
Abstract. Tracking student groups, in particular, at-risk student group is a chal-

lenging but meaningful work in a large class of an engineering mathematics 

course, enabling instructors to ascertain how well students are learning and when 

they need interventions of their studies during the delivery of teaching and learn-

ing activities. In the paper, two unsupervised learning algorithms, hierarchical 

clustering and k-means clustering, are used and compared with the use of LMS 

data such as the level of achievements in online class activities, assignments, a 

mini-project and a mid-term test for tracking at-risk student groups at the end of 

weeks 3, 5, 7, 9 and 11 in a 13-week semester of an academic year. Notwith-

standing the higher accuracy of both clustering, the k-means clustering signifi-

cantly outperforms the hierarchical clustering in terms of the precision, recall and 

f-measure at the end of week 11. It is found that the k-means clustering can be

employed to track at-risk students with the recall of 0.640 and the f-measure of

0.533 for the initial intervention of their studies by the end of week 7.

Keywords: At-risk student, Hierarchical clustering, K-means clustering, Preci-

sion, Recall, F-measure. 

1 Introduction 

Traditionally, educational data, generally generated from results of many assessment 

tasks like assignments, tests, laboratory reports and examinations, are used to grade 

student performance at the end of a subject or a course, informing students of how well 

they have learned for the progression of studies and graduation. These assessment re-

sults are further analyzed by course instructors to measure the achievement of the sub-

ject intended learning outcomes for quality assurance and accreditation purposes [2, 3, 

11].  On the other hand, assessment can be regarded as formative feedback to students, 

providing them with frequent responses and precise information on how well they are 

on track during learning, and timely interventions of their studies if at-risk student 

group can be identified and tracked as early as possible during the delivery of teaching 

and learning activities [6, 7]. This is a particularly challenging work for lecturing in 

large classes [9].  

With advances in artificial intelligence, it is possible to identify at-risk students in 

class and to predict students’ success in a course [4, 5, 7, 10]. Marbouti et al. [8] built 

three logistic regression-based models to identify at-risk students in a large first-year 
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engineering course at weeks 2, 4 and 9 in a semester. These models are highly predic-

tive in identifying at-risk students. However, these models like other supervised learn-

ing models cannot be trained and tested in the absence of observed data or output vari-

able such as students’ final grade, addressing the value of creating unsupervised learn-

ing models like hierarchical clustering and k-means clustering for tracking and identi-

fying at-risk student groups. 

2 The Context of the Study 

The dataset of an engineering mathematics course offered in a 13-week semester of an 

academic year is used for the present study and extracted from Blackboard LMS for 

hierarchical clustering and k-means clustering. In total, there are a total of 240 students 

participating in class activities and various assessment tasks, designed on the basis of 

the subject curriculum and the subject intended learning outcomes.  

Identifying at-risk students with the aid of artificial intelligence is the focus of the 

study. The present study thus aims at addressing the following research questions: 

1. What is the performance of hierarchical clustering and k-means clustering for track-

ing at-risk student groups in terms of the accuracy, precision, recall and f-measure? 

2. Which clustering can be employed to track at-risk students for timely intervention 

of their studies by the end of week 7 with certain degrees of recall and f-measure? 

For the dataset, there are 16 input variables such as 2 assignments, a mini project, a 

mid-term test, and 12 online class activities held in each week of the semester. The 

online class activities are done in face-to-face (F2F) sessions for recording the number 

of multiple-choice questions correctly attempted as well as students’ attendance. The 

score of the online class activities is not counted in the calculation of the coursework 

assessment as these activities are designed for enhancing student engagement in class 

and checking their understanding of the topics, concepts, and theorems. The input var-

iables used for hierarchical clustering and k-means clustering are summarized in Table 

1. 

The output variable is the final examination score which is always an unknown var-

iable before the end of the 13-week course and is intended not to be used for clustering. 

