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ABSTRACT Specialized services and management must understand students’ behavioral patterns in a timely
and accurate manner. Based on these patterns, we can make targeted rules, especially for unexpected patterns.
To perform this type of work, a questionnaire method is usually used to collect data and analyze students’
behavioral states. However, the effectiveness of this method is greatly influenced by the timeliness and
validity of the feedback data. To address this problem, we propose an unsupervised ensemble clustering
framework to use student behavioral data to discover behavioral patterns. Because the behavioral data
produced by students on campus are available in real time without intentional bias, clustering analysis
can be relatively efficient and reliable. The proposed framework extracts behavior features from the two
perspectives of statistics and entropy and then combines density-based spatial clustering of applications with
noise (DBSCAN) and k-means algorithms to discover behavioral patterns. To evaluate the performance of the
proposed framework, we carry out experiments on six types of behavioral data produced by undergraduates
in a university in Beijing and analyze the relationships between different behavioral patterns and students’
grade point averages (GPAs). The results show that the framework can not only detect anomalous behavioral
patterns but also find mainstream patterns. The findings from this research can assist student-related
departments in providing better services and management, such as psychological consulting and academic
guidance.

INDEX TERMS Specialized services and management, behavioral patterns, ensemble clustering, DBSCAN,

k-means.

I. INTRODUCTION

An important task in the education field is discovering stu-
dent behavioral patterns and taking the corresponding actions
to optimize the educational process—for example, finding
various behavioral factors that have strong correlations with
academic performance [1]-[6], analyzing student learning
behaviors to allow teachers to adjust teaching schedules
for better outcomes and to give early warnings to students
who may fail exams [7]-[10], modeling the mobility flow
of students on campus to support the reasonable allocation
of resources by administrators, detecting students’ anoma-
lous behaviors so that managers can take timely preventive
measures, and determining social networks from behavioral
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data to identify solitary students. Related studies have shown
that these measures can significantly improve the quality of
education.

To complete these studies, most researchers use a ques-
tionnaire survey method to collect data from specific stu-
dents in specific circumstances. However, the method of
collecting data has some limitations. First, it is impossible
to capture students’ current state in a timely manner with
this method because surveys are conducted on a scheduled
basis, such as one per academic year or semester. If students
with unexpected behavioral patterns cannot be identified in a
timely manner, there may be serious consequences [11]-[13].
Second, students exhibiting anomalous behaviors may delib-
erately supply false information to make them appear normal,
while normal students may not carefully fill out the survey,
so the collected data could contain noise or false information
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FIGURE 1. Framework of our study.

that bias the analysis results. Third, rich expert knowledge
is needed to design a questionnaire that can capture enough
information to comprehensively analyze students’ behavioral
patterns. These limitations make this method of data collec-
tion inefficient and costly. With the development of informa-
tion technology, various types of accurate student behavioral
data produced on campuses are stored in databases, and these
data provide a more reliable and comprehensive source for
real-time behavioral analysis.

The popular approaches adopted are based on machine
learning algorithms, which can be categorized as super-
vised, semisupervised and unsupervised methods. Supervised
approaches require labeled student data and the training of
a classification model to determine which class an unseen
student belongs to. Semisupervised approaches build a model
to learn the representative features of students who belong to
only one class. A student is marked as not belonging to the
class when the difference between his or her features and
the representative features exceeds the specified threshold.
However, labeled student data, especially that of anoma-
lous students, are not available because of privacy concerns.
Additionally, student labels keep evolving, which means any
model must be updated dynamically. These factors make
supervised and semisupervised approaches difficult to apply
in practice. In contrast, unsupervised approaches do not
require labels and fully exploit the nature of datasets to cluster
instances, so they are widely used in practical applications.

According to the above description, a promising direc-
tion for analyzing students’ behavioral patterns is the use
of unsupervised clustering algorithms to handle behavioral
data produced on campus. To meet the requirements for
specialized services and management, clustering algorithms
should not only detect anomalous behavioral patterns for
exception warnings, but also find several mainstream behav-
ioral patterns for targeted management, and they should be
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easy to use. Density-based spatial clustering of applications
with noise (DBSCAN) [14] and k-means algorithms are two
classical unsupervised clustering methods, which are widely
used in many fields. DBSCAN can automatically filter noise
out of samples and find arbitrarily shaped clusters, and thus,
it is applicable to cases where the distribution of the data
space is unknown. However, the size of the clusters generated
by DBSCAN is uneven; in extreme cases, the largest cluster
contains almost all the samples, which makes it impossi-
ble to refine the understanding of the data space. And for
k-means algorithm, it is a distance-based partition cluster-
ing method that works well for spherical data spaces in
which the number of clusters must be specified according to
the application requirements or partition metrics. However,
k-means algorithm is sensitive to the noise in samples; the
cluster centroids can be shifted toward noise, making them
less representative. By analyzing the advantages and disad-
vantages of the two algorithms, and inspired by ensemble
learning, we proposed an ensemble clustering methodology
by combining DBSCAN and k-means algorithms, which
can give full play to the advantages of the two algorithms,
overcome their shortcomings, and meet the requirements of
student management; its framework is shown in Fig. 1.

