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Abstract

This study examined the role motivational dispositions had on completing a mas-

sive open online course (MOOC) using identiiable data from 10,726 students who 

enrolled in an iteration of the HarvardX MOOC, Super Earths and Life. As part 

of the course registration process, learners had the option to complete a pre-course 

survey and self-report information including their level of education, gender and 

registration motivations. Using these pre-course survey responses, latent proiles 

linked to learners’ course performance were created. Results showed education 

background, gender, and motivation were all signiicantly related to students’ per-

formance. Furthermore, students with intrinsic motivational dispositions performed 

better than students with extrinsic dispositions, and females performed better than 

males.

Keywords MOOC · Learner dispositions · Motivation · MOOC completion

Introduction

Massive open online courses (MOOCs) attract tens of thousands of learners from 

across the world who all have diferent goals and intentions. While courses attract many 

enrollees, the completion rates are low (Daniel 2012; Jordan 2015; Maya-Jariego et al. 

2020). Several factors impact the non-completion rates, including the free or low cost 

(Holford et al. 2014) or lack of course relevance for the learner (Howarth et al. 2016). 

In other words, the openness of the course makes little inancial or social penalties for 

not completing and may hamper motivation to persist in the course. There has been 

scholarship focusing on issues with course design and development with MOOCs, but 
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there needs to also be scholarship on the learner’s intended purpose for enrolling in a 

MOOC (Brooker et al. 2018; Maya-Jariego et al. 2020).

For MOOCs, there are a wide variety of learner interests that will bring them to 

the course—including curiosity about the subject (Christensen et  al. 2013; Daniel 

2012), an interest in social interaction and networking potential (Zheng et al. 2015), 

interest in non-formal learning opportunities (Milligan and Littlejohn 2017) or pro-

fessional development (Brooker et al. 2018). As scholarship with MOOCs continues 

to evolve, it is necessary to examine the learner motivations and interests in enroll-

ing in a MOOC and ultimately how that inluences their persistence in the course.

While motivation has been linked both to MOOC student engagement and perfor-

mance (Chen and Jang 2010; de Barba et al. 2016; Howarth et al. 2016; Sujatha and 

Kavitha 2018; Zheng et al. 2015), it is important to identify the type of motivation 

associated with high engagement and performance within the MOOC learning envi-

ronment. Motivation is particularly relevant for the MOOC environment because 

learners must self-regulate their learning to move themselves through the course 

content (Kizilcec et  al. 2017). Motivation can be intrinsic or extrinsic (Ryan and 

Deci 2000) and these two types of motivation can be linked to the establishment and 

pursuit of learning goals (Schumacher and Ifenthaler 2018). A desire to explore a 

topic because of an interest in improving one’s knowledge in that topic would be an 

example of intrinsic motivation; an extrinsic motivation would be pursuing a topic 

for professional development or career advancement (Brooker et al. 2018; Pintrich 

1999). Since MOOCs attract diverse learners, there is the potential that a single 

MOOC could attract learners with diferent motivational dispositions where some 

participants may have enrolled because of interest in learning about a speciic topic 

(intrinsic) and others may be enrolling in pursuit of a certiicate (extrinsic) (Maya-

Jariego et al. 2020).

Researchers have examined the relationship between student goals and their 

MOOC completion. Wilkowski et al. (2014) found that nearly half of the variance in 

MOOC participation could be predicted by students’ goals shared at the start of the 

course. In their study of MOOC participation and completion, Konstan et al. (2015) 

discovered that most of the reasons that learners enrolled had little to no efect on 

course completion. Instead, the learners’ self-reported intention of completing the 

MOOC was a signiicant predictor of course completion. To further examine this 

relationship, this current study uses identiiable data in a novel way that allows for 

a link between what the students’ shared in their pre-course survey and how they 

performed in the course. Additionally, this study has included the level of education 

and gender of participants to examine what relationship, if any, these demographic 

factors have on either the motivational dispositions or the course completion.

