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ABSTRACT 

The COVID-19 pandemic remains a scar on humans, with 

profound lessons for the future. The post-pandemic recovery in 

education is crucial for guiding proactive measures for 

educational stakeholders and governmental entities. During the 

pandemic, in-person teaching and learning was halted with 

hasty migration to online learning, especially in developing 

countries. Students in developing and underdeveloped nations 

riskily adapted to complete the academic semester online amid 

concerns of getting the infectious virus. Instructors' pedagogy 

abruptly shifted, with little or no training on professional 

approaches to support students during online learning in the 

face of a virus. This research employed a machine learning 

approach to examine online education during the pandemic in 

anticipation of unforeseen circumstances. K-modes clustering 

was applied to a categorical dataset to reveal latent cluster 

formations and variable correlations. The naïve bayes classifier 

was then used to build a predictive model for future cluster 

members. Four clusters were established, encompassing 

patterns of unsupportive parents, inadequate internet 

connectivity, supportive instructors, and average academic 

success. The naïve bayes classifier also outperformed the 

random forest algorithm with an accuracy of 84.47%. 
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1. INTRODUCTION 
The recent Covid-19 epidemic and Ebola outbreak impacted 

the educational landscape globally with huge insights on 

changes and policies for the future [1]–[3]. The virus's 

contagious nature and rapid spread forced the closure of most 

educational institutions, as well as lockdowns in many 

countries. Even affluent nations abandoned in-person teaching, 

with the primary goal of preserving lives [4], [5]. The 

repercussions of the economic collapse and difficulties during 

the pandemic severely impacted developing nations, plunging 

the educational sector into a crisis [6], [7]. The impulsive 

response by educational stakeholders encountered 

infrastructural, network, technical, and pedagogical obstacles 

during the rapid shift to online learning [8]. The pandemic 

threatened the scheduled graduation of students, with several 

institutions finding it difficult to complete the semester [8], [9] 

The abrupt closing of schools resulted in educational disparities 

with significant consequences for equity, fairness, and social 

justice [5], [10]. Students residing in remote places with 

inadequate internet connectivity, unsupported devices, and 

unfavourable learning environments face even greater 

challenges [11], [12]. The pandemic revealed vulnerabilities in 

the educational sector while simultaneously presenting an 

opportunity for the implementation of proactive policies 

moving forward. 

Ghana was not immune to the worldwide problems posed by 

the pandemic. On March 16, 2020, the President of the 

Republic of Ghana declared the closure of all basic schools, 

senior high schools, and universities across the nation. The 

President instructed the ministry of education and 

communication to establish a support mechanism for the 

continuation of teaching and learning online [48], [49]. The 

President's directive was met with strict compliance, which 

later created financial turbulence for private institutions 

because most students in the private sector defaulted on fee 

payments. An estimated 126 private schools collapsed during 

the pandemic due to salary and Social Security and National 

Insurance Trust (SSNIT) payment difficulties [50], [51]. 

Students in public and private institutions, from elementary to 

tertiary, after the President’s announcement must find safe 

ways to return home with pending psychological and mental 

health challenges while preparing urgently to switch to online 

learning [13]–[15]. The stay-at-home and study restrictions 

imposed during the pandemic necessitated a support system for 

the students from their teachers, siblings, spouses, and parents. 

Teachers needed to modify pedagogy to incorporate empathy, 

counselling, and emotional intelligence into the teaching 

process. Parents, siblings, and spouses needed to establish a 

friendly environment at home with minimal interruption during 

online engagement [16]–[18]  

Machine learning (ML) has proved effective in identifying 

hidden patterns in data through the use of algorithms. ML has 

three primary categories: supervised learning, unsupervised 

learning, and reinforcement learning. As shown in Figure 1, 

supervised learning trains data based on input and output labels, 

unsupervised learning finds clusters in data without class 

labels, and reinforcement learning relies on trial-and-error 

functionality to build rewards using agent actions [19]–[21].  
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Fig 1: Types of Machine Learning Algorithm [24]