As the final examination score is made available at the end of the semester, this variable 

is simply used for evaluating the performance of hierarchical clustering and k-means 

clustering respectively at the end of weeks 3, 5, 6, 7, 9 and 11 in terms of the accuracy, 

precision, recall and f-measure. A binary variable (i.e. 0 or 1) which indicates whether 

the student is at-risk or not is also defined. An integer “1” can be assigned to the binary 

variable which represents an at-risk student who either fails in the final examination or 

is absent from the final examination. Conversely, an integer “0” is assigned to a not-at-

risk student passing the final examination.   
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3 Methodology 

Initially, three input variables such as 1st, 2nd and 3rd online class activities are used for 

hierarchical clustering and k-means clustering respectively at the end of week 3. At the 

end of week 5, 1st–5th online class activities and assignment 1 are selected as input 

variables for clustering. Because of an in-class mid-term test held in week 7, clustering 

is also carried out for finding different groups of similar characteristics like at-risk stu-

dent groups by the end of week 7. In this connection, nine input variables such as 1st-

7th online class activities, assignment 1 and mid-term test are selected. Furthermore, 

twelve input variables such as 1st-9th online class activities, assignment 1, mid-term test 

and mini-project are chosen for clustering by the end of week 9. At the end of week 11, 

fifteen input variables except the 12th online class activity are used for clustering as 

shown in Table 1.      

Table 1.   Input variables used for hierarchical clustering and k-means clustering. 

Input Variable Completed 

by week 

Type Point 

Assignment 1 5 Numeric 0 - 15 

Mid-term test 7 Numeric 0 - 50 

Mini-project 8 Numeric 0 - 20 

Assignment 2 11 Numeric 0 - 15 

    

1st Online class activity 1 Integer 0 - 3 

2nd Online class activity 2 Integer 0 - 8 

3rd Online class activity 3 Integer 0 - 4 

4th Online class activity 4 Integer 0 - 6 

5th Online class activity 5 Integer 0 - 2 

6th Online class activity 6 Integer 0 - 3 

7th Online class activity 7 Integer 0 - 6 

8th Online class activity 8 Integer 0 - 2 

9th Online class activity 9 Integer 0 - 3 

10th Online class activity 10 Integer 0 - 3 

11th Online class activity 11 Integer 0 - 1 

12th Online class activity 12 Integer 0 - 1 

 

The goal of clustering is to categorize the data into similar groups. The distance 

between two data points are generally defined by “Euclidean distance”, where k is the 

number of independent variables.   

 𝑑𝑖𝑗 = √(𝑥𝑖1 − 𝑥𝑗1)
2 + (𝑥𝑖2 − 𝑥𝑗2)

2 + ⋯ + (𝑥𝑖𝑘 − 𝑥𝑗𝑘)
2
 (1) 

As distance is highly influenced by scale of variables, it is customary to normalize 

the data first. Both hierarchical clustering and k-means clustering are then used and 
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compared with the use of LMS data such as the level of achievements in online class 

activities, assignments, a mini-project and a mid-term test for tracking at-risk student 

groups at the end of weeks 3, 5, 7, 9 and 11 in a 13-week semester of an academic year. 

3.1 Hierarchical Clustering  

This hierarchical clustering is a bottom-up approach to construct a cluster dendrogram. 

The algorithm of hierarchical clustering is addressed as follows:  

1. Assign a cluster to each data point initially such that ‘n’ clusters for ‘n’ data points; 

2. Combine two nearest clusters by calculating the distance and the centroid; 

3. Repeat to proceed the step 2 until all data points are in one cluster, then stop the 

iteration.  

3.2 K-means Clustering 

This method is also one of the simplest unsupervised learning algorithms [1]. The al-

gorithm of k-means clustering is used for categorizing groups of similar characteristics. 

