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ABSTRACT
Student behaviour should correlate to the course perfor-
mance. This paper explored different types of clustering
algorithms using the pre-midterm student behaviour data.
We found meaningful and interpretive results when clus-
tering algorithms generate three clusters. The clusters can
be briefly summarized as potential top performance (PTP)
students, potential poor performance (PPP) students, and
mixed performance (MP) students. We found that PTP
students usually submit early and gain a high score, PPP
students usually submit late and gain a low score, and MP
students usually make most submissions. MP students are
hard to cluster. However, we found a good connection be-
tween other students’ behaviour and performance if we leave
out MP students.
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1. INTRODUCTION
Students expose different learning behaviours in program-
ming courses. Several studies focused on analysing the stu-
dents’ data in order to understand student behaviours [5,
1, 14, 11]. The clustering technique was one of the com-
mon methodologies used in such studies. There are several
benefits to identifying students’ behaviours. First, groups
of students with similar academic and behaviour character-
istics would benefit from the same intervention, which can
reduce the time for instructors to identify and implement
the right intervention for individual students [12]. Second,
a better understanding of students’ misconceptions can lead
to a better support system for novice programmers and pro-
vide adaptive feedback for students [4]. Last but not least,
it is also a common technique used to predict student per-
formance [6, 20, 17].

Although clustering techniques can be a valuable tool for re-

searchers to categorize different student behaviours, several
studies only applied a single type of clustering algorithm
in their experiments [4, 15, 3, 8]. However, clustering re-
sults can be affected by the wrong choice of the clustering
algorithm, which can cause the result under the threat of va-
lidity. To address this issue, people should experiment with
multiple clustering algorithms to confirm that different clus-
tering algorithms produce similar results where the essential
characteristics of the resulting clusters are identical. Our
experiment confirms that clusters’ essential characteristics
are the same across multiple clustering algorithms, forming
further discussion foundations.

Many studies applied clustering techniques to predict stu-
dent performances [10, 7, 16]. However, the data used in
these studies generally include both the pre-midterm data
and the post-midterm data. Because of a strong correla-
tion between the midterm exam grades and the final exam
grades [2, 6, 9], which is also true for our data (Pearson
correlation of 0.81), it suggests that students who failed
the midterm are likely to fail the final exam. Therefore,
it is critical to identify at-risk students before the midterm.
Our study merged multiple clustering algorithms into a pre-
dictive model to predict students’ performance using pre-
midterm data.

This study applied the clustering techniques to students’
behaviours exposed in their pre-midterm submissions in an
auto-grading system, Marmoset [18], to categorize them into
different clusters. We applied multiple clustering techniques
and compared their results to remove any effects caused by
the wrong choice of the clustering algorithm. Then we tried
to predict students’ performance using these clustering tech-
niques. The research questions we want to ask are:

• RQ1: Are different clustering algorithms producing
different results?

• RQ2: What are the characteristics of students in dif-
ferent clusters?

• RQ3: What were the exam grades of students in dif-
ferent clusters?

We want to clarify that we want to separate RQ1 and RQ2
because RQ1 is closely related to the predictive power of the
clustering techniques, while RQ2 mainly focuses on provid-
ing better insights into the clusters.
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2. COURSE BACKGROUND
The data we used in the study is collected from an introduction-
level programming course in an R1 university in Canada.
Students were supposed to learn how to carry out opera-
tional tasks using the C and C++ languages, perform pro-
cedural and object-oriented programming, and other rele-
vant programming knowledge. The preliminary experiments
were based on the data of 130 students who attended both
the midterm and final exams in the course. Programming
knowledge was not required.

In the course, an auto-grading system, Marmoset [18], was
used. We refer to a coding/programming question in Mar-
moset as a task. A task may contain multiple tests. For
any task, a student can make multiple submissions against
it. Marmoset will automatically test it for each submission
and reveal some test results to the student. Students can
thus learn some feedback from those test results and then
improve or fix their code accordingly.

In the course, there were different types of coding questions.
i) Coding Labs: coding labs took place in the lab room.
There was exactly one assigned task for each coding lab,
which was to be completed and submitted during the lab
period (2 hours in the morning). Before the midterm exam,
the coding lab was scheduled weekly. After the midterm
exam, the coding lab was scheduled biweekly. There was
a corresponding extended deadline (the same date but in
the evening). Some students may rely on that deadline
rather than finish during the lab. ii) Homework Assign-
ments: homework assignments were assigned for students to
do at home. They were assigned during lab time. Before the
midterm, homework problems were due the following week.
After the midterm, homework problems were due approx-
imately two weeks later. In every homework assignment,
there were multiple tasks, all of which had the same dead-
line. iii) Coding Examination: there was an in-lab coding
examination during the course. It was similar to a coding
lab. However, its grade comprised a portion of the midterm
grade. An extended deadline was also allowed for the coding
examination.