Several sectors have used machine learning to automate 

processes and uncover relationships between variables for 

policy integration and growth [22], [23]. In healthcare, ML has 

been used in personalised medicine, clinical trials and research, 

epidemic forecasting, medication manufacture and discovery, 

patient behaviour monitoring, robotic-assisted surgery, medical 

imaging, and hospital equipment management [24], [25]. In 

industry, ML has seen significant usage in predictive 

maintenance, increased productivity and efficiency, intelligent 

decision-making, fuelling robots technology, routine 

automation, cost reduction, and enhanced product quality [26], 

[27]. In agriculture, ML has been applied in crop monitoring, 

farm diseases detection, price prediction with market 

forecasting, yield optimisation, soil texture and nutrient 

deficiency detection, and automated irrigation [28], [29]. In 

banking and finance, ML application is intense in money 

laundering detection, risk detection and management, 

automated customer loan system, operation efficiency, 

personalised banking, and customer chatbots [30]–[32]. As 

illustrated in Figure 2, the educational sector has seen 

enormous application paradigm of machine learning as well.  

 

Fig 2: Machine learning in Education 

ML usage in education has been extremely relevant in 

personalised learning, academic performance prediction, 

educational chatbots, sentiment analysis, automatic grading, 

behaviour modelling, intelligent tutoring system, and 

recommender systems [33]–[35]. 

The fundamental goal of this research is to apply machine 

learning approaches to uncover student patterns during the 

pandemic and define variable correlations that influenced 

learners' online engagement. The study will aid educational 

stakeholders in Ghana in formulating policy measures for 

unforeseeable future events that may impact teaching and 

learning. In line with the objectives, we pose the following 

research questions (RQs) to guide the study: 

(1.) How many cluster groupings were formed 

during online learning when in-person 

teaching was discontinued because of the 

pandemic 

(2.) What are the similarities and differences 

between each cluster groupings 

(3.) What is the correlation among the features of 

the dataset 

(4.) Which algorithm performed best in building a 

classification model for the clusters formed. 

The rest of the study has this structure: Chapter 2 addresses 

reviews regarding factors that affected students during the 

pandemic. Chapter 3 dives into the methodology used in the 

study. Chapter 4 covers simulation and outcomes. Chapter 5 

discusses and analyses the results. Chapter 6 details the 

conclusions, limitations, and future research. 

2. LITERATURE REVIEW 
The literature review focusses on the experiences of students 

and teachers during the pandemic-induced school closures in 

Ghana, which required the transition to online learning from 

home. The review comprises two primary sections: the basic 

research component and machine learning. The basic review 

investigates students' and teachers' experiences with online 
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learning during the pandemic, as well as the application of 

statistical methods for analysis. The machine learning 

component comprises the use of algorithms to rank and identify 

factors that influenced online education and learning during the 

pandemic. 

2.1 Basic studies 
The papers examined pertain to pedagogy using sample sizes 

during the pandemic. The primary objective of the basic 

research is to establish the experiences of students and teachers 

throughout the pandemic and evaluate the efficacy of online 

learning while confined at home. Sarpong et al. [36] examined 

the perceptions of 2000 students from Kumasi Technical 

University in Ghana on e-learning during the pandemic. The 

findings reveal that around 90.1% of the students were 

dissatisfied with the use of e-learning during the pandemic. The 

students identified unpredictable electricity, unreliable internet 

connectivity, inadequate infrastructure support, expensive 

internet data costs, and limited access to technology gadgets as 

significant obstacles. Agormedah et al. (2020) collected data 

from 467 students at the University of Cape Coast, Ghana, 

concerning their online learning experiences during the 

pandemic. Even though 76.4% of students are familiar with 

online learning and the requisite gadgets, the majority reported 

a lack of training in utilising online learning platforms. The 

students expressed significant dissatisfaction with internet 

availability and the exorbitant cost of internet bundles as major 

obstacles to online learning during the pandemic. Owusu-

Fordjour et al. [52] investigated the impact of COVID-19 on 

online learning in Ghana. The data includes 214 respondents 

from senior high school, college, and university. A significant 

proportion of the students (88.9%) indicated that their parents 

were unable to assist them in using the internet for online 

learning. Regarding parental support, 82.2% reported that their 

parents were unsupportive at home. Furthermore, 77.6% of the 

respondents expressed frustration regarding the insufficiency 

of appropriate learning resources to facilitate self-learning. 

