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 The insufficiency of a strong mechanism to measure student performance 

and learning behavior has been pointed out as a result of the expansion of 

higher education in Bangladesh. The objectives of the study are to predict 

students’ performance and recognize unique learning behaviors in the 

Bangladeshi higher education contexts by applying decision trees and  

K-means clustering methods. Validity and reliability of the results are 

ensured by following methods: 10-fold cross-validation for the decision tree 

model and Silhouette score assessment for the K-means clustering model, 

thus improving the predictive accuracy and differentiation of clusters. The 

study is based on a dataset of student records numbering 1,200, researching 

factors such as attendance (91.22%), exam results (mean 83.54%), 

completed assignments (mean 80.54%), and age (mean 23.47). Learning 

analytics theory is used since it is crucial to apply data to enhance the 

understanding and effectiveness of learning processes. The decision tree 

model showed excellent performance with high rates in precision, recall, and 

F1-scores, which were all at 0.99 for the evaluated performance measures, 

hence increasing its good predictive power. K-means clustering analysis 

grouped the students into three distinct groups: active learners, passive 

learners, and at-risk students. This research urges the adaptation of data 

mining methodologies within the framework of higher education and 

strongly emphasizes the important role that an early identification of at-risk 

students can play. This research is a contribution to the learning analytics 

area, and it further proves the applicability of data mining methods in 

predicting academic performance and improving education outcomes in 

developing contexts. 
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1. INTRODUCTION 

The rapid advancement of higher education in Bangladesh has given increased impetus to 

sophisticated techniques for predicting student performance and understanding learning behavior [1]–[4]. 

Traditional assessment methods in education have been widely criticized as insufficient to capture the 

complexity of student learning outcomes, especially in light of growing diversity among higher education 

students and increasing integration of technology into higher education [1]–[4]. The purpose of this research 

is to apply data mining techniques, specifically decision trees and K-means clustering, for predicting 

https://creativecommons.org/licenses/by-sa/4.0/
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students’ performance as well as to identify unique learning patterns in the context of the higher education 

system of Bangladesh. The methodology to be used has its basis on the principles of learning analytics 

theory, which emphasizes the use of data to understand and enhance learning systems. This is achieved 

through a focus on collecting, analyzing, and interpreting learners’ achievement, engagement, and behavioral 

data to make informed decisions based on the data gathered [5]. These methodologies are increasingly being 

implemented in educational research because of their ability to handle large databases and uncover hidden 

patterns, therefore greatly helping to shed light on the factors impacting academic achievement [6], [7]. 

Previous literature has consistently found strong evidence of the influence of a number of academic 

and behavioral factors—like attendance, test scores, and submission of assignments—on student outcomes. 

For instance, a study established that class participation acts as a mediating variable between attendance and 

academic success, hence drawing particular interest to the fact that engagement is one of the leading 

performance predictors [8]. In line with this, another study found that test scores represent a strong predictor 

of academic success, especially when used in combination with past academic records [9]. All too often, 

however, these factors are examined in isolation, leaving a gap in our understanding of how they interact and 

the combined effects on student outcomes. Other studies did not explore Bangladeshi education context in 

terms of student performance and learning behavior. This gap is particularly important in Bangladesh, where 

the introduction of English-medium instruction has been blended with digital learning technologies  

in changing the face of education [10], [11]. While the presence of English as a medium of instruction (EMI)  

in the higher education context has often been associated with increased opportunities and better  

employment prospects, it also poses challenges of academic engagement and the effective integration of 

digital tools [10], [12]. 

