other than 
earning a degree during their education at a particular institute. There is no debate about the importance of 
extracurricular activities in a student’s life. Understanding student interests in both academic and extracurricular 
activities is crucial for fostering an engaging educational environment. Engaged students are more likely to 
perform better and also develop enthusiasm for learning. However, current one-size-fits-all approaches to student 
recommendations often lead to irrelevant, inconsistent, and overwhelming suggestions, making it difficult to 
effectively guide students toward their interests. To address this, there is a need for a system that collects, 
integrates, and analyses student data in a standardized manner. This system would provide personalized, 
relevant, and timely recommendations, helping students explore new areas of interest, discover potential career 
paths, and enhance their skills. Furthermore, such a system would enable universities to track evolving student 
interests and make data-driven decisions to customize learning experiences. By aligning students with activities 
that match their strengths and aspirations, the system would contribute to a more personalized, engaging 
educational experience, promoting academic success, personal growth, and long-term career readiness. 

2.2 Recommender System 

A recommender system (RS) is a type of software or algorithm primarily powered by the technologies of artificial 
intelligence (AI) and machine learning (ML). It is specifically designed to suggest items or content to users based 
on their preferences, behaviors, historical interactions, cultural context, geolocation, or other factors. Basically, 
methods in RS can be generally categorized into three types: the Collaborative Filtering method (CF), the Content-
Based method (CB), and the Hybrid method [3]. As defined by Milano et al. [4], RS is a class of algorithms designed 
to solve the recommendation problem by leveraging either of the RS methods to collect, curate, and process large 
amounts of personal information data to enhance individual experiences and social interactions. In RS, user and 
item profiles are established by analyzing user engagements with items in the system. This analysis examines the 
attributes of both the user and the item to identify the user's preferences [5]. 
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The RS becomes an indispensable tool across a wide range of online applications by providing personalized 
content and services to overcome the challenges associated with information overload [6]. Nowadays, RS are 
widely used across various domains like e-commerce [7]–[9], social media [10], [11], tourism [12]–[14], and 
health applications [15], [16], providing tailored suggestions to help users navigate information overload and 
improve decision-making. 

Figure 1 below briefly shows the common workflow of the recommendation system, explaining how the 
recommendation system works to offer users consistent, personalized and relevant suggestions. The workflow of 
a recommendation system involves collecting user data (preferences, ratings, demographics), item data 
(descriptions, categories, pricing), and interaction data. This data is cleaned, stored, and analyzed by predictive 
algorithms to identify patterns in user preferences. Once processed, the system generates personalized 
suggestions based on relevance and ratings, presenting them to the user. This helps optimize the user experience 
by offering consistent and relevant recommendations and enhancing engagement with digital platforms. 

 

 

Fig. 1 Common Workflow of Recommender System 

2.3 Main Technologies Implemented 

The main technologies implemented are Tagging-Based Recommendation, and CF. The tagging-based 
recommendation generates personalized suggestions by associating content with relevant tags or keywords. 
According to Tang et al. [17], they identify three key factors that impact tag recommendation accuracy: sequential 
text modelling, tag correlation, and content-tag overlap. Meanwhile, the study of Zuo et al. [18] propose two-stage 
tag-aware multi-objective framework in deep learning for providing accurate and diversity recommendation. In 
parallel, C. Wang et al. [19] applied sentiment classification to tackle the issue of weak tagging data. Zhang et al. 
[20], on the other hand, leverage cross-domain recommendation with semantic correlation in tagging system. In 
the context of SITARS, the tagging-based recommendation module plays a critical role in aligning student 
preferences with relevant campus events. By matching the tags associated with upcoming events to those within 
a student's profile, SITARS can generate highly relevant recommendations that are more likely to resonate with 
individual interests. 

On the other hand, CF relies on leveraging either user community opinions or past user behavior to predict 
items that would capture a user’s interest [21]. It evaluates the degree of similarity in preferences between two 
users by examining their respective rating histories. Generally, CF recommendations algorithm can be subdivided 
into two primary classes: memory-based CF and model-based CF [22]. The IB-CF and user-based CF (UB-CF) are 
included in memory-based CF. According to Shetty et al. [23], IB-CF is an advanced recommendation method based 
on calculating item similarity scores from consumer interactions. Unlike UB-CF, which identifies users with similar 
preferences, IB-CF finds items similar to those a user has interacted with. It uses metrics like Cosine Similarity or 
Pearson Correlation to calculate item similarity. In this project, both IB-CF and UB-CF were chosen and assisted 
using Cosine Similarity and K-Nearest Neighbors (KNN) to provide accurate recommendations, even with limited 
user-event interaction data. 

