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1 Introduction

Abstract: Massive open online courses (MOOCs) have 1.1 Why MOOC?
gained enormous popularity in recent years and have attracted learners worldwide. However, MOOCs face a cru- MOOC is an acronym for “Massive Open Online Course”
cial challenge in the high dropout rate, which varies be- which was initially coined by George Siemens and Stephen
tween 91%-93%. An interplay between different learning Downes in 2008. Due to large-scale participation with
analytics strategies and MOOCs have emerged as a re- open enrollment and curriculum, it is termed as “Massive”
search area to reduce dropout rate. Most existing studies and “Open” respectively [1, 2]. These MOOCs cover a specuse click-stream features as engagement patterns to pre- trum of subjects ranging from songwriting to aerodynamdict at-risk students. However, this study uses a combi- ics and are usually offered by the universities in associanation of click-stream features and the influence of the tion with providers such as Coursera, Edx, and Udacity,
learner’s friends based on their demographics to identify among others. Generally, MOOCs carry no tuition fee and
potential dropouts. Existing predictive models are based require no pre-requisites other than student’s interest in
on supervised learning techniques that require the bulk of the subject and a good internet connection [3].
hand-labelled data to train models. In practice, however,
With a recent change in the job needs and study rescarcity of massive labelled data makes training difficult. quirements, a shift towards MOOCs as an “alternative
Therefore, this study uses self-training, a semi-supervised learning resource” has been seen in the student commulearning model, to develop predictive models. Experimen- nity. Since MOOCs bridge the gap between the industrial
tal results on a public data set demonstrate that semi- demands and the university curriculum, they have besupervised models attain comparable results to state-of- come an ideal source for self-development [4]. According
the-art approaches, while also having the flexibility of uti- to class-central, a MOOC aggregator, the year 2019 witlizing a small quantity of labelled data. This study deploys nessed a global enrollment (excluding China) of 110 milseven well-known optimizers to train the self-training clas- lion students in 13,500 courses [5]. The same statistic in the
sifiers, out of which, Stochastic Gradient Descent (SGD) previous year, however, was 101 million students (China inoutperformed others with the value of F1 score at 94.29%, cluded) in 11,400 courses offered by more than 900 univeraffirming the relevance of this exposition.
sities [6]. Such a massive expansion in a single year clearly
Keywords: Semi-Supervised Learning, Deep Learning, shows the growing popularity of MOOCs, which are driving
a shift from conventional memorization-based education
Self-Training, MOOCs, Dropout Prediction
system to knowledge-driven problem-solving skills [7].
Table 1 below delineates the journey of MOOCs from
open courseware to the full-fledged degrees of elite universities in online mode. As depicted in table 1, this journey, the formal open educational resources, starts with the
open degrees offered by the British Open University in 1971.
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Table 1: Taxonomy of MOOCs (Adapted from [8, 9]).
Types

Description

Transfer MOOCs
Made MOOCs
Synch MOOCs
Asynch MOOCs
Adaptive MOOCs
Group MOOCs
Connectivist MOOCs

MOOC is created from an existing classroom lectures
Different resources like videos, interactive materials, and other activities are exclusively developed for a MOOC.
MOOC with a fixed start and end date.
These are self-paced which offer flexibility in engagement and submission.
These support personalized learning by dynamically assessing user’s activities including event logs.
Focuses on small group collaboration.
No fixed knowledge. The participants do knowledge sharing through their interpersonal connections across a network
of peers.
Short courses that require less time.

Mini MOOCs

more than 160,000 learners around the globe. MOOCs had
grown to such an extent that Georgia Tech started an online Master of Science program in Computer Science in collaboration with Udacity and AT&T for a fraction of the normal cost [10]. Clark [9] outlined the MOOC taxonomy given
in Table 1.
Despite being an easily accessible platform, MOOCs
are surrounded by a varied number of challenges. One of
the most prominent challenges being the low retention
rate of the learners. The median of those who complete
a MOOC is 12.6% [11]. For example, in a MOOC offered by
Duke University in 2012, 7,761 students out of 12,175 registered students ever watched a video. Only 3,658 learners
took at least one quiz, 346 attempted the final exam, and
313 received a certificate indicating a completion rate of approximately 3% [12]. MOOCs offered by elite universities,
including MIT, Stanford, and UC Berkley, have reported
dropout rates as high as 95% [13].