3. EXPERIMENT AND RESULTS
3.1 Features
The auto-grading system Marmoset stored every student’s
submission during the course. In our study, we extracted
three features.

• passrate: for every Marmoset task, we calculated the
best score (the best number of tests passed among the
submissions) a student made before the task deadline.
Then we divide the total number of tests of that task to
form the passrate feature. Because every assignment
had multiple tasks, so for assignments, we need to sum
the tasks’ best scores to form the best score for an
assignment, and we sum tasks’ total number of tests
to form the total number of tests for an assignment.
For example, assignment 1 had 4 tasks and a total
number of 54 tests. If a student’s best submissions
of that 4 tasks passed 6, 6, 7, and 8 tests separately,
then the passrate of that student for assignment 1 will
be (6 + 6 + 7 + 8)/54 = 0.5. This process was not

Table 1: Total number of tests for different assignments and
coding labs pre-midterm, “a” stands for homework assign-
ment, “l” stands for coding lab

assignment # total tests coding lab # total tests

a1 54 l1 8
a2 85 l2 19
a3 73 l3 19
a4 87 l4 19

needed for coding labs since there was only one task in
a coding lab. Table 1 shows the total number of tests
for different assignments and coding labs.

• lastsub: we extracted the lastsub feature as how many
minutes between the last submission a student made
and the task deadline. If a student made any submis-
sion before the deadline, this feature would contain a
non-zero value. Only if a student did not submit before
the deadline can the value be zero. Note that this fea-
ture will be zero for students whose submissions met
the extended deadline but did not meet the original
deadline for coding labs.

• nsub: the nsub feature represents how many submis-
sions a student made before the task deadline for a
given task. For assignments, we summed the numbers
of submissions of tasks to form the nsub of an assign-
ment.

The features used in clustering algorithms is summarized in
Table 2.

Table 2: Features, ∗ ∈ {1, 2, 3, 4}, “a” stands for homework
assignment, “l” stands for coding lab. Only pre-midterm data
were used

feature name

a∗ passrate
a∗ lastsub
a∗ nsub
l∗ passrate
l∗ lastsub
l∗ nsub

3.2 RQ1: What are the clustering results from
different clustering algorithms given the
pre-midterm data?

For research question 1, we explored all types of the clus-
tering algorithms provided in the scikit-learn python pack-
age [13]. It includes: K-Means (KM), Affinity Propaga-
tion (AP), Spectral Clustering (SC), Hierarchical Cluster-
ing (HC), and Density-based Spatial Clustering (DBSC). We
standardize every feature by removing the mean and scal-
ing to unit variance before clustering. For a sample x, the
standard score is calculated as:

z =
x− u

s

where u is the mean of the samples and s is the standard
deviation of the samples.



We tested different options for setting the number of clusters
in different algorithms. We found that setting the number
to 3 will give us good interpretive results. In this section,
we will only compare the labelling. For the characteristics
of different clusters, we will discuss them in RQ2.

Table 3 presents the size of different clusters using differ-
ent clustering algorithms. To compare the cluster results
across different clustering algorithms, we used adjusted rand
index [19] for evaluation. Random labelling samples will
make the adjusted rand index close to 0.0, and the value
will be exactly 1.0 when the clustering results are identical.
Table 4 presents the results. Note that a cluster may be
given different labels in different clustering algorithms. We
re-numbered them according to the findings in the discussion
of RQ2.

Table 3: The size of different clusters in different clustering
algorithms

KM AP HC SC DBSC

cluster 1 62 56 48 58 32
cluster 2 59 65 75 63 89
cluster 3 9 9 7 9 9

Table 4: The adjusted rand index results (high to low)

first algorithm second algorithm adjusted rand index

KM AP 0.780665
AP SC 0.730717
KM SC 0.682500
KM HC 0.557372
HC DBSC 0.521486
HC SC 0.515544
AP HC 0.475727
AP DBSC 0.414938
SC DBSC 0.382402
KM DBSC 0.322811

From Table 3 and Table 4, we can tell the clustering results
from KM, AP, and SC are similar to each other (similar clus-
ter sizes and high adjusted rand index value). In contrast,
HC and DBSC produced different clustering results. Com-
bining KM, HC and DBSC should help reduce the effect of
an improper pick of the clustering algorithms.

3.3 RQ2: What are the characteristics of stu-
dents in different clusters?

We carefully examined students in different clusters. In-
terestingly, although the cluster results differed in the clus-
ter size and the adjusted rand index metric, we found that
students in different clusters share similar characteristics
across different clustering algorithms. We name the students
in the three clusters as: Potential-Top-Performance (PTP)
students, Potential-Poor-Performance (PPP) students, and
Mixed-Performance (MP) students.

Table 5 summarizes the characteristics of different students.