Conceptual framework

Self-determination theory

Motivation is an interesting concept. It is a signiicant factor in dictating a per-

son’s behavior, but it is not always clear and evident from external observation 
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(Schumacher and Ifenthaler 2018). This is even more important in the consideration 

of learners in open online learning environments such as MOOCs as there is lim-

ited direct interaction or observation between the instructor and the learner. In these 

online environments, the learner’s decisions on how to, or not to, engage with the 

content and their classmates can be signiicantly inluenced by motivation (Barak 

et al. 2016; Deimann and Bastiaens 2010).

Self-determination theory (SDT) serves as the conceptual framework for this 

study because of its extensively supported linkages to motivation (Firat et al. 2018). 

Chen and Jang (2010) propound that motivation in online environments is best artic-

ulated through SDT. Hsu et al. (2019) identiied the SDT factors of autonomy, com-

petence, and relatedness as having inluence on motivation. When these needs are 

met for the learner, they can accomplish positive learning outcomes and can result in 

improved learner engagement within MOOCs (Lan and Hew 2020) In their exami-

nation of learning engagement in a MOOC, Lan and Hew (2020) found a signii-

cant correlation between engagement and SDT factors of autonomy, relatedness and 

competence. The structure of a course that gives learners that ability to make choices 

about how and when they engage with the material fosters their sense of autonomy 

(Hsu et  al. 2019). This autonomy is found in MOOCs where students are able to 

have control over the courses they enroll in and how they choose to move through 

the course (Lan and Hew 2020). The sense of competence comes from the learner’s 

perceptions that they have learned or mastered the content (Hsu et al. 2019). These 

are demonstrated in MOOCs in a couple of ways, including showing progress bars 

or dashboards and through assessments that give immediate feedback. The ability to 

track progress allows for learners to self-regulate their learning and make the neces-

sary adjustments to reach their ultimate learning goals (Kizilcec et al. 2017; Pintrich 

1999). And inally, relatedness deals with the connection between the learner and 

the applicability of the content. When an instructor is able to make clear how the 

content is applicable to the leaner, they have a higher sense of relatedness (Hsu et al. 

2019). Fostering this sense of relatedness is particularly important for learners who 

want to improve their learning or develop workplace skills, as they will be more 

receptive to content with a real-world context (Milligan and Littlejohn 2017).

Relationship between learner motivation and MOOC completion

Completing a MOOC requires a learner to have persistence. In their analysis of stu-

dent performance goals, Harackiewicz et al. (2002) found that students with strong 

performance goals (e.g. goals that are recognition-focused) demonstrated higher lev-

els of participation and achievement in comparison to those with weak performance 

goals. Students who have a clear goal will perform better because they will be able 

to monitor and adjust their learning to ensure that they are headed towards that goal 

(Pintrich 1999). One such goal could be workplace application and improvement, 

a common motivation for students enrolling in a MOOC (Milligan and Littlejohn 

2017). While there can be diferent ways to demonstrate mastery in a MOOC, a typi-

cal way is through a course completion certiicate. In addition to the performance 
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goals, professional development has also been found to be a factor in motivation of 

MOOC learners (Brooker et al. 2018; Milligan and Littlejohn 2017).

Hsu et al. (2019) argued that the high attrition rates and equally high demand for 

online courses necessitates that SDT is examined to better understand its applica-

tion to online learning environments. The interest in addressing attrition rates for 

MOOCs remains. Thus using SDT to conceptualize learner behaviors is useful, and 

motivation has been found to be a factor in students’ learning outcomes and course 

completion (Brooker et al. 2018; Gunawardena et al. 2010; Lim 2004; Sujatha and 

Kavitha 2018).

The current study

The low completion rate of MOOCs is frequently discussed, as the average is esti-

mated to only be about 13% (Jordan 2015). While this number may seem low, it is 

often calculated by looking at the total enrollment of a course and the number of stu-

dents who successfully completed it. The law in this type of analysis is that it does 

not take into account that learners have various reasons for enrolling in a MOOC 

(Wilkowski et al. 2014; Zheng et al. 2015). Because courses are ofered at no cost, 

there is a low barrier of entry, so many students register and then never return to 

the course (Breslow et al. 2013). Additionally, the various motivations for starting a 

MOOC can impact learner activity and participation that is not captured through an 

analysis of completion rates (Breslow et al. 2013; Milligan et al. 2013).

