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Abstract – MOOC is currently facing the challenge of high dropout rates. This article will mine the MOOC learning
behavior data and explore the rules of online learning. Through studying the differences in online learning behaviors
of various learners, we divided the MOOC learners into authenticator, practitioners, observer, visitor. Naive Bayes
classification algorithm was introduced, and the classification of learners provides the basis for personalized learning.
The Bayesian formula is used to mine the main factors of MOOC dropout from learning behavior data. Statistics show
that watching course videos and doing exercises are the most important factors that causes students to give up. So,
video recording and exercises design are still the most important works to improve the course retention rate. On the
other hand, since most of the learners being not in order to obtain MOOC certificates, we need to design modules for
them. Students can customize their own learning modules, which enhance the effectiveness of MOOC.
Keywords – Computer Assisted Learning, Communication Technology, Medical Education, Information Technology
and Systems Analysis.

I. INTRODUCTION
MOOC is the massive open online courses. These courses are provided by internationally renowned university,
and shared through the network [16]. Coursera, Udacity, edX are currently the three largest providers in the world
[13]. The Chinese University MOOC [23] is currently the most popular platform in China.
Its philosophy is to enable global learners to share quality resources through information technology and web
technologies. MOOC [10] have a complete set of teaching modules, which include registration, watching video
lectures, quizzes, assignments, discussions, exams, graduation, certificates and other processes. Massive open
online courses bring learners a new experience, and give chance to get involved in high education. On the other
hand, universities have improved their own level by building MOOC courses. Therefore, the MOOC can be
considered as a new exchange place between universities.
Although it has been rapid development and recognition, but there are still many controversies. From the history
of online education, changes in learning resources promote the revolution in learning styles. How to use online
course resources scientifically is a common concern. MOOC is currently facing such problems as high dropout
rates, low resource utilization and lack of an effective profit model. MOOC courses often enroll tens of thousands
of students, but often the last certificate students only 1% [18]. This requires careful analysis of the online learning
behavior, from the perspective of the effectiveness to objectively evaluate the learning behavior. According to the
characteristics of learning behavior to scientific and reasonable classification, so that we can more comprehensive
evaluation of the value of curriculum resources.
At present, there are few researches on the statistical algorithms for the dropout. These studies are rarely
mathematical modeling and algorithm design. In MOOC learning behavior data analysis, Adamopoulos (2013)
[1] studied the factors that affect the retention rate of MOOC students. Judy Kay (2013) [10] explained what is
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MOOC in paper and how MOOC is classified. Formanek (2018) [5] analyzed and studied motivations of college
students studying MOOC courses. Sarah (2017) [15] analyzed the mutual evaluation model in MOOC. And
studied the performance of students in the process of mutual assessment and their impact on learning. Alyssa
(2017) [22] explored the discussion patterns between cross-disciplinary and interdisciplinary MOOC courses
through data mining. Lloyd et al. (2017) [18] calculated and analyzed MOOC course learning behavior and
learning performance data. Bronwen (2017) [20] studied and analyzed the combination of MOOC and classroom
teaching in medical anatomy. Andrew (2017) [21] based on the characteristics of chemistry courses, studies how
to enable more effective communication among learners and improve their learning in MOOC. Alario-Hoyos
(2016) [2] analyzed MOOC learning behavior and its effectiveness as a means of assessing MOOC. Barak (2016)
[3] analyzed motivation to learn MOOC from the perspective of student exchange. Hone et al. (2016) [7] analyzed
the factors affecting the retention of MOOC learning through the questionnaire. Jiang et al. (2014) [9] studied
MOOC learning behavior data for the first week of study. Use logistic regression as a classifier to predict the
probability of a learner gaining a course certificate. Phan (2016) [17] analyzed students’ performance in
participating in the MOOC course, and did a comparative study of classroom learning and online learning. Stich
(2017) [19] analyzed the MOOC in the United States and found that the platform blindly pursued the number of
courses but neglected the service to learners.
This paper uses data mining [6] technology to analyze MOOC learning behavior data. According to the
characteristics of learning behavior, the learners were scientifically classified. This classification is based on
effective learning theory. Because end-of-course rates cannot be used as the only indicator of course evaluation.
We also propose a drop-in factor influence algorithm. Through analysis of the data, it has been found that watching
video and completing exercises are the biggest obstacles to students completing the course.By comparison, the
impact of participation in the discussion has little effect on students’ certification. Therefore, high quality course
videos and exercises are the key to MOOC’s success.

