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Abstract  

Massive Open Online Courses (MOOCs) have been a popular venue for people to learn new 
knowledge, craft a new skill, or expand their professional profile (Pheatt, 2017; Hew & Cheung, 
2014). To date, very few studies have considered credential-based MOOCs. This exploratory 
study of eight MOOCs representing 31 course runs investigated learner behavior within both 
open-enrollment and credential-based tracks to identify and correlate any learning  patterns or 
trends. Findings suggest that the verified-track learners (n=5,117) have higher participation and 
passing rates than the audit-track learners (n=544,868). Based on a survival analysis, about 50% 
of the verified track persisted for 11 to 12 weeks. Using a multiple regression approach, 
persistence, gender and enrollment time period were the strongest predictors of the total grade. 
Finally, the study provides insights into student performance and identifies opportunities to 
better support learners through future research and course design in MOOCs.  
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Introduction 

A Massive Open Online Course (MOOC) is an online course with the option of free, 
open registration and unlimited participation (McAuley et al., 2010). Anyone with internet 
access can enroll in a MOOC class to learn a new topic and grow their professional profile 
(Pheatt, 2017). According to a Class Central report in 2018, there were 101 million learners 
signed up for MOOCs, and over 900 universities were offering 11,400 MOOCs (Shah, 2018). 
Given their rapid expansion, educators and researchers are still skeptical of the effectiveness of 
MOOCs for the following reasons: 1. Low completion rate (3%-10%): MOOCs have a high 
dropout rate because learners have various learning goals, prior knowledge, skills and interests 
(McAuley et al., 2010); thus, not everyone aims to finish the course or earn a certificate (Pheatt, 
2017). 2. Lack of personalized feedback: current MOOC platforms utilize text-based discussion 
forums which are available for everyone. That makes it difficult to provide customized feedback 
for individual or small groups of learners (Yousef et al., 2014). Another reason for lacking 
individual feedback could be resulting from the large numbers of student enrollment and only a 
small amount of course staff is available to reply to questions (Daradoumis et al., 2013).  
3. Limited collaboration and social interaction with peers: unlike traditional classroom, the 
primary communication approach in MOOC is through text-based discussion forum (Onah, 
Sinclair & Boyatt, 2014). However, since students are not required to participate in the forum, 
only a small portion of students would post questions, share learning tips, or answer other 
students’ questions. The high dropout rate and open enrollment also result in a smaller number of 
students using the forum. With open enrollment, students could start the coursework at different 
times and that makes it hard for learners at different stages to engage in dynamic and 
spontaneous conversations with each other. Additionally, the graded assessments are usually 
designed as individual tasks, which further limits the opportunities for peer interaction (Gamage, 
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Fernando & Perera, 2015). 4. One-way delivery: a MOOC usually features a guided curriculum 
and pre-recorded video lectures. When students have a question during a lecture, they could not 
raise their hands to ask questions or have a theoretical debate like being in a traditional 
classroom. Instead, he or she could only rewatch the video again and again, with the hope that he 
or she could figure out the concepts eventually. If still confused, a student could post questions 
on the discussion forum and hopefully to get a reply from the course staff or classmates from a 
couple hours to a few days. In short, the one-way delivery style limits opportunities for students 
to interact with instructors (Gamage et al., 2015).  

Although educators and researchers have many concerns around MOOCs’ pedagogy 
design, technology resources and social dynamic, MOOCs continue to grow and expand rapidly. 
MOOC providers such as Coursera and edX began developing a new business model based on 
microcredentials because previous research suggested that learners are more willing to pay if 
they can earn a certificate upon completion (Eckstein, 2019; Young, 2013). A microcredential, 
defined by the National Education Association (n.d.), is a type of digital competency-based 
certification used in formal or informal professional learning programs. By the end of 2018, 630 
microcredentials in MOOCs are created, mostly offered by Coursera’s Specialization and edX’s 
Professional Certificate (Shah, 2019).  
 
What is a MicroMasters Program? 

