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Abstract. With the increasing use of blended learning approaches in classroom,
various kinds of technologies are incorporated to provide digital teaching and
learning resources to support students. These resources are often centralized in
learning management systems (LMSs), which also store valuable learning data
of students. The data could assist teachers in their pedagogical decision making
but they are often not well utilized. This paper proposes the use of data mining
and visualization techniques as learning analytics to provide a more comprehen‐
sive overview of students’ learning online based on log data from LMSs . The
focus of this study is the discovery of frequent navigational patterns by sequential
pattern mining techniques and the demonstration of how presentation of patterns
through hierarchical clustering and sunburst visualization could facilitate the
interpretation of patterns. The data in this paper were collected from a blended
statistics course for undergraduate students.

Keywords: Learning analytics · Blended learning · Sequential pattern mining ·
Hierarchical clustering · Navigational pattern · LMS · Moodle

1 Introduction

In Hong Kong, the integration of digital technologies to teaching and learning in a wide
range of subjects is growing rapidly. Most higher education institutions in Hong Kong
adopt Learning Management Systems (LMSs) as the digital learning environment to
support the development of novel e-Learning practices such as blended learning. Despite
successful cases showing the new pedagogical approaches are effective in enhancing
students learning (e.g. [9]), not many previous studies have fully exploited the learning
data of students from digital environment such as LMSs, which reflect the limited usage
of these data to inform teaching and learning.

Reimann et al. [18] recently summarized three reasons contributing to the limited
usage of learning data. First, large-scale assessment data available to teachers and
students are not linked to the learning processes and outcomes of students. Another
reason is that even the data reporting students learning in the system are available, the
focus of the data is often on activity tracking rather than knowledge tracking, which
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provide limited insights for teachers to identify learning problems of student. Lastly,
teachers are reported that neither do they feel themselves sufficiently qualified nor do
they possess enough time to make good use of the learning data for teaching. These
points corresponded to some major problems mentioned by Gómez-Aguilar et al. [4]
regarding the information provided by learning platforms (e.g. LMSs), which is only
available in text files format or with some basic charts in general. They are not effective
and interactive for users to understand the actual usage situation in the system. Also, the
massive amount of learning data without effective processing could lead to information
overload to users, which drives them away to make use of these valuable data. Further‐
more, advanced and pedagogically useful information such as those highlighting various
patterns of usage on the system is often not available. In sum, the high complexity of
available data and the lack of means to translate these data into comprehensible output
on current learning platforms are also part of the reasons contributing to the limited
usage reported by Reimann et al. [18].

In view of this, researchers have proposed using learning analytics based on educa‐
tional data to strengthen teaching and learning in a digital environment. Learning
analytics refer to the collection, organization, analysis and reporting of a wide range of
data produced by students in the learning context in order to generate information and
identify potential issues for prediction and pedagogical decision-making [2]. There is a
close relationship between learning analytics and data mining as different data mining
methods are also applied in learning analytics. For instance, sequential pattern mining
(SPM) is one of the most popular methods which study the temporal association between
variables, and one of its applications in education is the discovery of common action
sequences conducted by users in the online learning environment such as LMSs. The
use of data mining methods in learning analytics could better inform teachers about the
overall learning processes of students online for them to determine if any interventions
are needed, especially in the context of blended learning where a significant portion of
time is allocated for students to study online.

This paper attempts to show the use of online learning data to better inform teaching
and learning in a blended learning context. Essentially, we will demonstrate the way to
effectively discover the frequent navigational patterns through SPM and present the
results with hierarchical clustering and sunburst visualization, to show that how learning
data could be better used for learning analytics, which still sees a lack of literature
support. Results will be illustrated based on the data from a blended statistics course.

2 Previous Work

In common blended learning strategies, the provision of effective learning materials is
an indispensable component for successful learning of students. The delivery of these
materials is mostly by LMSs in current higher education institutions where students
could perform different learning tasks or activities online during their time outside
classroom. However, the behaviors of students online and their interactions with the
learning materials, peers or teachers could also contribute to our understanding of the
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learning processes involved. This is the area where learning analytics could best help in
revealing different sorts of relations in the online learning environment.

To study the navigational behavior of learners or access patterns of the resources
online, analysis could be done by statistical methods (e.g. [5, 10]). However, more often
data mining methods are adopted due to its ability to handle large amount of learning
data, such as the log files from LMSs. Sequential pattern mining (SPM), which is a
process of discovering and showing the hidden interrelationships, clusters and data
patterns within data for supporting better decision making [23], would be a suitable
approach for the investigation of access patterns. Although it is not initially designed
for educational purposes, different researches have applied it for pattern discovery in
learning data with some valuable insights offered (e.g. [7, 8, 17]). In a recent work by
Ziebarth et al. [24], their analysis of the resource usage pattern of students during the
exam preparation period in a blended learning course with SPM has discovered the
association between the patterns and grades of students in the course. Some other studies
have also used both the clustering method and sequential pattern mining on learning
data to analyze the behaviors and performance of students online. For instance, Perera
et al. [16] integrated these two methods in studying online collaborative activities to
distinguish student groups in terms of performance based on the activity patterns of
students.

