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1. INTRODUCTION

Learner satisfaction is increasingly concerned in distance educa-
tion as a measure of learners’ perception of Massive Open Online 
Courses (MOOC). Online reviews are commonly considered 
important to influence learners’ decisions about whether or not to 
take an online course [1]. Particularly, negative reviews are more 
credible, altruistic, and influential as compared to positive ones [2]. 
Therefore, to improve MOOC learner satisfaction and reduce com-
plaints, executives of MOOCs have become interested in studying 
topics within course reviews on MOOC platforms to investigate 
important MOOC features to learners.

Researchers have explored MOOC learner (dis)satisfaction deter-
minants by analyzing online course reviews using manual coding 
and computer-aided approaches. Conclusions of manual coding 
approaches depend seriously upon coder expertise [3]. Such sub-
jective biases lead to difficulties in result replication, and the lim-
ited sample sizes cause results to be less comprehensive. As such,  
computer-based text mining approaches like probabilistic topic 
models for textual course review analysis in MOOC learner (dis)
satisfaction research are becoming increasingly important (e.g., 
[4,5]). However, the traditional way of applying topic models 
focuses primarily on negative reviews, leading to the potential 
danger of mixing the positive sides since reviewers usually do 
not complain from the beginning to the end in writing a negative 

review. Therefore, not all topics mentioned in negative reviews 
through topic models are true negative. To effectively understand 
causes for MOOC learner (dis)satisfaction, we ought to detect 
topics significantly appearing only or more in negative reviews as 
compared to positive ones. As such, the Structural Topic Model 
(STM) [6] is theoretically suitable since it allows researchers to 
include covariates that can affect topic distributions [7].

To that end, this study utilizes STM for MOOC review analysis. 
To demonstrate the methodological effect, we analyze 21,692 pro-
graming course reviews to determine the genuine determinants 
of programming MOOC learners’ (dis)satisfaction and reveal the 
variations in learner complaints across courses with varied grades.

2. LITERATURE REVIEW

A number of studies (Table 1) explore MOOC learners’ concerning 
issues based on manual content analysis or using computer-aided 
approaches (e.g., frequency analysis and topic modeling) or ques-
tionnaire surveys.

Manual content analysis is a common approach for identifying 
what learners concern about via textual course review analysis 
(e.g., [1,8]). For example, based on three top-ranked MOOCs, 
Hew et al. [8] identified factors, including (1) problem-driven 
learning, (2) lecture accessibility and enthusiasm, (3) active 
learning, (4) learner-learner interaction, and (5) resources and 
materials, that accounted for MOOC popularities. Based on 
manual coding of a sample of 8274 randomly selected MOOC 
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course reviews, Hew et al. [1] identified course structure, videos, 
instructors, content and resources, interaction, and assessment as 
important factors affecting learner satisfaction. Although manual 
coding approaches have strong interpretation power guaranteed 
by well-designed frameworks, the reliability of coding results 
depends seriously upon analyst knowledge, and the coding pro-
cess is laborious, leading to difficulties in result replication with 
limited samples [7,9].

There are also scholars exploring factors affecting MOOC 
learner satisfaction using questionnaire-based surveys alongside 
statistical methodologies like regression analysis. For example, 
by analyzing 1786 MOOC learners’ questionnaires, Gameel [10] 
indicated the significant role of learner perceived usefulness and 
learner-content interaction in affecting MOOC learner satisfac-
tion. Although findings from such questionnaire-based survey 
studies help understand MOOC learners’ preferences and facili-
tate new MOOC design and development, only a limited amount 
of information is provided without explanation. Also, interview-
ers commonly have different interpretations of the same ques-
tions; therefore, subjectivities cannot be avoided. Additionally, 
potential researcher imposition may affect result efficacy since 
researchers usually make assumptions when developing ques-
tionnaires [11,12].

In addition to manual coding methodologies and questionnaire- 
based surveys, a mainstream of automatic text mining approaches 
for MOOC learner satisfaction research is topic modeling [4,5, 
13–15]), which, with the basis of term co-occurrence, have topics 
(i.e., a collection of terms with high co-occurrence probabilities) 
as outputs [16,17]. A topic modeling analysis of 50 MOOCs [5] 
indicates that “learners focus more on course-related content with 
positive sentiment and course logistics and video production with 
negative sentiment (p. 670).” Although such analyses enhance our 

understanding of important topics that are frequently mentioned 
by learners, no study focuses on identifying topics appearing sig-
nificantly more frequently in negative reviews as compared to pos-
itive ones.

Results regarding influential factors of learner satisfaction in the 
existing studies varied. For example, according to Liu et al. [5], 
learners complained more about course logistics and video pro-
duction. Hew et al. [1] indicated the significant effects of the course 
instructor, content, assessment, and schedule on learner satis-
faction. Peng and Xu [13] concluded that non-completers were 
likely to show negative sentiment toward platform construction. 
Considering the inconsistent findings and the research gap that 
no study compares positive and negative reviews by adopting topic 
models, we contribute to MOOC learner satisfaction literature by 
(1) uncovering topics that frequently appear in negative reviews, 
and (2) exploring differences in learner complaints among courses 
with varied grades.

3. DATA AND MODEL SETUP

3.1. Data Collection and Preprocessing

The programming MOOC reviews were obtained from Class 
Central1 on 5th June 2020. By further eliminating duplicated 
MOOCs and those without reviews, 934 MOOCs remained. The 
course metadata and review data of these MOOCs were automat-
ically crawled. A total of 25,694 review comments were collected. 
After excluding reviews without providing useful information con-
cerning specific aspects of MOOC courses (e.g., “A completed this 

1https://www.class-central.com/.

