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Abstract:
In school education, exam scores are typically used to evaluate the performance of
teaching from teachers and learning from students. In this paper we make further use
of exam scores to improve the performance of teaching and learning by exam score
clustering. First, we describe a course with exam scores of a class of students and do
clustering of courses to find groups of relevant courses. Teachers of relevant courses
are then able to collaborate in teaching to improve the teaching performance. Second,
we describe a student with exam scores of all courses taken by this student and do a
special clustering of students. While ordinary clustering clusters similar students into
a group, we treat the distance as the similarity and therefore obtain groups of
dissimilar students. Dissimilar students are complementary in their exam scores and
they are able to study collaboratively to improve the learning. Experiments are
conducted with the students of different majors to test the proposed methods.
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1. Introduction
In school education, an exam score reflects to which degree one student grasps the

knowledge taught by a teacher in a course. It is determined by both the learning
performance of the student and the teaching performance of the teacher. Therefore
exam scores are typically used to evaluate the performance of teaching and learning.
For example, the average exam score of all students in a course is usually used to
grade the teaching performance of the teacher and the learning performance of a
student is graded by the average exam score of all courses taken by this student.
As an unsupervised learning approach, data clustering is able to find out the hidden

data structure by grouping similar data together. This approach has been used in some
works to explore more information from exam scores. In order to identify the students
who need additional tutoring, it is proposed in [1] to cluster undergraduate students
into high-score group and low-score group according to their exam scores. In [2]
students are clustered into different groups based on their exam scores and regions,
which are then used to identify their competitive edge and improve their performance.
The work in [3] clusters students into four groups with the fuzzy c-means algorithm
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based on their exam scores, and then arranges teaching and management according to
the characteristics of different groups. Some other works, e.g., [4]-[5], also make use
of clustering of exam scores to improve teaching and then the performance of students.
In reviewing previous works applying clustering to education, we find that these

works share something in common. First, students are the data to be clustered, i.e., the
outputs of clustering are groups of students. Second, students are described by their
exam scores and those with similar exam scores are clustered into the same group.
Third, based on the characteristics of groups, teachers improve their teaching or
tutoring to promote the performance of students. In the essence, these works cluster
students with similar exam scores into groups, and then improve teaching based on
these groups. While this practice has been shown to be effective in previous works,
we will show that the application of clustering in education can be extended further.

In this paper we extend the application of clustering in education in two aspects.
First, we describe a course by the exam scores of students taking this course, and do
clustering of courses to obtain groups of relevant courses. This is beneficial to
enhance the collaborative teaching among teachers of relevant courses and improve
the teaching performance. Second, we describe a student by the exam scores of
courses taken by this student, and cluster students with dissimilar exam scores into
groups. The dissimilar students in such a group are complementary in their exam
scores, and therefore they are able to study collaboratively to improve the learning
performance in all the courses and of all the students. This special clustering is
implemented by treating distance between exam scores as similarities. Our work does
clustering of both students and courses, in contrast to existing works clustering only
students. In clustering students, we cluster dissimilar students into groups, presenting
a new application of clustering in education. This special clustering also improves
learning by allowing collaborative learning among students, in contrast to previous
works improving only teaching.
In the following, Section 2 presents a brief introduction of data clustering and the

algorithm used in our work. In Section 3 we present the details in clustering courses to
obtain groups of relevant courses. The clustering of students to obtain groups of
dissimilar students is then proposed in Section 4. Finally, Section 5 concludes this
work.

2. Clustering
Data clustering is an important unsupervised machine learning approach. Based on

the distance/similarity between data items, it clusters data to groups in such a way that
data in the same group are similar and those in different groups are dissimilar. Data
clustering is able to find out the hidden structure in a set of data, and is widely used in
many fields including pattern recognition, data mining, computer vision and image
processing, etc. The k-means clustering algorithm is a simple and one of the most
popular clustering approaches. Given the number k of clusters, this algorithm selects
k data randomly as the initial cluster centers. Then the other data are assigned to the
nearest cluster centers and the initial clustering result is obtained. In the next step new
cluster centers are calculated as the mean of data in each cluster, and all the data are
assigned to the nearest cluster centers. Repeating this process until some condition is
satisfied, we obtain the final clustering result. In addition the k-means algorithms,
many clustering approaches of different types have been proposed, including density
based clustering, spectral clustering, distribution based clustering, multi-view
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clustering and subspace clustering, etc. These approaches have been shown to be
effective in dealing with various problems in data clustering.
Similar to the k-means algorithm, many clustering algorithms require the user to