Overall, 81.3% of respondents disagreed with the claim that 

they were able to learn effectively at home during the 

pandemic. Addae et al. [37] examined the digital learning 

experience of 15 conveniently samples students from a college 

in Ghana. Their research was mainly qualitative, with learners 

able to articulate their experiences during the pandemic. The 

enquiries pertained to the digital learning tools utilised during 

the lockdown, student perspectives on improving their digital 

learning experiences, and the difficulties encountered when 

using the digital platforms. The findings reveal that instructors' 

empathy, elevated data cost, unreliable internet, and the 

utilisation of unregulated social media sites significantly 

impacted their digital learning experience. Kumi et al. [38] 

investigated 218 allied health sciences students in their second, 

third, and fourth years at the University of Ghana regarding 

their remote learning experiences during the pandemic. The 

results indicate that 93.6% of the students have computing 

devices for the online learning. Furthermore, 53.1% of the 

students perceived themselves as moderately independent 

learners with significant responsibility. Even though the 

majority of the learners were pleased with remote learning, 

there was a moderate presence of general anxiety disorder 

among the students during the pandemic. Ofori Atakorah et al. 

[39] collected data on 198 students from the seventh-day 

adventist college of education in agona-ashanti regarding the 

online learning challenges they experienced during the 

pandemic in Ghana. Most of the students according to their 

findings were using android phones during online lectures. In 

addition, WhatsApp, Zoom Cloud Meeting, and Google 

Classroom were the predominant platforms utilised for online 

learning. Their results show that the pandemic has a negative 

effect on the students with more than 70% of the learners 

complaining about internet connectivity, insufficient data, and 

high cost of internet services. Figure 3 depicts the summary of 

literature review on basic studies regarding students perception 

about the pandemic effect on online learning in Ghana.
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Fig 3: Summary of Literature Review on Basic Studies

2.2 Machine learning studies 
The machine learning research on online education during the 

pandemic predominantly examined learners' sentiments and the 

adoption of mobile learning platforms throughout the crisis. 

There was no literature in Ghana on factor determination and 

cluster analysis during the pandemic when students were 

learning online. Almaiah et al. [40] employed the machine 

learning technique to analyse variable correlation among 

student acceptance of mobile learning applications during the 

pandemic. The Random Forest (RF), and the IBK algorithms 

performed with the highest accuracy of 87.06%. The study also 

found that the constructs perceived ease of use (PEOU), 

perceived usefulness (PU), perceived enjoyment (PE), 

efficiency, effectiveness, and behavioural intention all predict 

the acceptance of mobile learning. Mujahid et al. [41] 

investigated 17,155 tweets regarding online education during 

the pandemic. Their study analyses the sentiments of students, 

teachers, and stakeholders to ascertain the effectiveness of 

online lessons during the pandemic. The researchers evaluated 

the effectiveness of traditional machine learning algorithms 

against deep learning techniques utilising Bag of Words (BoW) 

and Term Frequency-Inverse Document Frequency (TF-IDF) 

feature extraction methods. The Random Forest (RF) and the 

Support Vector Machine (SVM) achieved the highest accuracy 

of 95% using BoW. Khattar et al. [42] used machine learning 

algorithms to investigate learning style, e-learning, and mental 

health of 583 Indian students. A majority of students (69.8%) 

expressed dissatisfaction with the lockout due to the inability 

to interact with their peers in-person, significantly impacting 

their social lives and online engagement. Students were 

psychologically unprepared for online learning due to 

inconsistent sleep patterns, fear of infection, reduced physical 

activity, and lack of personal space. They used association rule 

in machine learning to determine the occurrence of these 

psychological factors during the online learning. The results 

indicate that 20 rules out of 1552 show high level of confidence 

and are reliable. The association rule indicates that factors such 

as the absence of peers, disorganised online learning, 

continuous computer usage, and extended screen time 

influenced their engagement during online course delivery. 

Asad et al. [43] implemented machine learning-based hybrid 

ensemble methods to determine features that will help students 

perform better online during the pandemic. Their hybrid 

ensemble model, which includes decision tree (DT), naïve 

Bayes (NB), k-nearest neighbour (KNN), support vector 

machine (SVM), and linear regression (LR), attained an 

accuracy of 98.6%. The predictions indicated that 12.91% of 

online learners were at risk, while 87.09% were deemed safe. 

Altaf et al. [44] used a hybrid framework of deep learning 

techniques to predict the online performance of Pakistan 
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students during the pandemic. The findings indicate that the 

proposed hybrid of ID convolutional neural networks (CNNs) 

and long short-term memory (LSTM) attained an accuracy of 

98.8%. Their findings also suggest that some predominant 

factors influencing learners' online performance include 

quizzes, assignments, class engagement, internet access, 

mental wellness, and sleep duration. 

