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ABSTRACT
Learning is challenging, especially in the self-paced online learning environment. Not all students start
online learning with the skills to manage their learning plans, balance work-study, and find learning
resources. Therefore, as an online educational institution, providing learner support services is essential
to improving learning outcomes and student satisfaction. Existing studies have analyzed the impact of
learner support services on student satisfaction, learning outcomes, and course retention. However, the
relationship between these services and student engagement in the long-term learning process has not been
fully examined. To address this issue, this paper investigates students’ usage of two online learner support
(OLS) services and its impact on student engagement. We examined four student groups categorized by
their usage of two OLS services and analyzed student engagement with an online course using learning log
data and visual analytics techniques. The findings indicate that the use of services and how many times the
services are used are highly relevant to the pattern and level of student engagement, which suggests that the
use of OLS services can be added to the indicators that reflect student learning status.

INDEX TERMS Learner support, online distance education, student engagement, visual analysis

I. INTRODUCTION

THE popularity of online education gives learners the op-
portunity to access global quality educational resources

to improve their knowledge and skills, which also requires
learners to face new challenges that are different from on-
campus learning [6], [12], [40]. Due to the lack of face-to-
face communication with course instructors, online learners
are expected to plan their learning program, set the schedule
for study, and balance their studies and daily work alone.
Accordingly, learning at a distance requires a high level
of motivation, multitasking coordination, and the ability to
study independently [13]. Obviously, not all students have
these skills when they start learning online. Therefore, on-
line learning institutions have the responsibility to provide
learner support services and corresponding resources to help
students develop their skills and adapt to online learning and
lay the foundation for learning success [4].

The importance of learner support services on students’

satisfaction, motivation, engagement, retention, and success
has been emphasized in specialized literature [4], [6], [12],
[40]. As defined in [13], learner support services include
the library, advising and counseling, academic skill assess-
ment and development, community development, peer-to-
peer support, and administrative services, which support the
learning process but do not include direct subject teaching.
Ideally, learner support services can be provided by instruc-
tors or teaching assistants to achieve better satisfaction and
effectiveness. Existing studies have found that timely feed-
back and response from instructors were rated the highest
support strategies, and novice online students may require
more support and guidance from instructors [14], [15].

However, in large-scale online learning, the number of
instructors and their available time for supporting learners
is limited. Therefore, a variety of online learner support
(OLS) services has been introduced to help students solve
various problems from different aspects, such as a guid-

VOLUME 4, 2016 1



ance section in online forums [21], instant messaging [35],
chatbots [26], visual aids [19], and recommended learning
strategies [9]. Through the learning guidance and course
assistance provided by these support services, online learners
may have a better learning experience and learning outcomes
to achieve their learning goals. To the best of our knowledge,
previous studies on learner support mainly focus on learner
characteristics, satisfaction surveys, assessment of needs, and
guidance for learner support practice, while the impact of the
usage of learner support services on the student engagement
of long-term learning process has not been examined. To fill
this gap, we use visual analytics methods to explore the log
data collected from the learning management system (LMS)
of our online distance education (ODE) school to analyze the
impact of two learning support services, namely, assistance
messenger (AM) and weekly guidance (WG), on student
engagement throughout a semester.

To better understand how these two services affect student
engagement, we address the following research questions:

• RQ1: How frequently do students use OLS services in
a semester?

• RQ2: Do students who use the OLS services show a
higher level of course engagement?

• RQ3: Are there different patterns of course engagement
among students regarding the usage of OLS services?

Section 2 presents a discussion of the state-of-the-art in
OLS and student engagement, and a visual analysis of online
learning. Section 3 further identifies the characteristics of
the two OLS services provided in the LMS of the ODE
school and the dataset used in this study. Section 4 describes
the measurements for student engagement and data analysis
procedure. Section 5 presents the findings to answer the
research questions presented above. Section 6 discusses the
results and findings. Section 7 summarizes our research and
describes future work.

II. RELATED WORK
In this section, we first summarize recent works on OLS ser-
vices. Then, we review the literature that is related to student
engagement in the online learning environment. Finally, we
discuss the use of visual analytics to mine student behavior
patterns and discuss how our work extends existing research.

A. ONLINE LEARNER SUPPORT
To help online learners persist in their studies and meet
their learning goals, the research related to learner support
mainly focuses on the following three categories: theoretical
insights, evaluation of learner support services, and guidance
for learner support practice [13]. Since our study focuses
on the impact of OLS services on student engagement, the
following paragraphs mainly summarize the recent research
on the evaluation of learner support services.

The research on the effectiveness of learner support ser-
vices in an online learning environment confirms the role of
various learner support services in promoting student per-
formance and satisfaction. Many studies have analyzed the

impact of support services on learning outcomes in terms of
course content [17], [18], online forums [20], [21], chatbots
[3], [25], [26], and learning strategies [9]–[11]. For example,
Thistoll and Yates [23] suggested that helpful tutors and clear
learning materials are essential factors for improving student
engagement and course completion rates during the learn-
ing process in ODE. Gregori et al. [6] investigated learner
support strategies that enable the success and completion of
MOOCs and suggested that course designers should focus on
their students during the second quartile of the course. Briton
et al. [27] studied the discussion behaviors in online forums
and found that the teaching staff’s participation is positively
correlated with a higher volume of discussion. Joksimović
et al. [16] found that the time spent communicating with
instructors has a significant, although negative, effect on the
students’ grades in core courses, which suggests a need for
increased instructional support by those students who have
difficulty with course materials. Martin et al. [14] suggested
that instructor support and guidance are critical for students
to gain the maximum benefits from student reflections.

In addition to learning outcomes, course retention and at-
trition have also been examined. Due to the self-paced, asyn-
chronous properties of online learning, students must balance
their study with other responsibilities to avoid dropout. In
response, institutions should take an approach to support
them. One common approach to improving retention is to use
post hoc surveys to identify reasons for providing early antic-
ipatory guidance to new students [8]. For example, Willging
and Johnson [7] developed an online survey to investigate the
reasons for leaving an online program. They identified a lack
of interaction with the instructor and not enough support from
technical staff as the program-related and technology-related
reasons of dropping out of an online program .