2.4 Reviewing of Existing System 

In this section, the features and functionalities of the existing systems are thoroughly examined and compared 
with the proposed system to highlight similarities, differences, and areas for improvement. The similar existing 
systems that have been chosen to be reviewed due to their relevance in the realm of academic and extracurricular 
activities recommendation are Coursera [24], Swayam Central [25], and Eventbrite [26]. 

Coursera is an online learning platform offering diverse courses, certifications, and degrees in partnership 
with leading universities and institutions. It uses content-based and collaborative filtering algorithms to 
personalize learning based on user preferences, behavior, and contextual factors like time, pace, and regional 
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trends. Peer reviews and social feedback further refine its adaptive recommendations, aligning with users’ 
academic and career goals. 

SWAYAM (Study Webs of Active Learning for Young Aspiring Minds) is India’s national online education 
platform, offering free courses and workshops in collaboration with universities and educational institutions. 
Unlike Coursera’s advanced personalization, SWAYAM’s basic recommender system relies on enrolment data and 
search history, often using rule-based or general categorization, resulting in less tailored guidance. 

Eventbrite is an event management and ticketing platform that recommends events based on user 
interactions, location, and preferences. While not focused on education, it offers contextual recommendations 
using trends and demographics. Unlike SWAYAM, Eventbrite allows users to create events without administrative 
approval, providing greater flexibility. 

Table 1 compares Coursera, SWAYAM Central, Eventbrite, and the proposed SITARS system across features 
like recommendation types, personalization, AI/ML usage, platforms, user management, and security. While all 
offer academic recommendations, only Eventbrite and SITARS include extracurricular suggestions. Coursera and 
SITARS provide advanced personalization, whereas SWAYAM and Eventbrite offer basic recommendations. 
AI/ML is used across all systems, though limited in SWAYAM. SITARS is web-based, while others also support 
Android and iOS. All systems support user and admin management, search, analytics, and notifications; Coursera 
and SITARS also integrate feedback into recommendations. Coursera and Eventbrite have strong security due to 
payment features, while SWAYAM and SITARS offer moderate security. Gamification is present in all except 
Eventbrite to enhance user engagement. 

Table 1 Comparison Between Existing Systems and Proposed System 

Features/System Coursera Swayam Central Eventbrite Proposed System 

Recommendation for academic 
activities 

Yes Yes Yes Yes 

Recommendation for extracurricular 
activities 

No No Yes Yes 

Personalization High Basic Basic High 

AI/ML technology Yes Limited Yes Yes 
Web-based or mobile application Both Both Both Web-based 

User Management Yes Yes Yes Yes 

Search and filter Yes Yes Yes Yes 

Report and analytics Yes Yes Yes Yes 
Notification Yes Yes Yes Yes 

Feedback and evaluation Yes No No Yes 

Security and privacy High Moderate High Moderate 

Gamification Yes Yes No Yes 

3. Methodology 

This section outlines the methodology used to develop SITARS. According to Dennis et al. [27], the System 
Development Life Cycle (SDLC) describes how an Information System (IS) can meet business needs, be designed, 
developed, and handed over to users. To achieve the project's goals, the Prototyping Model was chosen for its clear 
phases, which enhance efficiency.  

3.1 Prototype Model 

The Prototyping Model is a widely used SDLC approach that involves designing, developing, testing, and refining 
an initial system prototype through repeated iterations based on stakeholder feedback and evolving 
requirements. This model emphasizes building a quick prototype, even if it lacks full functionality, and relies on 
stakeholder engagement to enhance the system and ensure it aligns with their needs. It is particularly suitable for 
projects with unclear, changing, or evolving requirements. By fostering strong stakeholder involvement, the 
Prototyping Model clarifies project requirements and helps create a user-friendly product. 

The Prototyping Model, as described by Dennis et al. [27], begins with planning and analysis to gather 
requirements and define objectives. A quick prototype is then developed and iteratively refined based on 
stakeholder feedback. The planning phase sets goals and timelines, while the analysis phase captures functional 
and non-functional requirements and evaluates the current system. The design phase produces wireframes and a 
database schema, followed by implementation using a web-based technology stack comprising front-end, back-
end, and database components, further incorporating tagging-based and CF recommendation algorithms. After 
iterative refinements, it undergoes Functional Testing and User Acceptance Testing (UAT) before deployment. 
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3.2 SITARS Framework 

The SITARS framework is structured into five distinct yet interconnected phases to ensure personalized and 
accurate event recommendation. 