 

Fig 4: Summary of Literature Review on Machine 

Learning Studies 

3. RESEARCH METHODOLOGY 
The study methodology depicted in Figure 5 includes data 

collection, data pre-processing, unsupervised learning, 

supervised learning, feature engineering, and results 

evaluation. 

3.1 Student data 
The data was collected from level 200 and 300 students in the 

Department of ICT Education, University of Education, 

Winneba in 2021 during the pandemic. The convenient 

sampling, a non-probability sampling technique employed 

mostly due to the convenience of access to respondents online, 

was chosen. The total number of valid responses that were 

recovered for analysis was 536, out of a total population of 850. 

A Google form was used to administer the questionnaire online, 

and rigorous confidentiality measures were taken to ensure that 

the respondents' information remained private with non-

disclosure agreement.  

 

Fig 5: Methodological Flow of Study 

Even though the responses could be traced back to the students 

because of the extract of their index number and end-of-

semester exam scores, students were requested to agree to a 

consent form before filling the questionnaire 

3.2 Data description 
Table 1 delineates the demographics of the respondents. 

Concerning gender, 89.93% of the participants were males, 

whilst 10.07% were females. The age distribution includes 

young learners under 22 years (19.03%), individuals aged 23 to 

27 (40.30%), and mature students over 27 years (40.67%). The 

profile indicates that 22.20%, representing the largest 

proportion of responders, were located in the central area of 

Ghana during the pandemic. The least represented regions are 

the Savannah and North East, each with a representation 

percentage of 0.93

Table 1. Demographic profile of students 

Questions Options Respondents Percentage 

Gender 

Male 482 89.93 

Female 54 10.07 

Age 

Young (Below 22) 102 19.03 

Moderate (23 – 27) 216 40.30 

Matured (Above 27) 218 40.67 

Region of abode during the 

COVID-19 pandemic 

Ashanti 71 13.25 

Bono 32 5.97 
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Bono East 27 5.04 

Ahafo 8 1.49 

Central 119 22.20 

Eastern 51 9.51 

Greater Accra 67 12.50 

Northern  17 3.17 

Savannah  5 0.93 

North East 5 0.93 

Upper East 21 3.92 

Upper West 8 1.49 

Volta 49 9.14 

Western 27 5.04 

Oti 16 2.99 

Western North 13 2.43 

Table 2 contains enquiries regarding the respondents' place of 

abode during the pandemic. It was essential to evaluate 

students' preparedness for online learning. The enquiries 

directed at the respondents examines diverse situations, 

including internet accessibility, computing devices, family 

collaboration and support, as well as emotional triggers of the 

pandemic. The findings indicate that the respondents 

experienced poor internet connectivity and unfavourable 

learning conditions at home. Nonetheless, the encouragement 

from siblings and overall family support was significant. 

Students were also frustrated with the pandemic with 84.89% 

living in a state of fear of contracting the virus. 

Table 2. Place of abode related questions during online learning 

Questions Options Respondents Percentage 

Internet Connectivity 

(Home) 

Poor 130 24.25 

Satisfactory 200 37.31 

Good 175 32.65 

Excellent 31 5.79 

Learning Condition (Home) 

Not Conducive  108 20.15 

Satisfactory 216 40.30 

Good 194 36.19 

Excellent 18 3.36 

Personal Computer 

Yes 490 91.42 

No 46 8.58 

Yes 385 71.83 
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Home Facilities for 

academic work and comfort 

No 151 28.17 

Siblings Attitude (Do they 

disturb?) 

No 206 38.43 

Medium 244 45.52 

High 86 16.05 

Covid-19 and state of mind 

(Fear, Scared?) 

Scared (Bothers me always, 

always in panic mode) 

190 35.45 

Average (Sometimes bothers 

me, occasionally my mind 

goes there) 

265 49.44 

Good (I am only focused on 

learning, not bothered at all 

about contracting the virus) 

81 15.11 

General Family Support 

(Parental Encouragement) 

Poor 49 9.14 

Average 313 58.40 

Excellent 174 32.46 

Table 3 presents a summary of the support provided by 

academics during the pandemic, alongside the overall 

performance of students in their end-of-semester examinations. 

In general, instructors provided students with emotional 

support and extended assistance during the online learning 

(48.51%). Even though majority of students did not achieve 

outstanding grades, their performance was nonetheless 

satisfactory, with a significant number attaining very good and 

average results.

