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Abstract. The COVID-19 pandemic has led to new learning models at universities, 

posing challenges for educators and students. This situation will likely have an impact 

on the mental health of most students due to the lack of face-to-face interaction when 

distance learning is implemented. While social distancing is critical to reducing new 

cases of COVID-19, implementing new learning models at universities presents 

significant challenges. This study aims to categorize student interests in discussion 

room applications by applying machine learning model. The machine learning models 

employed include Random Forest, Naive Bayes, XGBoost, CatBoost, and LightGBM. 

The procedure of this research consists of several steps, starting from data collection, 

data preprocessing, classification, model evaluation, model testing, and deployment. 

The result shows that Random Forest has performed the best in this classification task 

compared to other four models. The testing result of the system shows that the 

recommended academic interest tags are mostly relevant to user preferences, 

accounting for 71.24%. In addition, this finding offers insights into addressing the 

pandemic's impact on students and highlights technology's potential to improve the 

educational experience, emphasizing the need for increased mental health resources. 
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1. Introduction 

During the critical phase of the COVID-19 pandemic, implementing social distancing was 

essential to reduce the number of new COVID-19 cases (Julie et al., 2022). This uncertainty has 

prompted heightened concerns, leading governments to implement stringent lockdown measures and 

enforce various social distancing regulations (Moll-Khosrawi et al., 2024). Consequently, the initial 

teaching models in many universities were implemented online, where students were isolated, and 

classes could not be taught face-to-face, exacerbating the challenges faced by both educators and 

learners (Rodríguez-Molinero et al., 2024). All the difficulties encountered by students in remote 

learning amid the COVID-19 pandemic possess significant potential to trigger mental health 

concerns among them (Izzatika et al., 2021). 

Many individuals experience feelings of stress and being stretched too thin, concerns about 

exposing their family or network to illness, emotional and physical exhaustion, and a lack of 

adequate emotional support from colleagues (Montero-Marin et al., 2023). The educator could not 

evaluate the student this way during COVID-19, and the student could not observe the educator (De 
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Kock et al., 2022). Moreover, educators could not assess students in traditional ways, and students 

could not observe or interact with their educators as they usually would (Çağlar & Okuyan, 2024).  

Previous research indicates that adolescents are susceptible to negative influences compounded 

by the COVID-19 crisis. Despite extensive efforts in online education, adolescents still find it 

tedious, possibly due to factors like learning environment and teaching style (Ohlmeier et al., 2022). 

Spending most of the time at home during quarantine resulted in an inability to socialize with 

friends, potentially leaving students bored and depressed (Chansaengsee, 2023). The prolonged 

isolation and lack of face-to-face interaction have impacted students academically, emotionally, and 

psychologically (Alomyan, 2021). With the usual avenues for socialization and support, many 

students have been able to cope with the challenges of remote learning and the pandemic (Al-

Maskari et al., 2021). Additionally, educators’ absence of direct feedback has left students feeling 

disconnected and uncertain about their academic progress (Aljedaani et al., 2023). As a result, there 

is a growing concern about the mental well-being of students, especially adolescents, who are 

particularly vulnerable during this crisis (Ho et al., 2023). Despite efforts to provide online 

education and support services, the overwhelming demand for assistance from university counselling 

services underscores the urgent need for more comprehensive mental health resources (Pandya & 

Lodha, 2022) and strategies to address the psychological toll of the pandemic on students (Cowie & 

Myers, 2020).  

The current research focuses on assessing and categorizing student achievement and 

involvement in discussion room applications—a critical component of learning via the internet. 

Using the Universitas Muhammadiyah Surakarta (UMS) as a case study, this study investigates how 

well different machine learning algorithms identify students who are studying the same subject. By 

incorporating machine learning into educational technologies, teachers will be able to customize 

interventions and support mechanisms based on data-driven insights, thereby improving student 

results.  (Ayanwale et al., 2024). There is a lot of interest in the application of machine learning in 

educational settings, and many research have looked into how it might improve learning outcomes 

and experiences (Ali et al., 2024). For instance, Scientists have utilized many algorithms, including 

random forest algorithms, decision trees, support vector machines, neural networks, and 

(Panagiotakopoulos et al., 2021), to forecast student performance, identify students who are at risk, 

and customize educational materials (Webb et al., 2021).  