Another approach to improving retention is to develop
predictive models that consider learner demographics [7],
course and institutional variables [16], and learning behaviors
[6], [24] to forecast retention or attrition with the aid of
statistical models and machine learning techniques. With
the support of these models, instructors and institutions can
better identify the factors that affect student dropouts and
provide corresponding learner support in a timely manner.
For instance, Gregori et al. [6] used an extreme learning
machine based on a neural network to predict course com-
pletion to help instructors identify the determinants of course
completion. Gardner and Brooks [28] proposed using the
Friedman and Nemenyi two-stage procedure to evaluate the
performance of features and models to choose an effective
model for predicting dropout in the full population of learners
in a course.

These studies provide valuable solutions and examples for
building effective learner support services in the ODE school.
However, due to differences in course content, students,
and learning processes, existing support services on other
platforms must be modified for adapting to our environment,
and the effectiveness of the adjusted services still needs to be
further verified.
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B. STUDENT ENGAGEMENT IN AN ONLINE LEARNING
ENVIRONMENT
Previous studies have typically identified student engage-
ment as a multidimensional construct, such as behavioral en-
gagement, emotional engagement, and cognitive engagement
[37]. In this paper, we focus on behavioral engagement in
the LMS. To measure student engagement in online learning
environments, many indicators have been proposed from
various perspectives.

The most commonly used indicators for measuring student
engagement are based on student interactions with functions
and resources in the LMS, including the number of accesses
to resources [38], the time spent on tasks or resources [24],
and the days spent on learning [39]. For instance, Guo et
al. [17] used the time that a student spends on a video
and whether a student attempts the follow-up problem after
watching a video as the proxy for engagement. Van der Sluis
et al. [30] used the time students spent viewing videos and
how much of the video they actually viewed to measure
students’ interaction with course videos. Bote-Lorenzo and
Gómez-Sánchez [31] defined 16 indicators to measure stu-
dent engagement in each chapter of an online course, such as
the percentage of lecture videos totally or partially watched,
the percentage of finger exercises answered, and the per-
centage of assignments submitted. Li and Tsai [24] analyzed
14 indicators related to time spent on educational resources
and found that the students’ engagement with course videos
shows great variety and can be clustered into three patterns.
Singh et al. [29] proposed a content engagement score to
measure the engagement experienced by the students towards
a specific content, which consists of cognitive, emotional,
and behavioral engagements using a comprehensive set of
user activities.

These studies have provided a variety of indicators for
measuring student engagement. In this study, we plan to
extend the indicators related to viewing course videos to
describe video utilization as part of student engagement.

C. VISUAL ANALYSIS IN ONLINE LEARNING
Previous research has successfully applied many statistical
tools and machine learning methods to the analysis of OLS
and student engagement, including logistic regression [8],
[11], naive Bayes [27], support vector machines [31], neural
network [6], k-means clustering [24], [38] and ensembles
[39]. With these tools and methods, the patterns of learning
activities can be revealed for the instructors and institutions
to identify factors that influence student engagement.

However, these findings are usually presented in numbers
and tables, which makes it difficult to show the results in
a way such that both students and instructors can obtain an
intuitive impression and conduct further interactive analysis,
especially when the result involves many factors of multiple
perspectives. To address this issue, a new trend in data
science applies visualization technologies throughout the
analysis process, from data exploration to presenting analysis
results to users.

Using visual aids, such as charts [45] and visual badges
[47], can better support students in their learning process.
For example, Ilves et al. [45] used radar charts to support
self-regulated learning and found that the lowest-performing
students can benefit from this visualization. Ishizue et al. [46]
presented a program visualization tool called PlayVisualiz-
erC for novice C language programmers to learn the concept
of memory management. Auvinen et al. [47] found that
visual achievement badges can also have a positive impact
on students’ online study practice.

Additionally, instructors can use visual analytical tools
to explore student engagement. For example, Coffrin et al.
[41] proposed a state transition diagram to help instructors
analyze student group movement between categories of en-
gagement states. Chen et al. [42] developed a visualization
tool called PeakVizor to investigate viewing patterns in click-
stream data. Xia and Wilson [43] developed a comparative
heatmap tool that enables instructors to explore and compare
student video engagement. Fu et al. [44] developed a visual
analytics tool, iForum, to examine the topic change patterns
in online forums. These works apply a variety of visualiza-
tion and interactive techniques in presenting and analyzing
students’ online learning activities. With the support of these
tools, instructors can clearly and intuitively identify the pat-
terns behind the data to provide better support for students.

In summary, although the existing research has studied the
influence of various learner support services on student per-
formance, retention, and course completion in many aspects,
the influence of students’ use of learner support services on
their engagement with the LMS in the long-term learning
process is still unclear. Inspired by these works, we plan to
apply visualization techniques to explore the use of learner
support services in large-scale online learning and its impact
on the patterns of student engagement.

III. THE CONTEXT OF THIS STUDY
A. THE ODE LEARNING PROCESS
The entire ODE learning process, i.e., from entry to gradu-
ation, is similar to the online undergraduate programs pro-
vided by distance learning universities, such as the Open
University in UK and the Athabasca University in Canada.
Unlike popular online learning programs such as Coursera,
edX, FutureLearn, Khan Academy and other MOOCs that
provide training courses for specific skills or knowledge to
any learners, ODE provides a long-term online academic
program that includes a curriculum with references to the
same majors of full-time colleges.

In our ODE school, according to the requirements of the
curriculum of each major, students must take approximately
25 courses totaling 750 hours of courseware videos in at least
4 semesters over 2 years. Take computer science major as an
example. There are 22 courses in this major, and each student
studies 5-6 course per semester. In the first semester, students
mainly study public basic courses, including 4 public foun-
dation courses (distance learning 101, English, computing
basics, and philosophy) and 2 major foundation courses
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(b)(a)
When can I register?
After the entrance exam, working hours 
on weekdays 8:00-11:30, 14:00-17:00. ....