In the initial phase that serves as the foundational stage, core data which is ‘Student Data’, ‘Event Data’, and 
‘Interaction History’ will be collected from institutional databases and surveys. This includes demographic 
information, academic records, historical attendance data, and feedback from past events. Additional data such as 
students declared interests or participation in clubs and online engagement (e.g., rating) may also be gathered to 
enrich the dataset. The collected data will undergo preprocessing, including cleaning, normalization, and 
transformation, to ensure consistency and readiness for analysis. 

The second phase involves designing the architecture of the SITARS platform. The process of extracting and 
mapping the data will be done in this phase wherein relevant tags and categories are extracted from the collected 
data. The third phase calculates the Cosine Similarity scores with KNN-assisted filtering based on user-item 
interaction patterns, identifying similar users (UB-CF) and events (IB-CF) to generate relevant personalized 
recommendations. 

Event Recommendation (Phase 4) integrates the outputs from both Tagging-Based and CF approaches. The 
system will analyze student interest patterns by tagging event-related data and matching it with student profiles. 
The IB-CF will identify similarities between events based on student interaction patterns and recommend events 
similar to those the student has previously shown interest in. Meanwhile, the UB-CF will identify students with 
similar interests or behavior patterns and recommend event organizers with a list of potential students, thereby 
ensuring double side recommendations for students and also event organizers. In this context, the system will 
generate personalized event recommendations for the student, and their engagement and interaction will be 
tracked. Feedback will be collected through surveys and system usage logs to assess the accuracy, usability, and 
relevance of the recommendations. 

Finally, Phase 5: Accuracy Enhancement focuses on iterative improvement. It captures student feedback and 
interaction data post-recommendation, which is then utilized to refine the recommendation algorithms, ensuring 
the system evolves in response to user behaviors and maintains high relevance over time. Figure 2 below 
represents the research framework that will be utilized in this study. 

 

 

Fig. 2 Framework of the SITARS 

 

4. System Analysis and Design 
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This section presents the system analysis and design of SITARS, including both functional and non-functional 
requirements. System features are illustrated using Data Flow Diagrams (DFD), and an Entity Relationship 
Diagram (ERD). An algorithm is also provided to describe the key steps of the predictive analytics and 
recommendation module. 

4.1 System Requirements Analysis 

System Requirement Analysis is a crucial process of the SDLC analysis phase, focusing on identifying and 
documenting functional and non-functional requirements. This ensures a shared understanding of project needs 
between stakeholders and the development team. Tables 2 and 3 outline these requirements, detailing what the 
system should do and how well it should perform. 

Table 2 Functional Requirements of the Proposed System 

Modules Description 

Data Collection and 
Integration Module 

• The system should provide a collection of forms implemented at different 
parts of the system to collect various types of student-related data. 

• The system should consist of backend logic to accurately handle, standardize, 
and store these data in the database based on user input and predefined data 
format. 

Predictive Analytics and 
Recommendation Module 

• The system should be able to analyze interest tendencies and predict future 
preference patterns according to the data collected. 

• The system must be able to provide precise personalized recommendations 
for both academic and extracurricular events. 

Feedback and Evaluation 
Module 

• The system should enable users (students and event organizers) to provide 
feedback regarding the academic and extracurricular events participated in 
or organized. 

• The system should enable users to evaluate the recommendation provided 
to enhance the accuracy of predictive algorithms. 

Data Visualization and 
Reporting Module 

• The system should visualize the data in terms of charts, tables, and reports, 
and enable exporting based on filtration 

User Management Module • The system should enable users to log in with valid credentials. 
• The system should enable users and higher-permission-level admins to 

manage their profiles. 
• The system should enable admins to import user lists for multiple account 

creation. 
Event and Program 
Management Module 

• The system should enable event organizers and admins to manage academic 
and extracurricular events. 

• The system should enable event categorization and tagging. 
Notification Module • The system should send personalized notifications via email and the system 

portal regarding the event suggestion. 
• The system should allow admins and event organizers to send notifications 

for event invitations, confirmation, approval and rejection. 
Security and Privacy 
Module 

• The system should apply role-based access controls to differentiate normal 
users, event organizers and admins. 

• The system should apply hashing and encryption technology to ensure data 
security for certain sensitive information. 

Table 3 Non-Functional Requirements of the Proposed System 

Requirements Description 

Usability • The system should have a user-friendly and intuitive UI. 
• The system should be responsive across different operating systems, devices, browsers, 

and screen sizes. 
Performance • The system should be available to be used at any time except during scheduled 

maintenance periods. 
• The system should be able to provide responses to users’ requests within a few seconds. 
• The system should handle peak usage times without significant degradation in 

performance. 