          In this regard, the current study attempts to assess how well various machine learning 

algorithms identify students in the group discussion application within the same academic focus 

area. By evaluating these algorithms' accuracy, recall, precision, F1 score, and cross-validation 

(Chang et al., 2022).  

The goal of this study is to determine which approach works best in this particular educational 

environment. In order to identify which classical categorization method offers the most trustworthy 

and useful insights, this study will compare them. (Lemay et al., 2021).  This comparison 

examination is essential to comprehending each algorithm's advantages and disadvantages in a 

practical teaching setting. (Sarker, 2021). 
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The results of this study will add to the expanding corpus of information on the use of machine 

learning in education and offer useful advice to administrators and lecturers at UMS and elsewhere. 

These realizations can guide the creation of more efficient online learning environments and support 

networks, which will eventually improve students' educational experiences. (Haleem et al., 2022). 

The findings of this study may also have wider ramifications for the planning and execution of 

instructional technology, pointing to fresh avenues for investigation and advancement in this area. 

This study, taken as a whole, shows how machine learning has the power to change online 

learning environments, boosting overall educational outcomes and making them more responsive to 

the requirements of individual students. The analysis highlights how important technology will be in 

determining how educational will develop in the years following the pandemic by solving the 

difficulties in engaging students and finding them academically compatible.  (Li et al., 2023). Using 

advanced analytical tools in the classroom is expected to boost student achievement and provide 

more welcoming and encouraging learning environments. (Celik, 2023). The knowledge gathered 

from this research will be crucial in directing future developments and guaranteeing that every 

student has the chance of achievement as educational institutions continue to manage the challenges 

of learning via the internet. (Kamalov et al., 2023). 

 

2. Method 

This research was conducted using five machine learning classification algorithms, namely 

Random Forest, Naive Bayes, CatBoost, XGBoost, and LightGBM. The primary purpose of this study 

is to compare the performance of the five algorithms and choose the best model based on several 

evaluation metrics, namely recall, precision, accuracy, f1-score, and k-fold cross-validation. 

In detail, the procedure of this research involves multiple consecutive phases, as depicted in 

Figure 1. 

 

 
Figure 1. The Procedure of the Research 

 

a. Data Collection 

The dataset used in this study was obtained from surveys distributed via Google Forms to 

various academic programs at UMS in 2023. It covers a wide range of information, capturing details 

such as the academic programs pursued during high school and university, current levels of interest 

in academic programs, leisure activities, preferred reading themes, motivations for social media 

usage, and interests in various fields. In total, the dataset comprises 1,168 instances, each 
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representing a unique respondent, and consists of 23 attributes, reflecting the different aspects of 

respondents’ educational backgrounds, interests, and preferences, as described in Table 1. 

 
Table 1. Attributes of the Dataset and Their Description 

Code Attribute Description Value 

Q1 Program Studi di UMS (contoh: Teknik Kimia, 
awali huruf dengan kapital) 

Study program while studying at 
UMS 

Name of study program 
 

Q2 Program Studi saat SMA/SMK/MA (Contoh: 
Teknik Kimia atau Mipa, awali huruf dengan 
kapital) 

Study Program during High 
School  

Name of study program 

Q3 Seberapa besar minat Anda dalam program 
studi saat ini? 

Assess enthusiasm for the 
current major 

Linear scale (1-5), 1= not 
very interested, 5= very 
interested 

Q4 Sebutkan sub-bidang spesifik dalam program 
studi Anda yang paling menarik bagi Anda? 
(awali huruf dengan kapital) 

interest in specific aspects of 
the academic program  
 

Name of spesific aspects 
of the academic program 

Q5 Apa motivasi Anda bergabung ke sosial media 
seperti LinkedIn, Instagram, dan sosial media 
lain 

reason to join social media such 
as LinkedIn, Instagram, and 
other social media 

List of user Motivations 

Q6 Apakah Anda tertarik untuk meneliti makhluk 
hidup?  

Interest in researching living 
organisms. 