Hello, I am the AI chatbot, may I help you?

forum posts

videos

mobile app

Student: 
AI Chatbot:

AI Chatbot:

Weekly Guidance

Assistance Messenger

FIGURE 1. The screenshot of online learning support services in our LMS. (a) The AM service. (b) The WG service.

(network basics and programming language); In the second
semester, there are 5 major foundation courses (e.g., data
structure and discrete mathematics); In the third semester,
there are 3 major foundation courses and 3 core courses
(e.g., fundamentals of compiling and database theory); In
the fourth semester, there are 5 major core courses (e.g.,
operating system and software engineering), and student may
begin the graduation project in this semester.

To provide this long-term online learning, the ODE school
has built the LMS that consists of many educational func-
tions, such as video viewing, textbook reading, virtual ex-
periments, online forums and exams. Moreover, various ed-
ucational resources are also provided on the LMS platform,
including courseware videos and reading materials, such as
lecture notes and slides.

B. THE OLS SERVICES IN THE ODE SCHOOL
From the perspective of student perception, using a variety
of functions in the LMS and learning such a large amount
of materials offers the opportunity to master new knowledge
and skills and new challenges, such as setting their study
schedule and finding learning resources. Some experienced
students can manage their learning on their own, but most
students are not successful in the beginning.

To help all students cope with these challenges and achieve
academic success, ODE schools have provided a variety of
offline learner support services, including novice guidance
videos, technical assistance hotline, and student manuals.
These services, especially those with instructors involved, are
highly rated by students and have contributed to their online
learning process. However, these common learner support
services can solve only general problems, such as LMS
operations and technical failures. In addition, the instructors’
available time is limited, and instructors cannot respond to
requests all day.

Therefore, ODE school developed customized OLS ser-
vices based on web technologies to further help students
obtain help from instructors and faculty. Since these services
are not compulsory in the normal learning process, they are
designed as separate systems and embedded in the course
page of LMS as a widget link. Students can decide whether
to use according to their own progress. These OLS services
consist of two parts: the AM service and the WG service.

The AM service is a web-based instant messaging tool
that allows sending text messages, pictures, videos and audio
files within the LMS. As shown in Figure 1(a), students can
use this service to directly contact teaching assistants, techni-
cians, or faculty during working hours to obtain support with
studies, exams, systems or school events. Moreover, at times
other than working hours, the AM service can also answer
some common questions through a conversational chatbot,
which is trained on the dataset of Q&A history.

The WG service is regularly released multimedia material
for each course (usually 5 to 7 days depending on the course),
which is edited by course instructors and teaching assistants.
In each issue, they summarize the questions and answers
recently raised by students, explain the difficulties in the
exercises, and recommend various resources related to course
learning, such as reading materials, thinking questions, au-
dios, videos, and software. Figure 1(b) shows its location
on the course page and a typical issue. Although some of
the content of this service is similar to the discussions in
the online forum, this service is still unique because of the
following two characteristics: First, based on the feedback of
the students and the current course progress in the teaching
plan, instructors and teaching assistants dynamically adjust
the content of each issue, which includes the course resources
and the final exam focus, the schedule of offline Q&A, and
career-related content. Second, due to the large number of
students in each course, the flood of threads and topics often
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TABLE 1. List of the datasets and related attributes.

Learner Log Data
Student ID Student identifier in the LMS
Timestamp The time when student access a function
Function ID Video player, forum, exam, AM and WG services, etc.
Course ID The course identifier
Operation Play video, post message, submit homework etc.
Courseware Resource identifier
Viewing timea Time spent on viewing video, in seconds
Course Data
Course ID Course identifier
Video Count Number of videos in a course
Video List List of the videos in a course
Courseware Video Data
Video ID Video identifier
Duration Length of a video, in seconds
a The viewing time is measured by the JavaScript program on the
browser side when viewing videos.

overwhelm the information posted by instructors. Using this
summative material and a separate link to this service page
on the course cover can help students save time in finding
and reading materials.

Although the technologies and forms that both the AM
and WG services rely on have been used in other fields,
such as social networks and online media (e.g., WhatsApp
and Facebook), these features are not commonly used in
ODE platforms, and the impact of these services on student
engagement has not yet been analyzed. In addition, compared
to common learner support services, the AM and WG ser-
vices require more computing resources and more instructor
involvement; thus, how these services are used is also a
concern of ODE schools.

C. DATASET
The present study analyzed a dataset collected from our
LMS, which consists of learner log data, course data and
video data. Table 1 summarizes the types and main attri-
butions of the dataset. The learner log data were recorded
by the LMS platform and saved in the database for eval-
uating students’ learning processes and research purposes.
The raw learner log data contain many attributes, and some
attributes are irrelevant to this study (e.g., browser type,
and operation system). Thus, we developed a preprocessing
program to remove irrelevant attributes and reserve those
attributes listed in Table 1 for further analysis. To protect
student privacy, no personal identification information was
included in the log file. In addition, we collected the course
data and detailed video information related to each course
from the LMS. These two data were used in our indicators to
measure student engagement. The details of these indicators
are described in the next section.

The datasets used in this study were collected from the
undergraduate program in the ODE school, which ran from
2015 to 2018, with a total of 4 or 5 semesters. In 2015, 14,939
students were enrolled in this program, and 10,529 of them
were included in this study. The remaining 4,410 students
were excluded due to different learning environments. For

TABLE 2. The indicators for measuring student engagement.

The number of interactions
SLCount Total count of student-LMS interactions for a student, includ-

ing login system, check calendar, manage profile, manage
notification, etc.

SCCount Total count of student-content interactions for a student,
including view video, read material, listen audios, etc.

SSCount Total count of student-student interactions for a student,
including

The time of online study
ODays The number of days a student is online
VTime Time spent on viewing courseware videos
The utilization of learning resources
AR The attendance rate measures the ratio of the number of

viewed videos to the total number of videos by a student.
Multiple watching of same video is regarded only once.

UR The utilization rate measures the ratio of the total time spent
by a student viewing videos to the total duration of all videos
in a course. Unlike AR, the duration of repeatedly watching
same video is cumulative.

example, in some rural areas of the less-developed western
regions, due to insufficient network bandwidth, ODE school
provided course video DVDs and other materials for these
students. We could neither collect their log data nor analyze
their learning process.