The proposed framework has four stages: data collection,
feature extraction, clustering analysis, and visualization and
evaluation. Six types of behavioral data produced on cam-
pus were collected from different information management
systems using the extract-transform-load tool. These data
are classical time series data composed of events with time
stamps. The features of every type of behavior are extracted
from the two aspects of statistics and entropy; the statistical
information represents the central tendency and dispersion
of the distribution of behavioral data, and entropy represents
the regularity of behavior. To alleviate the curse of dimen-
sionality, the features with small variance and redundant
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features should be removed. In the clustering analysis stage,
the DBSCAN algorithm is first applied to obtain initial
clustering results; if a few very large clusters contain the
vast majority of samples, then the k-means algorithm should
be further used to subdivide them. In the final clustering
results, the students that constitute noise and the students
in small clusters discovered by DBSCAN can be consid-
ered anomalous, and the large clusters represent mainstream
behavioral patterns. To evaluate the clustering results, parallel
sets [15] are used to visualize the distribution of the features
in each cluster, by which we can intuitively understand the
differences among the clusters. In addition to visualizing the
clustering results, we try to take students’ semester grade
point average (GPA) as the weak ground truth to measure
the correlation between the clustering results of different
behaviors and GPA.

Our main contributions are summarized as follows.

1) Six types of behavioral data in time series format were
collected, and the features for each type of behavior
are extracted from the perspectives of central tendency,
dispersion and entropy, which provides a more reliable
basis for the analysis of behavioral patterns.

2) An ensemble unsupervised clustering framework is
proposed by fully taking advantage of the DBSCAN
and k-means algorithms; this framework can detect
unexpected behavioral patterns and discover main-
stream behavioral patterns. The clustering results pro-
vide helpful information for specialized management.

3) GPA levels are taken as the ground truth to calculate
extrinsic metrics to measure the correlation between
different behaviors and academic performance.

The rest of this paper is organized as follows: in Section II,
we provide an overview of the related work. We then
describe the student behavioral data and privacy protection in
Section III and extract the behavioral features in Section I'V.
Next, we describe the proposed clustering framework in
Section V. Section VI shows the experimental results, and
Section VII presents a detailed discussion. Finally, we con-
clude our work and propose future work.

Il. RELATED WORK
In this section, we introduce related work from two

perspectives.

A. ANALYSIS OF STUDENT BEHAVIORAL PATTERNS

Research on student behavior can be divided into three
categories: supervised, semisupervised and unsupervised
approaches. Supervised approaches aim at analyzing behav-
ioral data to identify student labels such as academic perfor-
mance and mental health. For example, [16] extracted two
high-level behavioral features of orderliness and diligence
from students’ living behavior on campus, such as taking
showers, eating meals, and fetching water in teaching build-
ings, and used the trained algorithm to predict the ranks
of students’ semester grades. Reference [17] is an updated
version of [16]; this study designs a new behavior feature,
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sleep patterns, and applies social influence theory to build
a multitask predictive framework to predict academic per-
formance. Semisupervised approaches are usually used to
detect anomalous patterns that differ greatly from normal
patterns. Unsupervised approaches try to discover knowledge
from massive amounts of behavioral data to support decision-
making and are widely used in practice because they do
not need labeled information. For example, [18] proposed
a graph-based approach that aims to understand students’
mobility behavioral patterns on campus. This approach con-
structs a behavior graph in which the nodes are dwell points
extracted by the DBSCAN algorithm, and the edge values are
the times from one dwell point to another point. Based on
the graph, the k-core algorithm is used to recognize students’
normal behavior, and the closeness center degree is used to
detect abnormal behavior. Reference [19] proposed a kernel-
based clustering method, called the outlier preserving cluster-
ing algorithm (OPCA), to identify both major and abnormal
behaviors to completely characterize the data. To achieve
the clustering objectives of compactness and separability,
the OPCA combines the single linkage hierarchical clustering
algorithm and the fuzzy c-means algorithm to identify well-
separated clusters. The difficulty in hierarchical algorithms is
setting the optimal merge or split conditions. Reference [20]
discovers students’ consumption capability distribution by
extracting the two features of the total consumption amount
and average consumption amount via the k-means algorithm
and analyzes the relationship between behavioral features and
academic performance.

B. APPLICATION OF THE CLUSTERING ALGORITHMS

Clustering algorithms have emerged as a powerful approach
for discerning information from massive volumes of data
in many fields. These algorithms aim to partition data
into clusters according to specific metrics, where similar
objects are in the same cluster, and they can be roughly
divided into five categories: partitioning methods, hierar-
chical methods, density-based methods, grid-based methods
and model-based methods. To effectively alleviate the confu-
sion practitioners face when using clustering algorithms and
automatically recommend the most suitable algorithms for an
application, [21] conducted a survey of clustering algorithms
from both theoretical and empirical perspectives, in which
the most representative algorithms, including partitional
algorithm fuzzy c-means (FCM), hierarchical algorithm
Balanced Iterative Reducing and Clustering using Hier-
archies (BIRCH), density-based algorithm DENsity-based
CLUstEring (DENCLUE), grid-based algorithm Optimal
Grid (OptiGrid) and model-based algorithm Expectation-
Maximization (EM), were evaluated on 10 datasets via
internal and external validity metrics, stability, runtime, and
scalability. Due to the inherent property of not requiring
labels, clustering methods are widely used in various appli-
cations; for example, [22] built an unsupervised system to
capture user behavior, which partitions a similarity graph
to identify clusters and leverages iterative feature pruning
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to discover the natural hierarchy within user clusters. Refer-
ence [23] developed a trajectory clustering method in which
an edit distance algorithm is designed to measure the similar-
ity of the trajectories, and an adaptive hierarchical clustering
algorithm is applied to distinguish regular and anomalous
trajectories.