Yes, No 

Q7 Apakah Anda tertarik untuk menghitung dan 
mencatat data statistik dan numerik lainnya? 

Interest in calculating and 
recording statistical and other 
numerical data. 

Yes, No 

Q8 Apakah Anda tertarik untuk melakukan 
pekerjaan sukarela di organisasi non-profit?  

Interest in volunteering for non-
profit organizations. 

Yes, No 

Q9 Apakah Anda tertarik dalam satu aspek seni 
tertentu?  

Interest in a specific aspect of 
art. 

Yes, No 

Q10 Apakah Anda tertarik dalam mengembangkan 
perangkat lunak, keamanan komputer, 
jaringan, atau hal lain dalam dunia TIK?  

Interest in software 
development, computer 
security, networking, or other 
aspects of the IT world. 

Yes, No 

Q11 Apakah Anda tertarik dalam ilmu 
engineering? 

Interest in engineering science. Yes, No 

Q12 Apakah Anda tertarik pada aspek-aspek 
tertentu dalam bidang pendidikan?  

Interest in specific aspects 
within the field of education. 

Yes, No 

Q13 Apakah Anda tertarik untuk mempelajari 
bahasa? 

Interest in language learning. Yes, No 

Q14 Apakah Anda tertarik mengikuti Interested in following Yes, No 
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Code Attribute Description Value 

perkembangan dalam bidang ekonomi? developments in the field of 
economics. 

Q15 Apakah Anda tertarik dalam proyek bisnis 
yang ingin Anda jalankan di masa depan? 

Interest in future business 
projects. 

Yes, No 

Q16 Apakah Anda tertarik dengan hal-hal yang 
terkait dengan kebudayaan?  

Interest in cultural-related 
matters. 

Yes, No 

Q17 Apakah Anda tertarik dalam bidang hukum? Interest in the field of law Yes, No 

Q18 Apakah Anda tertarik pada riset medis atau 
penelitian kesehatan lainnya? 

Interest in medical research or 
other health-related studies. 

Yes, No 

Q19 Aktivitas waktu luang favorit Anda adalah ? Favorite leisure activities. List of user leisure 
activities 

Q20 Tema bacaan apa yang Anda minati? Preferred reading themes Name of reading themes 

Q21 Apa topik berita atau informasi yang paling 
sering menarik perhatian Anda? (Jika memilih 
lainnya wajib diisi dan awali huruf dengan 
kapital) 

Most intriguing news topics or 
information 

Name of news topics 

 

b. Data Preprocessing 

The data preprocessing stage in this research aims to ensure the quality and consistency of the 

data and that it is ready for in-depth analysis (Joshi et al., 2021). This phase includes cleaning the 

text, such as removing special characters, removing spaces and conjunctions, encoding certain 

features into numeric using several techniques, separating the text into tokens at the tokenization 

stage, and then reducing word variations to their primary form. This research is more inclined to 

lemmatization, for common words with no meaning can be handled with stopword removal. If the 

dataset has data integrity, then oversampling is commonly used. 

 

c. Classification 

In data science, classification methodologies hold significant importance in converting 

extensive and heterogeneous datasets into practical insights. With data continual expansion and 

intricacy, the demand for resilient and effective classification techniques has surged. This study 

investigates the utilization of different machine learning algorithms for classification within a 

designated field. The focus is directed towards the exploration of the five algorithms that are, 

Random Forest, Naive Bayes, XGBoost, CatBoost, and LightGBM. 

Random Forest is an ensemble learning method for classification, regression, and other tasks 

that operates by building many decision trees at training time and outputting the class mode 

(classification) or average prediction (regression) from each tree (Kiangala & Wang, 2021). Naive 

Bayes is a probabilistic machine learning algorithm based on Bayes’ theorem which performs well in 
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many real-world situations, particularly in text classification and spam filtering (Sarker, 2021). 

XGBoost stands for extreme gradient boosting which effectively boosts and more accurate rather 

than a single decision tree algorithm (Kiangala & Wang, 2021). CatBoost is known for its ability to 

handle categorical features directly without requiring pre-processing and its support for GPU 

training (Tokmak et al., 2023), while LightGBM is designed for distributed and efficient training of 

large-scale datasets and is known for its speed and memory efficiency (Khan et al., 2023). 