Scholars showed that class participation played a mediating role in the relationship between 

attendance and academic performance, thereby underscoring the very important role of engagement in 

predicting educational outcomes [8]. Another study found that a supportive school climate reduces truancy, 

which might be of relevance in the Bangladeshi setting [13]. In addition, another study confirmed that 

attendance positively impacts academic performance, particularly for students with lower achievement levels 

[14]. Scholars hypothesized that university attendance, while often associated with better critical and creative 

thinking, resulted in no such association from their study results, thereby suggesting the need for further 

investigation [15]. Taken together, these results provide support for the data mining applications of 

techniques such as decision trees and K-means clustering in the analysis of academic engagement and 

prediction of student success. In a related study, it is demonstrated the effectiveness of machine learning 

methods, using midterm examination scores as a principal variable to effectively predict final examination 

grades [6]. Another study emphasized student engagement, where students’ scores are often conditioned on 

things like attending classes and using resources, thus making them reflective of bigger academic behaviors 

[16]. Scholars also noted that resilience and grit, though important, had smaller correlations with academic 

outcomes than academic engagement regarding exam performance [7]. 

These research findings support the fact that examination scores are one of the most critical 

variables in predicting student performance, which aligns with the goal of the current study to predict 

academic success and identify learning patterns within the higher education setting in Bangladesh. Research 

places much emphasis on the submission of assignments with regard to academic success and as one of the 

major indicators of student performance. A scholar proved that in-class group assignments (IGAs) improved 

the performance of underachieving students in accounting courses, particularly on examination questions 

related to those assignments, which may mean that assignments can serve students as a useful mechanism for 

strengthening their learning [17]. A related study observed how students use the flexibility of assignment 

submission times and showed that delayed submissions, regardless of any time limits, negatively influence 

academic performance [18]. 

Studies have analyzed the interaction of age with other factors, such as motivation and personality, 

which collectively determine learning strategies and outcomes [19]–[23]. Scholars also found that age 

determines students’ engagement in peer interactions and suggested that younger learners benefit more in 

interactive learning contexts [14]. The results indicate that age serves as a significant factor affecting 

academic behaviors, which may play a vital role in forecasting student performance and recognizing unique 

learning patterns. The conventional teaching methods remain prevalent, with a significant number of 

educators lacking familiarity with andragogical or heutagogical frameworks, thereby constraining student-

centered educational practices [12]. Scholars also noted that the COVID-19 pandemic accelerated the 

adoption of digital learning [11]; however, students’ tendency to engage with technology is a vital factor 

determining its effectiveness [20]–[23]. 

Besides academic sources, age has also been established as a determinant variable that influences 

learning behaviors. Studies indicate that young learners tend to show different trends in regard to their 

participation in activities and academic performance compared to older learners, which essentially suggests 

that age is a critical factor in shaping learning behaviors [13], [14]. Not much research, however, exists to 
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establish the interaction between age and these other variables: attendance, examination scores, and 

assignment submission rates, in the context of higher education in Bangladesh. The present study tries to fill 

this gap by encompassing these factors in a comprehensive model of academic achievement while unveiling 

fundamental trends in learning. Even though digital resources create new learning opportunities, the extent to 

which students are willing and able to engage with these platforms varies significantly and this heterogeneity 

should be considered in predicting student success [11]. 

This study uses decision trees in identifying, in a clear and distinguishable manner, the most 

important student achievement predictors, hence allowing a much deeper understanding of the factors that 

lead to success in higher education in Bangladesh. K-means clustering is applied to identify different learning 

behavior patterns by students, allowing grouping of students in respective classes based on their level of 

academic engagement. This methodology is in line with the findings reported in past studies, which argue 

that student engagement, in terms of attendance and participation, plays a substantial role in determining 

academic performance but remains under-explored in data mining methodologies [15], [16]. 

This study could be an important addition to the literature, as it fills the current gap in providing a 

broad, data-driven assessment of the major factors determining student achievement and learning behaviors 

in Bangladesh. Such integration helps to make the research much clearer in the elucidation of the 

interrelations among attendance, examination scores, and assignment submission rates, age, and digital 

engagement within a singular model of explaining academic performance. This study answers the two 

research questions:  

i) How can decision trees be used to predict student performance in Bangladeshi higher education? 

ii) How can K-means clustering identify unique learning behaviors among students in Bangladesh’s higher 

education sector? 