 

Table 3. Lecturers support and academic performance 

Questions Options Respondents Percentage 

Lecturers Support 

(Encouragement and online 

learning support during the 

pandemic) 

Poor (Bad, no lecturer seems 

to care) 

19 3.54 

Average (Unsatisfactory, 

only a couple of lecturers 

support) 

257 47.95 

Excellent (Most lecturers 

support) 

260 48.51 

Academic Performance of 

Student during the pandemic 

Excellent (80 – 100) 21 3.92 

Very Good (70 – 79)  206 38.43 

Average (50 – 69) 302 56.34 

Fail (0 – 49) 7 1.31 

3.3 K-modes Clustering 
K-modes clustering is an unsupervised learning approach that 

employs a partitioning method similar to K-means. However, 

the distinction lies in the fact that K-means is most effective 

with numeric data variables, whereas K-modes is employed in 

clustering to analyse mainly categorical data [45], [46] The K-

modes algorithm employs a dissimilarity metric known as the 

Hamming distance in lieu of the Euclidean distance [47]. Given 

that x and y are two categorical data objects defined by m 
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features. The dissimilarity metric d(x, y) is mathematically 

represented in equation 1.  

d(x, y)     

=  
∑ 

m

j=1

δ(xj, yj) 
                                    

(1) 

where 

               δ(xj, yj) = {
0     if xj = yj
1     if xj ≠ yj

 

Algorithm 1     K-modes algorithm [47] 

Input:   data set U = [x1, x2, ⋯ , xn]; the number of clusters 

k 

Output:   the clustering results C = [C1, C2, ⋯ , Ck]. 

1: Randomly choose k modes; 

2:  Compute the distances between samples and modes 

3:  Each sample is partitioned into the nearest cluster 

according to Eq. (1) and update the                k modes; 

4: Repeat the above steps until the clustering results is 

convergent 

 

4. EXPERIMENTAL RESULTS 
The experiments are performed using Anaconda Python 

distribution software from Continuum Analytics (Conda) with 

sklearn, matplotlib pandas, SciPy, and NumPy. The 

presentation layer of the experiment employed Jupyter 

Notebook, which integrates markdown text with Python source 

code to form a canvas. 

4.1 Cluster formation using elbow method 

in K-modes 
Research Question 1: How many cluster groupings were 

formed during online learning when in-person teaching was 

discontinued because of the pandemic 

 

Fig 6: Cluster formation using Elbow method 

In response to RQ1, the elbow method which graphically 

determines the ideal number of clusters in K-means, K-modes, 

and K-prototype algorithms was employed. The elbow is a 

point of inflection which occurs when the total cluster variance 

decreases rapidly. As depicted in Figure 6, the point of 

inflection is selected to be 4. In the diagram above, the number 

of clusters can either be 3 or 4. This study aims to meticulously 

evaluate the possible online learning groups that emerged 

during the pandemic, utilising the maximum point of inflection 

at 4. 

4.2 Cluster uniqueness and variations 
Research Question 2: What are the similarities and differences 

between each cluster groupings

Table 4. Characteristics inherent to each cluster 

Cluster label 0 1 2 3 

Count 106 66 211 153 

Most common gender Male Male Male Male 

Most common age Moderate  

(23 – 27) 

Matured  

(Above 27) 

Matured 

(Above 27) 

Moderate 

(23 – 27) 

Most common region (During Covid-19) Central Greater Accra Central Ashanti 

Most common internet connectivity issue (Home) Poor Poor Satisfactory Good 

Most common learning condition (Home) Not 

conducive 

Not 

conducive 

Satisfactory Good 

Do most members own personal computer? Yes Yes Yes Yes 
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Most common attribute of lecturers during the pandemic Excellent Average Average Excellent 