To further improve clustering quality, ensemble cluster-
ing methods [25] are applied in unsupervised learning sce-
narios, which are like ensemble methods in a supervised
learning setting. According to the combination approach of
clustering results of base learners, the ensemble clustering
can be divided into two categories. In one category, diverse
clustering results are parallelly obtained by running base
methods, in which the base methods may be the same algo-
rithm with different parameter configurations, different data
samples, or different types of algorithms. These base clusters
are then consolidated into the final cluster via a combination
function. In the other category, the base methods are applied
sequentially, and the results of the previous clustering can
serve as the knowledge for the following clustering. It has
been proven that a clustering ensemble can effectively reduce
the adverse effects of factors in the clustering process, such
as when clustering assumptions do not match the real data
structure, and randomness of initial parameter configuration.
For example, [18] and [19] integrated different clustering
algorithms to obtain better results. The BIRCH algorithm
integrates hierarchical clustering and other clustering meth-
ods, such as iterative partitioning, to cluster a large amount of
numeric data, which greatly improves the quality of hierarchi-
cal agglomeration and can be used for clustering streaming
and dynamic data. Note that clustering aims at finding the
inherent structure of data, and there is no unified objective
function to evaluate its performance, so we can design a
new clustering method to accommodate to requirements of
applications.

Ill. DATA DESCRIPTION AND PRIVACY PROTECTION

A. DATASET

The student behavioral data used in this paper include con-
sumption behavioral data, library entry data, and gateway
login behavioral data. These data were collected from dif-
ferent databases using extract-transform-load tools. Every
behavioral data category is composed of a series of records
indexed sequentially. The consumption behavior records have
four attributes: time, location, transaction amount, and trans-
action type. Although there are many types of consumption
behaviors, we collect only dining behavior and shopping
behavior because they are the main consumption behaviors
and offer a large volume of information. To further under-
stand dining behavior, it is subdivided into breakfast behav-
ior, lunch behavior and dinner behavior according to the
consumption time; the time intervals are 6:00 am to 9:00 am,
11:00 am to 2:00 pm, and 4:30 pm to 8:30 pm, respec-
tively. Entering a library is an important learning activity,
and its record contains the two attributes of time and loca-
tion. Because the dataset we used includes only one library,
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we remove the location attribute. The gateway system is a
protocol converter deployed between the Internet and the
campus local network. Students must log into it when they
want to access the Internet from the campus network, so the
gateway system can record the login time, logout time, login
location, duration of Internet access, and flow of network
traffic. In addition to the behavioral data, we collect students’
GPAs to represent their academic performance.

B. PRIVACY PROTECTION

Privacy protection is a matter of great concern to us in
the analysis process. First, in the enrollment stage, students
are asked if they would like to share their behavioral data
produced on campus to improve education quality. Second,
the student ID is encoded as a unique anonymous identifier.
Third, behavior time is transformed into an integer index.
We uniformly divide one day into 48 bins and assign a bin
an integer index starting from 1; the behavior time can be
replaced with the index of the corresponding bin. For exam-
ple, 8:10 am can be transformed into 17. Finally, the behavior
location is converted to an anonymous symbol so that we
cannot determine the specific location. After these processes,
the behavior records with the same time and location are
merged into one record. For consumption behavior, the trans-
action amounts in the merged records are added. For the
gateway login behavior, the time duration and network traffic
are added. For the library entry records, we remove duplicate
records. As a result, the dataset does not contain any personal
information, yet enough information is retained to support the
behavior clustering analysis.

IV. BEHAVIOR FEATURES

A major challenge in the clustering analysis of behavioral
patterns is the extraction of features from a large amount of
behavioral data. In this paper, we use statistics and entropy
to extract features and then select features using variance and
correlation analyses.

A. FEATURE EXTRACTION

The attributes of behavioral data can be divided into two
types: nominal and numeric. Except for behavioral location,
which is nominal, all other attributes are numeric. To express
the distribution of values of numeric attributes, we measure
its central tendency using the range, mode and mean and mea-
sure its dispersion using a five-number summary consisting
of the minimum, Q2, median, Q3, and maximum. For nom-
inal attribute behavioral location, we calculate the Shannon
entropy to measure the regularity of behavior from the spatial
dimension. Because behavioral time has been transformed
to an integer index, we also compute the entropy from the
temporal dimension. The Shannon entropy is defined as (1):

H == p(i)logp(i) (1

1

where p(i) is the probability of behavior event i occurring at
a given time or location. The smaller the entropy is, the more
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TABLE 1. Features of breakfast behavior.

No. Feature Names Description of Features

1 bf_frequency Frequency of breakfast

2 bf_Loc_entropy Shannon entropy of locations of breakfast

3 bf_Time_entropy  Shannon entropy of time of breakfast

4 bf Time_mean Average time of breakfast

5 bf Time_mode Most frequent time for breakfast

6 bf_Time_range Difference between the earliest time and
the latest time of breakfast

7 bf_Time_min Earliest time of breakfast

25% of the breakfast time values are earli-
er than this time

8 bf_Time_Q1

50% of the breakfast time values are earli-
er than this time

9 bf_Time_median

75% of the breakfast time values are earli-
er than this time

10 bf_Time_Q3

11  bf_Time_max Latest time of breakfast
12 bf Trans_mean
13 bf_Trans_mode

14 bf_Trans_range

Average transaction amount of breakfast
Mode of transaction amount of breakfast
Difference between the minimum and
maximum transaction amounts of break-
fast

15 bf_Trans_min Minimum transaction amount of breakfast

16 bf_Trans_Ql 25% of the transaction amount values of

breakfast are less than this value

50% of the transaction amount values of
breakfast are less than this value

17 bf Trans_median

18 bf_Trans_Q3 75% of the transaction amount values of

breakfast are less than this value

19  bf_Trans_max Maximum transaction amount of breakfast

20 bf_Trans_sd Standard deviation of the transaction

amount of breakfast

regular the behavior. For instance, the entropy in the time
dimension could be approximately zero if a student always
has breakfast at the same time bin. However, it is difficult to
compute the Shannon entropy for attributes with continuous
values, such as transaction amounts, durations of Internet
access and network traffic flows, so we use the standard
variance instead of the entropy to measure the stability of
these attributes. Similar to entropy, a lower variance indicates
a more stable state. In addition, we determine the frequency
to indicate how frequently every behavior occurs.