Table 3 (Cont.) 
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Requirements Description 

Operational • The system should routinely back up data to prevent data loss in the event of failure. 
• The system should log clearly in detail for further troubleshooting, auditing, and 

improving operational performance. 
Security • The system should implement strong authorization and authentication mechanisms. 

• The system should have role-based access controls to ensure users have access only to 
the information they need. 

• The system should hash or encrypt sensitive information. 

4.2 Context Diagram 

A Context Diagram (CD) is a simplified Data Flow Diagram (DFD) that represents the entire system as a single 
process, focusing on its interactions with external entities. It outlines data flows between the system and its 
environment, clearly defining system boundaries without detailing internal processes. Appendix A illustrates the 
CD for SITARS, showing its interactions with external entities such as FSKTM students, event organizers, and 
administrators. 

4.3 Data Flow Diagram Level 0 

A Data Flow Diagram (DFD) is a type of graphical representation of the flow of data within a system application, 
demonstrating the transformation of input into output via processes, data stores, and interactions with external 
entities. It helps stakeholders and developers better understand, analyze, and design system functionality. In this 
context, the DFD Level 0 offers a high-level overview of the system's workflow, showing how data flows from three 
external entities through twelve core processes and into seven data stores. The complete DFD Level 0 is provided 
in Appendix B. 

4.4 Entity Relationship Diagram 

The ERD of the proposed system visualizes the relationships between entity sets stored in the database, playing a 
key role in efficient database design and meeting the system’s requirements. Appendix C shows the entities 
involved, including seven tables that outline the attributes and relationships of each entity.  

4.5 Algorithm 

The algorithm as in Figure 3 outlines the main steps and functionalities of the 'Predictive Analytics and 
Recommendation' module.  

 

 

Fig. 3 Algorithm of Predictive Analytics and Recommendation Module 

Algorithm  

Input: Students’ Data, Events’ Data, Interaction History 

Output: Personalised Recommendations 

START 

1. Collect and preprocess Students’ Data, Events’ Data, and 

Interaction History. 

2. Store the processed data in a centralised database for further 
analysis. 

3. Extract student interests (categories and tags) from the 

collected data. 

4. Use JSON mapping to map student-event data based on the identified 
categories and tags. 

5. Generate preliminary recommendations using the tagging-based 

mapping approach. 

6. Extract student-event (user-item) interaction data (e.g., 

historical attendance record, rating, feedback) from different 

tables into an empty dataset. 

7. Calculate the cosine similarities for students (UB-CF) and events 
(IB-CF) using K-Nearest Neighbors assisted filtering. 

8. Generate additional recommendations using the collaborative 

filtering (CF) approaches (e.g., IB-CF for event recommendation 

to students and UB-CF for student recommendation to event 

organizer). 

9. Integrate recommendations from both methods and push to students 
and event organizers. 

10. Collect student interaction and evaluation data to refine the 
recommendation model. 

11. Update the algorithms to improve the relevance and accuracy of 
recommendations. 

END 

 



495 Applied Information Technology and Computer Science Vol. 7 No. 1 (2026) p. 488-507 

 

 

The algorithm used in the Predictive Analytics and Recommendation module is designed to deliver 
personalized event recommendations to students by combining tagging-based filtering and CF techniques. It 
begins with the collection and preprocessing of three types of data: students’ information, events’ information, 
and student-event interaction data such as attendance and ratings. These data are cleaned and structured before 
being stored in the database to enable consistent and scalable access. Next, the system extracts students’ interests 
from interest categories and tags. These extracted interest data are then mapped to relevant event data using a 
JSON-based structure, allowing for the generation of initial recommendations through a tagging-based matching 
process. A basic score-based ranking mechanism is implemented to ensure the relevance between student interest 
and event data. This early-stage recommendation serves as a solution to the cold-start problem, ensuring that new 
users can still receive relevant suggestions based on their stated interests. 

To provide double-sided recommendations, the system also extracts student-event interaction data and 
calculates item similarities using Cosine Similarity. This enables the use of CF, particularly IB-CF to suggest similar 
events, and UB-CF to indicate a list of potential students with similar preferences. Recommendations generated 
by both the tagging and CF methods are integrated to provide more accurate and diverse suggestions. Student 
interactions and evaluations of the recommended events are continuously collected to further refine the model. 
Over time, the system updates the recommendation algorithms based on this feedback to improve the accuracy, 
relevance, and responsiveness of future recommendations. This hybrid design was chosen because it balances the 
strengths of both content-based and behavior-based systems, thereby addressing limitations such as data sparsity 
and lack of historical user behavior. 