On the other hand, the application of data mining in education has been criticized
for the difficulty in the interpretation of results for users due to the complexity. Therefore,
developing an effective mean to deliver the results is also vital. Visualization techniques
were commonly adopted in the delivery of data mining results to highlight the overall
trends and patterns [20]. Zhou et al. [23] further suggested that the implementation of
intuitive graphic charts, tables or diagrams could facilitate users’ understanding of the
pattern based results generated from data mining algorithms, while a possible incorpo‐
ration of interactive elements for user to explore the results is also desirable [21]. The
visual representation of analytics results is sometimes referred as visual analytics, which
uses interactive visual interfaces for systematic and analytical reasoning [4].

3 Sequential Pattern Mining

In this section, we review some technical details and introduce algorithms for SPM.
Consider a set of items such as resources on an LMS. A sequence is an ordered list

of items. It may indicate the order of which resources are accessed by a student. An item
can occur multiple times in a sequence. The number of items in a sequence is known as
its length. A sequence 𝛼 = ⟨a1 a2 … an⟩ is called a subsequence of another sequence
𝛽 = ⟨b1 b2 … bm⟩, or 𝛼 is contained in 𝛽, if there exists integers
1 ≤ j1 ≤ j2 ≤ ⋯ ≤ jn ≤ m such that a1 = bj1

, a2 = bj2
,… , an = bjn

. In other words,
the subsequence 𝛼 can be formed by removing some items from 𝛽 with the order of the
remaining items preserved. For example, the sequence ⟨a, c, d⟩ is a subsequence of the
sequence ⟨a, b, c, d, e⟩, where a, b, c, d, and e are items. Due to brevity, we do not consider
the general case where an element of a sequence can be a set of items.
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Let S be a set of sequences. We refer to the number or proportion of sequences in S
that contain a sequence 𝛼 as the support of 𝛼 in S. We denote the support as supports(𝛼)

and omit the subscript when it is clear from context.
Sequential pattern mining (SPM) aims to discover frequent subsequences among a

set of sequences. The frequent subsequences are also called sequential patterns. Specif‐
ically, given a set of sequences S and a real number 𝜉 ∈ [0, 1] as threshold, the problem
of SPM is to find all the sequences 𝛼 such that supports(𝛼) ≥ 𝜉. The threshold 𝜉 is also
known as the minimum support.

Many algorithms have been developed to mine sequential patterns efficiently. Some
of the earliest attempts, e.g. [1], are based on the well-known Apriori algorithm for
association rule mining. However, Apriori-like algorithms needs to consider an expo‐
nential number of candidate sequences in the worst case and they require repeated scan‐
ning of the data set to check the support of candidate sequences [12]. Those problems
make Apriori-like algorithms infeasible for large data sets or when the sequential
patterns are expected to be long.

PrefixSpan [14], on the other hand, avoids those problems by taking another
approach. Its main idea is to project the database of sequences into a set of smaller
databases based on a set of frequent subsequences. The frequent subsequences are then
grown and checked in the smaller projected databases separately. The projection step
and the growth step are done recursively until no more longer frequent sequences are
found. PrefixSpan has been shown empirically to be considerably faster than another
Apriori-like algorithm.

SPM may result in a large number of sequential patterns. This may lead to a long
processing time and make the mining results hard to understand. Therefore, constraints
have been imposed to limit the mining results to those more interesting to users [15].
One constraint used in our work is the gap constraint. It requires the time difference
between two items in sequential patterns to be shorter or longer than a given gap. To
support the gap constraint, along with other constraints, Hirate and Yamana [6] proposed
an algorithm based on PrefixSpan. Their algorithm was further extended by Fournier-
Viger et al. [3] to give only closed sequential patterns, meaning that those patterns
contained by another patterns with at least the same support are not included in the
output.

In the current study, we used a SPM algorithm adapted from that by Fournier-Viger
et al. [3]. The adaptions were described in [13]. The adapted algorithm allows gap
constraint to be specified and produces only closed sequential patterns.