We also examined the students that were put into different
clusters from different algorithms. In general, those stu-

dents put into different clusters from different algorithms
were those whose behaviour was in the middle of PTP stu-
dents and MP students or the middle of PPP and MP stu-
dents. However, we found there were no students put into
the PTP cluster in one algorithm while being put into the
PPP cluster in another algorithm. We can tell that students
from these two clusters share no typical behaviour from any
aspect.

3.4 RQ3: What were the exam grades of stu-
dents in different clusters?

Because some students were put into different clusters from
different clustering algorithms, we consider students in the
PTP cluster only if they were put into the PTP cluster by
all clustering algorithms. Similarly, students in the PPP
cluster were only put into the PPP cluster by all clustering
algorithms. The remaining students will be MP students.

In addition to the midterm grades and final exam grades,
there was a coding examination grade, which will comprise
a portion of the midterm grade. Figure 1 shows us the re-
lation between the coding examination grades and different
clusters. Figure 2 shows us the relation between midterm
grades and final grades of different clusters.

Figure 1: The box-plot of coding examination grades. PPP
students all got zero while PTP students mostly got 100%.

From Figure 1, we can see PTP students achieved a very
high score on the coding examination, while PPP students
achieved 0% on the coding examination. The result is ex-
pected since PTP students mostly performed well on as-
signments and labs, which were programming questions. It
is reasonable that they achieved a high score on the coding
examination. In contrast, for PPP students, since they per-
formed poorly on those questions, it is not surprising that
they got a significantly low score.

From Figure 2, we can see the performances of MP students
messed up with other clusters of students. However, if we
exclude them, as shown in Figure 3, we can see the perfor-
mances of PTP students and PPP students were completely
different. The reason we set a cut off point as 50% for the
exam grades is that it is the required grades for passing a
course in the university.

It is essential to consider how many students genuinely need



Table 5: Characteristics of different clusters. Because there are multiple clustering algorithms, we calculated the medians of
students of different clustering algorithms and then combined them into ranges. The lastsub feature of the coding lab 1 was
treated separately from other labs because it was due on the second day rather than the 2-hour lab time, while lab 4 was due
to the significant time differences observed.

PTP students MP students PPP students

assignment passrate 96%− 98% 85%− 95% 34%− 66%
assignment lastsub 2− 3 days early 16− 27 hours early 2− 6 hours
assignment nsub 25− 29 26− 42 8− 21
lab 1-4 passrate 95%− 100% lab 1,4: 100%, lab 2: 52% − 74%, lab 3: 0%− 53% 0%
lab 1 lastsub 14− 16 hours early 3− 4 hours early 7− 14 minutes early
lab 2,3 lastsub 30− 58 minutes early 0− 15 minutes early 0− 2 minutes early
lab 4 lastsub 70− 77 minutes early 42− 54 minutes early 0− 2 minutes early
lab 1-4 nsub 3− 6 lab 1,2,4: 4− 6, lab 3: 1− 2 0− 4

Figure 2: Midterm Grades and Final Exam Grades (as per-
centage). The total grade for midterm was 120% because
there were bonus questions.

help from the identified PPP students. In other words, pre-
cision is important [2]. It is the higher, the better. Then
we can calculate the precision of the PPP students, which is
4/7 = 0.57 (4 students out of the total 7 PPP students were
below 50% in the midterm). Similarly, the precision of the
final grades is 1.0, since no PPP students had a final grade
above 50%. These results are promising, implying that the
clustering technique can predict student performance.

4. LIMITATIONS
The limitation of this study was that the data used in the
study was of a limited amount. We appreciate any replicate
studies to help validate the results in our study.

5. DISCUSSION
This study applied clustering techniques to pre-midterm stu-
dents’ behaviour data by using an auto-grading system, namely
how early students make their last submissions, how many
submissions they make, and the best score. We found that
different clustering algorithms label students differently and
put them into different clusters, thus providing different pre-
dictive power. However, combining k-means, hierarchical
clustering, and density-based spatial clustering algorithms

Figure 3: Midterm Grades and Final Exam Grades (as a per-
centage). The total grade for the midterm was 120% because
there were bonus questions.

should help reduce the negative effect of an improper pick.

We found that the clusters share the same characteristics
regardless of the labelling. We can summarize those clusters
as Potential Top Performance (PTP) cluster, Potential Poor
Performance (PPP) cluster, and Mixed Performance (MP)
cluster (in which students might be put into different clus-
ters from different clustering algorithms). We found that
students in PTP/PPP are generally exposing behaviours at
the extreme, and they perform well/poorly on the exams.

Better understanding the MP students is one of the future
works. For example, whether there are sub-groups within
this cluster, how to understand their learning behaviours,
and what factors might prevent them from being successful
in the course?

Although we are still at the preliminary stage, we believe
our finding allows a fair evaluation of the participation of
students in a course. Also, because our finding shows that
predicting at-risk students in advance is possible, thus cor-
rective actions to improve the final results might be imple-
mented to help people achieve a learning environment with
fairness and equity.
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