5. Results and Discussion 

SITARS combines modern web technologies and machine learning to deliver an intelligent, user-friendly platform. 
The web interface, built with Bootstrap 5, ensures responsiveness and a clean design, while DOM (Document 
Object Model) manipulation enhances interactivity. On the back end, plain PHP handles core logic for simplicity 
and maintainability. Machine learning functionalities are integrated through Rubix ML, a PHP-based library that 
enables advanced algorithms such as IB-CF and UB-CF via the calculation of Cosine Similarities using KNN-assisted 
filtering, allowing for accurate and personalized event suggestions. MySQL serves as the relational database for 
managing student data, event details, and recommendations. This technology stack creates an efficient and 
scalable system that drives personalized student engagement at UTHM. 

5.1 System Implementation 

This section provides a detailed overview of the most important pages and features of the SITARS system, with a 
focus on the core components that drive its functionality. It will showcase the essential pages that users interact 
with, offering insight into the system’s design and how these elements work together to support its objectives. 
The intention is to highlight the critical aspects of the system's implementation, ensuring that key functionalities 
are clearly understood without delving into less impactful details. 

Figure 4 below shows the "Discover Events" page of the SITARS system. This page allows users, especially 
students, to explore various events, categorized and tagged for easy navigation. Each event card includes key 
details like categories, tags, pax number, fee, registration deadline, and event duration. There is a search bar with 
advanced filters for users to filter events based on the attributes. Meanwhile, users can decide to click on ‘View’ to 
check the event details and ‘Join’ to join that particular event. 

 

 

Fig. 4 User Interface of Discover Events 

 
Figure 5 below shows the "Recommended Events" page of the SITARS system. This page allows students to 

view a personalized list of events that are recommended based on their interests, preferences, and past activities. 
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The system analyzes user data and hence implements tagging-based and IB-CF recommendation approaches to 
suggest relevant events, ensuring that students have easy access to opportunities that align with their academic 
and extracurricular goals. By providing these tailored recommendations, the "Recommended Events" page helps 
students stay informed about upcoming activities that enhance their learning and campus experience. While in 
Figure 6, the diagram shows a segment of the “Event Details” page, which this segment displays a list of similar 
events and potentially liked events relevant to the event selected. 
 

  

(a) (b) 

Fig. 5 User Interface of Recommended Events 

 

 

Fig. 6 User Interface Segment of Event Details 

 
The algorithm illustrated in Figure 7 outlines a hybrid approach to generating personalized event 

recommendations for students by utilizing their data, event details, and student-event interaction data. It begins 
by loading relevant datasets and extracting student interest data from interest categories and tags. These interest 
data are then mapped to event tags using a structured JSON mapping method, prioritizing the categories based on 
relevance. This process enables the system to generate Recommendation 1 through a tagging-based mapping 
approach, which is particularly effective in addressing the cold-start problem by providing relevant suggestions 
based on explicit user interests. 

To complement this, the algorithm also analyzes student-event interaction data to capture behavioral 
preferences. A user-item interaction matrix is constructed, and Cosine Similarity is used to calculate how closely 
related events are, based on past student engagement. The similarity matrix is then processed using a KNN-
assisted IB-CF technique to generate Recommendation 2, which recommends events similar to those the student 
has already interacted with. This method allows the system to identify patterns and make informed suggestions 
even when explicit interest tags are insufficient. 

Both recommendations are presented to students using navigation pills in the user interface, as shown in 
Figure 5, allowing users to easily toggle between interest-based and behavior-based suggestions. Additionally, the 
tagging-based recommendation strategy is used in Figure 6 to generate events similar in interest categories and 
tags, while the IB-CF algorithm is applied to discover events a student might like based on similar user behavior. 
This hybrid recommendation model was chosen to ensure higher accuracy, flexibility, and personalization by 
balancing explicit preferences with inferred behavior, ultimately enhancing the user experience. 
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Fig. 7 Algorithm to Generate Personalized Event Recommendations 

 
Figure 8 shows a segment of the "Event Participants List" page in the "Event Management" section, which is 

exclusively accessible to administrators and event organizers but not students. This segment provides a 
comprehensive list of potential students who may be interested in attending the event. Event organizers can 
review the list, filter potential participants based on tagging-based and UB-CF recommendations, and then send 
personalized invitations to selected students. By offering a tailored selection of participants, this feature enables 
organizers to manage attendance more effectively and ensure that the event reaches the right audience.  
 