specify the number of the clusters. This is not convenient in many cases, and
inappropriate number of clusters may degrade the clustering quality significantly.
While some algorithms, e.g., DBSCAN [6], are able to determine the number of
clusters automatically, they rely on other parameters, which still influence the
clustering results significantly. In this paper we use the dominant set clustering
algorithm [7], which is able to determine the number of clusters automatically and has
no other parameters. This algorithm uses the pairwise data similarity matrix as the
only input, and extracts clusters sequentially. After extracting the first cluster, we
remove the data in the first cluster from the dataset and continue to extract the next
cluster in the remaining data. We repeat this process until all the data are grouped into
clusters, and the number of clusters is determined automatically.

3. Grouping Relevant Courses
Curriculum group construction is an important direction in modern education. It

refers to finding out a group of relevant courses and improving the teaching and
learning of these courses as a whole. The courses in a curriculum group are relevant in
content, and it is expected that teachers of these courses study how to improve the
teaching of these courses collaboratively, and students are able to learn these courses
in a more comprehensive and in-depth way. In this way, curriculum group
construction is an important measure to improve teaching and learning.
Traditionally the courses in a curriculum group are selected by human experts based

on the relevance of contents among the courses. Teachers of these courses then gather
together to study the methods to improve the teaching performance of all these
relevant courses. While this practice is reasonable, it leaves some problems unsolved.
First, human experts may have different opinions on the composition of a curriculum
group. For some strongly relevant courses, most human experts will agree that they
belong to the same curriculum group. However, if the relevance among some courses
is not very strong, human experts may have different opinions on their belongings.
Second, some courses may have interdependent relationships which are not currently
identified based on the content of courses. In addition, one important aim of
curriculum group construction is to improve the learning performance of all the
courses in a curriculum group, but there is no method to evaluate to which degree this
aim is achieved.
In order to solve the problems mentioned above, we propose to cluster courses to

construct curriculum groups. As the courses in a curriculum group are relevant in
content, it is likely that a student performs similarly in all these courses. In other
words, if a student obtains a high exam score in a course, it is probable that the exam
scores of this student in other course in the same curriculum group are all high.
Motivated by this observation, we make use of the distribution of exam scores in
students to determine the courses in a curriculum group. In the first step, we describe
each course in a vector. The length of the vector equals the number of students taking
the course, and each element in the vector is the exam score of a student in the course.
As a student performs similarly in relevant courses, the exam score vectors of relevant
courses should be similar. Therefore in the next step, we do clustering of courses and
regard each cluster of courses as a curriculum group. In order to avoid the difficulty in
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determining the number of clusters, we use the dominant set clustering algorithm in
this step.
Compared with traditional methods based on the relevance in content, our

curriculum group construction method is based on the relevance in student
performance. This difference has the following benefits. First, as the exam scores are
determined only by student performance in exams, the curriculum groups from our
method are not influenced by somewhat subjective opinions of human experts.
Second, as we assume that a student performs similarly in relevant courses, our
method is helpful to find out the hidden relevance among courses. If two courses are
regarded as not relevant in content by human experts, but they are clustered into the
same curriculum group by our method, then it is possible that these two courses are
relevant implicitly. Third, our method can be used to evaluate the effect of curriculum
group construction. One aim of curriculum group construction is to improve the
teaching and learning of the courses in the group as a whole. If this aim is achieved,
students perform similarly in these courses, and our algorithm will always cluster
these courses into the same group. However, if two courses in the original curriculum
group are clustered into different groups based on exam scores after a period (e.g., one
year), then it is possible that the current collaborative teaching of these two courses
does not work, and it is necessary to explore new collaborative teaching methods. In
this way, our algorithm provides a way to evaluate the effect of curriculum group
construction.
We conduct experiments to test the effect of our algorithm in grouping relevant

courses. The exam scores of two classes of students in two different majors from an
university are used in experiments. The first class of 45 students major in computer
science and they take 19 courses in total. The second class of 32 students major in
visual communication design and they take 22 courses in total. With the first class, we
describe each course by a vector consisting of 45 exam scores, and then do clustering
to obtain the curriculum groups. In order to avoid the problem caused by
inappropriate number of clusters, we use the dominant clustering algorithm to do the
clustering. In our experiment, the 19 courses are clustered into three curriculum
groups, as shown in Table 1. In each group, we calculate the average exam score of
the relevant courses for each student, and show the results in Figure 1. It is evident
from Figure 1 there are different distributions of exam scores in the three groups.