A MicroMasters program is a type of credential-based MOOC offered by edX. Compared 
to open MOOCs, MicroMasters MOOCs require higher tuition fee, ID-verification, completion 
of graded assessments and a proctored final exam. The common topics of MicroMasters 
Programs include Business Management and Computer Science (Caudill, 2017). MicroMasters 
programs are often designed as a pathway to enroll in a University. For example, the Supply 
Chain Management MicroMasters Program offered by the Massachusetts Institute of Technology 
(MIT) allows students who successfully earn the credentials to enroll in a residential master’s 
degree program or convert credits to 20 other affiliated institutes (Kiers, 2016; MIT, n.d.).  

In the wide array of MOOC profiles, the credential-based MOOC is becoming a popular 
option for learners to pursue because the credentials are assessed and endorsed by a university 
certificate, so the credentials are more recognizable by potential employers (Terras and Ramsay, 
2016). However, little is known about the credential-based MOOCs, due to the following 
reasons: (1) not all universities have the resources to conduct learning analytics analyses (2) 
learner data is not easily accessible to researchers due to confidentiality (Almeda et al., 2018). 
Therefore, this study aims to explore learner characteristics and behaviors in eight credential-
based MOOCs with an intention to identify learner behavioral pattern(s) within and between 
open MOOCs and credential-MOOCs. 

Literature Review 
Extensive MOOC research investigated learner dropout because it is a proxy for course 

completion (Reich, 2014). Machine learning (ML) algorithms are often utilized to conduct 
dropout modeling (Borrella, Caballero-Caballero, & Ponce-Cueto, 2019). The common ML 
algorithms are logistic regression, decision trees, random forests, support vector machines, 
neural networks and survival analysis; however, most of the literature suggests that these models 
have “similar predictive power” (Borrella et al., 2019, p3). Reich (2014) utilized Kaplan-Meier’s 
survival analysis to model learners’ attrition rates from nine HarvardX MOOCs. The survival 
analysis model considered learner persistence as a function based on the total number of days 
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students remained active in the course and dropout value. With the same perspective, this study 
also adopts Kaplan-Meier’s survival analysis to explore learners’ persistence and attrition rates.  

Learner’s gender, education levels, social-economic status, and proficiency in English are 
reported potential barriers to people’s understanding and accessing online information 
(Livingstone, Couvering, and Thumin, 2005). Since MOOCs attract learners with a variety of 
reasons ranging from preparation (Hew & Cheung, 2014), learner demographics and motivations 
could affect their behavior and level of participation (Rieber, 2017). This study was informed by 
the prior study to consider the demographic variables for the model analysis.  

Research Question 
This analysis aims to explore learner participation, behavior and characteristics in 

relationship to their learning performance between open-enrollment (audit track) versus paid-
enrollment (verified track) in credential-based MOOCs. The research questions are listed as 
follows:  
RQ1: Do students in the verified track have higher participation rates for graded assignments 
(quizzes and projects) compared to their audit track peers? 
RQ2: Do students in the verified track have higher passing rates for graded assignments (total 
grade reports from quizzes, projects, and final exams) compared to their audit track peers? 
RQ3: What is the learner attrition rate for the verified track?  
RQ4: What factors predict learner grades for the verified track? 

The first two questions uncover differences or similarities between levels of interaction 
and academic performance between the audit and the verified tracks. The third and fourth 
questions illuminate the underlying mechanisms of learning patterns associated with academic 
performance. These findings should support future research design and identify opportunities to 
better engage learners in future MOOCs.   

 
Research Methods 

Data collection 
This study used data collected from two MicroMasters Program MOOCs, each consisting 

of four courses offered by an Ivy League school delivered through edX during 2017-2018. These 
courses were computer-science (CS) and business analytics(BA) related topics. Each course was 
12-week with an additional week for the final proctored exam, except one course was shorter 
(10-week). Learners could enroll in the audit track for free as an Open MOOC or pay to be in the 
verified track. The criteria to earn a course certificate included: paying a course fee, verifying 
identification, taking a final proctored exam, and achieving a total grade of 60% or above. 

 The audit track learners received the same curriculum, such as lecture videos, and 
assessments, but the final exam was simplified. Specifically, the final exam for the audit track 
was similar to the weekly quizzes, while the final exam for the verified track MOOC was an 
online proctored comprehensive assessment.   