 

Fig. 8 User Interface Segment of Event Participants List 

 
The algorithm depicted in Figure 9 is tailored to support event organizers by providing personalized student 

recommendations for their events. This reverse recommendation process begins by loading essential datasets, 
including student profiles, event details, and interaction histories between students and events. The system then 
extracts student interest information, which serves as a basis for matching students to relevant events. Through 
a structured JSON mapping approach, these interests are aligned with event categories and tags, prioritizing them 
according to their relevance or order. This step enables the generation of Recommendation 1 using a tagging-
based method, which efficiently identifies students whose stated interests align with specific event themes or 
topics. 

To further refine these matches and capture implicit preferences, the algorithm proceeds to analyze the user-
item interaction data. It constructs a similarity matrix using Cosine Similarity, which measures the closeness 
between students based on shared interaction patterns. Leveraging this matrix, the system applies a KNN-assisted 
UB-CF technique to produce Recommendation 2. This step identifies students with similar historical behavior to 
those who have shown interest in the event, enabling more dynamic and behavior-driven targeting. The inclusion 
of UB-CF ensures the system goes beyond static interest data to capture student preferences based on actual 
interactions. 

The final stage of the algorithm involves compiling a list of potential student candidates generated from both 
the tagging-based and UB-CF approaches. These two sets of recommendations are originally planned to be visually 
separated using navigation pills in the user interface, making it easier for event organizers to explore and act upon 
both interest-based and behavior-based student suggestions. However, after evaluating the real-case 
effectiveness, the UI had changed to combine the results in one table, as shown in Figure 9. This hybrid approach 

Algorithm  

Input: Students’ Data, Events’ Data, Interaction History 

Output: Personalised Event Recommendations for Student 

START 

1. Load the students’ data, events’ data, and student-event 

interaction data. 

2. Extract student interests (categories and tags) from the loaded 
data. 

3. Use JSON mapping to map student interest data (the identified 
categories and tags) to events’ categories and tags, prioritising 

the categories and tags according to their order. 

4. Generate Recommendation 1 using the tagging-based mapping 

approach. 

5. Extract student-event (user-item) interaction data and compute a 
similarity score matrix using the Cosine Similarity measure. 

6. Process the similarity matrix using KNN-assisted filtering to 
generate Recommendation 2 based on the IB-CF concept. 

7. Push both event recommendations to students, separating them 

using navigation pills. 

END 
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was selected to balance explicit user interests with behavioral insights, resulting in more accurate and 
personalized outreach for event promotion. By combining both content and collaborative filtering techniques, the 
algorithm increases the likelihood of student engagement and ensures that event organizers can effectively reach 
the right audience. 

 

 

Fig. 9 Algorithm to Generate Personalized Student Recommendations 

 
Figure 10, 11, 12 shows the segments of the “User Profile” page. These segments play critical roles in SITARS, 

as they recorded the students’ interested categories and tags. By recording these details, the system builds a 
foundational database that feeds into the recommendation module. This allows SITARS to suggest events, 
activities, and resources that are tailored to each student's unique profile. The information stored on the "User 
Profile" page not only helps to personalize the user experience but also ensures that the recommendations 
provided are relevant and aligned with individual preferences, thereby enhancing student engagement and 
participation. 
 

  

Fig. 10 User Interface Segment of User Profile (1) 

  

Fig. 11 User Interface Segment of User Profile (2) Fig. 12 User Interface Segment of User Profile (3) 

Algorithm  

Input: Students’ Data, Events’ Data, Interaction History 

Output: Personalised Student Recommendations for Event 

START 

1. Load the students’ data, events’ data, and student-event 

interaction data. 

2. Extract student interests (categories and tags) from the loaded 
data. 

3. Use JSON mapping to map student interest data (the identified 
categories and tags) to events’ categories and tags, prioritising 

the categories and tags according to their order. 

4. Generate Recommendation 1 using the tagging-based mapping 

approach. 

5. Extract student-event (user-item) interaction data and compute a 
similarity score matrix using the Cosine Similarity measure. 

6. Process the similarity matrix using KNN-assisted filtering to 
generate Recommendation 2 based on the UB-CF concept. 

7. Generate a list of potential students based on both student 

recommendations to event organizers, separating them using 

navigation pills. 

END 
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Figure 13 illustrates the "Event List" page, designed exclusively for admin users. This page provides an 
organized overview of all events within the system, displayed in a tabular format. It includes key details such as 
event names, categories, dates, and statuses, along with action buttons for managing events (e.g., editing, deleting, 
or viewing detailed information). The interface is streamlined to support efficient event management, ensuring 
admins can oversee and maintain event data effectively.  
 

 

Fig. 13 User Interface of Event List 

 
Figure 14 displays the Event Attendance page, where organizers and administrators can mark attendance, 

update participant statuses, and manage attendance history for each event, helping ensure accurate tracking of 
participation. Figure 15 shows a QR code that students can scan upon arrival for a quick and efficient check-in. 
This QR-based system automates the attendance process, reducing manual effort and improving overall event 
management. 