Table 1 lists the 20 extracted features of breakfast behavior.
The other three types of consumption behavior, lunch behav-
ior, dinner behavior, and shopping behavior have the same
features as breakfast behavior. Their features are prefixed
with ‘lu’, ‘di’ and ‘sp’, respectively. Because there are fewer
locations for shopping in our dataset, we ignore the entropy
of location for shopping behavior. The library entry behavior
has nine time-related features with the same meaning as those
of breakfast behavior in addition to frequency, which are pre-
fixed with ‘lib’, such as lib_frequency and lib_time_entropy.
For the gateway login behavior, we extract features for login
time, logout time, login location, duration of Internet access,
and network traffic flow attributes, which are prefixed with
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‘gw_intime’, ‘gw_outtime’, ‘gw_loc’, ‘gw_dura_acces’, and
‘ew_traf_flow’, respectively. There are a total of 38 features,
including frequency and entropy of location.

B. FEATURE SELECTION

There are dozens of features for every behavior, which can
result in the curse of dimensionality in clustering algorithms
because the distance taken by the algorithm to measure
the similarity between samples may be ineffective for high-
dimensional data. To overcome this difficulty, we select opti-
mal features by analyzing their variance and correlation.

1) VARIANCE ANALYSIS
Variance is a measure of data dispersion that indicates how
spread out a data distribution is. A feature with low variance
has values that tend to be very close to the mean, which can
provide minimal useful clustering information. Therefore,
we remove the features with low variance. The variance of
the features of consumption behavior are shown in Fig. 2.
In observing these features, we found three phenomena: (1)
The variance of all features is less than 0.1, which indicates
that there is little difference in the students’ consumption
behavior. (2) The features related to the transaction amount
have lower variance than other features. Among the four types
of consumption behaviors, the variance of the amount-related
features of breakfast behavior is close to zero, which is easy
to understand because the prices of breakfast foods are very
close. For lunch behavior, the variance of the amount-related
features is higher than that of the breakfast behavior because
there are a variety of foods available for lunch, and their
prices are more varied. Usually, the menu for dinner is the
same as that for lunch; however, the variance of the amount-
related features of dinner behavior is far lower than that of
lunch behavior, which is very interesting. (3) The frequency,
location entropy, and time-related features have relatively
high variance, so these features can be used to express dis-
tinct behavioral patterns. Fig. 3 shows the variance of the
features of library entry behavior and gateway login behav-
ior. Nine of the 11 features of library entry behavior have
variances greater than 0.03, which indicates that its behav-
ioral patterns are very different. The features that have high
variance in gateway login behavior are gw_intime_mode,
gw_intime_range, gw_intime_min and gw_outtime_mode.
We set the variance threshold to 0.02 for the selected
features, and the numbers of selected features are 10, 6, 7, 6,
9 and 4 for breakfast behavior, lunch behavior, dinner behav-
ior, shopping behavior, library entry behavior and gateway
login behavior, respectively.

2) CORRELATION ANALYSIS

A feature may be redundant if it can be derived from other
features. In this section, we use the Pearson correlation coef-
ficient to measure how strongly one feature implies another
and then remove the redundant features. The coefficient
matrix of features selected in section IV-B1 are shown in
Figs. 4 and 5, through which we can clearly understand the
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FIGURE 2. Variances of the features of (a) breakfast behavior, (b) lunch behavior, (c) dinner behavior, and (d) shopping behavior.

correlation between any two features. For example, features
bf_time_median and bf_time_mode are highly correlated with
a coefficient of 0.9, as shown in Fig. 4(a). Considering that
feature bf time_median has a lower variance than feature
bf_time_mode, 0.023 vs 0.03, we remove bf_time_median to
reduce redundancy.

In this paper, we set a correlation threshold to 0.8 to
remove redundant features with lower variance. After
the variance and correlation analysis, the reserved fea-
tures are bf frequency, bf_Loc_entropy, bf_Time_entropy,
bf_Time_mode, bf_Time_range, bf_Time_min, bf_Time_QlI,
bf _Time_Q3 and bf Time_max for breakfast behavior;
lu_frequency, Ilu_loc_entropy, Iu_time_entropy, Iu_time_
range and lu_time_min for lunch behavior; di_frequency,
di_loc_entropy, di_time_entropy, di_time_mode, di_time_
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range and di_time_Q3 for dinner behavior; sp_time_entropy,
sp_time_mode, sp_time_Q1, sp_time_median and sp_time_
Q3 for shopping behavior; lib_time_mode, lib_time_range,
lib_time_min and lib_time_max for library entry behavior;
and gw_intime_mode, gw_intime_range, gw_intime_min and
gw_outtime_mode for gateway login behavior.