In the first semester of this program, all students of each
major must take approximately 6 courses and pass the course
exams to earn credits, which include 4 public foundation
courses (i.e., distance learning 101, English, computing ba-
sics, and philosophy) and 2 major foundation courses (e.g.,
network basics and programming language in the computer
science major). Although there are various differences in
each major, the public foundation courses are required for all
majors. Therefore, we chose the English course and related
log records for analysis. After preprocessing, the dataset
included 14,025,342 rows of log records and 118 rows of
video records.

IV. METHOD
In this section, we describe the measures used in the study
and the analysis process performed on the collected datasets.

A. MEASUREMENTS
As discussed in Section 2.1, many indicators have been
proposed in previous studies to measure student engagement.
With reference to existing studies, we use the following three
types of indicators as a proxy of student engagement: the
number of interactions, the time of online study, and the
utilization of video resources. The details are as follows.

The number of interactions. We counted three types of in-
teractions to describe the students’ online activities: student-
LMS system (SLCount), student-content (SCCount), and
student-student (SSCount) [6], [16]. These indicators were
measured by counting the number of operations in the learner
log data.

The time of online study. Research usually focuses on the
time students spend on various activities, such as session time
and task time. In this study, we measure the following two
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indicators to describe the time that students spend on online
learning: online days (ODays) and viewing time (VTime).
Since the learning time of a semester in an ODE program
is much longer than common online courses (20+ weeks vs.
4-8 weeks), we use the number of days of online learning
to measure the overall level of course engagement, which
has been used and validated in many studies [24], [28], [39].
Moreover, watching courseware videos is the main activity
of online learning in the ODE school, and the length of
watched courseware videos is also measured to reflect the
course engagement [16].

The utilization of video resources. Although there are
various types of learning resources available on the LMS
(e.g., courseware videos and textbooks), video is the most
important resource since most knowledge is taught through
video, and students spend most of their online time viewing
courseware videos. As a result, we use the following two in-
dicators of video utilization to measure student engagement:
attendance rate (AR) and utilization rate (UR). For example,
if a course has 10 videos and each one is 60 minutes long,
and a student repeatedly watches the same video 5 times
for 30 minutes each time, then, the student’s course AR is
1/10 = 0.1 and UR is (5×30)/(10×60) = 0.25. These two
indicators combine the number and duration of course videos
to eliminate the differences between courses; thus, they are
also suitable for comparing the learning progress between
different courses.

Pre-analysis data exploration included plots of probability
density function and the cumulative distribution function of
each indicator. These plots showed a long-tailed distribution
in the count indicators (i.e., SLCount, SCount, and SSCount),
which indicates that most students have a small amount
of interactions, while a small number of students have a
large number of interactions. In order to remove most of the
nonlinearity, we applied a log transformation to each count
indicators. These log-transformed indicators were used in the
following models, while their original forms were used for
visualization to facilitate interpretation.

In addition to the above indicators for measuring student
engagement, we also count the number of AM and WG ser-
vices used by each student during the semester for subsequent
analysis.

B. DATA ANALYSIS
Using a program written in Python, we collected learner log
data, course data and video data from the LMS and saved
the preprocessed data into a MySQL database. To analyze
the data, we first divided students into four groups according
to their use of AM and WG services. Then, we used SQL
and Python scripts to calculate the indicators listed in Table 2
to measure student engagement during the whole semester
and the usage of AM and WG services. Next, correlation
analysis was performed to explore the relationships between
the use of AM and WG services and student engagement.
Finally, a clustering analysis was conducted based on the t-
distributed stochastic neighbor embedding (t-SNE) algorithm

FIGURE 2. The proportion of students using AM and WG services.

TABLE 3. The number of using AM and WG services per student.

Usage of OLS Services (Median (25%, 75%))
Service AM Group WG Group AM+WG Group
The AM Service 1 (1, 1) N/A 1 (1, 2)
The CG Service N/A 12 (6, 20) 15 (9, 24)

[32] and DBSCAN algorithm [49] using the Python scikit-
learn library [36], which generated five clusters.

The t-SNE is a nonlinear dimensionality reduction algo-
rithm in the field of machine learning that transforms the
points in a high-dimensional space to a lower-dimensional
space, typically the 2D plane. The t-SNE algorithm is sensi-
tive to the local structure in the high-dimensional data and has
advantages in revealing the structures, manifolds or clusters,
which makes it suitable for exploring the patterns of high-
dimensional data [32], [33]. In this study, we used t-SNE
to embed the 7-dimensional engagement representation of
each student (i.e., the 7 indicators listed in Table 2) in a 2D
map for both visualization and analysis purposes. Due to the
tunable parameters and slow initialization of t-SNE, we first
ran the combinations of multiple sets of parameters in parallel
to select the appropriate parameter values (e.g., perplexity,
learning rate, and the number of iterations) using the Barnes-
Hut approximation [34], [48]. Then, we used the DBSCAN
algorithm as an exploratory approach to obtain the number
of student engagement clusters based on the density of points
on the 2D map.

The low-dimensional representation of student engage-
ment generated by t-SNE reflects the probability distribution
over pairs of high-dimensional objects; thus, the students
with similar patterns of course engagement were placed
closer, and the different clusters may indicate different pat-
terns of engagement. Due to the randomness of t-SNE algo-
rithm initialization, the low-dimensional representation is not
the same every run, but the number and relative positions of
the clusters are similar to the same parameters.

To compare the student engagement of the four groups and
the five clusters, group comparison methods were conducted.
Before analysis, the variables were checked for normal distri-
bution and homogeneity of variance. As assessed by Shapiro-
Wilk’s test (p < 0.01), all variables violated the assumption
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Usage of WG service

Usage of AM service (a)

(b)

Exam Season

FIGURE 3. The weekly usage of (a) the AM service, and (b) the WG service.

of normality. To address these violations and for the sake of
consistency, Kruskal-Wallis nonparametric tests were used.
Since the Kruskal-Wallis tests were statistically significant,
post hoc analyses were performed using Mann-Whitney U
nonparametric tests.