 

 

2. METHOD 

This research uses decision trees and K-means clustering techniques to predict student performance 

and to identify distinctive learning patterns in a private university in Bangladesh. The study focuses on using 

student data to answer critical research questions regarding academic outcomes and the classification of 

learning behavior in Bangladeshi context. 

 

2.1.  Data collection and preparation 

A sample of 1,200 anonymous student records was used for this present study, covering two 

academic years from a private university in Bangladesh. The chosen sample size satisfies the suggestions of a 

scholar, which state that the datasets of 1,000–1,500 records ensure robust predictions for data mining 

techniques including decision trees and K-means clustering [24]. The main academic and behavioral 

variables available in this dataset include: age, attendance (%), exam scores, assignment submission (%), and 

cumulative grade point average (CGPA). Missing values were imputed using mean imputation, following the 

recommendation of the scholars to avoid bias while preserving data quality [25]. The continuous features 

such as attendance (%), exam scores, and CGPA were normalized using the min-max scaling to ensure that 

the features are comparable between each other [26]. The dataset was then split into a training set (80%) and 

a test set (20%) for model performance evaluation and generalizability. 

The inclusion criteria for this study were anonymized student records from a private university in 

Bangladesh for two academic years. A total of 1,200 records were selected to meet the recommended dataset 

size of 1,000 to 1,500, thus allowing for accurate predictions for data mining techniques, such as decision 

trees and K-means clustering. Data entries falling outside the specified academic years or with incomplete 

information, which might affect the accuracy of the analysis to a great extent, were excluded from the study. 

 

2.2.  Decision tree model for predicting student performance 

To answer the first research question, the classification and regression trees (CART) algorithm was 

applied [27]. The dependent variable, performance category, was derived from CGPA and categorized into 

three classes: high performance (CGPA>3.75), average performance (CGPA 2.5–3.75), and low performance 

(CGPA<2.5). The predictor variables included age, attendance (%), exam scores and assignment submission 

(%), thus covering both academic and behavioral dynamics. The analysis supported that high levels of 

attendance and exam scores are both strong predictors of good performance, which is consistent with 

previous findings [26]. To avoid overfitting, pruning methods were applied, and model validation was 

completed based on 10-fold cross-validation. Performance metrics, such as accuracy, precision, recall, and F1 

score, showed excellent predictive accuracy, with all the metrics having values over 0.98. 
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2.3.  K-means clustering for identifying learning behaviors 

The second research question was analyzed through the use of K-means clustering. The following 

input variables, attendance (%), exam scores, age, and assignment submission (%) were chosen to represent 

student discipline and engagement. Through the Elbow method, it was identified that three clusters formed 

the optimal number [28], a finding further justified by a Silhouette score of 0.54, indicating moderate 

clustering effectiveness [29]. Data normalization and the removal of outliers were critical to ensuring the 

spherical assumption of K-means. The clustering revealed three groups: active learners (high attendance and 

consistent submissions), passive learners (moderate engagement), and at-risk students (low attendance and 

submissions, despite high exam scores). Validation by CGPA confirmed that the clusters were aligned with 

academic performance and provided actionable insights into varied learning behaviors. 

 

2.4.  Validation and benchmarking of models 

To address the issues of reliability and generalizability, models in this study have gone through the 

validation processes. The decision tree model was validated using 10-fold cross-validation, using such 

metrics as accuracy, precision, recall, and F1 score to avoid the risk of overfitting and maximize the 

predictive power of the model [30], [31]. The K-means clustering model was validated by Silhouette score, 

which provided the distinctions and proximities among all the clusters. Comparing the results from both 

models to simpler approaches—linear regression, concerning forecasting performance, and manual 

classification, with regard to the recognition of learning behaviors—showed the following: these analyses, 

therefore, brought out the increased precision and pattern recognition of the data mining models, hence 

proving valuable toward the derivation of meaningful information from the data set. 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Results 

The present research work applies decision trees and K-means clustering to analyze student 

performance and learning patterns in a university setup. With this, the most important academic indicators 

and unique learner profiles are given. These are essential for sketching engagement trends in view and 

enabling strategies toward better educational outcomes in Bangladeshi universities. 