Firstly, the number of ‘k’ cluster centers is specified and initialized randomly. Then, 

the distances between each data point and cluster centers are calculated by using Eu-

clidean distance formula. Secondly, assignment of the data points to that cluster center 

whose distance from the cluster center is minimum as compared to all the cluster centers 

is made. In other words, the minimum-distance classifier can be used to separate the 

above data into k clusters, where a data 𝑥𝑡  is in cluster i if ‖𝑥𝑡 − 𝑚𝑖‖ is the minimum 

of all k distances. That is,  

                         𝑏𝑖
𝑡 = {

1 
0

       𝑖𝑓 ‖𝑥𝑡 − 𝑚𝑖‖ = min
𝑘

‖𝑥𝑡 − 𝑚𝑘‖ 

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (2) 

The algorithm aims to minimize an objective function which is defined as 

 𝐸({𝑚𝑖}𝑖=1
𝑘 |𝑋) = ∑ ∑ 𝑏𝑖

𝑡‖𝑥𝑡 − 𝑚𝑖‖
2

𝑖𝑡  (3) 

Thus, taking its derivative with respect to 𝑚𝑖 and setting it to zero yield 

 𝑚𝑖 =
∑ 𝑏𝑖

𝑡𝑥𝑡𝑡

∑ 𝑏𝑖
𝑡

𝑡
 (4) 

The new cluster center can thus be updated by using the assigned data points and the 

equation (4). Thirdly, the distances between each data point and new cluster centers are 

recalculated by using the equation (2). Therefore, this is an iterative procedure. If there 

is no reassignment of the data points, then the iteration is stopped. Otherwise, the sec-

ond step is repeated for assigning the data points. 
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4 Result 

The mean scores of five student clusters were determined from hierarchical clustering 

and k-means clustering respectively at the end of weeks 3, 5, 7, 9 and 11 respectively. 

In particular, it is found that Cluster 3 of hierarchical clustering is tracked and identified 

to be the potential at-risk student group based on the mean scores of input variables up 

to the end of week 7 as shown in Table 2. The mean scores of 1st, 2nd, 4th, 5th, and 7th 

online class activities are not shown in Table 2 for simplicity. The number of students 

in this cluster is 26. Students were not actively engaged in the online class activities as 

a result of the second lowest mean score among five groups. Their performances on 

both Assignment 1 and the mid-term test were also unsatisfactory as their mean scores 

were the lowest among the clusters. In particular, the mean scores of Assignment 1 and 

the mid-term test were 9.94 out of 15 and 19.06 out of 50 respectively. They thus scored 

on average 29.00 out of 65 for the completed coursework comprising Assignment 1 and 

the mid-term test. It is also found that the final examination score which is the output 

variable not to be used for hierarchical clustering was also the lowest among five 

groups. As identified to be the at-risk student group, 46.2% of students (i.e. 12 students) 

in this group can be correctly identified as at-risk students (i.e. true positive), represent-

ing a precision of 0.462 of the present clustering. However, 53.8% of students (i.e. 14 

students) who are not-at-risk students can be misclassified (i.e. false positive). 

Table 2. Hierarchical clustering of student groups at the end of week 7 in a 13-week course. 

Variable Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 

Group size  55 41 26 96 22 

3th Online class activity 1.95 0.00 0.77 0.73 0.64 

Assignment 1 13.21 13.45 9.94 12.63 13.16 

6th Online class activity 2.38 0.00 0.04 0.97 1.09 

Mid-term test 34.09 35.18 19.06 28.91 33.52 

Coursework’s score 

(wk.7)  

47.30 48.63 29.00 41.53 46.68 

Final examination 53.24 44.73 35.65 41.44 49.64 

At-risk student % 3.6 17.1 46.2 27.1 13.6 

 

Among these five clusters, students of Cluster 2 did not participate in any online 

class activity at all but they achieved the best performance on both Assignment 1 and 

the mid-term test. They obtained the highest mean score of the completed coursework 

up to week 7 but they only achieved the third highest mean score in the final examina-

tion. As Cluster 2 is identified to be the not-at-risk student group, 82.9% of students 

(i.e. 34 students) belonging to this cluster can be correctly classified as not-at-risk stu-

dents (i.e. true negative). However, 17.1% of students (i.e. 7 students) who are really 

at-risk students can be misclassified (i.e. false negative).     