 

 
Figures 16 and 17 illustrate the segments of " Categories List" and "Tags List" pages, respectively, which are 

designed to help administrators efficiently organize and maintain the metadata used throughout the system. The 
"Categories List" page allows admins to create, update, or remove categories, providing a structured classification 
system for events. Similarly, the "Tags List" page enables admins to add, edit, delete, or view tags, ensuring events 
are accurately labelled for better searchability and relevance to users. Together, these pages streamline the 
management of tags and categories, enhancing event organization and user experience. 
 

  

Fig. 16 User Interface Segment of Categories List Fig. 17 User Interface Segment of Tags List 

  

Fig. 14 User Interface Segment of Categories List Fig. 15 User Interface Segment of Tags List 
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5.2 Testing 

The system’s functional modules are tested using a structured test plan, as detailed in the tables below, to ensure 
that all features operate correctly and align with the specified requirements. Each module of SITARS is evaluated 
through functional and integration testing, covering various input scenarios, expected outputs, and system 
behaviors. The test plan includes specific test cases that assess data collection accuracy, recommendation 
effectiveness, user feedback handling, data visualization, user and event management, notification delivery, and 
system security. This comprehensive testing process ensures the system's reliability, accuracy, and readiness for 
real-world deployment. Table 4 below shows the test case result of SITARS. 

Table 4 Test Case Result of SITARS 
Test Case Expected Outcome Actual Outcome Status 

Data Collection and Integration Module 

Validate student data 
form submission 

Data saved to database in correct format As expected outcome Pass 

Handle incomplete form 
submissions 

Show validation errors, no data saved As expected outcome Pass 

Validate error handling 
for invalid input data 
formats 

Error message displayed, data not 
submitted 

As expected outcome Pass 

Backend data 
standardization 

Data normalized and stored correctly As expected outcome Pass 

Data integrity check No duplication or data loss As expected outcome Pass 

Predictive Analytics and Recommendation Module 

Generate personalized 
recommendations 

Relevant academic or extracurricular 
suggestions displayed 

As expected outcome Pass 

Generate potential 
student list for events 

A list of potential students displayed for 
event organizer 

As expected outcome Pass 

Update event 
recommendations based 
on new data 

Event recommendations adjusted 
accordingly to the new data 

As expected outcome Pass 

Feedback and Evaluation Module  

Submit event rating and 
comment 

Feedback stored and linked to event As expected outcome Pass 

Evaluate the accuracy of 
recommendation 

Evaluation stored for analytics As expected outcome Pass 

Data Visualization and Reporting Module 

Generate chart view of 
participation data 

Correct chart displayed As expected outcome Pass 

Export reports in 
Excel/PDF 

Report downloaded successfully As expected outcome Pass 

User Management Module 

Login with valid 
credentials 

Redirect to dashboard As expected outcome Pass 

Edit user profile Changes saved and reflected As expected outcome Pass 

Student, organizer and 
admin account 
management 

Manage account successfully As expected outcome Pass 

Event and Program Management Module 

Create new event Event listed and stored As expected outcome Pass 

Tag and categorize event Tags and categories applied and used in 
filtering 

As expected outcome Pass 

Edit or delete event Event updated or removed As expected outcome Pass 

Notification Module 

Push notification to 
users 

Notification email able to be sent to users As expected outcome Pass 

Manual invitation emails Invitations received successfully As expected outcome Pass 
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Table 4 (Cont.) 
Test Case Expected Outcome Actual Outcome Status 

Security and Privacy Module 

Role-based access 
control 

Appropriate access level enforced As expected outcome Pass 

Hash sensitive data Data stored as hashed value As expected outcome Pass 

Prevent unauthorized 
data access 

Access denied As expected outcome Pass 

5.3 User Acceptance Testing 

UAT is the final phase of testing where the end users or stakeholders validate that the system meets their 
requirements and is ready for production. During UAT, users perform real-world scenarios to ensure the 
application functions as expected in the business context. This phase helps confirm that the software is intuitive, 
user-friendly, and fulfills the intended goals before being officially deployed. Successful UAT indicates that the 
system is ready for release, with any critical issues addressed. 

The bar chart as in Figure 18 illustrates the results of functionality testing, showing a strong positive reception 
across all tested aspects. For each of the five functionality statements, a significant majority of respondents either 
"Agree" or "Strongly Agree," with "Strongly Agree" consistently being the most chosen option, indicating high 
satisfaction with the system's core functions. Only a small number of users selected "Neutral," and virtually none 
chose "Disagree" or "Strongly Disagree. 
 