V. PROPOSED CLUSTERING METHODOLOGY

Clustering algorithms are very beneficial for discovering stu-
dents’ behavioral patterns since they do not need labeled
information from students. The existing popular clustering
algorithms can be divided into three types: partitioning,
hierarchical and density-based algorithms. Partitioning algo-
rithms partition a data space into k clusters, but these algo-
rithms are sensitive to noise, and the shape of all the clusters is
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FIGURE 3. Variances of the features of (a) library entry and (b) gateway login.

convex. Hierarchical algorithms do not need k as an input and
can discover nonconvex clusters; however, it is very difficult
to define a termination condition for when to terminate the
merge or division operation for these algorithms. Density-
based algorithms can discover clusters of arbitrary shape with
two given parameters and automatically filter out noise, but
clusters of uneven size, especially very large clusters, may not
meet the requirements of student services and management.
As an effective way to improve the quality of clustering,
ensemble clustering has received extensive attention. In this
paper, we propose an ensemble clustering framework to deter-
mine student behavioral patterns. The basic idea is that frame-
work first uses the density-based algorithm DBSCAN to filter
out noise and form the initial clustering and then uses the
k-means partitioning algorithm to subdivide the large clusters
constructed by DBSCAN to obtain the final clustering result.

A. INITIAL CLUSTERING USING DBSCAN

The key idea of the DBSCAN algorithm is that the neighbor-
hood of a given radius (Eps) for each sample of a cluster must
contain at least a minimum number (MinPts) of samples. The
neighborhood of a sample p, denoted by NEs(p), is defined
by Ngps(p) = {q € Dldist(p, q) < Eps}. Given the param-
eters Eps and MinPts, DBSCAN randomly chooses a core
sample as a seed and retrieves all samples that are density-
reachable from the seed to form a cluster; the samples that
do not belong to a cluster are defined as noise. To determine
the two parameters, [14] developed a simple but effective
heuristic method. For a given MinPts, this method defines
a function mapping each sample to the distance from its
MinPts-th nearest neighbor and then sorts all the samples in
descending order of MinPts-dist value and plots them. The

7082

graph can provide some hints about the distribution of the
density. We usually plot the graphs with respect to different
MinPts, and the optimal MinPts is set to the minimum value
whose MinPts-dist graph does not significantly differ from
others. The optimal Eps can be the MinPts-dist value of the
sample at the first “valley” in the graph of optimal MinPts.

Considering that the distribution of the student behav-
ioral feature space is unknown and that there is some noise,
DBSCAN is selected to construct the initial clustering. The
noise samples and samples belonging to clusters of small size
can be considered anomalous, while the large clusters repre-
sent the mainstream behavioral patterns. However, DBSCAN
may produce a very large cluster that contains almost all the
samples, which does not meet the requirements of specialized
services and management.

B. SUBDIVISION CLUSTERING USING K-MEANS

The K-means algorithm can partition the data space into the
expected number of clusters, so it is the best complement to
DBSCAN. The very large clusters generated by DBSCAN
can be further subdivided using k-means. The elbow method
is a popular method for determining the optimal number of
clusters; this method calculates the sum of the within-cluster
variance, also called inertia, when given a number of clusters
k and then plots the curve of variance with respect to k. The
k value at the first turning point of the curve can be the
optimal number of clusters. In addition to the variance metric,
the three intrinsic metrics of the silhouette coefficient (SC),
the Calinski-Harabasz index (CHI) and the Davies-Bouldin
index (DBI), can also be calculated for plotting the curves
with respect to different k values. Better clustering results
should be obtained with a higher silhouette score, higher CHI
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FIGURE 4. Correlation coefficients between features of (a) breakfast behavior, (b) lunch behavior, (c) dinner behavior, and (d) shopping

behavior.

and lower DBI. In the subdivision process, we can simultane-
ously consider the four metrics and application requirements
to select the number of subclusters. Note that if the clustering
result of DBSCAN has met the application requirements, it is
not necessary to further carry out subdivision. After subdivi-
sion, the very large clusters of DBSCAN can be replaced with
the subdivided subclusters to obtain the final results.

VI. EXPERIMENTAL RESULTS AND ANALYSIS

The six types of behavioral data analyzed in this paper were
collected from 9024 undergraduates at a university in Beijing
during the spring of 2019. The experiments are implemented
using Python and scikit-learn libraries.

A. CLUSTERING RESULTS USING DBSCAN

To determine the parameters Eps and MinPts of DBSCAN,
we plot a MinPts-dist graph for each type of behavior, where
MinPts is set from 2 to 24. In the six graphs, the curves do

VOLUME 9, 2021

not significantly change when MinPts is greater than 8, so we
set MinPts to 8. The 8-dist graphs show that the optimal Eps
values are 0.231 for breakfast behavior, 0.14 for lunch behav-
ior, 0.175 for dinner behavior, 0.124 for shopping behavior,
0.082 for library entry behavior, and 0.09 for gateway login
behavior. The clustering results of DBSCAN with the given
values of Eps and MinPts are shown in Figs. 6 and 7, where
—1 is the label of the noise cluster, the normal clusters are
labeled with numbers starting from 0, and the number of
students in each cluster is above its bar. For example, there are
a total of 19 clusters numbered from —1 to 17 for breakfast
behavior, as shown in Fig. 6(a); noise cluster —1 contains
184 students who can be identified as those with unexpected
behavioral patterns; clusters numbered 2, 4, 12, 13, 14, 15,
16 and 17 all contain relatively few students, less than 200,
so the behavioral patterns they represent should be in the
minority; clusters 0, 1, 3,5, 6,7, 8,9, 10 and 11 all contain
relatively large numbers of students, and they can represent
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FIGURE 5. Correlation coefficients between features of (a) library entry and (b) gateway login.

students’ mainstream behavioral patterns, especially clusters
0, 1, and 3. Based on the results, student services and man-
agement departments should pay more attention to the noise
clusters and minority clusters for early warnings and provide
targeted services and management according to mainstream
patterns. Lunch behavior has similar clustering results as
breakfast behavior, as shown in Fig. 6(b). However, the clus-
tering results of the other four types of behavior are not
ideal; as shown in Fig. 6(c) and (d) and Fig. 7(a) and (b),
their clusters 0 contain more than 90% of students. Although
this phenomenon indicates that the behavioral patterns of
the majority of students are relatively similar, it is necessary
to further subdivide these clusters to understand behavioral
patterns in detail. However, there is no one threshold that can
be applied to all applications to determine which clusters need
to be subdivided. It should be specified according to specific
application requirements, here we set it to 80%.