1.2 Why such low Completion Rate?
The high attrition rate in MOOCs has been attributed to a
variety of factors that are mainly classified into Student related factors, MOOCs related factor, and Miscellaneous factors [4].
(i) Student-related factors
(a) Lack of motivation - Lack of students’ motivation is the most crucial factor for a high student dropout rate [4]. The motivation of students varies by several factors that include
the development of personal and professional
identity, future economic benefits, challenge
and achievement, entertainment, and fun [14].
Therefore, it becomes important to explore
the motives that encourage students to enroll in MOOCs. Researchers at Duke University
found that enjoyment and fun were selected

as the most important reason for registering in
a MOOC by a large majority of students (95%)
followed by a general interest in the topic selected by 87% of the students. Around 15% of
students used the MOOC to help them decide
if they wish to take higher education classes
on the topic. In contrast, a significant minority
of students (10%) enrolled because they could
not afford to pursue formal education [15].
(b) Lack of time - Watching videos, completing
quizzes, and assignments requires considerable time, which students may not like to invest [15]. Many students complain that the actual time required to complete the MOOC exceeds the stated time [16].
(c) Insufficient background knowledge and skills
- Sometimes, students lack the necessary background knowledge required to understand
the course content. Mainly, insufficient prior
mathematics knowledge required to understand the MOOC content and complete the
quizzes is observed to be an issue among
learners [4, 15, 17].
(ii) MOOC-related factors
(a) Course Design - Course design (which consists of course content, course structure and
information delivery technology [18]) is considered one of the relevant factors for a high
dropout rate [4, 19]. Among the three components, course content is the number one driver
in determining the perceived quality of the online learning experience [20] and the most significant predictor of dropouts in MOOCs [19].
Along with course design, factors like poor
course delivery, harsh criticism on students’
written work from faculty, extensive lecture
notes with material not significantly different
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from textbooks influence the student’s experience in the course negatively, thereby encouraging them to quit [21].
(b) Feelings of isolation and the lack of interactivity in MOOCs - Lack of real-time collaboration
with learners in MOOCs is another factor that
is said to influence student attrition rate [4] directly. Learners mention feeling isolated with
poor communication with both the course instructor and fellow peers. Low interaction and
poor feedback without group interactions and
teamwork discouraged them from continuing
the course further [19].
(c) Hidden Cost - The hidden cost could be another cause of a high dropout rate [13]. Despite
MOOCs’ reputation as a free resource for online education, students need to pay for their
certificates [22] or sometimes buy costly textbooks recommended by lecturers [13].
(iii) Other factors
(a) Casual enrollments - Some researchers have
noted that many enrollments in MOOCs are
from students who have no real intention to
complete them. They enroll in courses with
purposes as assorted as “out of curiosity” or
“with an intent to explore content and MOOCs
in general” [17, 23]. Grover et al. [24] view
these participations as “a by-product of the
open-access nature of the courses and the novelty of the medium.”
(b) Peer review - It has been noted that courses
that rely purely on peer grading often suffer
more in terms of students’ course completion
rate than others [25]. Peer grading requires
more work on the learner’s part, thereby
adding to MOOC workload [17].

1.3 How dropout rate can be reduced?
(i) Course Design and Instruction - Despite a similar
teaching method to face-to-face learning, MOOCs
rely on the objectivist-individual teaching approach
and lack constructivist and group-oriented approaches. Greater use of constructivist and innovative teaching may address major MOOCs related
issues [26]. The instructional design quality of a
MOOC is a prominent determinant and prerequisite
for active learning along with the experiences of
learners and other stakeholders [27]. Margaryan et

al. [27] analyzed 76 randomly selected MOOCs to
evaluate their instructional design quality. In their
report, though MOOCs were found well-packaged,
most of the MOOCs fall short of following instructional design principles. A well-designed course
that focuses on interactivity includes a number of
topics for discussion, accepts feedback from its
learners and experts, and links sources to appropriate content [28], which promotes increased participation [21].
(ii) Interaction among learners - Sunar et al. [29] highlighted the role of learner’s interactions with each
other as a crucial factor in sustaining engagement
in the course. They empirically investigated a correlation between completion rate in an eight-week
FutureLearn MOOC and the learners’ frequent interaction with other participants whom they follow
(Twitter-like follow system available in FutureLearn).
The integration of social tools in MOOC could be a
potential solution to assist peers with problems, encourage discussions, and contribute new resources.
However, the course forum is still the preferred tool
in MOOCs, and the detailed impact of social tools
like Slack, Telegram, Facebook, etc. on learning outcomes requires more endorsement [30].
(iii) Comfort Level with Technology - As MOOCs are online courses, they require technology to deliver content and connect to students. Learners may not be
familiar with the required technologies. Therefore,
the lecturers should generate ways to assist students with the delivery platform like technical training manuals or incorporating technical skills in the
course content [21].
(iv) Feedback - The assessment or feedback is a crucial step in any educational learning process. Unlike classroom teaching, where faculty are able to respond to students immediately, this response is delayed in online courses. The literature review suggests that this delay should not exceed 48 hours. The
more the students feel connected to the learning environment and their instructor, the less likely they
are to drop out of the course [21].