V. ANALYSIS AND RESULTS
This section presents the results for answering the three
research questions in the same order as the questions posed.

A. USAGE OF AM AND WG SERVICES
• Non-OLS Group. Students who did not use any OLS

service (2,271 students, 21.5 percent).
• AM Group: Students who used only the AM service

(94 students, 0.9 percent).
• WG Group: Students who used only the WG service

(5,804 students, 55.1 percent).
• AM+WG Group: Students who used both AM and WG

services (2,361 students, 22.4 percent).

The descriptive statistics (median, 25th and 75th per-
centile) on the usage of the OLS services during the semester
are listed in Table 3. Overall, the students in the AM+WG
group used both services more often than the other two
groups. In addition, half of the students in both the AM group
and AM+WG group used the AM service only once.

Figure 3 shows the statistics on the usage of the AM and
WG services over the whole semester. In general, the use
of the AM service (blue bars) was much less than the WG
service (yellow bars). In the first few weeks of the semester,
both AM and WG services were rarely used. Then, the use
of both services increased significantly in the middle of the
semester and reached the highest value in week 13. After the

TABLE 4. Descriptive statistics and correlation analysis (N=8,259).

SL SC SS OD VT AR UR
SLCount -
SCCount 0.77∗∗ -
SSCount 0.40∗∗ 0.32∗∗ -
ODays 0.86∗∗ 0.78∗∗ 0.34∗∗ -
VTime 0.40∗∗ 0.57∗∗ 0.12∗∗ 0.40∗∗ -
AR 0.69∗∗ 0.77∗∗ 0.25∗∗ 0.76∗∗ 0.70∗∗ -
UR 0.65∗∗ 0.75∗∗ 0.23∗∗ 0.71∗∗ 0.91∗∗ 0.84∗∗ -
NOLS 0.41∗∗ 0.34∗∗ 0.33∗∗ 0.37∗∗ 0.09∗∗ 0.23∗∗ 0.22∗∗

NOLS≤30 0.34
∗∗ 0.27∗∗ 0.28∗∗ 0.31∗∗ 0.08∗∗ 0.20∗∗ 0.19∗∗

NOLS>30 0.13
∗∗ 0.09∗∗ 0.03 0.04 −0.03 −0.00 0.00

Median 76 362 1 22 5.2 0.122 0.087
25% 44 193 0 13 1.8 0.033 0.017
75% 123 613 7 35 9.6 0.237 0.186
Note: * p < 0.05; ** p < 0.01
NOLS : Number of OLS services used by a student

TABLE 5. The results of Kruskal-Wallis tests.

Indicator 4 Groups 5 Clusters 5 Clusters and 2 Subs
SLCount 4247.805∗∗ 4281.259∗∗ 5528.706∗∗

SCCount 947.307∗∗ 6787.802∗∗ 9011.462∗∗

SSCount 2013.067∗∗ 2572.283∗∗ 3090.377∗∗

ODays 3228.552∗∗ 4101.983∗∗ 5186.717∗∗

VTime 3526.648∗∗ 3158.681∗∗ 3885.050∗∗

AR 4316.061∗∗ 3859.029∗∗ 5164.547∗∗

UR 3824.955∗∗ 3570.623∗∗ 4703.843∗∗

Note: * p < 0.05; ** p < 0.01

course exam was over near the end of the semester in week
22, the use of both services dropped.

B. STUDENT ENGAGEMENT
Figure 4 illustrates the distribution of student engagement on
each indicator. In general, students in the AM+WG group
showed the highest level of course engagement among the
four groups, followed by the WG group, AM group and non-
OLS group. To examine whether the four groups were differ-
ent in terms of their engagement, Kruskal-Wallis tests were
conducted. The results revealed significant differences in the
four groups on each indicator (Table 5). Pairwise Mann-
Whitney U-tests revealed statistically significant differences
in all comparisons (Table 6). These results indicate that
the students who used OLS services were more engaged in
online learning. Although the overall course engagement of
the non-OLS group was lower than other groups, some non-
OLS students showed a small gap in the SCCount indicator
(i.e., they had more student-content interactions), which may
indicate that different patterns exist in the non-OLS group.

The results of the correlation analysis of the study indi-
cators are presented in Table 4. These results are in line
with those obtained by Cerezo et al. [38]. As expected, due
to the inherent relevance of online learning behaviors, the
indicators related to student engagement in the LMS were
positively related. For example, students must log in to LMS
to access various resources and functions, so the number
of online days (ODays) is clearly positively correlated with
other indicators. Despite the overall relevance, due to the
differences in the distribution of these indicators, student
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TABLE 6. The results of pairwise Mann-Whitney U-tests between 4 groups.

Groups SLCount SCCount SSCount ODays VTime AR UR
Non-OLS vs. AM 42159.5∗∗ 89285.5∗∗ 71080.0∗∗ 70889.5∗∗ 76110.5∗∗ 72624.5∗∗ 75650.0∗∗

Non-OLS vs. WG 1163091.5∗∗ 4303189.0∗∗ 3407478.5∗∗ 1797974.0∗∗ 1322975.5∗∗ 798012.0∗∗ 1157484.0∗∗

Non-OLS vs. AM+WG 204328.5∗∗ 1501391.5∗∗ 924497.0∗∗ 463018.5∗∗ 491294.5∗∗ 263433.0∗∗ 393836.0∗∗

AM vs. WG 164740.0∗∗ 189013.5∗∗ 218969.5∗∗ 148119.5∗∗ 125974.5∗∗ 108698.5∗∗ 114153.5∗∗

AM vs. AM+WG 40314.0∗∗ 64337.5∗∗ 65003.0∗∗ 43674.5∗∗ 47818.0∗∗ 37951.5∗∗ 39904.5∗∗

WG vs. AM+WG 4755501.0∗∗ 5348489.5∗∗ 5373261.0∗∗ 5543819.5∗∗ 6511264.0∗∗ 5940166.0∗∗ 6061197.0∗∗

Note: * p < 0.05; ** p < 0.01

N: Non-OLS Group A: AM Group B: AM+WG GroupW: WG Group

FIGURE 4. Student engagement among four groups.

engagement may shows different patterns, which will be
described in next section.