B. SUBDIVISION RESULTS USING K-MEANS

We use k-means for subdivision because the number of clus-
ters k can be specified in advance by observing the curves of
the four metrics, as well as the management requirements and
prior knowledge. Additionally, this method can obtain more
representative behavioral patterns than direct application of
k-means to the original dataset because DBSCAN has filtered
out the noise and very small clusters.

Here, we take dinner behavior as an example to illustrate
how to determine the number of subclusters. The line charts
of the four metrics are plotted as shown in Fig. 8, where k is
set from 2 to 50. The inertia metric decreases as k increases,
as shown in Fig. 8(a), and its scope becomes smooth when k
is greater than 10, which indicates that it cannot significantly
reduce the inertia value when the dataset is divided into more
than 10 clusters, so the proposed number of clusters ranges
from 2 to 10. Fig. 8(b) shows the curve of the silhouette
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score. The proposed k values range from 2 to 6 since their
silhouette scores are higher than others. The curve of CHI is
shown in Fig. 8(c); its shape is similar to the inertia metric,
and we can take the values from 2 to 10 as the candidates
for k. The curve of DBI fluctuates considerably with respect
to k and reaches the two lowest values when k equals 6 or
10. Simultaneous consideration of the four metrics shows that
the optimal number of subclusters is six; the corresponding
metric values are highlighted using a red vertical line in these
graphs. In the same way, the optimal numbers of subclusters
for cluster 0 of shopping behavior, library entry behavior,
and gateway login behavior are determined to be six, five
and four, respectively. In practice, we can also introduce
management requirements to determine the optimal number.

The final clustering results of these four types of behav-
iors after subdividing cluster 0 with the given k are shown
in Figs. 9 and 10, in which the clusters suffixed with
‘_DBSCAN’ are noise clusters and minority clusters gener-
ated by DBSCAN, while clusters suffixed with *_KMEANS’
are the subclusters subdivided using k-means. The number of
students in each cluster is above the bar. The final result not
only retains the noise and small clusters but also subdivides
the large clusters into basically uniform subclusters.

C. VISUALIZATION OF THE CLUSTERING RESULTS

To intuitively understand the clustering results, parallel sets
are introduced to visualize them. Parallel sets are a method
for the visualization of categorical data, in which an axis
represents a behavioral feature, the boxes in the axis repre-
sent the feature value categories, and the thickness of each
curved line represents a quantity that is repeatedly subdi-
vided by category. By observing the result, we can under-
stand the distribution of the behavioral features of every
cluster and the difference between clusters. We take dinner
behavior as an example to illustrate the visualization effect,
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FIGURE 7. Initial clustering results of (a) library entry and (b) gateway login using DBSCAN.

as shown in Fig. 11. The continuous features di_frequency,
di_loc_entropy, and di_time_entropy are converted to dis-
crete ranges taken as categories. By observing the graph,
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we can find that these clusters have distinct characteristics.
For example, there are 1870 students in cluster 0_KMEANS,
the frequency of having dinner varies from 20 to 80, the time
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FIGURE 9. Final clustering results of (a) dinner behavior and (b) shopping behavior.

mode is between 5:30 pm and 6:00 pm, the Q3 of time of dinner behavior are summarized in Table 2. Students in
is between 6:30 pm to 7:30 pm, and the time entropy and cluster /_KMEANS always have dinner at the same canteen;
location entropy are very high. This result indicates that these students in cluster 2_KMFEANS stably have dinner at the
students can have dinner on time, but the location and time are regular time; students in cluster 3_KMEANS usually have
more diverse. In this way, the characteristics of the clusters dinner very late, and the time is unstable; students in cluster
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TABLE 2. Characteristics of the clusters of dinner behavior.

Cluster Frequency Location  Time Time Time Time
Entropy Entropy Mode Range Q3
0_KMEANS disperse high high moderate high high
1_KMEANS disperse low moderate moderate moderate moderate
2_KMEANS disperse moderate  low low median low
3_KMEANS disperse disperse high high high high
4_KMEANS high high high low high low
5_KMEANS disperse low low low low low

4_KMEANS often have dinner at the regular time on campus,
but the time and location are unstable; most of the students
in cluster 5_KMFEANS have dinner less often, but they have
dinner at the regular time, and the time and location of dinner
are very stable.

VIl. DISCUSSION

A. ADVANTAGES OF THE PROPOSED METHOD

As described above, the proposed method can meet the
requirements of student services and management, and it is
easy to implement. By observing the results in section VI,
it is clear that why k-means is applied after DBSCAN. And
to explain the role of DBSCAN in the proposed method,
we adopt the principal component analysis (PCA) method to
reduce the dimensionality of the behavior feature space to two
and then use a scatter chart to visualize the clustering results.
Fig. 12(a) visualizes the clustering result of dinner behavior
generated by the proposed method, in which the light blue
points represent samples in small clusters and noise clusters,
the other six bright colors represent the six sub-clusters of
cluster 0, and the red solid circles indicate the centroids of the
six sub-clusters. Note that the cumulative variance explained
by the two selected components in Fig. 12(a) is 68.6%, so they
can basically express the distribution of students in the origi-
nal space. Fig. 12(b) shows the clustering result of all samples
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of dinner behavior only using k-means, in which six colors
represent six clusters, and the blue crosses are their centroid.
In order to compare the centroid of the two clustering results,
we also plot the centroid of the six sub-clusters generated by
the proposed method in Fig. 12(b). It can be seen that there
is a deviation between the two types of centroids, which is
obvious in the purple area of Fig. 12(b). Apparently, the noise
samples make the centroid less representative. This illustrates
the importance of filtering noise using DBSCAN, which can
make the centroids of sub-clusters more representative.