II. EFFECTIVE LEARNING THEORY
MOOC’s core teaching principle is master learning [14]. The central point is: the learning ability of a student
does not directly determine his learning effectiveness. It only determines the amount of time it takes him to master
the content. Students just invest the time needed to learn the knowledge. With the help of the teacher, 90% of the
students can master the knowledge imparted.
Effectiveness = 𝑓(

𝑆𝑡𝑢𝑑𝑦 𝑡𝑖𝑚𝑒
)
𝑁𝑒𝑐𝑒𝑠𝑠𝑎𝑟𝑦 𝑡𝑖𝑚𝑒

We can define validity indicators. Learning effectiveness [4] is a function of the amount of time and necessary
time of learning behavior. Based on this basic theory, it is scientific to measure the validity of learning based on
the learning time of students. According to the result of data analysis, most of the learning objectives are for some
independent knowledge points. Obviously, the completion rate is not enough to assess the effective learning.
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Fig. 1. Five factors of learning efficiency.

The time needed to understand knowledge is related to learning efficiency [4]. Learning efficiency is affected
by the interaction of five factors. The five factors are: opportunity, perseverance, teaching quality, comprehension
and aptitude, as shown in Figure 1. These factors affect the learning habits. Enables us to classify learners. By
analyzing MOOC behavioral data, effective learning behaviors should include the following types.
Complete all course contents, pass the test, get the certificate.
Complete all course content, failed the test.
Learning a single point of knowledge, and complete the practice.
Continuous browsing the entire knowledge point video.
Completed the course test, and the result reached a certain standard.
Forum posts, discussions with teachers or learners to master certain knowledge.
Of course, we could not list all the validated learning behaviors. There are still some behaviors that can achieve
the learning effect. And the impact of each learning behavior on the individual is not the same. More in-depth
study of learning behaviors and their impact on learners are needed.
Therefore, it is reasonable to predict the learning effect based on learner’s learning behavior data. In order to
establish a learner’s classification algorithm, we need to translate these effective learning behaviors into learner’s
attribute parameters. Assuming that there are m attributes per sample, these attributes can be denoted as {Ai} (i =
1,2,...,m). When using the naive Bayes method [12] for classification, we also need to use the training sample to
get the prior probability. These training samples come from the Chinese University MOOC Advanced
Mathematics course (https://www.icourse163.org/ learn/ 100 preview/ NUDT-9004? tid = 10002).

III. THE CLASSIFICATION OF MOOC LEARNERS
Data show that the most important motivation for MOOC learner comes from obtaining knowledge and ability.
The course certificate is more of an honor attribute. But to gain the course certificate is not the main target for
them. There are many learners who do not even have the goal of learning. They are attracted to the new teaching
mode. Most of the time spent in aimless browsing.
From the figure 2, we can see that more than half of learners (55.4%) learned for knowledge and skills. Another
quarter of people look for challenges for themself. Obviously, we should design scientifically to meet the mainly
needs of learners. It is the direction of development. Not all learners concentrate on the chosen course. It is possible
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that the chosen course was dropped because the course did not meet expectations or did not have a basic
knowledge. Through the study of learning behavior, MOOC learners can be divided into four categories.

Fig. 2. Learning purpose and its proportion.



Authenticator.
It is complete MOOC learner. Learning courses have a high interest and motivation. According to the

requirements of the course to complete the corresponding learning objectives. It is divided into two types of active
learners and passive learners. For active learners, they often have knowledge needs. They improve themselves by
studying MOOC. Most passive learners are college students. Many colleges and universities now require students
to register on the MOOC and learn some courses. The purpose of such learners is to earn course credits. So, they
put in a lot of energy and time. In all learners, the learning effect is also the best.


Practitioners
These learners are passionate about completing coursework and exercises. Such learners tend to have partial or

complete mastery of the course content. Practice is to deepen the understanding of the knowledge. Many of these
students come from flip classes. The teacher asks the student to complete the course related exercises. This is a
typical pattern that MOOC resources are used in the classroom. This type of learner’s goal is not the certificate.
But they are easy to get it for having finished the exercise.


Observers
Such learners do not have a clear purpose of learning. They just entered the course with curiosity. Their length

of most study does not meet the necessary time standards. Based on effective learning theory, they cannot grasp
the knowledge. These learning behaviors are invalid. The number of such learners is also very large. Of course,
through the experience of MOOC, many visitor learners finally converted into other types. Therefore, it is very
significant to make MOOC attractive.