Most common attribute of siblings during the pandemic Medium High Medium No 

Do students have home facilities during the pandemic No No Yes Yes 

Most common state of mind during the pandemic Scared Scared Average Average 

Most common family support during the pandemic Average Average Average Excellent 

Most common overall exams performance during the 

pandemic 

Average Very Good Average Average 

In response to RQ2, we used K-modes algorithm to initialise 

cluster centroids with 100 iterations and a matrix to display 

cluster members. As shown in Table 4, each cluster has unique 

cluster variations that is popular among its members. Cluster 0 

have the third largest number of members (19.78%), primarily 

aged between 23 and 27. During the pandemic, they primarily 

resided in the central region, where they faced poor internet 

connectivity and an unfavourable learning environment at 

home. The lecturers provided excellent support to Cluster 0 

members, while their siblings and parents provided only 

average support. Cluster 0 members experienced significant 

fear during the pandemic, and their exam performance ranged 

from 50 to 69%. Cluster 1 members have the lowest number 

(12.31%), and most of them are older than 27.  Cluster 1 

members during the pandemic mostly stayed in the Greater 

Accra region, where they had poor internet connectivity and 

poor learning conditions at home.  They faced significant 

disruptions from their siblings, but were fortunate to have 

strong parental support. Even though Cluster 1 members lived 

in fear during the pandemic, they performed very well 

academically. Cluster 2 have the largest number of members 

(39.37%) and are mostly above 27 years. Cluster 2 members 

have stable internet connectivity and a relatively stable online 

learning condition at home. They received moderate support 

from their lecturers and parents, while their siblings did not 

substantially disturb them. They had adequate learning 

facilities at home and were not overly concerned about the 

pandemic. The exam performance of Cluster 2 members ranges 

from 50% to 69%. Cluster 3 has the second largest number of 

members (28.54%) and resided primarily in the Ashanti region 

during the pandemic. Cluster 3 members enjoyed stable 

internet connectivity and good learning conditions at home 

with little or no interference from their siblings. Cluster 3 

members are between ages 23 and 27 with excellent support 

from their instructors and parents. The pandemic did not 

emotionally disturb them, and they had all the necessary 

learning materials at home. However, the performance of 

cluster 3 members was average (50% to 69%). 

4.3 Attribute correlation 
Research Question 3: What is the correlation among the 

features of the dataset 

In response to RQ3, we used the Pearson correlation heatmap 

to understand the relationship among the categorical attributes. 

The heatmap, as shown in Figure 7, graphically displays the 

correlation coefficient between each pair of features. The 

yellowish colour toward 1 indicates a strong correlation, while 

the pinkish colour toward -1 indicates a negative correlation. 

The two-dimensional correlation matrix also indicates that 

values closer to 0 have no correlation. In general, the heatmap 

shows no correlation between variables. This largely means 

that the features are independent of one another. The 

correlation coefficients of variables from the graph are closer 

to 0.
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Fig 7: Pearson correlation heatmap

4.4 Classifiers performance 
Research Question 4: Which algorithm performed best in 

building a classification model for the clusters formed. 

In addressing RQ4, we assessed the predictive efficacy of the 

random forest (RF) and naïve Bayes (NB) supervised learning 

algorithms utilising a 375 (70% training) to 161 (30% testing) 

split ratio. The subsequent classification metrics were assessed 

to identify the most effective classifier: accuracy, f-measure, 

ROC-AUC, and the confusion matrix. Furthermore, we 

employed the information gain feature engineering method to 

identify the most influential attributes that substantially 

impacted the cluster predictions. The findings illustrated in 

Figure 8 based on the test results indicate that the Naïve Bayes 

method has the maximum classification accuracy of 84.47%, 

an F-measure of 0.841, and a ROC-AUC of 0.963. 
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Fig 8: Classifiers performance

As illustrated by the confusion matrix in Figure 9, the naïve 

Bayes classifier correctly predicted 136 test samples, with 25 

incorrectly predicted. The random forest, on the other hand, 

predicted correctly 125 test samples as compared to 36 

misclassified samples.

 

 

Fig 9: Confusion matrix of classifiers. (a) Naïve Bayes (b) Random Forest

As shown in Figure 10, the feature ranking test demonstrates 

that the learning condition at home, internet connectivity, 

sibling disturbance, and region of residence during the 

pandemic all had an impact on building the classification model 

for the clusters. The least important attributes comprise gender, 

personal computer usage, examination performance, and age. 