B. HOW TO CLUSTER MULTISOURCE BEHAVIORS

In the previous sections, the proposed clustering method
is applied only to single-source behavioral data. We want
to determine whether this method can be used to cluster
students’ multisource behaviors as a whole. To test this,
the reserved features of six types of behaviors are concate-
nated to form 33 features of multisource behavioral data.
In section IV-A, we use the Pearson coefficient to measure
the correlation between the features of single-source behav-
ior. Here, we take the average value of the coefficient to
measure the correlation between different behaviors. The
coefficient matrix is shown in Table 3. We find that the
correlation between different behaviors is very weak; among
them, the highest value of 0.164 is between lunch behavior
and dinner behavior. Therefore, we do not remove any more
features. However, because the Euclidean distance measure
taken by DBSCAN and k-means can be ineffective on high-
dimensional data, the proposed method may not work well on
multisource behavioral data.

There are many clustering algorithms that handle high-
dimensional data. In this paper, we introduce the spec-
tral clustering algorithm [24], which projects the original
data into a low-dimension embedding of the affinity matrix
between samples and then runs a clustering algorithm such
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FIGURE 12. Subdivision results vs the clustering results of dinner behavior using only k-means.

as k-means in the low-dimensional space. The dimensionality
of the new space should be the same as the desired number
of clusters. Because the k-means algorithm is used after
dimensionality reduction, we can use the method described
in section V-B to determine the optimal number of clusters.
According to the curves of the silhouette score, CHI, and DBI
with respect to different k values, the k value is set to 3. The
clustering result is shown in Fig. 13, in which cluster 1 can
be considered anomalous and clusters 0 and 2 represent two
mainstream behavioral patterns. Because only 34.3% of the
cumulative variance is attributed to the top two components
of the PCA, the clustering result cannot be visualized via a
scatter chart.

7088

C. CORRELATION ANALYSIS BETWEEN BEHAVIORAL
PATTERNS AND ACADEMIC PERFORMANCE

Relevant studies have shown that behavioral patterns have
an important impact on academic performance. To analyze
the correlation between different behavioral patterns and aca-
demic performance, we use six metrics, the adjusted Rand
index (ARI), normalized mutual information (NMI), homo-
geneity, completeness and Fowlkes-Mallows Index (FMI),
to measure the similarity between the clustering results of
different behaviors and academic performance levels. The
upper bound of all these metrics is 1, and a higher value
indicates better similarity. Students’ academic performance
is represented by their GPA and divided into four levels. The
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TABLE 3. Pearson correlation coefficient between behaviors.

Breakfast| Lunch Dinner | Shopping| Library Gateway
behavior | behavior | behavior | behavior entry login
behavior behavior

Breakfast 0.365
behavior

Lunch 0.063 0.230
behavior
Dinner 0.063 0.164 0.391
behavior
Shopping 0.010 0.022 0.060 0.556
behavior

Library -0.005 0.081 0.057 -0.014 0.668
entry
behavior
Gateway 0.014 0.010 0.027 0.018 -0.006 0.163
login
behavior
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FIGURE 13. Clustering result of multisource behavior by spectral
clustering.

TABLE 4. The correlation between different behavioral patterns and
academic performance.

ARI AMI | Homogeneity | Completeness | V-measure | FMI
Breakfast 0.019 | 0.004 0.017 0.005 0.008 0.33
Behavior
Lunch 0.001 | 0.001 0.006 0.002 0.003 0.307
Behavior
Dinner 0.013 | 0.007 0.019 0.008 0.011 0.37
Behavior
Shopping - 0.003 0.009 0.004 0.005 0.344
Behavior 0.009
Library 0.005 | 0.003 0.011 0.004 0.006 0.375
Entry
Behavior
Gateway 0.004 | 0.004 0.014 0.005 0.008 0.357
Login
Behavior
Multisource | 0.008 | 0.015 0.019 0.015 0.017 0.541
Behavior

metric values are shown in Table 4. We find that the clustering
results of multisource behavior are more consistent with GPA
than the single behaviors and that the clustering results of
dinner behavior have a stronger correlation with GPA than
other single-source behaviors. This finding suggests that stu-
dent management departments can focus on dinner behavior
to improve students’ academic performance.
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D. COMPARISON WITH OTHER METHODS

In order to further illustrate that the proposed method can
better meet the requirements of student services and man-
agement, in this section, we select five popular algorithms
from the five clustering categories stated in II-B, namely,
partitioning algorithm K-means, density-based algorithm
DBSCAN, hierarchical algorithm BIRCH, grid-based algo-
rithm CLIQUE, and model-based algorithm EM, and use
them to cluster dinner behavioral data, shopping behavioral
data, library entry behavioral data, and gateway login behav-
ioral data. As for the related methods in II-A, because the
implementation of these methods is not available and the data
used are completely different, we do not compare the pro-
posed method with them.