Visitors
They are interested in a part of the course. But there is no long-term learning behavior. Such learners are more

purposeful. They often choose to learn specific knowledge through MOOC. The retrieval of knowledge resources
is their greatest difficulty. The current MOOC tends to use chapters as video segmentation units. And lack of
efficient knowledge retrieval ability. Such learners spend a lot of time in resource browsing. The current resource
structure is not conducive to their learning. However, the number of such learners is huge. So need to improve
MOOC learning mode and meet the needs of such learners.
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This paper uses Naive Bayes method [12] to classify learners. The learner’s classification set is denoted as {C1,
C2, C3, C4}. The elements correspond to the learner’s four types Authenticator, Practitioners, Observers, and
Visitors, respectively. The samples to be classified are X = {x1, x2,...xn}. Each sample has 4 attributes, denoted as
{A1, A2, A3, A4}. In addition, when classifying with naive Bayes, we need to assume that each attribute is
independent. They can be represented using the following four sets.
A1 = {Watch video rate}, A2 = {Complete course work rate}, A3 = {Participate in discussion times}, A4 = {Tests
core}
Attribute A 1 refers to the ratio of the number of videos the learner sees to the total number of videos. The
meaning of attribute A 2 is the ratio of the number of learners completing coursework to the total number. A 3
and A 4 are the number of participating discussions and test scores, respectively.
The conditional probabilities P(𝐶𝑖 |X) =

𝑃(𝑋 |𝐶𝑖 )𝑃(𝐶𝑖 )
𝑃(𝑋)

(𝑖 = 1,2,3,4) are respectively calculated, in which the

maximum probability is the corresponding class of the sample. Because the denominators of the four conditional
probabilities are the same, we only need to calculate the numerator for comparison. In the numerator P(X|𝐶𝑖 ) P
(𝐶𝑖 ) used for comparison, P(𝐶𝑖 ) and P(X|𝐶𝑖 ) need to be calculated separately. These prior probabilities can be
statistically obtained from the training sample set. In order to ensure the accuracy of the classification, our training
sample set is the learning behavior data of the previous semester of the same course.

IV. LEARNER CHARACTERISTICS
By analyzing MOOC data, we found some learning rules. Watching videos is the most important form of online
learning. So, we analyzed the watch video data. This article chooses the Higher Mathematics (1) video viewing
data on the Chinese University MOOC. Courses were opened a total of 5 times. There are 17557 video records.
Each of them contains the learner’s ID, video ID, and watch duration. After statistics, a total of 1851 learners
watched the video. Accounting for 6.7% of the total enrollment. Among learners with learning behaviors, 42.3%
watched the video. Watch video records can reflect the utilization of video resources.

Fig. 3. Video watch record distribution.

As the Figure 3 shows, as the course progressed, the number of learners who watched the video dropped
drastically. Select the first week of video (Just in front of 22 videos) learning records, display the watch video
distribution in Figure 4. This phenomenon was found to be particularly noticeable.
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Fig. 4. Watch video distribution for the first week.

This phenomenon shows that most learners have only brief curiosity about online courses. Their enthusiasm
for learning is also very fragile. Few learners insist on watching video. In a recent advanced mathematics course,
data show that in the advanced mathematics course, only 18 people watched 50% of the course video. This is an
unexpectedly low amount of data. Even lower statistical standards, only 408 people watched 10% of the course
video. Data analysis shows that, few learners are willing to spend time watching the video. In this respect, we
should make videos more appealing.
Later in the lesson, two videos were observed with a sudden increase in viewing from Figure 3. In Figure 4
there is also a corresponding performance. Analysis found that they are exercises counseling courses. It shows
that students are more willing to watch tutoring videos. This phenomenon is consistent with the result of the paper
[2]. From this phenomenon can also find that most learners are talking MOOC as a counselor. This is why Khan
Academy’s tutorial classes are so popular. Many MOOC producers do not change the teaching model for the rules
of online learning. They focus on the recording environment and video clarity. Spent a lot of production costs, but
no one is willing to watch.
In addition, we also analyze the situation of students taking the course exams. The subjects were learners who
watched at least 10% of the video. Of the 408 students, 156 attend the final exam, accounting for 38.2% of the
total. Of the 156 students who took the final exam, 57 people made outstanding achievements. And, 141 achieved
academic credentials, the proportion of up to 90.4%. Accounting for 60.3% of all certified students. This data
shows that as long as watching the course video, is likely to obtain a certificate.
Table 1. Different types of learners get the certificate ratio.
Category

Total

Examination

Passing

Certificate

Authenticator

67

100%

70.15%

95.52%

Practitioners

124

99.19%

68.55%

87.10%

Observer

196

17.86%

8.16%

9.69%

Visitors

3929

2.70%

1.09%

1.02%

We also research the percentage of different learner types getting a certificate. The purpose of each type of
learning is different, so the proportion of certificates is different. However, it is unscientific to evaluate a course
based solely on the acquisition of a certificate.
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As can be seen from the table 1, the number of Visitors is the largest, accounting for 91% of all learners. But
they get the lowest percentage of certificates. In contrast, the number of Authenticator and Practitioners is very
small. However, they have a high percentage of certificates. For C, they also have effective learning. For Observer,
they also have effective learning. The problem they face is the difficulty of using online open course resources
efficiently.