Students belonging to Cluster 1 not only actively participated in online class activi-

ties, but also performed well on both Assignment 1 and the mid-term test. The final 
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examination score was the highest among other groups. As Cluster1 is not to be identi-

fied as the at-risk student group, 3.6% of students (i.e. 2 students) assigned to this group 

cannot be correctly tracked and classified as at-risk students for early intervention (i.e. 

false negative) but 96.4% of students (i.e. 53 students) can be correctly identified as 

not-at-risk students in this group (i.e. true negative).  

Clusters 4 and 5 of hierarchical clustering are not identified to be groups of at-risk 

students because students of Clusters 4 and 5 ranked the second lowest mean score and 

the third highest mean score of the completed coursework up to the end of week 7 

respectively. They were engaged in the online class activities as well. Overall, 72.9% 

and 86.4% of students belonging to Clusters 4 and 5 respectively (i.e. 70 and 19 stu-

dents) can be correctly classified as not-at-risk students (i.e. true negative). However, 

27.1% and 13.6% of students assigned to clusters 4 and 5 (i.e. 26 and 3 students) can 

be misclassified respectively (i.e. false negative).      

Clusters 1 and 3 of k-means clustering are tracked to be the potential at-risk student 

group based on the mean scores of input variables up to the end of week 7 as shown in 

Table 3. The mean scores of 1st, 2nd, 4th, 5th and 7th online class activities are not shown 

in Table 3 for simplicity. Students belonging to Clusters 1 and 3 were not much engaged 

in the online activities among other clusters. They obtained the second lowest and the 

lowest mean score of the completed coursework up to week 7 respectively. Even though 

the final examination score which is the output variable is not used for k-means clus-

tering as well, they ranked the lowest and the second lowest mean score in the final 

examination respectively. As tracked to be at-risk student groups, 48.3% and 33.3% of 

students (i.e. 28 and 4 students) in these two groups can be correctly classified as at-

risk students (i.e. true positive), representing an overall precision of 0.457 of the present 

clustering. However, 51.7% and 66.7% of students (i.e. 30 and 8 students) who are not-

at-risk students can be misclassified respectively (i.e. false positive). 

Table 3. K-means clustering of student groups at the end of week 7 in a 13-week course. 

Variable Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 

Group size  58 57 12 44 69 

3th Online class activity 0.47 1.12 0.33 1.84 0.25 

Assignment 1 12.63 13.03 6.00 13.00 13.32 

6th Online class activity 0.69 2.16 0.33 1.64 0.14 

Mid-term test 22.03 31.18 20.29 35.17 35.94 

Coursework’s score 

(wk.7)  

34.66 44.20 26.29 48.17 49.26 

Final examination 33.22 49.02 37.83 50.45 48.75 

At-risk student % 48.3 8.8 33.3 6.8 14.5 

 

Clusters 2, 4 and 5 of k-means clustering are identified to be not-at-risk student 

groups because students of Clusters 2 and 4 actively participated in online class activi-

ties and did the coursework well. Clusters 2 and 4 ranked the third highest and the 

second highest mean score of the completed coursework by the end of week 7 respec-

tively. Students of Cluster 5 showed the least participation in the online class activities 
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but achieved the highest mean score of the completed coursework. As a result, 91.2%, 

93.2% and 85.5% of students belonging to Clusters 2, 4 and 5 respectively (i.e. 52, 41 

and 59 students) can be correctly identified as not-at-risk students (i.e. true negative). 