2 Predictive Modelling for MOOC
dropouts
Although research relating to dropouts in MOOCs was
scarce initially, there is now a growing community of researchers working in the area [4]. A variety of statisti-
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Table 2: Overview of relevant research on MOOC dropout prediction (Adapted from [4, 52]).

Single course MOOC
Author

Year

Dataset

Technique

Moreno-Marcos et al. [53]
Xing and Du [54]
Liu and Li [55]
Nagrecha et al. [31]
Chen and Zang [56]
Xing et al. [43]
Crossley et al. [48]
Chaplot et al. [46]

2020
2019
2017
2017
2017
2016
2016
2015

Coursera MOOC
Canvas MOOC
XuetangX MOOC
edX MOOC
Coursera MOOC
Canvas MOOC
Coursera MOOC
Coursera MOOC

RF, GLM, SVM & DT
DL
K-means
DT & LR
RF
GBN & DT
NLP
ANN

Multiple course MOOC
Author

Year

Dataset

Technique

Mourdi et al. [57]
Mubarak et al. [58]
Chen et al. [59]
Sun et al. [60]
Chen et al.[61]
Liao et al. [62]
Alamri et al. [63]
Hassan et al. [64]
Wen et al. [65]
Feng et al. [66]
Cristea et al. [67]
Haiyang et al. [68]
Qiu et al. [69]
Ardchir et al. [70]
Wang et al. [42]
Al-Shabandar et al. [44]
Al-Shabandar et al. [45]
Vitiello et al. [71]

2020
2020
2020
2019
2019
2019
2019
2019
2019
2019
2018
2018
2018
2018
2017
2017
2017
2017

SVM, kNN, DT, NB, LR & Voting
LR & HMM
Survival Analysis
RNN
DT & ELM
CTC
RF, AB, XGBoost & GB
LSTM
CNN
CFIN
Statistical Method
TSF
FSPred: uses LR
SVM
CNN & RNN
LR, LDA, NB, SVM, DT, RF, NN & SOM
DT & NN
SVM & Boosted DT

Cobos et al. [72]
Li et al. [51]
Liang et al.[33]
Wang and Chen [73]
Vitiello et al. [74]
Tang et al. [75]
Yang et al. [76]
Fei and Yeung [41]

2017
2016
2016
2016
2016
2015
2015
2015

Stanford dataset
OULAD
HarvardX
XuetangX dataset
KDD Cup 2015
KDD Cup 2015
FutureLearn MOOCs
OULAD
KDD Cup 2015
XuetangX & KDD Cup 2015
FutureLearn MOOCs
OULAD
KDD Cup 2015
KDD Cup 2015
KDD Cup 2015
HarvardX
HarvardX
Universidad Galileo & Curtin
University MOOCs (edX)
FutureLearn & edX
KDD Cup 2015
XuetangX dataset
KDD Cup 2015
University of Galileo MOOCs
MITx & HarvardX courses (edX)
Coursera MOOCs
Coursera & edX

GBM, Weighted kNN, Boosted LR & XGBoost
MV SSL
SVM, LR, RF & GBDT
NSSM
K-means & SVM
DT
Survival Analysis
RNN & HMM