4 Preliminary Study

In this section, the proposed methods are demonstrated through a blended statistics
course in a university. The study context is first described followed by the overall trend
in the course. Next, the discovered patterns from SPM are discussed and more detailed
explanations with regard to the hierarchical and sunburst visualization of patterns are
provided in the last two parts.
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4.1 Study Context

The blended statistics course used Moodle as the LMS and the available digital resources
on it were statistical simulations, online videos and online quizzes. These resources
focused on four fundamental topics in statistics, which were sampling distribution, the
central limit theorem, confidence interval and hypothesis testing. Two groups of under‐
graduate students enrolled in this course, with one group of 70 students who major in
Mathematics (major group) and another group of 41 students who minor in Mathematics
(minor group). The course length was 8-week long for the major group and 14-week
long for the minor group. The major and minor groups had a double and single 3-hour
lecture per week respectively, with an examination scheduled at the last week of the
course. Students were encouraged to access the resources before and after the lessons
for self-learning and knowledge consolidation. Although the course also covered other
topics in statistics in addition to the focused topics by the digital resources, students
were free to visit the platform in any period during the course. Some additional learning
activities were given by teachers on the platform with additional bonus points as incen‐
tive. The interface of the platform and the digital resources could be seen in Fig. 1.

Fig. 1. Screenshot of the learning platform and the associated resources. The platform provides
three types of digital resources, which are statistical simulations, online videos and online quizzes,
for students to learn.

4.2 Overall Trend

The general usage situation on the platform could be illustrated by the average number
of access across different time periods. Figure 2 provides an example of the overall trend
based on the major and minor group. The class for major group started 3 weeks earlier
than the minor group. The overall trend indicates that students from the major group
were more engaged than the minor group in using the resources available on the platform
outside lecture time to support their learning. The access of the platform surged rapidly
during the last few weeks of the course in both groups, mainly because these periods
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were the preparation time for the final exam during near the end of course, so students
accessed the platform more frequently for revision. Through the result in Fig. 2, we
could identify the general students’ behavior pattern over time. However, more
advanced information would be needed to further understand how students make use of
the resources online. Results from SPM could provide such information by finding and
displaying the frequent navigational patterns of students on Moodle.

Fig. 2. Overall access to the digital resources on Moodle over time. The red curve represents the
major group while the blue curve represents the minor group. The major group had a generally
higher number of accesses to the platform. Both groups demonstrated a higher number of accesses
near the end of the course.

4.3 Pattern Discovery

Before the pattern discovery process with our modified SPM, one further preprocessing
step was conducted concerning the Moodle log data. Moodle contains fine-grained infor‐
mation about the behaviors of student on the system. In the case of quiz activity, there are
different descriptions used by Moodle to record each action of students when they
complete the quizzes. If all of them are included, many trivial patterns would be gener‐
ated. In view of this, those consecutive quizzes related actions (or items) are aggregated
into a single quiz action to improve the quality of patterns for better interpretation. The log
data on Moodle of both major and minor group students were processed by the algorithm
to discover the common access patterns of resources on the platform. We used the adapted
method described in Sect. 3 for SPM. The algorithm returned 83 patterns for the major
group on the support level of 0.5, and 52 for the minor group on the same support level.
These patterns could help teachers to identify the most common patterns adopted by
students when they learned online. The results could also show what kind of resources
students prefer and the order of which these resources were used.

4.4 Visualization Based on Hierarchical Clustering

Results from SPM could be ordered in different ways, for instance according to the
support level of the mined sequences or a specific position within the sequences such as
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the first or second item. However, we propose that further grouping and visualization
of patterns with clustering technique could provide a more coherent presentation of
results. This section will first briefly explain the clustering techniques used and explain
the way to interpret the associated results, then comparison would be made with the first
and second action alphabetical sorting. The mined patterns from minor group are used
as an example for the following discussion due to space limitation.

Hierarchical clustering is chosen in the current study for the pattern grouping process.
Hierarchical clustering assumes that structure of cluster appears as nested structural level
and the results are usually visualized through a graph called dendrogram. In the consid‐
eration of distance measure, Levenshetin distance is adopted to calculate the similarity
index between pairs of sequences. The definition of Levenshetin distance is the
minimum number of operation required to transform a single sequence into the other
using insertion, deletion, or substitution of an action in a sequence [22]. Figure 3 presents
a row dendrogram based on SPM results from the minor group. Each pattern in the
vertical axis is represented by the leaf nodes, which are the right most nodes in the
diagram. Each node also represents a corresponding cluster of patterns located at the
right of it. The horizontal axis represents the distance or dissimilarity between clusters
and the horizontal position of the node shows the dissimilarity between two clusters, as
illustrated by the vertical bar. For instance, pattern 2 and pattern 5 share a high similarity,
indicated by the short distance between the two leaf nodes and their parent node.

Fig. 3. Arrangement of patterns based on hierarchical clustering visualized by a row dendrogram.
By the end of each leaf node, the pattern ID is indicated to represent the corresponding pattern on
the right. All identical actions in the results are highlighted with the same colors.