There were a total of 410,780 learners in the CS MicroMasters Program from 20 course 
runs and the BA MicroMasters Program had a total of 139,205 learners from 11 course runs(see 
table 1). No participants were recruited solely for the purpose of data collection. The learners' 
gender breakdown in the CS MicroMasters Program were 65.9% male and 13.1% female. The 
BA MicroMasters Program had 56% male and 21 % female. 
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Methods 
For research questions 1 and 2, I compared the results between the audit and verified 

track learners using the Welch T-test. Due to the low participation and passing rates (less than 
10% and less than 5% respectively) of the audit track found in RQ1 and RQ2, I decided to 
review only the verified track data for the later questions.  
 To examine the RQ3 on learner attrition, a nonparametric estimator of the survival 
function (Kaplan Meier method) is utilized to estimate and graph survival probabilities as a 
function of time (Min et al., 2011). Rstudio and the survival and survminer packages were used 
for analysis. Learner persistence was calculated based on learner’s first day of learning activity 
to the last day of learning activity (within the course beginning and end dates). Any activities 
beyond the course end date were not included in the analysis.  
 For RQ4, multiple regression was conducted to investigate which factors were strong 
predictors of the total grade. The independent variables included: (1) student persistence (2) 
gender (3) educational levels (4) enrollment time period: early enrollment, (W1-W4), mid-
enrollment (W5-W8), and late enrollment (W9-W12). Table 2 shows the descriptive data of the 
variables on the total grade.  
 

Results 
RQ1: Participation rate 

A weighted average of participation rate was calculated to produce accumulated results 
for the CS (CS101-104) MOOCs as well as the BA (BA101-104) MOOCs. Figure 1 shows the 
weighted learner participation rate in graded assignments (quizzes and projects) for the audit 
track and verified track respectively. In the CS MOOCs, the participation rate for the verified 
track in quizzes started at 70% and decreased to 35% by the end of the course. The participation 
rate for projects began at 40% but dropped to 11 % by the end of the course. Verified track 
learners in BA MOOCs followed a similar trend, with quiz participation rate starting at 70% but 
decreasing to 39%, and project participation rate falling from 61% to 28%. Conversely, the audit 
track exhibited a much lower participation rate. Figure 1 shows that their participation rate 
started from roughly 10%, then decreased to less than 1%. A Welch t-test analysis confirmed that 
verified track learner participation in quizzes and projects in both MicroMasters programs was 
significantly higher than those of the audit track (p<0.01). 
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Figure 1 Weighted participation rate for quizzes and projects based on enrollment type in CS 
and BA MicroMasters Programs  

 
RQ2: Learner passing rate 

Table 1 shows that the passing rate for the verified track in the CS MicroMasters MOOCs 
was 33.9%, while the passing rate for the audit track was 0.14%. BA MicroMasters MOOCs, 
however, had a higher passing rate of 43.72% for the verified track, with a passing rate of 0.19% 
for audit track learners. On average, the audit track passing rate across eight MOOCs was 0.17% 
compared to verified track 38.81%. Based on Welch t-test results, it is concluded that the verified 
track passing rate is  significantly higher from that of audit track (p<0.01).      

 
Table 1 Enrollment and Passing learners of CS and BA MOOCs 2017-2018 

 Enrollment Passing Learners 

 Total Verified Audit Total Verified Audit 

CS MOOCs 

(n=20 runs) 

410,780 3,994 

(0.1%) 

406,786 

(92.4%) 

1,935 

 

1,354  

(33.90%) 

581 

 (0.14%) 

BA MOOCs 

(n=11 runs) 

139,205 1,123 

(0.8%) 

138,082 

(99.2%) 

752 491 

(43.72%) 

261 

(0.19%) 
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RQ3: Attrition rate as learner persistence 
Attrition rate, as measured by a Kaplan-Meier survival analysis, was utilized to measure 

student dropout and academic persistence (Ascend Learning, 2012). Figures 2 and 3 showed the 
Kaplan-Meier survivor functions of CS MOOCs and BA MOOCs using learner active days in the 
course (academic persistence). Both CS and BA MOOC data showed a sharp rate of dropping 
out in the first few days, with attrition increasing steadily as the course continued. In CS 
MOOCs, about 50% of verified track learners dropped out by day 76, which was slightly less 
than 11 weeks. For BA MOOCs, 50% of verified track learners persisted up to day 85. 
Considering the total length of the course (13 weeks), the study results showed that about half of 
the verified track learners in the CS MOOCs persisted for 11 weeks; whereas 50% of the verified 
track in the BA MOOCs did not drop out.  