RF: Random Forest, GLM: Generalized Linear Model, SVM: Support Vector Machine, DT: Decision Trees, DL: Deep Learning, LR: Logistic
Regression, GBN: General Bayesian Network, NLP: Natural Language Processing, ANN: Artificial Neural Network, NB: Naive Bayes, RNN:
Recurrent Neural Network, ELM: Extreme Learning Machine, CTC: Clustering and Tensor Completion, AB: Adaptive Boost, GB: Gradient
Boost, LSTM: Long Short Term Memory, CNN: Convolutional Neural Network, CFIN: Context-aware Feature Interaction Network, HMM: Hidden
Markov Models, LDA: Linear Discriminant Analysis, NN: Neural Network, SOM: Self Organised Map, NSSM: Nonlinear State Space Model,
kNN: k-Nearest Neighbours, TSF: Time Series Forest classification algorithm, GBM: Generalised Boosted regression Models, XGBoost: eXtreme
Gradient Boosting, MV SSL: Multi-View Semi-Supervised Learning, GBDT: Gradient Boosting Decision Tree
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cal and ML techniques (Logistic regression [31–38], SVM lem, we also use it separately to make predictions. Further[32, 33, 39, 40] etc.) have been applied to MOOC data to more, we evaluated the contribution of different features
create prediction models. Other works involve Recurrent in predicting dropouts in MOOCs.
Neural Networks (RNN) with Long Short Term Memory
(LSTM) [41], Convolution Neural Network (CNN) and Recurrent Neural Network (RNN) in combination [42] for success3 Methods and Methodology
ful predictions. Among ML algorithms, some works also
focus on decision tree [43–45], sentiment-based artificial
Few studies have applied user demographics to find users’
neural network [46], deep neural network [47], and natusimilarity measures for other tasks, like friend matching
ral language processing statistical models [48–50]. Li et
and item recommendations. A well-established finding in
al. [51] proposed a semi-supervised learning model for the
sociology is “friends tend to be similar” [79, 80]. In this
task of dropout prediction. Table 2 details the state-of-thepaper, user demographic information (gender, age, educaart research on the dropout prediction in MOOCs.
tion) has been applied to measure the similarity between
Although most prior studies consider click-stream feathem. We compute users’ similarities using cosine simitures as engagement patterns [4], few use social networks
larity, which has been used in several prior studies to
or grades to make predictions [77, 78]. Other works, e.g.
measure proximity among members [81, 82]. Mazhari et
[32], use a combination of user demographics, forum acal. [83] propose a combination of Levenshtein distance,
tivities, and learning behavior to predict learners’ learning
Dice’s coefficient, Cosine similarity, and Jaccard index to
effectiveness.
measure demographics-based similarity among users for
Many predictive models with reasonable accuracy
friend matching. We consider people with high similarity
measures have been proposed to identify at-risk students.
scores as friends.
Apart from predictions, these models may initiate an inUsers’ online study behavior is said to influence one
tervention before learners quit [34]. Low completion rates
another. The probability that a learner completes the
in MOOCs have motivated researchers in the automatic
course and obtains a certificate increases three times when
detection and prevention of student dropouts. Whitehill
he/she has one or more “certificate friends” [32]. Feng et
et al. [34] conducted a “dynamic survey intervention” on
al. [66] inferred that students’ probability of dropout instudents who recently dropped out of a MOOC to learn
creases from 0.33 to 0.87 when the count of his dropout
the reason. They concluded that the mere act of inquiring
friends ranges from 1 to 10, indicating the strong influence
propelled students to rejoin the MOOC. Some researchers
of friends’ attrition behavior.
have deployed their predictive models as AI Plugins on
browsers to make real-time predictions. One such example is a recent work by Feng et al. [66], where authors de3.1 Dataset description
ployed their algorithm to XiaoMu, an AI-based learning
assistant system on XuetangX to predict dropouts as the
The dataset used in this paper comes from XuetangX, one
MOOC proceeds. Upon identifying an “at-risk student”, Xiof the largest MOOC platforms in China. The dataset is
aoMu sends the learner an intervention message to encourpublicly available and has previously been used by Feng
age them. Results show that their strategy improves users’
et al. [66]. They proposed a Content-aware Feature Inengagement significantly.
teraction Network (CFIN) model that incorporates conThis study, however, uses activity features and the
text information (user’s demographic and course informaimpact of friends as engagement patterns in MOOCs. We
tion) and learning activity to make predictions. However,
use the demographic similarity between learners to diswe use the demographic information of the students to
cover their friend relationships. Students with a similarity
measure similarity (and thereby, friendship) among them.
score above a threshold are considered as friends. Prior
Our model uses a combination of students’ learning acresearch to predict at-risk students generally applies sutivity and influence from friends to predict dropouts. This
pervised learning models. These models require a huge
dataset contains 685,387 registered students. The courses
amount of labelled data, which due to the high time-cost
in the dataset based on their learning mode are classified
of labelling, are often limited [51]. We, however, employ
into Instructor-paced Mode (IPM) and Self-paced Mode
a semi-supervised learning-based model - self-training to
(SPM). There are 698 IPM and 515 SPM courses in the
predict dropouts. We use a deep learning model as a clasdataset. Table 3 provides the descriptive statistics of Xuesifier in the self-training technique. To study the efficiency
tangX dataset.
of the deep model to deal with the dropout prediction prob-
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Table 3: Descriptive Statistics of XuetangX dataset (Adapted from
[66]).