 

3.1.1. Decision tree model results 

The decision tree model shows excellent predictive accuracy in the classification of student 

performance, such as that indicated by precision, recall, and F1-scores, which range between 0.98 and 1.00 for 

all the categories. Such a measure brings to light the model’s ability to lower both Type I and Type II errors 

while ensuring considerable classification reliability. The support values, indicative of the actual instance 

distribution in the dataset, further reinforce the model’s robustness, which underwent evaluation with a total of 

360 cases. The weighted averages for precision, recall, and F1-score all align at 0.99, indicating homogeneous 

performance across the different students classes. These results underscore the effectiveness of this model in 

identifying key performance trends; as such, it offers actionable insights for timely intervention and tailored 

academic assistance. The methodological rigor of the study, incorporating cross-validation and pruning 

techniques, mitigates the risk of overfitting and enhances the model's generalizability in the context of higher 

education in Bangladesh. The findings are mentioned in Table 1. 
 

 

Table 1. Decision tree: student performance metrics 
Precision Recall F1-score Support 

0.98 0.98 0.98 109.00 
0.99 0.99 0.99 180.00 

1.00 1.00 1.00 71.00 

0.99 0.99 0.99 0.99 
0.99 0.99 0.99 360.00 

0.99 0.99 0.99 360.00 

 

 

3.1.2. K-means clustering results 

a.  Cluster characteristics by academic engagement and performance 

K-means clustering analysis pointed out three clear student profiles based on their academic 

engagement and performance. Cluster 1, or “active learners,” consists of younger students (average age 

20.72) who have the highest percentage of attendance (91.22%), submitting assignments (80.54%), and high 

scores on exams (83.54), resulting in a strong average CGPA of 3.15. Cluster 2, “passive learners,” has 

students with moderate engagement in terms of average attendance at 76.63%, average exam scores of 63.78, 
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and assignment submission rates of 64.85% that resulted in a lower CGPA compared to the three clusters, at 

2.58. On the other hand, Cluster 3, “at-risk students,” consists of older students (mean age 24.93) who have 

the lowest attendance (59.62%) and assignment submissions (52.55%), but report very high exam scores 

(94.34) and relatively moderate CGPA (2.69). These findings, as shown in Table 2, emphasize different 

learning behaviors, which allow tailored interventions to improve academic success. 

 

 

Table 2. K-means clustering: academic and performance characteristics 
Age Attendance (%) Exam scores Assignment submission (%) CGPA (1.0–4.0) 

20.72 91.22 83.54 80.54 3.15 
23.47 76.63 63.78 64.85 2.58 

24.93 59.62 94.34 52.55 2.69 

 

 

b.  Within-cluster sum of squares values for k-means clustering 

The following are the within-cluster sum of squares (WCSS) values that show the variances within 

clusters for a different number of clusters, which helps in determining the optimal number of clusters that the 

K-means algorithm is able to achieve. When the number of clusters increases from 1 to 5, the WCSS values 

fall drastically, indicating more definable clusters. For one cluster, the WCSS is 4800.00, which reflects high 

internal variance. With two clusters, WCSS drops to 2698.08; with three, it decreases to 1718.18; and with 

four, it further decreases to 1146.35. By the fifth cluster, one has a WCSS of 890.02, indicating diminishing 

returns in the reduction of variance as clusters increase. The steep decline between 1 to 3 clusters suggests 

that three clusters may balance simplicity with model fit, aligning with the “Elbow” in the Elbow method. 