The purpose of this study is to provide a more nuanced examination of MOOC 

learner behavior, speciically by using their self-reported motivational dispositions 

and how those inluenced their performance in the course. The focus on motivation 

is relevant as researchers have previously linked this as a predictor of MOOC com-

pletion and engagement (Sujatha and Kavitha 2018; Xiong et al. 2015).

The research questions that guided this study were:

1. Are there underlying latent proiles of online students’ motivation to learn? If so, 

what are these proiles?

2. Do the students classiied by their latent proiles of motivation difer in their 

performance in the online course and intention to complete the course?

Method

This research study used a latent proile analysis (LPA) which is a form of latent 

class analysis with a person-centered approach. Unlike variable-centered approaches 

(e.g. analysis of variance and regression) that examine relationships between inde-

pendent and dependent variables, LPA can account for unobserved heterogeneity in 

the data and discover certain groups of students among those who completed the 

courses (McCutcheon 1987). In this study, the underlying latent proiles of online 

students’ motivation to register in the course were identiied with LPA.
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Data collection and clean-up

The identiiable data used in this study was shared through a data use agreement 

with the Harvard University Oice of the Vice Provost for Advances in Learning 

(VPAL). The course used was the 2015 iteration of the HarvardX Super Earths 

and Life MOOC. As part of the registration process, learners were presented with 

a pre-course survey that asked them for their demographics, intentions, and moti-

vations for the course. This was a post hoc analysis and there was no communica-

tion between researchers and learners or course instructors.

The data collection clean-up process is outlined in Fig.  1. In total, 81,121 

learners enrolled in this course. Our irst step was to narrow the pool by the gen-

der responses and remove any registrants who either did not answer or provided 

an invalid response (e.g. ‘none’ or ‘other’). This reduced our participant pool to 

76,737 students. We next narrowed by education responses to eliminate students 

who either did not provide a response or provided an invalid response (e.g. ‘none’ 

or ‘other’). Our interests for this study were the motivational factors that students 

had at the start of the course which prompted them to register and would guide 

their participation in the course. These motivational factors were based on a series 

of questions using a 4-point Likert scale about the inluence of ten diferent fac-

tors (e.g. advance their career, receive a certiicate) on their decision to enroll in 

this MOOC. These questions were developed by Harvard and included as part of 

the pre-course survey; all the questions were optional. Because we needed to link 

pre-course responses with course assessment grades, we removed any students 

who had more than three motivation questions missing. Our inal step was to 

remove any learners who did not have a valid course grade (e.g. did not attempt, 

did not score any points) and this gave us the 10,726 students for the study.

Fig. 1  Data clean up process
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Participants

A total of 10,726 students who had a valid grade from the course were included 

in this study. These students included 6156 (57.4%) males and 4570 (42.6%) 

females. Of these students, 4889 (45.6%) completed elementary through high 

school, 4142 (38.6%) had a college degree, 1472 (13.7%) had a masters’ degree, 

and 223 (2.1%) had a doctorate degree. All participants viewed the course, but 

5108 (47.6%) explored the course, and 3840 (35.8%) completed all of the activi-

ties within this course.

Context

Super-Earths and Life is a MOOC ofered on the edX platform through the Har-

vardX program of study. The course is classiied by HarvardX as an introductory 

level course in the Physics subject area. The studied course was the instructor-

paced version which was ofered on a 6-week schedule with a suggested learner 

efort of 3–5 h/week. The course ran from 10/13/2015 to 11/29/2015. This course 

focused on the intersection of astronomy and biology and considers the presence 

of alien life. The course has as its learning objectives understanding the origin 

of life on Earth, exploring the discovery of planets, examining the factors that 

make a planet inhabitable, and discussing how we search the universe for signs 

of life. Enrollment is open to anyone interested in the content and there are no 

pre-requisites.