 

  

Figure 2 Kaplan-Meier survivor functions  
for CS MOOCs verified track learners 
(n=3,258) 

Figure 3 Kaplan-Meier survivor functions for 
 BA MOOCs verified track learners (n=665)  
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RQ4: Regression analysis of predictors of learner grades 
A multiple linear regression analysis was applied to model the predictors of total grade. 

Table 2 included the independent variables such as learner persistence, gender, educational 
level and enrollment time period. After examining the standard residual diagnostics, I 
determined that a quadratic specification of learner persistence was most appropriate for the 
analysis.  

 
Table 2: Descriptive Statistics of Independent Variables on Total Grades 
            

Independent Variables N M SD  
 
Learner Persistence  
(1~108 days) 

 
        3,643 42 

 
39 

  
 
Gender      
 Female  372 36 37  
 Male  2,441 62 39  
 Other  834 34 39  
Educational Level      
 Post graduate  1,125 46 39  
 Undergraduate  1,203 44 39  
 High school   264            39 38  
 
Enrollment Time Period      
 Early enrolled   3,137 43 39  

 Mid enrolled   350 39 39  

  Late enrolled    158 38 38  
       
Note: M and SD are used to represent the mean and standard deviation of the total grade  
         (scaled from 0 to 100), respectively.  
     

Table 3 displayed the coefficient and nested F-tests of the taxonomy of four fitted 
multiple regression models. Model 1 had a predictor (learner persistence) with numeric value, 
while the other variables added into models 2, 3 and 4 represented vectors of dichotomous 
predictor variables. Because of this, their estimates reflected the difference between the observed 
variables and the reference categories. I interpreted the results of a nested F-test(ANOVA) to 
determine if including information about these categories improved model fit. I determine the 
effects of individual predictors by interpreting the magnitude and direction of the estimated 
coefficients, reported both in their native values and as effect sizes (Cohen’s d).  

Model 4 was chosen as the final model for the multiple regression analysis and its results 
indicated that, on average, controlling all other variables, students who persisted for 10 days 
longer will have final grade 4 points higher (d=0.10). In comparison to female students, a male 
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student on average, holding other variables constant, will perform 5.27 points better (d=0.14). In 
terms of student enrollment time period, the model suggested that students who joined the course 
during the middle of the course (between week 4 to week 8) (d=0.62) and late (between week 9 
to week 12) (d=0.7) performed better than those who enrolled early.  

In conclusion, learner persistence, gender and enrollment time were statistically 
significant in predicting total grade. Specifically, learner persistence was the strongest predictor 
in the study, followed by enrollment time period and then gender.  

 
Table 3. Multiple Regression of total grade on learner persistence, gender, educational level and 
enrollment time period.  
 
  Model 

Variable M1 
(n=3644) M2 (n=3642) M3 

(n=3640) 
M4 

(n=3638) 

(Intercept) 1.84  
(1.48) 

     -1.26*** 
      (1.61) 

-1.27*** 
(1.65) 

-9.79***  
(1.63) 

Learner persistence 
 

 
    0.34***   

        (0.07) 
 

       0.33***   
  (0.07) 

0.34*** 
(0.07) 

     0.3*** 
(0.07) 

𝐿𝑒𝑎𝑟𝑛𝑒𝑟 𝑝𝑒𝑟𝑠𝑖𝑠𝑡𝑒𝑛𝑐𝑒 2  
 
 

         
        0.00***   
        (0.00) 

 

      0.00***   
  (0.00) 

    0.00*** 
(0.00) 

     0.01*** 
(0.00) 

Male  
     5.27*** 

(1.06) 
     5.24*** 

(1.22) 
         5.27*** 

(1.16) 

 
Post graduate 

  

            0.26 
(1.36) 

 
0.55 
(1.3) 

 

Undergraduate 
  

 
-0.18 
(1.32) 

 
-0.7 

(1.25) 

 
Mid enrolled   

  
24.19.*** 

(1.71.) 