In addition, we further examined the correlation between
the number of OLS services used and each indicator in
different ranges. The results showed that when the number
of OLS services used was greater than 30, there was no
significant correlation between all indicators except student-
LMS interaction and student-content interaction, which had
a significantly weak positive correlation.

C. THE PATTERNS OF STUDENT ENGAGEMENT
To address the third research question, we used t-SNE and
DBSCAN algorithms to analyze the patterns of student en-
gagement and identified five clusters. Figure 5(a1) shows a
typical case of the 2D map of all students’ course engage-
ment produced by t-SNE, in which each dot represents a
student, and its color is encoded by group. Figure 5(a2) and
Figure 5(a3) use the same layout as that of Figure 5(a1) but
use different color encoding. Figure 5(a2) shows the five
color-encoded clusters, and each color represents a cluster.
Figure 5(a3) shows the distribution of OLS service usage,
where each student’s OLS service usage is represented by
a color (red indicates usage greater than median=13, while
blue indicates less). The proportion of students in each cluster
is shown in Figure 5(b), and the engagement among these
clusters is shown in Figure 5(c). The characteristics of each
cluster are summarized as follows.

• Cluster 1. In this cluster, most of the students belonged
to the non-OLS group (88 percent), followed by the
WG group (9 percent). Cluster 1 shows the lowest

performance on all 7 indicators, which indicates that
they rarely used the features and course resources on
the LMS. Therefore, cluster 1 was labeled as "few
engagement students".

• Cluster 2. This cluster is characterized by a moderate
level of student engagement. Moreover, since cluster 2
is the largest of all clusters (N=6,771 (64 percent)) and
the proportion of WG groups is also the highest (68.2
percent), cluster 2 was labeled as "common engagement
students".

• Cluster 3. This cluster is similar to cluster 2 in the pro-
portion of the WG group (63.9 percent) for all indicators
except for the student-student interaction (SSCount).
In cluster 3, the student-student interaction is signifi-
cantly higher than that of other clusters, which indicates
that the students in cluster 3 viewed and posted more
messages than the students in the other clusters. Thus,
cluster 3 was labeled as "extensive discussion students".

• Cluster 4. This cluster is similar to cluster 1, but the
students in this cluster spent more days accessing course
contents. Nevertheless, cluster 4 viewed few videos,
while the student-content interaction was quite high,
which indicates that the students in cluster 4 accessed
more text materials than videos, so we labeled cluster 4
as "text preferred students".

• Cluster 5. In cluster 5, the students displayed much
higher levels in all indicators than the students in other
clusters, except for student-student interaction. There-
fore, we labeled cluster 5 as “extensive engagement
students”. In addition, we found an interesting pattern

8 VOLUME 4, 2016



Non-OLS Group
AM Group
WG Group
AM+WG Group

Cluster 1

Cluster 2

Cluster 3

Cluster 4

Cluster 5

(a1) (c)

(b)

Cluster
1 2 3 4 5 5-NON5-OLS

(a2)

(a3)

1

2

3

4

5

1

2

3

4

5

Usage of
OLS services 25

median=13
1

FIGURE 5. The five clusters. (a) The visualization generated by t-SNE. (b) Proportion of the four groups in each cluster. (c) The patterns of each cluster.

in which the students of the non-OLS group in this
cluster were concentrated at the left edge and the pro-
portion was high (20.6 percent). Therefore, we divided
the cluster into two subclusters, i.e., students of other
groups (subcluster 5-OLS) and students of the non-OLS
group (subcluster 5-NON), to analyze the differences in
engagement. As shown in Figure 5(c), in the 5-NON
subcluster, the student-content interaction (SCCount) is
quite high and similar to the 5-OLS group, while other
indicators are low and similar to cluster 4.

In addition, Figure 5(a3) shows an uneven distribution of
the usage of OLS services. The upper half of cluster 2, most
of cluster 3, and the subcluster 5-OLS show higher usage of
OLS services (i.e., above the median), while other parts and
clusters show less. This result further indicates that students
who used the OLS service may have a higher level of course
engagement.

To clearly understand the student engagement patterns
among the three clusters, we used Kruskal-Wallis tests to
compare the five clusters in terms of all 7 indicators (Table 5).
The results showed that the students in the five clusters
significantly demonstrated different engagement behaviors.
Pairwise Mann-Whitney U-tests revealed that statistical sig-
nificance existed in all comparisons except in the student-
student interaction (cluster 1 vs. cluster 4) (Table 7).

In addition, the results of comparisons among the two
subclusters and other four clusters (Table 8) showed statis-
tically significant differences in all comparisons except for
the student-student interaction, viewing time, AR and UR
(subcluster 5-NON vs. cluster 4), and the student-student

interaction (subcluster 5-NON vs. cluster 1)

VI. DISCUSSION
The results of our study further contribute to the understand-
ing of the importance of learner support services in online
learning environments. Moreover, we also revealed some
patterns of student engagement regarding the use of OLS
services.

RQ1: How frequently do students use OLS services? For
RQ1, the descriptive statistics revealed several interesting
results. First, more than half of the students who used the
AM service used it only once. The low utilization of the AM
service may indicate that the AM service failed to meet the
students’ expectations. There could be several reasons behind
this.

• Quality of services. The ODE school introduced an AI-
based conversational chatbot as the default option to
respond to students and answer common questions in a
timely manner. When the students are not satisfied with
the answer given by the chatbot, they can switch to the
manual service provided by instructors or faculty. How-
ever, students may feel that the quality of the service
provided by chatbot is not as expected; thus, they won’t
use it after the first try.

• Usability. Since the AM service provides learner sup-
port mainly through a conversational user interface, the
design of the user interface and the interaction process
may have an impact on the student’s experience. For
example, existing studies have suggested that learning
support services should be able to be located within two
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TABLE 7. The results of pairwise Mann-Whitney U-tests between 5 clusters.