Instrument

During course registration, learners were asked to rate the importance of their 

reasons for choosing to register for this course, on a Likert scale from 0 (not 

important) to 4 (extremely important). The ten items were: (1) engaging in life-

long learning; (2) curiosity about online learning; (3) advancing my career; (4) 

advancing my formal education; (5) learning from the best professors and uni-

versities; (6) better serving my community; (7) accessing learning opportunities 

not otherwise available; (8) earning a certiicate; (9) participating in an online 

community; and (10) learning about course content. These items were designed 

by Harvard University Oice of the Vice Provost for Advances in Learning, and 

students’ responses to these ten items were used for classifying students. The 

internal consistency for students’ responses to these ten items was .80, which is 

satisfactory. In addition, students reported their gender, education level, and the 

number of online courses completed. The dataset also included log iles that indi-

cated whether the student viewed, explored, or completed the course. Addition-

ally, the student’s inal grade, given as a percentage score and a pass/fail indica-

tor, was also included in the dataset.
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Procedure

The optimal number of latent proiles underlying the data was determined by the 

results from LPA with Mplus version 7.0 (Muthén and Muthén 2012). Analy-

sis compared k ‒ 1 and k-proile models until the successive model it no longer 

showed better it to the data. Statistical model it was evaluated using multiple it 

indices including the Bayesian information criteria (BIC), adjusted BIC (ABIC), 

the Lo–Mendell–Rubin likelihood ratio test (LMR-LRT), and the bootstrap likeli-

hood ratio test (BLRT). Smaller values of the BIC and ABIC indicate a better it. 

Signiicant LMR-LRT and BLRT results indicate a better it. Entropy, a measure 

of classiication uncertainty, was also used to determine the it of the model. The 

entropy ranges from 0 to 1, with higher values indicating good classiication of 

participants.

Analysis of covariance (ANCOVA) was used to compare subgroups (classiied by 

latent proiles) derived from LPA on participants’ performance at the online course 

measured by grade after the control of students’ education level, gender, status of 

current course status, and reasons to register in this course, to see if students difered 

in their performance in the course with respect to their motivation proiles. Number 

of previously completed online courses was used as a covariate.

Results

Motivation proiles

Table 1 presents the model it information for the LPA models addressing the irst 

research question. A two-proile solution itted the dataset and was interpretable. All 

models under study exhibited high entropy values, indicating a good classiication 

of students. The three-proile model had lower BIC and ABIC values relative to the 

two-proile model, but the LMR-LRT was non-signiicant, indicating that the two-

proile model is better. The BLRT, on the other hand, was signiicant, for both the 

two-proile and the three-proile solutions. Although the BLRT was more consistent 

in detecting the correct number of classes within a population (Nylund et al. 2007), 

the two-proile solution was more interpretable. The BIC, ABIC, BLRT results and 

substantive consideration all pointed toward the two-proile model.

Table 1  Model it criteria for one- to three-proile models

BIC Bayesian information criterion, ABIC adjusted BIC, LRT likelihood ratio test, L–M–R LRT Lo–Men-

dell–Rubin likelihood ratio test, NA not applicable

Model BIC ABIC Entropy L–M–R LRT 

(p)

Bootstrap LRT (p)

One-proile 719,391.12 719,327.57 NA NA NA

Two-proile 701,983.54 701,885.02 .81 .04 < .001

Three-proile 697,267.89 697,134.42 .79 .18 < .001
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Students classiied in Latent Proile 1 endorsed more on items about lifelong 

learning, curiosity about online learning, learning from the best professors and uni-

versities, opportunities not otherwise available, and learning about course content. 

As a result, these students were labeled as “intrinsic motivation” (Ryan and Deci 

2000). On the other hand, students classiied in Latent Proile 2 endorsed more on 

items about advancing my career, advancing my formal education, better serving my 

community, earning a certiicate, and participating in an online community. As a 

result, these students were labeled as “extrinsic motivation” (Ryan and Deci 2000).

Descriptive statistics about the students’ grade with respect to their background 

information are presented in Table 2.