Table 1. The courses in curriculum groups with the class majoring in Computer Science.

Group 1 Group 2 Group 3
Python Basis Software Engineering Computer Network

Programming in Advanced
Language

Application of Big Data SSM Framework

Advanced Mathematics Data Visualization Data Analysis
Python Programming Artificial Intelligence Micro-video Production
Operating System Distributed System
Web Front-end Computer Composition

JSP Network Programming Data Structure and Algorithms
Web Basis
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(a) Group 1

(b) Group 2

(c) Group 3

Figure 1. Average exam score of the relevant courses for each student majoring in Computer
Science.

In Group 1 of Table 1, we find three sets of strongly relevant courses, i.e., Python
related courses (“Python Basis” and “Python Programming”), network related courses
(“Web Front-end”, “Web Basis” and “JSP Network Programming”), programming
related courses (“Programming in Advanced Language”, “JSP Network Programming”
and “Python Programming”). In addition, the three sets of courses are also relevant.
For example, the course “Python Programming” belongs to both Python related and
programming related, and “JSP Network Programming” belongs to both programming
related and network related. As a result, not only the courses in each set, but also the
courses in all the three sets, are clustered into Group 1. This shows that our algorithm
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is really able to cluster relevant courses into curriculum groups. In addition, two other
courses “Advanced Mathematics” and “Operating System” are also clustered into
Group 1. This seems to indicate some implicit relevance between these two courses
the other courses in Group 1. On the other hand, three artificial intelligence related
courses, i.e., “Application of Big Data”, “Artificial Intelligence” and “Data Analysis”,
are clustered into two different groups, i.e., Group 2 and Group 3. This observation
shows that the collaborative teaching of these three courses is not very effective, and
more efforts are needed to improve the teaching of the three courses as a whole. We
show the results on students majoring in visual communication design in Table 2 and
Figure 2, and skip the discussions on these results as they are similar to those in
Figure 1 and Table 1.

(a) Group 1

(b) Group 2

(c) Group 3
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Figure 2. Average exam score of the relevant courses for each student majoring in Visual
Communication Design.

Table 2. The courses in curriculum groups with the class majoring in Visual Communication
Design.

Group 1 Group 2 Group 3
Orientation System Design Web Design Layout Design

Package Design Advertising Planning Design Corporate Image Design
Computer Aided Design Composition Design Printing and Production

Font Design Demonstration Design Illustration Design
Commercial Photography UI Design Poster Design
Book Decoration Design TV Script Creativity
TV Commercial Design

Sign Design
Micro-video Production
Cultural and Creative

Production Visual Design
Graphics Creativity

Our algorithm builds curriculum groups based on the relevance in student
performance, and is able to find out the relevance among courses which may not be
evident in content. Therefore we can build curriculum groups by combining our
algorithm with human expert decision, so as to utilize the relevance in both content
and student performance. Furthermore, as improving student performance is the final
aim of curriculum group construction, our algorithm based on student performance
can be used to evaluate the effect of curriculum group construction. We can build the
curriculum groups every year with our algorithm, and check if they are the same as
the original ones. If not, it is necessary to improve the collaborative teaching of
related courses.