 

d. Model Evaluation 

To evaluate the models applied in this study, four parameters were used. They are Recall, 

Precision, Accuracy, F1-Score, and K-fold Cross-Validation evaluation metrics. 

Recall is the proportion of positive events correctly identified by the model (Dholpuria et al., 

2018). The result of Recall can be calculated using Equation 1. Precision is used to measure 

positive patterns that are predicted correctly from the total predicted patterns in the positive class 

(Jordan & Mitchell, 2020), as described in Equation 2. Accuracy is a measure of overall model 

performance that measures the proportion of all correct predictions compared to the total number of 

predictions (Kulkarni et al., 2020), as described in Equation 3. F1-Score represents the harmonic 

mean between recall and precision values (Priyambudi & Nugroho, 2024), as counted using 

Equation 4 (Jordan & Mitchell, 2020). K-fold cross-validation divides the data into k roughly equal 

parts, called “folds.” This results in k different pairs of training and testing sets, where each pair is 

created by excluding one-fold from the entire dataset to serve as the test set (Yates et al., 2023). The 

estimated score for a single k-fold cross-validation is calculated using Equation 5.  

 

Recall = Tp/(Tp+Fn)  .................................................................................. (1) 

Precision = Tp/Tp+Fp  ................................................................................. (2) 

Accuracy=TN+TP/TN+FP+FN+TP  ......................................................... (3) 

 

Where: 

Tp = Amount of True Positive  

Tn = Amount of True Negative 

Fp = Amount of False Positive 

Fn = Amount of False Negative   

 

 

F1 Score = 2*p*r/p+r  ..................................................................... (4) 

Estimated score =   ..................................................... (5) 
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Where: 

p  : precision, the ratio of correctly predicted positive observations to total optimistic 

predictions.  

r  :  recall, the ratio of correctly predicted positive observations to all compliances in the 

actual class 

k  :  the average is calculated based on the total score obtained. 

i  :  individual scores from 1 to k are taken as the average 

 

e. Model Testing and Deployment  

In this phase, the best model is identified by utilizing MLflow to manage the machine learning 

lifecycle. MLflow provides tools and features that make it easy for data scientists and engineers to 

track experiments, deploy models, and manage models in production (Kreuzberger et al., 2023, 

Nicklin et al, 2022). To find the best model, five classification algorithms are evaluated in terms of 

Accuracy, Recall, Precision, F1 Score, and k-fold cross-validation. The dataset was divided into 

80% for training and 20% for testing.  

Based on the evaluation metrics shown in Table 2, the accuracy of various algorithms ranges 

from 53.98% to 71.51%. It is known that Random Forest performs the best in all metrics compared 

to other five algorithms, with 71.51% in both Recall and Accuracy, 75.90%, 73.12%, and 70% in 

Precision, F1 Score, and k-fold cross validation, respectively. Since Random Forest shows the best 

model in this case, thus, this model is then deployed to the system. 

 
Table 2. Comparison Results of the Evaluation Metrics Across Five Algorithms 

Model Recall Precision Accuracy F1 Score k-fold cross validation 

Random forest 71.51% 75.90% 71.51% 73.12% 70% 

Naïve Bayes 56.57% 62.59% 56.57% 56.26% 56% 

XGBoost 62.35% 66.59% 62.35% 64.01% 60% 

CatBoost 53.98% 55.32% 53.98% 53.93% 53% 

LightGBM 63.94% 65.62% 63.94% 64.60% 59% 

 

 
Figure 2. Training and deployment of the Random Forest model using MLflow and Flask 

Figure 2 describes the deployment of the Random Forest model in the system using MLflow. 

Model deployment with MLflow simplifies the process of serving machine learning models for real-

time predictions without requiring complicated server settings. Other applications can access and 

use Deployed models via a REST API, allowing easy integration into various applications. This 

workflow starts from receiving data at the prediction endpoint, preprocessing the data, sending the 
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data to the model deployed on the MLflow server, and returning the prediction results to the 

application. 