Enrollments

Count

Total
Dropouts
Completions
Courses

685,387
578,076
107,311
1,213

The information available in the dataset includes
information about the course (ID, start and end date,
course_type, category), student demographic information
(user_id, gender, education, birth), their activity records,
and their final result (dropout or non-dropout). Table 4 represents attributes of different files. The dataset contains
rich information with multiple types of students’ activities:
video watching, web page clicking, creating threads, and
many more.

Table 4: Attributes in various files of XuetangX dataset (Adapted
from [66, 84]).

User Profile Information
Attribute

Meaning

user_id
gender
education
birth

the id of user
the gender of user
user’s education level
user’s birth year
Course Information

Attribute

Meaning

id
course_id
start
end
course_type

the id (number) of course
the id (string) of course
course start time
course end time
course mode (0: instructor-paced course,
1: self-paced course)
the category of course

category

3.2 Preprocessing of Input
The records in the dataset are raw, which means they cannot be input to the deep neural network, and require preprocessing. The preprocessing of the input data can be divided into two parts:

3.2.1 Making friends based on demographics
As shown in Table 4, the user profile information file has
the user’s demographic information - user_id (the user’s
id), gender, education, and birth (the birth year). These
records in the dataset are in text format, which cannot be
used to calculate the similarity between users. For this, we
convert them to vectors that could be processed further.
In this paper, we compute friendship between users who
have enrolled in the same course.
The “age” attribute of a user is calculated using the
user’s birth year and course’s year. The users are then classified into three categories based on their age (≤25:young,
>50:old, (25, 50]:middle). Each attribute may take several
different values. We convert each value (of gender and
age_group) to their corresponding one-hot vector. One-hot
encoding scheme converts a variable to a binary variable
with the number of bits equal to the number of unique values the variable can have. The education attribute is label encoded based on pre-defined labels. Label encoding
transforms a variable to a number. The dataset contains a
rich set of values for the education column, however we de-

Log Activities Files
Attribute

Meaning

enroll_id
username
course_id
session_id
action
object
time

denoting the user and course id pair
the id of the user
denoting the course’s id
the id of session
the type of activity record
corresponding object of the action
the time when each action occurred
Truth Files

Attribute

Meaning

enroll_id
truth

denoting the user and course id pair
the label of user’s dropout (1: dropout, 0:
non-dropout)

fine labels for values available in the courses’ data used in
this study. An example of converting the attributes of a raw
record to its corresponding vector representation is shown
in Figure 1.
The vectors thus obtained are used to compute the
similarity between users. Users with high cosine similarity score i.e., greater than or equal to 0.8 are considered as
friends. Algorithm 1 outlines the implementation of making friends based on their demographic information.
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combining one-hot vectors has been used in prior studies,
e.g., [42].
Two additional attributes - drop_friends and
non_drop_friends are concatenated to the added one-hot
vectors. Any friend with the last action before the current
date is regarded as a “dropout friend”, thus incrementing
the drop_friends for the corresponding enroll_id. Similarly,
friends with actions on or after the current date are called
“non-dropout friends”, and they add to non_drop_friends
value. This results in 63 vectors, each of size 20.
Figure 1: Example of converting raw data to their corresponding
Lastly, we concatenate all vectors (for unique envector form (Adapted from [42]).
roll_id) into a matrix, with each row to be the vector for
each date. Algorithm 2 provides a detailed implementation
3.2.2 Preprocessing activity-log
insight of the preprocessing stage.
The dropout prediction problem, considered in this paIn this section, we elaborate the preprocessing of log acper, is a classification problem with a huge difference in
tivities (Table 4). Firstly, we one-hot encode the action atthe number of instances of each class (Class Imbalance
tribute, converting each value of the attribute to a vector
Problem). Several sampling techniques (Undersampling,
with a size value of 18. Since the volume of these vectors
Oversampling, and Hybrid methods) are used for handling
is huge, they need to be combined. For this, we add up all
the Class Imbalance Problem in various domains. In this
these vectors of the same date corresponding to each enpaper, we use random undersampling and random overroll_id in a bitwise fashion. This method of converting and
sampling methods. We did a train-validation split of 80%20%, and sampling techniques were applied to the training set alone to get an equal proportion of dropouts and
Algorithm 1: Making friends based on the user’s
non-dropouts.
demographics
1
2
3