V. ROP OUT FACTOR ANALYSIS ALGORITHM
Assume that B1, B2,· · ·,Bn is a variety of causing dropout factors. First, statistical methods are applied to
determine the prior probability. The prior probability is denoted as P(Bi) (i = 1,2,· · ·,n). Analyze the probability
of occurrence of various dropout factors.
Let A be the event
A = {MOOC learners drop out}.
Table 2. Analysis of dropout factors.
Behavier

Total

Dropouts

Did not Watch the video

4199

3937

Did not Participate in the discussion

3837

3682

Did not complete assignments

3961

3914

Next, calculate the learners dropout probability for these factors in big data and determine the cause probability
P(A|Bi) (i = 1,2,···,n). Finally, apply the Bayes formula [8] to calculate the posterior probability P(Bi|A) (i =
1,2,···,n).
P(Bi|A)=

𝑃(𝐴|𝐵𝑖 )𝑃(𝐵𝑖 )
(𝑖
∑𝑛
𝑗=1 𝑃(𝐵𝑗 |𝐴)𝑃(𝐵𝑗 )

= 1,2, … , 𝑛)

The drop-out factors that correspond to the large posterior probability are available to MOOC builders. These
factors can be used as the focus of MOOC platform needs improvement. This method can also quantitatively
present the problems with MOOCs.
For the same course, we did a Bayes factor analysis [11]. The number of students with learning behavior in this
course is 4317. This article examines the impact of watching videos, participating in discussions, and completing
assignments on the completion rate of the course. The number of students who did not have these learning
behaviors and the corresponding number of dropouts were counted during the MOOC course.
We define the unfinished work as less than 30% of the total. Not participating in discussions, and not completing
assignments were recorded as B1, B2, B3. From the statistical data in Table 2, the probability of occurrence of the
three factors is P(B1) = 0.973, P(B2) = 0.889, P(B3) = 0.918. The prior probability is P(A|B1) = 0.938, P(A|B2) =
0.960, P(A|B3) = 0.988. Not participating in the discussion parameter means that there is less than one posting.
Participate in the discussion Because there is no total number setting, we define it as one. Failure to complete the
assignment means that less than 7 assignments were completed in the entire course. The three factors of not
watching videos, The Bayesian formula can be used to calculate the corresponding posterior probability.
P(B1|A) = 0.341, ,P(B2|A) = 0.319, P(B3|A) = 0.340
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From this result, it can be found that the most important factor affecting the dropout rate are watching videos
and doing homework. However, because the learning behavior is linked together, these three factors have a similar
influence on MOOC learning. But in comparison, participating in discussion has the least impact on students
ability to persist in learning. And we found in the data that there are some outstanding students who do not even
participate in any discussion. Therefore, course videos and exercises are the key to improving MOOC adoption
rates.

VI. SUMMARY
The rise of MOOC is to meet learners’ needs for knowledge. After its popular teaching resources are shared,
institutions of higher learning have aroused the interest of learners. However, with the further development of
MOOC, the extremely high dropout rate of MOOC has become more and more obvious. On the other hand,
MOOC’s existing knowledge structure and learning model do not apply to all types of learners. Learners waste a
lot of time browsing invalid resources. In order to improve effective learning, it is imperative to change the MOOC
course knowledge organization model. Different learners design different types of learning modules.
The effective learning theory [4] ensures that the online learning time and the number of participants can reflect
the learning effect. Then we list effective online learning behaviors and abstract them as four learner attributes. In
this way of classification we consider the independence between the various attributes. Because this is a
prerequisite for applying Naive Bayes [12] classification. In Table 4, we can see that there is a very significant
difference in the pass rates of the four types of learners. This also shows that the classification algorithm is
scientific from the perspective of probability.
In the drop-out factor analysis algorithm, we can find that watching videos and completing homework are the
biggest factors causing dropouts. But from the final result, the difference between the three factors we analyzed
is notsignificant. This shows that the lack of any kind of learning behavior will cause learners to give up learning.
However, we believe that dropping out of school does not mean wasting time. The purpose of the vast majority
of learners is not to pass the course exam. We should design corresponding learning modules for them to improve
learning efficiency. Our classification algorithm can predict the type based on learner’s early behavior, which will
help improve the MOOC’s service function.
In future work, we will make a more detailed analysis of the classification criteria for each type of learner. And
we will also study whether the language used in the course affects the classification parameters.
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