 

3. Result and Discussion 

a. System Deployment and Testing 

Random Forest model has emerged as a robust and widely-used machine learning technique for 

various applications, including system deployments aimed at enhancing user experiences through 

personalized recommendations. Its effectiveness lies in its ability to handle large datasets with 

numerous features while maintaining high predictive accuracy. In the context of the system being 

discussed, the Random Forest model has been implemented successfully, marking a significant 

milestone in leveraging machine learning to improve user interactions. 

Figure 3(a) showcases the survey page within the system, designed to capture users' academic 

interests effectively. This page serves as a pivotal component, allowing users to input their 

preferences, which are then utilized by the Random Forest model to generate personalized tags. 

These tags play a crucial role in tailoring the user experience, ensuring that the system delivers 

content and recommendations that align closely with individual interests. Meanwhile, Figure 3(b) 

illustrates the application interface dedicated to the personalized interest tag recommendation 

feature. This interface serves as a user-friendly platform where users can view and adjust the tags 

recommended by the system based on the output of the Random Forest model. This iterative process 

ensures that the recommendations evolve with user interactions, becoming increasingly accurate and 

aligned with changing preferences over time (Hamutoglu et al, 2020). 

By integrating the Random Forest model into the system architecture, stakeholders benefit from 

enhanced decision-making capabilities driven by machine learning. The model's ability to handle 

complex data relationships and deliver reliable predictions contributes to a more intuitive and 

responsive user experience. Moreover, its deployment underscores the commitment to leveraging 

advanced technologies to meet user needs effectively in today's dynamic digital landscape. In 

summary, the successful deployment of the Random Forest model in the system represents a 

significant advancement in utilizing machine learning for personalized user interactions. Figures 

3(a) and 3(b) provide visual insights into how the model facilitates the collection of user preferences 

and subsequently refines recommendations, thereby enhancing the overall usability and 

effectiveness of the system. This approach not only improves user satisfaction but also underscores 

the system's adaptability and scalability in accommodating diverse user preferences and evolving 

requirements. 
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(a) Page of Survey                  (b) Page of Interests Tag Recommendation 

Figure 3. UpMate System for recommending interests tag for academicians 

 

The application depicted in Figure 3 represents a significant advancement in leveraging 

technology to enhance user connectivity based on shared academic interests. Developed with the 

intention of fostering meaningful connections among users, the application underwent rigorous 

manual testing to validate its functionality and performance across various parameters. These 

parameters included testing within different application environments, inputting diverse datasets, 

and meticulously verifying the outputs generated by the underlying model (Nachouki et al, 2023). 

Table 3 outlines the specific test instruments employed during these validation procedures, 

emphasizing the thoroughness with which the application's capabilities were scrutinized. The 

primary objective throughout testing was to ensure that the model, having undergone rigorous 

training and evaluation phases, could effectively adapt to and accommodate the diverse preferences 

and interactions expected in a live production environment. 

 

 

 

 

 



  
 Proceeding of the 4th International Conference on Education for All (ICEDUALL 2024) 

e-ISSN 3025-9517 

Exploring Algorithmic Approaches for Academic Interest Classification in Application: UMS…(180-193) 189 

 

Table 3. Two examples of Manual Testing Scenario of the System Using Test Instrument 
No Environment Input (Question and Possible Answer) Output Status 

1 Generating 

interests tag in 

low-speed internet 

connection (<= 5 

mbps) 

Q1: Gizi; Q2: Ilmu Pengetahuan Alam; Q3: 2; Q4: Teknologi 

Informasi; Q5: Networking; Q6: Tidak; Q7: Tidak; Q8: 

Tidak; Q9: Ya; Q10: Tidak; Q11: Ya; Q12: Tidak; Q13: Ya; 

Q14: Tidak; Q15: Tidak; Q16: Ya; Q17: Tidak; Q18: Ya; 

Q19: Menonton Film; Q20: Seni; Q21: Politik 

Interest Tag: 

Bahasa 

Irrelevant 

2 Generating 

interests tag in 

low-speed internet 

connection (<= 5 

mbps) 

Q1: Informatika; Q2: Multimedia; Q3: 4; Q4: Pemrograman; 