4
5
6

Procedure GetFriends(learner)
Get users enrolled in learner’s course in students
Fill missing values of students.gender and
students.education with ”noInfo_gender” and
”noInfo_edu” respectively

Fill missing values of students.age with arithmetic mean of
age attribute

8

foreach s in students do
if s.age ≤ LOW then
s.age_group ← young
else if s.age ∈ (LOW, MID] then
s.age_group ← middle
else
s.age_group ← old
end
end

10
11
12
13
14
15
16
17
18
19
20

21
22
23

24
25
26
27
28

Input :Users enrolled in same course as students, their logs as
action, last date of log action as last_action_date,
course_start and course_end date
Output :63X20 sized matrices for each user

foreach s in students do
Set s.age ← course_year − s.birth
end

7

9

Algorithm 2: Preprocessing the data

2
3

// LOW: 25
// MID: 50

foreach s in students do
s.gender ← one_hot(s.gender)
s.age_group ← one_hot(s.age_group)
s.education ← label_encode(s.education, LABELS)
/* LABELS: [noInfo_edu:0, Middle:1, High:2,
Associate:3, Bachelor’s:4, Master’s:5,
Doctorate:6]
*/
end
foreach co_learner in students do
/* co_learner ≠
learner */
Set
similarity ← cosine_similarity(learner, co_learner)
if similarity ≥ THRESHOLD then
/* THRESHOLD: 0.8
*/
friends ← friends.add(co_learner)
end
end
return friends

1

4
5
6
7
8
9

10
11
12
13
14
15

foreach s in students do
s.action ← one_hot(s.action)
18 */
end

foreach s in students do
/* students grouped by enroll_id
and date */
foreach date ∈ [course_start, course_end] do /* ∀s runs
63 times */
Add one-hot vectors corresponding (s, date)
Set s.drop_friends & s.non_drop_friends to 0 for date
// Resultant vector size: 20
foreach friend in GetFriends(s) do
if friend.last_action_date ≥ date then
/* last_action_date for non-dropouts set
to a date after course ends */
s.non_drop_friends ←
s.non_drop_friends + 1
else
s.drop_friends ← s.drop_friends + 1
end
end
end
Sort vectors corresponding s based on date
Make matrix corresponding s
/* Resultant matrix size:
63 × 20 */

16
17
18

/* One-hot vector size:

end
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3.3 Deep Model

model while two different non-science courses (course_id:
“course-v1:TsinghuaX+00510663X+2016_TS” and “courseThe deep learning model, inspired by the prior work of v1:MITx+15_390x_2016T1+2016_TS”) are used to retrain
Wang et al. [42], contains an input layer, an output layer, the model repeatedly. The labels in the two non-science
and six hidden layers. The input to the prediction model courses are known, but we ignore them for retraining puris the matrix representation of action logs and count of poses.
friends, and output is a binary class, where 1 represents
the student dropped out of the course, and 0 represents
the student did not drop out. As illustrated in Figure 2, the
first and third layers perform convolution operation to extract features. The second and fourth layers in the deep
model are pooling layers; here, we use max pooling. The
fifth is the fully connected or dense layer, which combines
features extracted from previous layers succeeded by the
recurrent layer. The last layer of the model is the dense
layer.

Figure 2: Illustration of different layers of the Deep Neural Network
(Adapted from [42]).

Figure 3: Procedural flow of the Self-Training Semi-Supervised
learning technique.