This confirms the appropriateness of three clusters for identifying distinct student groups in this study. The 

findings are presented in Table 3.  
 

 

Table 3. WCSS for optimal clusters in K-means 
Number of clusters WCSS 

1 4800.00 

2 2698.08 

3 1718.18 

4 1146.35 
5 890.02 

 

 

c.  Silhouette score for K-means clustering 

The Silhouette score obtained from the K-means clustering analysis is 0.54, which indicates 

moderate clustering quality. It measures the appropriateness of the assignment of data points to their clusters; 

scores are closest to 1 when the clusters are well defined and compact, while scores near 0 signify 

overlapping clusters. A score of 0.54, therefore, signals clusters that are well separated but not perfectly so, 

with some overlap. The achieved cohesion and separation provide adequate reliability for the identification of 

critical patterns of student learning behaviors, which support further clustering method improvement or 

additional feature selections. 

 

3.2.  Discussion 

3.2.1. Performance and learning behavior of Bangladeshi students 

The decision tree model results demonstrate perfect predictive accuracy in student performance 

classification, with precision, recall, and F1-scores all exceeding 0.98 in each class. The model, showed a 

good capability of correctly classifying students into three classes: high, average, and low performers, based 

on the variables of attendance, examination scores, and assignment submission. These results align with 

previous findings, which have identified in-class participation, a feature closely related to attendance, as a 

significant indicator of academic success [8]. Similarly, scholars have found exam scores to be significantly 

crucial in measuring student achievement, which aligns with study's findings that show exam performance to 

be one of the critical features in the performance of the decision tree model [9]. Similarly, the high values of 

precision and recall from the model give evidence that it equally reduces Type I and Type II errors, which is 

vital for the consistent classification of student performance. In this way, while the model inherits the 

principles of learning analytics theory, it does so through data-informed insights, providing early intervention 

and guidance for informed decision-making in a course of action to improve student outcomes [5]. 

The model performs exceptionally well, with weighted averages of 0.99 across all measures, 

underscoring its reliability across a variety of student populations and academic behaviors. This supports the 
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previous work that machine learning algorithms, such as decision trees, can be effectively used in making 

predictions about academic success based on critical predictors, including examination outcomes [6]. It also 

employs the most rigorous methods of validation used in this study, such as cross-validation and pruning, to 

mitigate overfitting and enhance the generalizability of the results. This methodological rigor aligns with 

scholarly statements on the importance of accurate and stable predictions in the domain of learning analytics 

[5]. The current paper reports findings that show decision trees, with high classification accuracy, can be an 

effective tool for predicting students' performance in Bangladeshi higher education, especially in scenarios 

where traditional assessment methods may poorly represent the complex interplay of factors influencing 

academic success. 

K-means clustering analysis identified three distinct student profiles based on academic engagement 

and performance, thereby unraveling the multifaceted nature of student behaviors and the determinants leading 

to academic success. Cluster 1, referred to as “active learners,” comprises younger students with high 

attendance rates (91.22%), high submission rates for assignments (80.54%), and high examination scores 

(83.54%), resulting in a strong average CGPA of 3.15. These observations in this cluster are consistent with 

the findings of preceding scholars, who concluded that high levels of engagement, particularly in terms of 

attendance and participation, are strongly correlated with academic success [8]. Based on learning analytics 

theory, the identified patterns confirm that engagement metrics help predict academic outcomes, thereby 

providing actionable insights for early interventions [5]. In sharp contrast, Cluster 2, labeled “passive 

learners,” comprises students with moderate levels of engagement, characterized by a 76.63% attendance rate, 

an average exam score of 63.78, and a 64.85% rate of assignment submissions. Correspondingly, the lower 

average cumulative GPA of 2.58 is matched by this trend. This result is consistent with the broader trend in 

educational scholarship, which suggests that lower levels of engagement result in lower levels of learning [15]. 