BIRCH is a multiphase hierarchical clustering algorithm,
in which a feature tree (CF-tree) is used to store the cluster-
ing features and makes the clustering method effective for
incremental and dynamic data. BIRCH generally has two
phases. In the initial microclustering stage, it dynamically
builds an in-memory CF-tree that represent the data’s inherent
clustering structure. Once the CF-tree is built, any clustering
algorithm such as a typical partitioning algorithm can be
applied to cluster the leaf nodes of the CF-tree, which remove
sparse clusters as outliers and groups dense clusters into large
ones. This phase is called the macroclustering stage. CLIQUE
(CLustering In QUEst) is a simple grid-based algorithm that
finds density-based clusters in subspaces. It performs clus-
tering in two steps. In the first step, CLIQUE partitions each
dimension into nonoverlapping intervals, thereby partitioning
all data objects into cells. CLIQUE uses a density threshold
to identify dense cells and sparse ones. A cell is dense if
the number of objects belonging to it exceeds the density
threshold. In the second step, CLIQUE uses the maximal
regions to cover connected dense cells. The maximal regions
can be viewed as clusters, and the cells not belonging to any
cluster can be viewed as noise. The EM algorithm is a model-
based algorithm, which estimates the maximum likelihood
parameters of a statistical model by iteratively performing
two steps: the E step and the M step, until the clustering
cannot be improved. In the E step, each object is assigned to
the cluster based on the posterior distribution; in the M step,
the parameters are re-estimated by maximizing the likelihood
rule.

In general, finding the best clustering result is NP-Hard,
and the clustering result is sensitive to the parameters of the
clustering algorithm. In this experiment, we use SC as an
evaluation metric of clustering results and the grid search
method to find the optimal parameters for every algorithm.
The implementation is based on the pyclustering library.
Table 5 shows the clustering results of different algorithms
on different behavioral data, in which we can see the number
of clusters and the number of students in each cluster. For
example, the gateway login behavior data are divided into
14 clusters by BIRCH, and there are 2221 students in cluster
No. 0, 409 students in cluster No. 1, and so on. Usually,
it is impossible to define a general standard to determine
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TABLE 5. Clustering results of different algorithms on different
behavioral data.

Algorithms Dinner Shopping Library Entry Gateway
Behavior Behavior Behavior Login
Behavior
K-Means 0:1180, 0:1899, 0:1174, 0:3672,
1:1565, 1:693, 1:1011, 1:2147,
2:1828, 2:2395, 2:1185, 2:1011,
3:878, 3:2339, 3:967, 4:874 3:2374
4:1748, 4:1115,
5:1985 5:602
DBSCAN -1:102, 0:8823, 1:11, -1:51, -1:215,
0:9046, 1:36 | 2:162, 3:40, 0:5156, 1:4 0:7608,
47 1:503, 2:464,
3:367,4:12,
5:11, 6:13,
7:11
BIRCH 0:8422, 0:5571, 0:2046, 0:2221,
1:762 1:3472 1:3165 1:409, 2:124,
3:197, 4:6,
5:66, 6:225,
7: 1903,
8:2916, 9:1,
10:599, 11:4,
12:315,
13:218
CLIQUE 0:9183, I:1 -1:31, 0:9012 -1:167, -1:17, 0:9187
0:5047
EM 0:49, 1:3927, 0:5807, 0:4072, 0: 9204
2:5144, 3:64 1:3236 1:1139

TABLE 6. The ability to detect anomalous and mainstream patterns of
different algorithms.

Aleorith Dinner Shopping Library Gateway
gorithms Behavior Behavior Entry Login
Behavior Behavior

Anom. | Main. | Anom. | Main. | Anom. | Main. | Anom.| Main.
K-Means No Yes No Yes No Yes No Yes
DBSCAN Yes No Yes No Yes No Yes No

BIRCH No No No Yes No Yes Yes Yes
CLIQUE Yes No Yes No Yes No Yes No
EM Yes Yes No Yes No Yes No No

Proposed Yes Yes Yes Yes Yes Yes Yes Yes
Method

which clusters are anomalous and which are mainstream.
Here, if a clustering algorithm can find clusters with less than
5% of the total number of students in specific behavioral
data, we believe that the algorithm has the ability to detect
anomalous patterns for given data, and if there is no single
cluster with more than 80% of the total number of students,
we see that the algorithm can find several mainstream patterns
for better services and management. According to the defined
specific rules, the ability to detect anomalous patterns and
mainstream ones of different algorithms are shown in Table 6.
The experimental results show that the ensemble method
proposed in this paper is more stable and flexible because it
can always detect anomalies and can obtain the mainstream
patterns by manually setting the amount of clustering.

VIil. CONCLUSION
This paper proposed an ensemble unsupervised clustering
framework for the analysis of students’ behavioral patterns by
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combining DBSCAN and k-means algorithms. To evaluate
the effect of the proposed method, we collect six types of
behavioral data produced by 9024 undergraduates on campus
and extract behavioral features through the two aspects of
statistics and entropy. The experimental results demonstrate
that the proposed method can not only detect anomalous
behavioral patterns but also more precisely identify main-
stream behavioral patterns. Based on the clustering results,
student departments can adopt more targeted measures for
intervention and specialized services. At the end of the paper,
we discuss three issues: whether we can cluster the behavioral
feature space using only the k-means algorithm, the diffi-
culty of applying the proposed method to high-dimensional
multisource behavior features, and the relationship between
different behavioral patterns and academic performance lev-
els. For better clustering analysis, future work should include
the following: (1) extract more meaningful features by fully
fusing multisource behavioral data; (2) design a new distance
measure to make the proposed method effective for high-
dimensional feature spaces; and (3) further study the relation-
ship between behavioral patterns and student labels, such as
academic performance, psychological state, and employment
domain.
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