Q5: Inovasi; Q6: Ya; Q7: Tidak; Q8: Ya; Q9: Ya; Q10: Ya; 

Q11: Ya; Q12: Ya; Q13: Tidak; Q14: Ya; Q15: Tidak; Q16: 

Ya; Q17: Ya; Q18: Tidak; Q19: Menulis; Q20: Non-fiksi; 

Q21: Teknologi 

Interest Tag: 

TIK 

Relevant 

 

Table 3 provides a comprehensive overview of the system's functionality in analyzing and 

categorizing input queries to generate meaningful interest tags. These tags play a pivotal role in 

connecting users who share similar academic interests within the system. By classifying input 

queries and mapping them to relevant tags, the system facilitates enhanced user interactions and 

engagement, fostering a community where users can connect based on their academic pursuits. 

Table 3 highlights the system's dynamic adaptability. It showcases how the system adjusts its 

output based on two critical factors: user feedback and performance evaluation. User feedback 

serves as a crucial mechanism for refining the relevance and accuracy of interest tag 

recommendations. This iterative process ensures that the system continuously evolves to meet user 

expectations and preferences effectively. 

In addition to generating interest tags and adapting based on user feedback, the system's 

performance is rigorously evaluated through output relevance measurements. The relevance 

assessment gauges the extent to which the interest tags generated align with users' expectations. 

Tags that closely match user expectations are classified as relevant, indicating a high degree of 

accuracy and utility. Conversely, tags that deviate significantly from user expectations are deemed 

irrelevant, prompting further refinement and improvement efforts. 

By incorporating these evaluation metrics, the system not only enhances user satisfaction but 

also underscores its commitment to delivering precise and personalized recommendations. This 

approach ensures that the system remains responsive to evolving user needs and preferences, 

thereby fostering a robust and engaging platform for academic collaboration and interaction. Table 3 

thus serves as a testament to the system's capability to analyze, adapt, and deliver relevant outputs 

that enrich the user experience within the academic community. 

 
Table 4. Number of Relevancy Between the Input Data and User Expectation 

Status Quantity Percentage 

Relevant 166 71.24% 

Irrelevant 67 28.76% 

Total 233 100.00% 
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As detailed in Table 4, during testing, 233 input data points were processed by the system, 

revealing that 71.24% of these inputs aligned with user preferences, which demonstrates a 

significant achievement aligned with the study's objectives. This indicates that the system effectively 

identifies and recommends academic interest tags that resonate with users, thereby enhancing their 

engagement and satisfaction within the platform. the data also highlights an opportunity for 

refinement, as 28.76% of the generated tags were deemed irrelevant to user preferences. This 

discrepancy underscores the need for ongoing improvements to the system's algorithms and 

processes. Enhancements could focus on better distinguishing nuanced user preferences, reducing 

instances where inappropriate or less relevant tags are generated. 

Addressing this area for improvement could involve fine-tuning the model's parameters, 

enhancing the algorithm's sensitivity to subtle variations in user input, and leveraging more 

sophisticated techniques for evaluating and validating tag relevance. By refining these aspects, the 

system can potentially reduce the percentage of irrelevant tags, thereby further enhancing its utility 

and user satisfaction. Overall, while the system has demonstrated commendable performance in 

aligning a significant majority of tags with user preferences, acknowledging and addressing the 

remaining 28.76% is essential for achieving optimal functionality. This iterative approach to 

enhancement ensures that the system evolves to meet the evolving needs and expectations of its 

users, reinforcing its role as a valuable tool for facilitating meaningful academic connections and 

interactions. 

 

4. Conclusion 

This research explores the potential of various machine learning algorithms to improve 

educational technology, particularly in discussion room applications. In this paper, Random Forest 

performs the best in all evaluation metrics compared to Naive Bayes, XGBoost, CatBoost, and 

LightGBM. Due to its performance, this model was chosen to be implemented into the system for 

interest tags recommendation process. The result of the system manual testing shows that 71.24% 

interest tags are relevant to users preferences. It indicates the succesfulness of the system 

development to recommend the interest tags for users. For future work, the application presents the 

applicative potential in increasing the functionality to be implemented in the educational sector and 

improving the overall user experiences. 
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