Results from ANCOVA suggested a statistically signiicant three-way interac-

tion efect between gender, course completion status, and motivation proiles, F (3, 

10,599) = 2.76, p = .04, partial η2 < .001 (small efect size). As a result, data were 

split into two iles: those who completed the course and those who did not complete 

the course. Follow-up analysis of variance (ANOVA) results showed that for both 

students who completed the course and those who did not complete the course, edu-

cation background, gender, and motivation were all signiicantly related to students’ 

grade achieved at the course. Statistically signiicant diferences were noted for stu-

dents with various educational backgrounds, F (3, 10,600) = 59.43, p < .001, partial 

η2 = .017 (small efect size). Students with graduate degrees (masters and doctorate) 

received signiicantly higher grades than undergraduate students (ps < .05). Students 

with intrinsic motivation received signiicantly higher grades than students with 

Table 2  Descriptive statistics of 

students’ grade

Students’ grades ranged from 0 to 100

M SD N

Gender

Male 43.02 36.57 6156

Female 35.44 33.81 4570

Education

Elementary-High 35.92 33.90 4889

College 40.07 35.74 4142

Masters 49.96 38.07 1472

Doctorate 52.84 37.61 223

Course completion

Completed 84.53 10.82 3840

Not Completed 14.84 13.15 6886

Reasons to register

Undecided 29.44 32.29 1006

Browse 28.06 31.25 154

Some work 30.03 32.02 1695

Certiicate 43.45 36.15 7866

Motivation

Intrinsic 40.92 36.27 5275

Extrinsic 38.69 34.97 5451
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extrinsic motivation, F (1, 10,602) = 7.86, p = .005, partial η2 = .001 (small efect 

size) after the control of the number of previous online courses completed online. 

Similarly, female students received signiicantly higher scores than male students, F 

(1, 10,602) = 120.28, p < .001, partial η2 = .011 (small efect size).

Diferences were noted between students who did not complete the course and 

those who completed the course. The main efect for reasons to register was statisti-

cally signiicant for students who did not complete the course. F (3, 6819) = 4.67, 

p = .003, partial η2 = .002 (small efect size). Multiple comparisons showed that 

students who registered with the intention to receive a certiicate performed better 

than those who were undecided about whether to earn a certiicate or to complete 

all the coursework (p < .05). The diference between those who wanted to pursue a 

certiicate and those who wanted to browse was not statistically signiicant. Of the 

students who completed the course, however, students who registered to obtain a 

certiicate performed better than any other groups of students, undecided, browse, 

and some work (ps < .001).

Discussion

The present study examined the motivational dispositions of learners enrolled in 

a MOOC. Researchers have found connections between student performance and 

engagement and their motivation for enrolling in a MOOC (Lan and Hew 2020; 

Maya-Jariego et  al. 2020; Milligan et  al. 2013; Milligan and Littlejohn 2017). 

MOOC learners will have varied motivations for enrolling in the course and thus 

varied participation levels (Kizilcec and Schneider 2015). Thus, it is helpful to 

examine the participation within a course through the learners’ motivational disposi-

tions. These dispositions can inluence how a learner approaches and engages within 

the MOOC. Pintrich (1999) suggested that learners focusing on learning and mas-

tery (intrinsic) will be better aligned with self-regulated learning than those focusing 

on extrinsic goals. In order to understand the dispositions—and be able to classify 

as either intrinsic or extrinsic—identiiable data is needed to link the self-reported 

dispositions with the course engagement and completion. This data—both the self-

reported information and log iles from the course—allowed for the development 

and analysis of latent proiles for learners. And these proiles provide insight into the 

relationship between the learners’ motivations and performance within the MOOC.

Our irst research question asked if there were underlying latent proiles of the 

MOOC learners’ motivations to enroll in the MOOC. To answer this question, 

we used the responses from learners to a series of motivation questions, and their 

responses allowed for the creation of two latent proiles connected with either intrin-

sic or extrinsic motivation (Fig. 2).

This classiication aligns well with the research that has suggested that motiva-

tion inluences engagement and students’ inal performance in a course (de Barba 

et  al. 2016; Huang and Hew 2016; Maya-Jariego et  al. 2020; Milligan and Lit-

tlejohn 2017; Sujatha and Kavitha 2018; Xiong et al. 2015). As Fig. 2 shows, the 

students classiied as intrinsically motivated (Latent Proile 1) endorsed more of 
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the items related to internal drivers. This means that the students looked inward 

to ind the motivation to persist within the course.