3.4 Self-Training

4 Results
Self-training is a method for semi-supervised learning [85].
As described in Figure 3, the learning process of a self- As mentioned before, the dropout prediction problem suftraining algorithm starts with training a classifier with fers from class imbalance in the dataset. In such cases, aclabelled data, then repeatedly bootstrapping the classi- curacy is not considered an appropriate measure for model
fier with additional labelled data obtained from its own evaluation. Therefore we use F1 Score, Precision and Repredictions with a high confidence score. This process call as evaluation metrics. Table 5 lists the details of pacontinues until some pre-defined termination condition rameters in Deep Model. The batch size was set to 20. The
is reached. Self-training has previously been applied to model was trained for 50 epochs with early stopping paseveral problems ranging from fine-grained classification tience set to 5. We implemented the model in Keras [88]. We
[86] to parsing [87]. However, its capability has not been use sigmoid activation function with binary cross-entropy
explored in the context of MOOCs analytics. The classi- (as the loss) function to train the model. In self-training,
fier we use for self-training is the Deep Model described the number of maximum iterations were fixed to 10. We sein section 3.3. To measure the confidence of predictions, lected pseudo-labelled data with confidence score greater
we train five neural networks with different initial ran- than 3 in majority voting to re-train the model.
dom weights. A count of networks that agree on the laTable 6 presents the optimizer-wise results of an enbel is regarded as the confidence score for that predic- semble of deep models trained on three non-Science IPM
tion. Data with a confidence score above a threshold courses. The ensemble was a collection of thirty deep
is appended to the training dataset. The retraining of models having the same configuration with initial ranthe classifier stops when either the unlabelled dataset dom weights set to the default values of each layer from
becomes empty, or the number of maximum iterations Keras [88]. They were trained on the same courses’ dataset,
are reached. A non-science course (course_id: “course- and predictions were made. The actual prediction was calv1:TsinghuaX+JRFX01+2016_TS”) is used to train the initial culated as the mode of all the predictions. Our results
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Table 5: Hyperparameters used in implementing the Deep Model

Model Hyperparameters (Adapted from [42])
Layer

Name

Activation

Hyperparameters

0
1

Input
Convolution

relu

2
3

Max Pooling
Convolution

relu

4
5
6

Max Pooling
Fully Connected
Simple RNN

relu
relu

Filters: 20, Filter
Size: 5 × 5
Pool Size: 2 × 2
Filters: 50, Filter
Size: 5 × 5
Pool Size: 2 × 2
Units: 20
Units: 50

Optimization Hyperparameters
Optimizer

Learning Rate

SGD
RMSProp
Adagrad
Adadelta
Adam
Adamax
Nadam

0.0005
0.0005
0.0001
0.05
0.005
0.0001
0.0001

Table 7: Contribution analysis for different features (F1 score)

Optimizer Video(%) Problem(%) Friends(%) Others(%)
SGD
RMSProp
Adagrad
Adadelta
Adam
Adamax
Nadam

Optimizer

F1(%)

Precision(%)

Recall(%)

SGD
RMSProp
Adagrad
Adadelta
Adam
Adamax
Nadam

90.36
90.91
92.00
89.80
90.82
89.23
88.54

95.70
95.74
95.84
95.66
96.74
95.60
96.59

85.58
86.54
88.46
84.62
85.58
83.65
81.73

show that Adagrad outperforms all other optimizers with
the highest F1 score, and its Precision on Science course
achieves 95.84%. Compared to Adadelta and Adamax, SGD
achieves 0.96% and 1.93% Recall improvement in Science
course, respectively. The model trained using RMSProp optimizer achieves F1 score 90.91%, Precision 95.74%, and
Recall 86.54%. Adam reports 90.82% F1 score, 96.74% Precision and 85.58% Recall.
In order to identify the importance of different features, we use the permutation feature importance method
(introduced by Breiman [89]). In this, we measure the contribution of a feature by calculating the variety in the
model’s prediction after permuting the feature. Particu-

72.73
68.71
79.56
72.39
77.19
71.52
67.08

61.44
49.30
74.42
50.36
72.73
43.28
43.28

59.21
49.30
73.56
45.59
68.75
39.69
39.39

Table 8: Difference between performance of deep model on original
and modified dataset (F1 score)

Optimizer Video(%) Problem(%) Friends(%) Others(%)
SGD
RMSProp
Adagrad
Adadelta
Adam
Adamax
Nadam

Table 6: Results on Science IPM course under Different Metrics

80.45
71.86
86.32
80.68
79.78
78.65
76.30

9.91
19.05
5.68
9.12
11.04
10.58
12.24

17.63
22.2
12.44
17.41
13.63
17.71
21.46

28.92
41.61
17.58
39.44
18.09
45.95
45.26

31.15
41.61
18.44
44.21
22.07
49.54
49.15

larly, we shuffle every type of activity feature one by one
and then evaluate the performance of the model on the
modified dataset. The activity features used are grouped
into four major categories - video activity, problem-related
activity, influence-from-friends, and remaining miscellaneous activities. The importance of various activity features are shown in Table 7. To evaluate the contribution
of each feature more accurately, we calculate differences
between the performances of deep models on the original
dataset and permuted dataset on the F1 score. These values are illustrated in Table 8. Results show that all features
are useful for predictions. The miscellaneous click-stream
features play the most important role, followed by influence from friends.
Experimental results of self-training on a Science based IPM course (course_id: “course-v1: TsinghuaX+400182X+2016_TS”) are shown in Table 9. SGD
proves to be top performer with highest F1 score followed
by Adadelta (F1 score: 91.63%). The model trained using
Adamax optimizer achieves F1 score 89.45%, Precision
93.68% and Recall 85.58%. Nadam, on the other hand,
performs a little better with F1 score 91.09%, Precision
93.88% and Recall 88.46%. RMSProp reports 82.42% F1
score, 96.15% Precision and 72.12% Recall. Adagrad and
Adam achieve F1 score 90.64% and 90.36% respectively.
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Table 9: Results of Self-Training on Science IPM course under Different Metrics