Conversely, 8.8%, 6.8% and 14.5% of students assigned to these three clusters (i.e. 5, 

3 and 10 students) can be misclassified respectively (i.e. false negative).      

Clusters 4 and 5 of hierarchical clustering are identified to be the potential at-risk 

student groups based on the mean scores of input variables by the end of week 11 as 

shown in Table 4. The mean scores of 1st, 2nd, 4th, 5th, 7th – 11th online class activities 

are not shown in Table 4 for simplicity. Students assigned to Clusters 4 and 5 did not 

actively participate in the online class activities. They also obtained the second lowest 

and the lowest mean score of the completed coursework comprising two assignments, 

the mid-term test and the mini-project up to week 11 respectively. In fact, students of 

Cluster 4 did not submit Assignment 2 in week 11; some of them withdrew from their 

studies due to difficulties in handling tremendous workloads from studying 7 courses 

in a semester. Students of Clusters 4 and 5 ranked the lowest and the second lowest 

mean score in the final examination respectively. As detected to be at-risk student 

groups, 90.5% and 45.5% of students (i.e. 19 and 5 students) in these two groups can 

be correctly identified as at-risk students (i.e. true positive), representing an overall 

precision of 0.765 of the present clustering. However, 9.5% and 54.5% of students (i.e. 

2 and 6 students) who are not-at-risk students can be misclassified respectively (i.e. 

false positive). 

Table 4. Hierarchical clustering of student groups at the end of week 11 in a 13-week course. 

Variable Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 

Group size  79 51 78 21 11 

3th Online class activity 1.57 0.00 0.77 0.33 0.18 

Assignment 1 12.96 13.26 12.63 13.48 6.36 

6th Online class activity 2.06 0.02 0.87 0.81 0.00 

Mid-term test 33.19 30.84 29.97 28.52 17.64 

Mini-project 17.59 15.98 17.05 14.57 5.27 

Assignment 2 12.96 12.63 13.04 0.00 8.41 

Coursework’s score 

(wk.11)  

76.70 72.73 72.69 56.57 37.68 

Final examination 53.28 47.45 46.09 7.86 33.64 

At-risk student % 2.5 19.6 17.9 90.5 45.5 

 

Clusters 1, 2 and 3 of hierarchical clustering are tracked to be not-at-risk student 

groups because students of Clusters 1 and 3 were actively engaged in online class ac-

tivities and did the coursework well. Clusters 1 and 3 ranked the highest and the third 

highest mean score of the completed coursework by the end of week 11 respectively. 

Students of Cluster 2 had the least participation in the online class activities but 

achieved the second highest mean score of the completed coursework. As a result, 

97.5%, 80.4% and 82.1% of students belonging to Clusters 1, 2 and 3 respectively (i.e. 
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77, 41 and 64 students) can be correctly classified as not-at-risk students (i.e. true neg-

ative). Nevertheless, 2.5%, 19.6% and 17.9% of students assigned to these three clus-

ters (i.e. 2, 10 and 14 students) can still be misclassified respectively (i.e. false nega-

tive).      

Clusters 2 and 3 of k-means clustering are tracked to be the potential at-risk student 

group based on the mean scores of input variables up to the end of week 11 as shown 

in Table 5. Students belonging to Clusters 2 and 3 were not much engaged in the online 

activities. They obtained the lowest and the second lowest mean score of the completed 

coursework up to week 11 respectively. They ranked the second lowest and the lowest 

mean score in the final examination respectively, despite the fact that the final exami-

nation was not included in the clustering. As tracked to be at-risk student groups, 50% 

and 91% of students (i.e. 6 and 20 students) in these two groups can be correctly clas-

sified as at-risk students (i.e. true positive), corresponding to an overall precision of 

0.765 of the present clustering. Conversely, 50% and 9% of students (i.e. 6 and 2 stu-

dents) who are not-at-risk students can be misclassified respectively (i.e. false positive). 

Table 5. K-means clustering of student groups at the end of week 11 in a 13-week course. 