4. Grouping Complementary Students
In existing works, clustering is usually used to cluster students into groups based on

their exam scores and possibly other features. As the students in a group have similar
performance in exams, they are regarded as of one type and share similar interests.
Therefore we call such groups as interest groups in this paper. Then specific teaching
methods are designed to each interest group of students based on the characteristics of
the group. While this mode is shown to be effective, its effect is limited to improving
teaching only. In this paper we extend the application of clustering in education, and
propose to improve learning based on clustering.
In addition to learning from teachers, students are also able to learn from other

students. For example, Student A performs unsatisfactorily in a course, but Student B
performs well in this course. In this case, Student A can learn from Student B to
improve the performance in the course. In general, for each course there are some
students performing well in the course and some students performing not satisfactorily.
We say these two parts of students are complementary in this course. In most cases,
each student performs well in some courses and performs not satisfactorily in other
courses. Motivated by these observations, we propose to build cooperation groups of
complementary students to improve the learning. The aim is that each student in the
group can help others in a part of courses and receive help from others in another part
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of courses. In other words, the students in the group are complementary in all the
courses. Therefore we call these groups as complementary groups in this paper.
Here we observe that the complement groups in our method are significantly

different from the interest groups in existing works. The students in an interest group
have similar performance in exams. If one student in an interest group performs well
in a course, then other students in the group also perform well in this course. In
contrast, students in a complementary group have different performance in exams. If
one student in a complementary group performs well in a course, there must be some
students in the group which perform unsatisfactorily in this course. In other words,
our algorithm clusters dissimilar students into complementary groups.
In ordinary clustering, similar data are clustered into the same group. However, in

our algorithm, we require dissimilar students to be in the same group. Therefore we
cannot use ordinary clustering in our approach directly. In order to solve this problem,
we treat data distance as data similarity, and use the dominant set clustering algorithm
to do the clustering. Specifically, we describe each student with a vector composing of
all the exam scores of this student. Then we calculate the Euclidean distance between
two students and obtain the pairwise distance matrix. Finally, we use the distance
matrix as the similarity matrix, and then use the dominant set algorithm to do the
clustering. In this way, our algorithm clusters dissimilar students, but not similar
students, into groups.
We use the same dataset as in Section 3 to do the experiment. With the class

majoring in Computer Science, the 45 students are described by vectors of length 19,
and they are clustered into four groups. In each group, we calculate the average exam
score of complementary students for each course, and show the results in Figure 3.

(a) Group 1
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(b) Group 2

(c) Group 3

(d) Group 4
Figure 3. Average exam score of complementary students for each course, with the class majoring

in Computer Science.

We discuss the results in Figure 3 as follows. First, for each course, the average
exam scores in the four groups are very close. The reason is that each group includes
both students performing well in a course and students performing not satisfactorily in
the course, and the average exam scores tend to be medium. Second, in all the four
groups, the average exam scores of different courses are close. This can also be
attributed to the fact that average exam scores tend to be medium. Third, the standard
deviation of exam scores are the largest in Group 1, and it continues to decrease from
Group 1 to Group 4. This means that Group 1 is composed of the best-performing and
worst performing students, and Group 2 consists of the second best-performing and
second worst-performing students, etc. This is reasonable, as the worst-performing
students need the help of best-performing students to improve the learning. Similarly,
the second worst-performing students can learn from the second best-performing
students. These results show that our method is able to build complementary student
groups, which can be used for effective collaborative learning among students. The
results with the class majoring in visual communication design are presented in Figure
4, where we arrive at similar conclusions as with the class majoring in Computer
Science.
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(a) Group 1

(b) Group 2

(c) Group 3
Figure 4. Average exam score of complementary students for each course, with the class majoring

in Visual Communication Design.

5. Conclusions
We present two clustering based methods to improve teaching and learning. First,

we describe each course with the exam scores of students taking the course, and do
clustering of courses to find groups of relevant courses. This can be used to build
curriculum group, and overcomes the shortcomings of curriculum group construction
based on human experts. The curriculum groups from our method are not influenced
by the subjective opinions of human experts, and can also be used to evaluate the
performance of collaborative teaching in the curriculum group. Second, we describe
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each student with the exam scores taking by this student, and do clustering to find
groups of complementary students. By treating data distance as data similarity, our
method clusters dissimilar and complementary students into groups. As a result, in a
complementary group, each student performing unsatisfactorily in a course is able to
receive help from at least one student performing well in this course. Meanwhile, each
student performing well in a course is able to help others in this course. This means
that our complementary groups help improve the learning in the mode of collaborative
learning. We conduct experiments with one class of students, and the results show that
our methods are effective.
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