Optimizer

F1(%)

Precision(%)

Recall(%)

SGD
RMSProp
Adagrad
Adadelta
Adam
Adamax
Nadam

94.29
82.42
90.64
91.63
90.36
89.45
91.09

93.40
96.15
92.93
93.94
95.70
93.68
93.88

95.19
72.12
88.46
89.42
85.58
85.58
88.46

Table 10 presents the contribution of various features
in predicting MOOC dropouts by self-training technique.
Similar to supervised learning results, we observe that all
features play essential roles in dropout prediction, but
“Others” features followed by influence from friends are
the most prominent ones in all the cases.

(course_id:“course-v1:TsinghuaX+400182X+2016_TS”).
In the case of self-training, the initial model was
trained on an Economics MOOC (course_id:“coursev1:TsinghuaX+JRFX01+2016_TS”). The model was
then repeatedly trained on two non-Science courses
(course_id:“course-v1:TsinghuaX+00510663X+ 2016_TS”
and “course-v1:MITx+15_390x_2016T1+2016 _TS”). Finally, the semi-supervised trained model was used to
make predictions on a Science course (course_id:“coursev1:TsinghuaX+400182X+2016_TS”). Results show both the
techniques achieve high performance in predicting MOOC
dropouts.

6 Conclusion

MOOCs have grown rapidly in previous years and are
continually growing. Their easy availability and flexibility have attracted millions of students. Despite the growing popularity of MOOCs, they are faced with a plethora
Table 10: Contribution analysis for different features (F1 score)
of challenges. One such challenge that has attracted the
attention of the researcher’s community is addressing
Optimizer Video(%) Problem(%) Friends(%) Others(%)
a high dropout rate. In this study, we adopt a semiSGD
85.26
80.00
56.16
52.11
supervised learning model to identify potential dropouts.
RMSProp 60.00
44.77
30.89
27.87
The model, apart from click-stream activity pattern, uses
Adagrad 78.21
69.88
66.25
63.75
impact from friends as engagement patterns. We employed
Adadelta 73.68
69.94
59.60
52.78
demographic similarity between users to determine friendAdam
89.69
82.42
81.56
78.89
ship amongst them. Experimental results show that our apAdamax 70.30
67.09
54.79
44.93
proach achieves high performance in terms of F1 score on
Nadam
77.53
78.16
71.85
69.88
a public dataset extracted from XuetangX. The self-training
technique achieves comparable results, if not better than
state-of-the-art supervised learning methods. Results on
the permuted dataset present the significant role of the
learner’s friends’ attrition in predicting her behavior in the
MOOC. Although this study concludes self-training as an ef5 Discussion
fective approach to predicting MOOC dropouts, this work
In this study, we explored the influence of friends in the may be extended by using more customized classifiers that
prediction of dropouts in MOOCs. We used two techniques could predict not only MOOC specific dropouts but also
- supervised and semi-supervised based models for this other aspects of the learner’s behavior. Model deployment
task. To study the efficiency of the models, the train- across various MOOC platforms and generating real-time
ing and testing were done across different courses. The predictions on running MOOCs may also be considered as
deep model was trained on three non-Science courses the future scope of this work.
(course_id:“course-v1:TsinghuaX+00510663X+2016_TS”,
“course-v1:TsinghuaX+JRFX01+2016_TS” and “course- Acknowledgement: We thank Rishabh Narang, MS Comv1:MITx+15_390x_2016T1+2016_TS”) after class bal- puter Science, Columbia University and Shristi Mudgal,
ancing. To maintain consistency with the other MS Computer Science, Technical University of Munich for
two courses’ data, the additional action attribute useful discussions. Their remarks and suggestions were exavailable in the Business course was omitted for tremely helpful to carry out the research further.
the experiment. The deep learning model, thus
trained, was used to make predictions on a Science
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