Cluster SLCount SCCount SSCount ODays VTime AR UR
C1 vs. C2 161157.0∗∗ 14653.0∗∗ 2275046.5∗∗ 218842.5∗∗ 448567.0∗∗ 223561.5∗∗ 354246.0∗∗

C1 vs. C3 971.5∗∗ 0.0∗∗ 55.5∗∗ 1436.0∗∗ 12076.0∗∗ 2205.0∗∗ 5321.0∗∗

C1 vs. C4 48778.0∗∗ 0.0∗∗ 341053.0 (p = 0.55) 16656.0∗∗ 301809.0∗∗ 303459.5∗∗ 300841.0∗∗

C1 vs. C5 27606.5∗∗ 0.0∗∗ 458754.5∗∗ 4523.0∗∗ 213067.5∗∗ 190217.5∗∗ 201248.5∗∗

C2 vs. C3 936086.5∗∗ 991859.0∗∗ 11322.0∗∗ 951668.0∗∗ 1321147.5∗∗ 1122800.0∗∗ 1133550.0∗∗

C2 vs. C4 3153402.5∗∗ 453330.5∗∗ 2633419.5∗∗ 2692265.5∗∗ 2963032.5∗∗ 3217349.5∗∗ 3018657.5∗∗

C2 vs. C5 3250624.5∗∗ 555.0∗∗ 4389513.0∗∗ 2926244.0∗∗ 4021426.5∗∗ 3457528.0∗∗ 3304278.5∗∗

C3 vs. C4 224259.5∗∗ 51781.0∗∗ 228810.0∗∗ 212729.5∗∗ 195564.0∗∗ 215885.5∗∗ 201828.5∗∗

C3 vs. C5 274243.5∗∗ 5.5∗∗ 602466.0∗∗ 273306.0∗∗ 269694.5∗∗ 252992.0∗∗ 240167.0∗∗

C4 vs. C5 80721.5∗∗ 35.5∗∗ 186933.0∗∗ 80756.5∗∗ 163579.0∗∗ 103659.5∗∗ 126577.0∗∗

Note: * p < 0.05; ** p < 0.01

TABLE 8. The results of pairwise Mann-Whitney U-tests between two subclusters (5-OLS, 5-NON) and other four clusters.

Cluster SLCount SCCount SSCount ODays VTime AR UR
5O vs. C1 1569.5∗∗ 0.0∗∗ 253381.0∗∗ 702.5∗∗ 33049.0∗∗ 8630.5∗∗ 21785.0∗∗

5O vs. C2 1443291.5∗∗ 478.0∗∗ 2811933.0∗∗ 1468661.5∗∗ 2289208.5∗∗ 1521349.5∗∗ 1546455.0∗∗

5O vs. C3 143702.5∗∗ 5.5∗∗ 54819.0∗∗ 153429.5∗∗ 155458.5∗∗ 123192.0∗∗ 123062.0∗∗

5O vs. C4 8300.0∗∗ 35.5∗∗ 103641.0∗∗ 17901.0∗∗ 81448.0∗∗ 20551.5∗∗ 44524.0∗∗

5N vs. C1 26037.0∗∗ 0.0∗∗ 195858.5 (p = 0.08) 3820.5∗∗ 180018.5∗∗ 181587.0∗∗ 179463.5∗∗

5N vs. C2 305219.0∗∗ 77.0∗∗ 534972.0∗∗ 654969.5∗∗ 380334.0∗∗ 176373.5∗∗ 354728.5∗∗

5N vs. C3 5179.0∗∗ 0.0∗∗ 0.0∗∗ 15843.5∗∗ 21484.0∗∗ 5920.0∗∗ 18615.0∗∗

5N vs. C4 72421.5∗∗ 0.0∗∗ 80820.0 (p = 0.20) 62855.5∗∗ 81981.0 (p = 0.49) 81004.0 (p = 0.33) 82053.0 (p = 0.50)
Note: * p < 0.05; ** p < 0.01

clicks, should have an immediate response, and should
be 24/7 online [4]. As a result, if students feel that they
cannot express doubts or it is not easy to operate through
the interface of the current AM service, they may no
longer use the service.

This result indicates that instructors need to pay attention
to the number of OLS services used, which may be related to
the quality of the service and the student experience. These
possibilities will be investigated in future studies.

Second, although most of the students used the OLS ser-
vice at least once (Figure 2), 21.6 percent of the students
did not. There may be two reasons to explain this result.
First, although both AM and WG services were introduced to
students when they started online learning in the LMS, some
students may not have been able to understand what kind
of support is provided; thus, they may not have been aware
that they could use the OLS services to solve their learning
problems. Second, considering that they spent very few days
online (Figure 4), they may not have had enough time to use
all the features of the LMS, including the OLS services.

Third, from the middle to the end of the semester (i.e.,
from week 13 to week 21), the number of WG services
used was higher than in other periods. Nevertheless, after
the middle of the semester (i.e., week 13), the use of the
AM service declined. These results indicate that the number
of students using the WG service was related to the ODE
school’s exam schedule, and students may pay more attention
to the WG service that includes course review materials
before the exams (the exams were arranged between week
19 and week 22).

RQ2: Do students who use the OLS services show a higher
level of course engagement? We divided students into four

groups according to which OLS service they used, namely,
the non-OLS group, AM group, CG group and AM+CG
group. Since withholding OLS services intentionally is unac-
ceptable by both students and ODE school, we cannot divide
some students into a control group and conduct a controlled
experiment to investigate the effect of using the OLS service.
Nonetheless, the students in the non-OLS group can naturally
be considered a control group, while the students in the other
groups can be considered a treatment group.

As shown in Figure 4 and Table 4, the results indicate that
the students who used the OLS services had a higher level
of course engagement than those who did not. This finding
is consistent with existing studies on the effects of learner
support. For example, Simpson [5] reported that in the UK
Open University, students who received an early proactive,
supportive telephone call showed higher course completion
rates than those who did not.