These findings emphasize the importance of using data analytics for managing student engagement, as it is 

found that students exhibiting disengagement tend to have lower academic achievements. This calls for tailor-

made strategies to bring these students back into the learning process. Lastly, Cluster 3, “at-risk students,” 

comprises the oldest students with the lowest attendance rates (59.62%) and submission rates of assignments 

(52.55%), yet surprisingly high exam scores (94.34%), resulting in a moderate cumulative GPA of 2.69. 

Some students, although not exhibiting much engagement in other aspects, may have achieved 

higher results in exams by using cramming techniques or other focused study habits [7]. This could highlight 

the inherent complexity associated with student performance and demonstrate the need to apply learning 

analytics theory to scrutinize these behaviors [5]. This creates different implications for students who have 

low levels of engagement, as they may need various kinds of support, such as methods for test preparation or 

possibly even training in time management. This demonstrates the importance of defining different learning 

behaviors when intervening to improve outcomes for students. One of the key goals of learning analytics is to 

inform decision-making and refine educational practices. 

Furthermore, the WCSS supports the existence of three clusters, as it dramatically decreases from 

4800.00 for one cluster to 1718.18 for three clusters, indicating better-defined groupings. This is in 

agreement with the Elbow method, which demonstrates that three clusters strike a balance between simplicity 

and model fit—that is, the clustering approach effectively isolates distinct student profiles. The findings align 

with those of scholars who have also applied clustering techniques to group different learner types, thereby 

demonstrating the effectiveness of clustering in discovering hidden patterns in educational data [16]. Further 

increases in clustering beyond three show increasingly marginal decreases in the within-cluster sum of 

squares, which vindicates the decision to limit the number of clusters to three for optimal results. This 

indicates that, through the use of K-means clustering on academic engagement and performance data, an 

effective way of grouping students with similar learning behaviors can be achieved, providing insights that 

guide personalized teaching strategies and interventions. The results also support learning analytics theory, 

which advocates for using clustering to segment students into meaningful groups, allowing prevailing 

interventions to cater to the specific needs of each group. 

 

 

4. CONCLUSION 

This study combines decision tree methodologies with K-means clustering techniques to predict 

academic success and identify distinctive learning patterns within the context of higher education in 

Bangladesh. By integrating a wide range of educational and behavioral indicators, this study develops an 

inclusive framework for understanding student success. The findings will help enhance learning analytics 

theory by demonstrating the importance of data-informed decision-making within educational organizations 

and in shifting toward a nuanced understanding of patterns that impact academic outcomes, thereby 

supporting targeted strategies aimed at improving student achievement. The findings demonstrate that it 

would be prudent for the institutions of higher education in Bangladesh to follow data mining tools that can 

help extensively in analyzing the academic and behavioral data of students. Improvements in data collection 
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techniques, particularly about class attendance, submitted assignments, and online engagement, will result in 

more accurate predictions and individualized academic support. Customized interventions, based on student 

profiles—complete with classifications such as “active learners” and “at-risk students”—are expected to 

increase student engagement further, decrease the dropout rate, and raise overall academic achievement. 

The present study is limited to using data from only one institution, which may limit the 

generalizability of the findings to other educational settings. Furthermore, the study focuses almost 

exclusively on academic and behavioral dimensions, while ignoring other factors that could influence student 

performance, such as socioeconomic status or other exogenous variables. Consequently, the precision and 

appropriateness of the model in other educational settings will require revalidation. 

This study demonstrates the effectiveness of using decision trees and K-means clustering methods 

for predicting student outcomes and identifying distinctive learning patterns in higher education in 

Bangladesh. The study synthesizes critical academic and behavioral factors into a comprehensive framework 

to explain student success and inform targeted interventions. This research also progresses the domain of 

learning analytics and highlights the importance of data-driven decision-making. While this study has its 

limitations, it provides educators and policymakers with valuable insights into developing more effective 

academic support strategies, thereby facilitating improvement in students’ performance. 
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