Variable Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 

Group size  71 12 22 77 58 

3th Online class activity 0.77 0.17 0.32 1.65 0.03 

Assignment 1 12.57 6.83 13.45 13.01 13.21 

6th Online class activity 0.97 0.00 0.77 2.10 0.02 

Mid-term test 29.63 17.29 28.07 33.05 31.93 

Mini-project 17.11 5.50 14.77 17.55 16.24 

Assignment 2 13.00 8.33 0.27 12.95 12.97 

Coursework’s score 

(wk.11)  

72.32 37.96 56.57 76.55 74.34 

Final examination 46.28 33.33 8.86 52.69 48.64 

At-risk student % 16.9 50.0 91.0 2.6 17.3 

 

Clusters 1, 4 and 5 of k-means clustering are classified to be not-at-risk student 

groups because students of Clusters 1 and 4 were actively engaged in online class ac-

tivities and did the coursework well. Clusters 1 and 4 ranked the third highest and the 

highest mean score of the completed coursework by the end of week 11 respectively. 

Students of Cluster 5 showed the least participation in the online class activities but 

achieved the second highest mean score of the completed coursework. Overall, 83.1%, 

97.4% and 82.7% of students belonging to Clusters 1, 4 and 5 respectively (i.e. 59, 75 

and 48 students) can be correctly classified as not-at-risk students (i.e. true negative). 

However, 16.9%, 2.6% and 17.3% of students belonging to these three clusters (i.e. 12, 

2 and 10 students) can be misclassified respectively (i.e. false negative).   

Accuracy, precision, recall and f-measure of a model are defined and calculated as 

follows:  

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (5) 
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 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (6) 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
  (7) 

 𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = 2 ∙
𝑃𝑟𝑒𝑠𝑐𝑖𝑠𝑖𝑜𝑛 ∙ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (8) 

where TP: true positive; TN: true negative; FP: false positive; FN: false negative 

The performance of the present models is further evaluated in terms of accuracy, 

precision, recall (i.e. sensitivity), and f-measure as shown in Table 6. Despite the high 

accuracy of both models, it is found that the k-means clustering has achieved the higher 

recall of 0.640 and the f-measure of 0.533 by the end of week 7. Furthermore, it has 

achieved the higher precision of 0.765, the recall of 0.520, and the f-measure of 0.619 

by the end of week 11. 

Table 6. Accuracy, precision, recall and f-measure of hierarchical clustering and k-means clus-

tering  

 Week 7 Week 11 

Hierarchical 

Clustering 

K-means 

Clustering 

Hierarchical 

Clustering 

K-means 

Clustering 

Accuracy 0.783 0.767 0.858 0.867 

Precision 0.462 0.457 0.750 0.765 

Recall 0.240 0.640 0.480 0.520 

F-measure 0.316 0.533 0.585 0.619 

5 Conclusion and Future Works  

It is concluded that the k-means clustering significantly outperforms the hierarchical 

clustering in terms of the precision, recall and f-measure at the end of week 11. It is 

found that the k-means clustering can be employed to track at-risk students with the 

recall of 0.64 and the f-measure of 0.533 for the initial intervention of their studies once 

the results of the 1st – 7th online class activities, assignment 1, and the mid-term test are 

made available at the end of week 7. 

To further confirm that the differences between clusters of the five-cluster solution 

are distinctive and significant, F statistics from one-way ANOVAs will be calculated 

to examine whether there are statistically significant differences between the five clus-

ters on each of the clustering variables such as assignments, mid-term test and online 

class activities, and each of two non-clustering variables such as coursework’s score 

and final examination. The independent variable is cluster membership, and the de-

pendent variables are the clustering variables and two non-clustering variables. The 

results will show that there are significant differences between clusters on most of these 

variables with the p-value being below 0.05. The significant F statistics provide an ev-

idence that each of the five clusters is distinctive.           
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