 

Fig. 18 User Satisfaction on System Functionality 

 
The bar chart as in Figure 19 presents the feedback on the system's usability and user interface. The results 

clearly indicate high user satisfaction, with the overwhelming majority of responses falling into the "Agree" and 
"Strongly Agree" categories for statements regarding ease of use, layout, satisfaction, button functionality, and 
overall system usability. "Strongly Agree" is the dominant response for most questions, suggesting a very positive 
user experience. 

 

 

Fig. 19 User Satisfaction on System Usability and User Interface 

 
The bar chart as in Figure 20 summarizes user feedback on the system's performance and feedback 

mechanisms. Across all five statements, the responses are predominantly positive, with a large proportion of users 
selecting "Agree" or "Strongly Agree." While "Strongly Agree" is a leading choice for the overall system and system 
feedback, there's a slightly higher presence of "Neutral" and "Agree" for some questions, indicating good but 
perhaps not universally outstanding performance or feedback aspects. 
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Fig. 20 User Satisfaction on System Performance and Overall Feedback 

 
The pie chart in Figure 21 displays the overall approval for the system's release based on 35 responses. A 

substantial 80% of respondents approve of the system for release, while 20% indicated "Maybe," suggesting some 
areas that might warrant further consideration or minor adjustments before full deployment. No respondents 
selected "No.". 
 

 

Fig. 21 User Approval for System’s Release 

 
Figure 22 presents four qualitative responses providing additional comments and suggestions for SITARS. 

The feedback highlights specific areas for improvement, including strengthening security features (e.g., two-factor 
authentication), offering multi-language support, adding more detailed analytics and reporting features for 
administrators and organizers, and enhancing collaborative filtering recommendations for cold start users. 
 

 

Fig. 22 User Additional Comments, Suggestions, and Feedback 

 
The UAT for the SITARS demonstrates its strong effectiveness, with results indicating high user satisfaction 

across functionality, usability, and performance. Users overwhelmingly approved the system's core functions, 
found its interface intuitive and visually appealing, and were satisfied with its speed and responsiveness. While 
the majority of users approved SITARS for release, some provided valuable qualitative feedback, suggesting 
enhancements in particular areas, all of which would be taken into consideration to further refine the system and 
cater to a broader range of user needs before its official launch. 
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6. Conclusion 

The Student Interest Tendencies and Recommendation System (SITARS) represents a significant advancement in 
personalized student engagement within academic environments. Designed as a data-driven platform, SITARS 
effectively analyzes student preferences, behavioral patterns, and historical participation to generate tailored 
academic and extracurricular event recommendations. By leveraging advanced recommendation algorithms such 
as Tagging-Based Recommendations, IB-CF, and UB-CF, the system delivers highly accurate and relevant 
suggestions that enrich the student experience and promote greater involvement in campus activities. 

Beyond its role as a recommendation engine, SITARS serves as a powerful administrative and analytical tool 
for institutions like the Faculty of Computer Science and Information Technology (FSKTM) at Universiti Tun 
Hussein Onn Malaysia (UTHM). It provides event organizers and administrators with actionable insights, 
streamlines the event management processes, and supports strategic planning through data-informed decision-
making. The system's dual-sided recommendation model benefits both students and organizers, fostering 
meaningful connections and improving event outcomes. 

Despite its strengths, SITARS has certain limitations, including reliance on sufficient user data for effective 
recommendations, computational demands as the system scales, and the need for greater flexibility to 
accommodate diverse institutional needs. These challenges highlight areas for ongoing refinement and 
innovation. 

Looking ahead, future enhancements for SITARS could include the implementation of stronger security 
measures like two-factor authentication, the introduction of multi-language support, and the development of a 
mobile application to improve accessibility. Expanding the analytics capabilities and improving recommendations 
for cold-start users through hybrid or content-based filtering approaches would further increase the system’s 
robustness and appeal. Additionally, integration with academic advising and career development platforms could 
extend SITARS’s impact, aligning students’ extracurricular engagement with their academic and professional 
goals. 

In summary, SITARS has demonstrated its potential as a comprehensive platform that not only personalizes 
student experiences but also enhances institutional effectiveness. With continuous development and user-focused 
improvements, it is well-positioned to evolve into a holistic student engagement system that significantly 
contributes to a more dynamic, inclusive, and data-driven educational ecosystem at UTHM. 
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Appendix A: Context Diagram 

 

Appendix B: DFD Level 0 
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Appendix C: ERD 
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Appendix D: UAT 

 

 

 