Moreover, our results further demonstrate the quantitative
relationship between the number of OLS services used and
student engagement. Overall, there is a positive correlation
between student engagement and the number of OLS services
used, but within a certain range (e.g., NOLS ≤ 30 in our
case). This finding may indicate that the use of OLS services
promotes student engagement, but the effect works within
only a certain range of usage. Possible reasons could be
various and are summarized as follows:

• Learning difficulty. Some studies have suggested that
learners may leave an online program for reasons such
as the assignments or the program are too difficult and
not enough support [7]. When learners requested any
of the OLS service, AM or WG during their online
learning process, it may be fair to assume that they had
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an intention to seek help due to a problem that they
could not solve. The extensive use of OLS services may
indicate that they had many unsolved problems, and
thus, they may have felt frustrated and decreased online
learning, which would result in nongrowth of course
engagement.

• Learning by reading As mentioned in Section 2.2, the
WG service provides some course-related reading mate-
rials, including a focus on the final exam and Q&A ses-
sion; thus, students can reduce the time spent watching
courseware videos by reading these materials, especially
when near the final exam at the end of the semester. As a
result, in this case, students used OLS service more than
usual, but their engagement with courseware videos did
not increase accordingly.

If these reasons can be identified from available datasets of
students’ activities in a future study, then it might be helpful
for instructors and institutions to improve learner support
services. For example, institutions may organize face-to-
face offline discussions with teaching assistant to help those
students who have difficulty in assignments to solve their
problems. Additionally, instructors may adjust the content in
the WG service to guide students to watch the courseware
video instead of giving them the key content. In addition,
these findings also suggest that the usage of learner support
service could be used to represent students’ learning status.

RQ3: Are there different patterns of course engagement
among students regarding the usage of OLS services? We
identified five different patterns of student engagement rep-
resented in the five clusters. The details of the engagement
pattern in each cluster are as follows.

Cluster 1 - few engagement students. Considering that
most of the students in this cluster did not use the OLS
service at all, it indicates that the students in this cluster may
lack time to study online for various reasons, such as work
and family responsibilities. It requires considerable time to
learn online, especially those undergraduate courses, which
usually require watching many videos online for dozens of
hours and spending more hours completing the assignment
offline. In our case, if students do not have enough time to
watch online videos, then they also may not have the time
to use learner support services. Moreover, existing studies
reported that "couldn’t keep up with deadlines" and "course
requires too much time" are the two main reasons for students
to drop out of online learning [8]. Therefore, when it is found
that some students have low course engagement and do not
use OLS services, the instructors and institutions may pay
special attention to them.

Cluster 2 - common engagement students. The students
of this cluster account for the majority of the whole popu-
lation; thus, this cluster represents the characteristics of the
online learning process of most students in the ODE school.
Although some students have high utilization of video re-
sources, most students have both AR and UR of less than 50
percent, which means that more than half of the course videos
are not viewed at all. In this sense, the OLS service has not

fully guided students to learn course resources and answer
their questions. Therefore, future research should focus on
how to provide effective support services for these students
to improve their course engagement.

Cluster 3 - intensive discussion students. The extensive use
of online forums may indicate that these students are more
active in interacting with others, both students and teachers.
Although there are fewer students in this cluster than others,
they may become a complement to learner support services.
Existing studies have reported that the interaction between
students is positively correlated with the course final grade
[16] and may improve their course completion rate [1].
Additionally, the proportion of the non-OLS group in this
cluster is the lowest, which may imply that students who
often interact with others are more likely to use OLS services.

Cluster 4 - text preferred students. The students in this
cluster mainly spent their days and efforts on accessing
the course resources. However, considering that their video
utilization was low, we could argue that rather than viewing
course videos and discussing in the online forums as those in
clusters 2 and 3 did, they prefer to read text materials such as
lecture notes and slides. Notably, most of the students in this
group did not use OLS services. Thus, it is also possible that
the students had mastered the course content and needed to
only browse the course materials to pass the exam (e.g., some
students may use English frequently in their daily work, so it
is no longer necessary for them to relearn the content of this
English course).

Cluster 5 - intensive engagement students. This pattern
may represent the students who meet the expectations of
the ODE school, i.e., those who spent many days access-
ing course materials and fully using course resources and
features in the LMS. However, the subcluster 5-NON (i.e.,
the students of the non-OLS group in cluster 5) showed
different learning behaviors of extensively accessing reading
materials while rarely viewing videos. This result indicates
that although the student-content interaction counts may be
similar, their actual use patterns of course resources are
varied. It is interesting that the subcluster 5-NON is very
similar to cluster 4, except for the student-content interaction.
The subcluster 5-NON spent more effort on text materials
than cluster 4, which may suggest that the students in the
subcluster 5-NON have not mastered the course content, and
they have to read a large amount of text material to pass the
exam due to limited study time.

These results are interesting in two different senses.
Whether or not to use OLS services and the number of OLS
services used seems to be highly related to the patterns of
student engagement; thus, instructors can use the usage of
OLS services as indicators combined with existing indicators
of statistics on interactions and resource utilization to better
understand students’ learning process and learning status.
Additionally, according to the patterns reflected in the five
clusters, it may help to improve the quality of existing OLS
services to help students with different characteristics.
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VII. CONCLUSION AND FUTURE WORK
In this study, we applied visualization techniques to explore
the impact of learner support services on student engagement.
First, we categorized students into four groups and found that
the students’ use of OLS services varied and that the usage
of the AM service was lower than expected. Second, there
was a significant positive correlation between OLS services
usage and student engagement. However, when the number
of OLS services used exceeded a certain range, there was
no correlation in terms of video utilization. Third, using t-
SNE and DBSCAN algorithms, we identified five clusters
representing different patterns of student engagement and
usage of OLS services.

These findings may imply that instructors and institutions
can use OLS service as indicators to further understand stu-
dents’ learning processes, and the utilization of OLS services
can also be used as a reference for improving service quality.

Since a potential limitation of this study is the reduced
set of indicators employed to measure student engagement
and learning performance, future research will include more
detailed indicators such as interactions on various types of
resources and final grades to further analyze the impact
of OLS on learning processes and outcomes. In addition,
we only analyzed the learning data of one course in the
semester in this study, and the effect of using OLS services
on student engagement in the subsequent semesters will also
be analyzed in the future research.
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