Patterns from the minor group are compared under the arrangement of hierarchical
clustering visualized by a dendrogram (Fig. 3) and first and second action alphabetical
sorting in the sequence (Fig. 4). To aid readers’ interpretation, all actions within the
patterns are colorized and the identical actions are highlighted with the same colors
across patterns. Those actions which accessed the resources within the same topic in the
course were represented by different depth levels of the same color. The result shows
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that hierarchical clustering could effectively group similar patterns together in the
presentation, especially for those patterns with a long length.

Fig. 4. Arrangement of patterns based on first and second action alphabetical sort. Using the
pattern pair 16 & 17 and pattern 2 & 5 as comparison with Fig. 3, similar patterns are not grouped
together under this sorting criterion.

For example in Fig. 3, pattern 17 with length 6 and pattern 16 with length 7 share a
high similarity with only one different action between them. The processing of hier‐
archical clustering successfully arranges these two patterns together. In contrast, they
are not put together under alphabetical sort in Fig. 4. This is because these two patterns
contain a different first action and hence even though they have a similar composition
of actions, they are not ordered close to each other. Similar situation happens to the
pattern with identical and relatively short length such as pattern 2 and pattern 5 with
length 3. They are arranged closely by hierarchical clustering but not by alphabetical
sort.

In addition, judging from the distribution of colors in the results, the arrangement
under hierarchical clustering could effectively group those patterns which focus on a
similar topic together, even though the topic information is not used in the clustering
process. For instance, actions highlighted with different color depth of blue showed they
were actions within the topic of “Confidence Interval”. Figure 3 showed that these
patterns were concentrated in the upper part of the results while Fig. 4 showed that
patterns highlighted with blue were separated under alphabetical sort.

4.5 Sunburst Visualization

The patterns discovered by the SPM algorithm have a text format output. The lack of
visual element would cause difficulties during the interpretation process of patterns and
this would not be favorable to users such as teachers, who are technically less
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sophisticated and could not afford to spend a large amount of time for analysis of the
patterns. Visual analysis was found to be effective in this situation since it allows for an
interactive exploration of the results and satisfaction of curiosity, which were both
essential to exploratory analysis [4]. Furthermore, interactivity is an important element
to the interpretation as users might spot interesting facts when the visual display changes
which drive them to manipulate the visualization or the underlying data for further
exploration of such changes [11]. Therefore, an effective visual representation of the
discovered patterns would be necessary to facilitate the pattern interpretation process.

This study adopted the D3 sunburst visualization by Rodden [19] out of different
available visualization packages for sequential data, mainly due to the interactive
elements in it and the effectiveness in presenting the results from SPM. Similar visual‐
izations were mostly designed for sites from industries such as e-commerce to under‐
stand the discovery of products by customers. The sunburst visualization was originally
designed to display the webpage navigation sequences on YouTube to study the video
discovery process of users and only focused on those sequences occurred at the start of
a user’s visit to the website. However, the navigation patterns in the current study context
are frequent sequences of visit, which may occur at different time points during user’s
visit under the specified time gap. This major definitional difference to sequence leads
to modifications in the package.

The visualization can display all sequences in a coherent manner which was concrete
and easy to understand the patterns as reported by Rodden [19]. When the pattern
discovery process was completed by the algorithm, the results could be visualized auto‐
matically. Figure 5 presents the sunburst visualization based on the results from the
major group in the current study as an example. The legend is placed on the right hand

Fig. 5. Sunburst visualization of patterns.
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side of interface and each action has its own corresponding color for easier differentia‐
tion. Using a mouse to hover any segment will highlight the entire associated pattern
and desaturate all other segment in the visualization, with the display of support value
at the center of the graph and detailed information about each action in the sequence
below the graph. The size of the color block represents the proportion of total number
of visit on that level of action. Comparing to the text-based output, the visualization
could increase the effectiveness in delivering the results of discovered patterns from the
mining process. For instance, teachers could easily find out which digital resources is
the most popular among students and all other connected resources as revealed by the
mined sequences. The graphical and interactive output also allows them to explore the
results with higher flexibility and reduces the possible anxiety induced when facing a
large quantity of information regarding the patterns. The sunburst visualization could
make the analysis of navigational patterns easier to approach and use. More teachers
could therefore be benefited to gain a more concrete understanding on the learning
processes of students online.

5 Conclusion

This paper uses SPM to discover the navigational patterns of students on LMSs and
presents the results through hierarchical clustering and sunburst visualization. The
results are transformed into a more interactive and interpretable format for learning
analytics, which aims to lower the difficulties in understanding the patterns for end users
such as teachers. We hope that this paper could address the issues raised by Reimann
et al. [18] and Gómez-Aguilar et al. [4] and promote further usage of learning data in a
digital environment such as on LMSs, which contains valuable information of students
which could facilitate the pedagogical decision making of teachers, especially with the
prevalence of blended learning approach in instruction.
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