Late enrolled    
 

       38.15*** 
(2.44) 

 
𝑅2            0.41        0.41            0.41           0.47 

General Linear Hypothesis (GLH) Test on Model (1, 2), Model (2,3) and Model (3, 4) 

     
𝐻0 𝛽 =0 𝛽 =0 𝛽 =0 𝛽 _ =0 

   𝛽 _ =0 𝛽 _ =0 

Change in F-statistic 1270 24.89 0.06 195.79 

df 2 1 2 2 

p-value <0.001 <0.001 0.94 <0.001 

Decision Reject 𝐻0 Reject 𝐻0 Do not Reject 𝐻0 Reject 𝐻0 

Notes: *p < .05; ** p < .01; *** p < .001, cells are estimates (standard error).    
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Discussion 

This study analyzed eight credential-based MOOCs with a total of 31 course runs over 2 
years of dataset. The results suggested that the verified track learners had, on average, a 40-60% 
participation rate in graded assignments (quizzes and projects), while the audit track learners had 
less than 10%. The verified track learners also had a roughly 40% passing rate (completing the 
course with a cumulative grade of 60% or higher), whereas the audit track learners had 17%. 
This data corresponded with previous MOOC studies recommending learners who paid to enroll 
in MOOCs had a stronger intention to complete the course and earn certificates (Reich, 2014; 
Koller, Ng & Chen, 2013). However, the passing rates of the verified track students in MOOCs 
was still extremely low compared to for-credit online learning environments (Almeda et al., 
2018), revealing serious deficiencies in MOOC learning environments. The study also found that 
about 50% of the verified track of the CS MOOCs dropped out by the 11th week (of 13); in the 
BA MOOCs, approximately 50% of learners did not not drop out. These mid- or late dropouts 
demonstrated greater interest and effort in completing their courses than early dropouts, but 
challenges such as difficult course content or personal factors (i.e. psychological issues, work or 
family obligations) may have prevented them from continuing. It is recommended that future 
research and course designers focus initially on investigating the causes of mid- or late dropouts 
over early dropouts, because those who left the course early may have just been browsing the 
course content.  

The preliminary descriptive data suggested that mid- and late- enrolled students had, on 
average, lower grades than early enrollers. However, the results of the multiple regression model 
showed that late enrollers actually performed better than early enrollers when controlling other 
variables. Intuitively, this relationship seemed contradictory. However, one reason could be that 
linear regression oversimplifies the intercorrelation between learner educational level, the 
enrollment time period, and total grades. For future research analysis, it is suggested to utilize 
more complex models (e.g., multi-level path analysis) and feature engineering of the variables to 
shed light on the relationship of these variables to grades.  

In addition to analyzing the strongest predictors of student grade, it is equally important 
to consider what can be done to support student success in MOOCs. Prior online learning 
literature asserts that utilizing self-regulatory learning (SRL) strategies in online learning 
environments has a positive effect on academic performance (Azevedo, 2005; Broadbent and 
Poon, 2015; Winters, Green, & Costich, 2008). Providing more scaffolding and feedback and 
assisting learners with developing self-regulatory strategies can increase learners’ motivation and 
learning performance (Schunk & Zimmerman, 1998). Lastly, social support such as increased 
peer interaction and smaller study groups could provide both cognitive and psychological 
support by providing a learning community (Effeney, Carroll & Bahr, 2013; Kellogg, Booth & 
Oliver, 2014). Unfortunately, the MOOCs included in this study provided only a small number 
of SRL supports on the discussion forums; there was no comprehensive and purposeful design to 
facilitate or teach SRL strategies. Although there are extensive studies regarding SRL in online 
learning, there have not been many experimental SRL studies conducted in the credential-based 
MOOC environment (AI-Freih, 2017; Almeda, 2018; Wong et al., 2019). With the global 
MOOC market size growing exponentially from USD 3.9 billion in 2018 to USD 20.8 billion by 
2023 (Researchandmarket, 2019) more attention from researchers and educators is required in 
order to address shortcomings in current MOOC design. The purpose of this study is to present 
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emerging learning challenges in credential-based MOOCs and provide recommendations for 
future research and improved instructional design. 
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