These students were interested in learning for the sake of learning or to satisfy 

their own curiosity. For these students, it was more important for them to learn 

the course content than it was for them to earn an external award, such has a 

certiicate. Firat et al. (2018) posit that learners need to have intrinsic motivation 

to persist in their program of study. For the students classiied as extrinsically 

motivated (Latent Proile 2), the opposite is true. These students were motivated 

by some type of external factor—whether it was career or professional develop-

ment or the awarding of a course completion certiicate. A key distinction of an 

extrinsic orientation is the focus on external factors (e.g. a grade, a teacher) as the 

indicator of success (Pintrich 1999). Firat et al. (2018) suggest that in an online 

environment, where instructors have limited direct interaction with learners, the 

extrinsic motivators can be impactful. The pursuit of a tangible artifact, such as a 

certiicate, can serve as the ongoing motivation that allows a student to persist in 

a MOOC.

With the latent proiles identiied, we next sought to see if learners difered in 

their performance in the course. The identiiable data allowed us to include not only 

their motivational dispositions but also their gender, education level and the course 

performance. The use of their gender and educational level allows for a more robust 

analysis of the learner behavior. In fact, we found that educational background, gen-

der and latent proile were all signiicantly related to the grade in the course. In this 

course, the more highly educated students (those with masters or doctorates) outper-

formed the undergraduate students. We also found that the female students outper-

formed the male students. An interesting inding was that when controlling for the 

number of previous online courses, the students classiied in Latent Proile 1 (intrin-

sic motivation) signiicantly outperformed the students classiied in Latent Proile 

2 (extrinsic motivation). The internal motivations highlighted by Firat et al. (2018) 

Fig. 2  Latent proiles and associated questions
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seem to have allowed for the learners to not only stay engaged but retain more of the 

information and achieve higher course grades.

As previously noted, some researchers have pointed to the low cost or lack of 

penalty for non-completion as factors for low MOOC completion rates. In response 

to the low completion rates, many MOOC providers have turned to certiicates as 

a way to encourage MOOC completion (Bonaini et al. 2017). Our study provides 

support for their indings. This study found that when students were motivated to 

receive a certiicate, they were more likely to succeed than students without a tan-

gible goal. And while a certiicate is considered an extrinsic goal, it can serve as 

a motivational reference point for learners to keep moving toward (Pintrich 1999). 

This points back to the role of strong performance goals identiied in the study done 

by Harackiewicz et al. (2002).

Limitations and implications for research

This study addresses a gap in current research on MOOC completion by consider-

ing the learner’s motivations. Due to limited access to data, researchers may report 

on the low completion rates of MOOCs using available data that does not account 

for the learner’s intention for enrolling in the MOOC. This study predicted student 

course completion based on learner’s self-reported motivational dispositions. This 

novel approach to MOOC research used the creation of latent proiles based on 

motivational dispositions to explore how motivation inluences MOOC completion. 

These insights provide information that may be helpful both for MOOC learners and 

course administrators and designers.

The uniqueness of the study is also the source of a limitation. The irst limita-

tion is that the sample was determined using self-reported data. Students who either 

did not complete the pre-course survey or provided invalid responses were removed 

from the study. This may have resulted in the dropping of students who did pass 

the course but did not fully complete the pre-course survey. Secondly, we limited 

our study to those who answered at least seven of the ten motivation questions in 

the pre-course survey. Again, this did limit the sample size as students who com-

pleted some but not all the motivation questions were removed. While this may have 

resulted in additional students being removed from the study, it was essential that the 

sample had a majority of the motivation questions so that the latent proiles could be 

accurately built. And inally, another limitation is that this study only looked at one 

MOOC. Future research that looked at a self-paced version of this course would 

be of interest to see if the pacing condition inluenced either student motivations 

or their course performance. Further research across multiple MOOCs ofered by 

diferent providers and in diferent subject areas will enhance the empirical data 

regarding learner motivations and MOOC completion. With the diversity of both 

courses and learner motivations, it will be useful to continue to explore the relation-

ship between learner motivation and course performance to better identify what is 

and is not working within the MOOC learning environments. In addition, a closer 

examination of course performance to consider both completers and non-completers 

and how that performance might be linked to motivation would be of value.
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