This indicates that those attributes have minimal or no impact 

on constructing the classification model

Accuracy F-measure ROC-AUC

Naïve Bayes (NB) 84.47 0.841 0.963

Random Forest (RF) 77.64 0.769 0.941
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Fig 10: Feature relevance in descending order

5. FINDINGS AND SUMMARY 
This study revealed a hidden pattern in students' online learning 

during the pandemic, displaying intriguing cluster formation 

and patterns. During the pandemic, most institutions around the 

world, including those in Ghana, halted in-person teaching in 

order to limit the transmission of the infectious virus. Students, 

while interacting with their instructors at home, encounter 

scenarios that require analysis to inform institutional and 

governmental policies for proactive adoption. The research 

collected data from students in 2021 when traditional 

classroom teaching and learning was suspended at the 

University of Education, Winneba, necessitating the 

completion of the semester online and remotely. Even though 

the pandemic effect has declined significantly in 2024, there 

was the need to understand factors that affected learners 

performance and provide a policy framework. The findings 

from this study, summarised with the descriptive statistics, 

primarily on internet connectivity, remote learning support, 

inconvenient learning environment and learner frustrations, 

were also found in the reviewed literature. The Owusu-

Fordjour et al. (2020) study reveals that parents were largely 

unsupportive during the pandemic regarding online learning. 

Addae et al. [37] also referenced a deficiency in teachers' 

empathy, inadequate internet access, and elevated data prices 

as problems faced by students during online learning 

throughout the pandemic. Ofori Atakorah et al. [39] study also 

emphasised internet connectivity, insufficient data, and high 

cost of internet services as primary challenges faced by learners 

during online learning in Ghana. 

The second major aspect of this study used the K-modes 

algorithm to cluster students during the pandemic and reveal 

the uniqueness of each cluster for national and proactive 

policies. The students' residential region, age, familial support, 

internet access, and examination performance indicate a 

discernible pattern. Cluster 3 members have a conducive 

environment during the pandemic but performed averagely in 

the exams. Generally, this cluster group will need additional 

academic support when in-person teaching and learning 

resumes. Cluster 1 members as the least represented, consist 

mostly of matured students. Even though they were 

disadvantaged by having to take care of their siblings while 

continuously living in fear because of the pandemic, their 

academic performance was good. Cluster 1 members can 

spearhead projects and team initiatives upon the resumption of 

in-person instruction. They can serve as mentors for students 

with academic difficulties and offer support to the department's 

counselling unit. Comparatively, there is no study in literature 

that utilised K-modes for categorical data clustering in 

education during online learning in Ghana. Aside clustering, 

the study built a classifier to predict the cluster groupings of 

students. The Naïve Bayes (NB) classifier outperformed the 

Random Forest (RF) algorithm for all the major machine 

learning metrics. The Naive Bayes algorithm attained a test 

accuracy of 84.47%, compared to 77.64% for the Random 

Forest. The classification results, however, differ significantly 

from research in literature that utilised machine learning for 

students’ online engagement during the pandemic. While 

previous studies on online learning have used machine 

algorithms to predict the online performance of students and at-

risk learners [43],[44], this study predicted cluster groupings of 

new learners for proactive academic groupings and tailored 

support in-case of unforeseen outbreaks.  

The study also used the information gain feature engineering 

mechanism to determine the most influential features for 

cluster groupings. The results reveal that learning conditions at 

home, internet connectivity, and family support were crucial 

features in developing the classification model. This falls in 

line with Altaf et al. [44] hybrid model with feature engineering 

during online learning. Their findings show that assignments, 

class participation, and internet access are crucial factors to 

consider when predicting students' online performance. 

6. CONCLUSIONS, LIMITATIONS, AND 

FUTURE STUDIES 
This study reveals intriguing patterns that occurred during the 

pandemic, when in-person teaching was discontinue at the 

University of Education, Winneba. This is the first time in 

Ghana that the K-modes clustering using categorical dataset 

uncovered cluster patterns of learners' academic difficulties 

since online learning became required. The cluster groupings 

will help in personalised and group learning methods as 

teachers' pedagogy evolves in the future. The cluster groupings 

revealed struggling online learners even with maximum 
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support and internet connectivity. Genuine concerns regarding 

disadvantaged students facing adverse remote learning 

conditions and inadequate support present an opportunity for 

counselling and increased efforts by educators to avert 

students’ failure.  Government investment in internet 

accessibility and infrastructure initiatives should be equal and 

fairly distributed throughout the 16 regions of Ghana. 

Even though, the study uncovered patterns, an improved data 

size and residential address location of students during the 

pandemic will help educational policy makers and government 

in generalisation and conclusions. The results of this study, 

derived from the sample size and demographic data, do not 

fully represent conditions that may exist at other universities in 

Ghana. Future research will replicate different variables and 

evaluate students' frustration during the pandemic using 

sentiment analysis from other prominent universities in Ghana. 
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