Table 1 | Research on the exploration of influential factors for MOOC learner satisfaction

Study Data source Main findings Methods

Liu et al. [5] 12,524 reviews from 50 courses  
in Guokr Web

Topics with the positive (negative) sentiment:  
course content (course logistics and video production)

Topic modeling

Hew et al. [1] A random sample of 8274 reviews  
in 400 MOOCs

Significant factors affecting satisfaction: course  
instructor, content, assessment, and schedule

Manual coding methods

Peng and Xu [13] 775 posts and 165 responses concerning  
a course named “Financial Analysis  
and Decision-making”

Completers show positive sentiment toward  
course-related content, and non-completers show  
negative sentiment toward platform construction

Topic modeling

Hew [8] 965 reviews of three highly- 
rated MOOCs

Five influential factors: (1) problem-driven learning  
with adequate explanations, (2) lecturer accessibility 
and enthusiasm, (3) active learning, (4) learner–learner 
interaction, and (5) resources and materials

Manual coding methods

Ezen-Can et al. [14] 550 posts from 155 learners for an  
8-week MOOC

Seven clusters: (1) resources and learner achievement,  
(2) personal ideas, (3) factual moves, resource access,  
(4) classrooms, tools, and programs, (5) pedagogical 
plans, (6) student learning, and (7) support and equity.

Topic modeling

Peng et al. [15] 6163 reviews of 50 highly-rated  
courses in mooc.guokr.com

Five significant topics: (1) learners’ feelings and experiences 
about MOOCs, (2) literature course named “A Dream  
in Red Mansions,” (3) discussion of architecture,  
(4) basic knowledge of the introduction and planning  
of marketing, and (5) historical course called “Records  
of the Grand Historian.”

Topic modeling

Gameel [10] 1786 questionnaires of  
MOOCs learners

Important factors affecting satisfaction: learner perceived 
usefulness, instruction and learning aspects of MOOCs, 
and learner-content interaction

Questionnaire survey  
and statistical analysis
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course” and “Very good”) and non-English ones, 25,135 reviews 
remained.

Among the 25,135 reviews, 5-, 4-, 3-, 2-, and 1-point ratings were 
88.42%, 12.61%, 1.66%, 0.70%, and 0.76%, respectively (Table 2). 
To deal with the unbalanced rating distribution, we followed the 
strategy in Hu et al. [7] to define negative reviews as those with 
1- or 2-point ratings, and 5-point rating reviews were treated as 
positive ones. Lastly, 21,692 reviews for 304 courses were used for 
topic modeling and analysis.

For the 21,692 reviews, terms were extracted using Natural 
Language Tool Kit (NLTK),2 with which word normalization 
and exclusion of default stop-words (e.g., “the” and “is”), punc-
tuations, and numbers were conducted. Second, terms that were 
written in British and American English (e.g., “analyze” and 
“analyse;” “beginner” and “beginner”) were manually unified. 
Third, user-defined stop-words such as “everything,” “everyone,” 
and “everybody” were excluded. Fourth, manual stemming, that 
is, converting terms to root forms (e.g., “automate,” “automatic,” 
and “automation” were converted to “automat”), was conducted. 
Also, misspellings and non-words were excluded (e.g., “x2,” 
“x27,” “Xavier,” “xc,” “xd,” “xi-xii,” “x-mas,” “yh,” “yo,” and “y-o”). 
Furthermore, terms that represent the names of a person or course 
were excluded to reduce noise. In addition, we filtered unimport-
ant terms with a term frequency-inverse document frequencies 
value of not more than 0.03.

3.2. STM Model Setup

In STM, each topic and document is assumed to be a distribu-
tion of terms and a mixture of topics, respectively. With a signif-
icant improvement over Latent Dirichlet Allocation, STM allows 
examining how document-level structure information affects 
topic prevalence and content. Figure 1 presents the plate diagram 
of STM, in which nodes are variables with labels indicating their 
roles in the modeling process. The unshaded (shaded) nodes 
represent hidden (observed) variables. Rectangles indicate rep-
lication: n Î {1, 2, …, N} indexes terms in each document; k Î 
{1, 2, …, K} indexes each topic supposing K topics; and d Î {1,  
2, …, D} indexes documents. STM aims to understand the unseen 

topics based on the observable terms, W, and generates two matri-
ces, that is, document-topic distributions q and topic-term distri-
butions b.

Taking advantage of STM’s ability to add topic prevalence param-
eters to influence a document’s distribution over topics, we mod-
eled the impact of review extremity (positivity and negativity), 
course grade, and their interactions on topic prevalence μ, which 
further determines document-topic distribution q. To explore how  
document-level covariates influenced topic prevalence, Negative 
and CourseGrade were defined as covariates to indicate review ori-
entation and course ratings separately. Negative equals 1 for nega-
tive reviews with 1- and 2-point ratings, and 0 for positive reviews 
with 5-point ratings. CourseGrade ranges from 1 to 5. The rela-
tionship between topic prevalence and covariates is indicated by 
Prevalence = g (Negative, CourseGrade, Negative × CourseGrade), 
where g(•) represents a generalized linear function.

A key step in STM is to choose the number of topics K. Such a 
task was performed by using both quantitative and qualitative 
techniques. Specifically, from the quantitative perspective, we 
proceeded by estimating various models with varied numbers of 
topics (i.e., from five to 30). We compared the estimated models 
using their scores on average semantic coherence and exclusiv-
ity [7,18] (Figure 2), two popular indexes in topic modeling for 
an initial selection of the input number of topics. Three models 
(K = 14, 15, and 16) outperformed others and were selected for 

2https://www.nltk.org/.

Table 2 | Statistics of the included reviews

Items Frequency %

Distribution of course grade
Grade 1 8 2.63
Grade 2 14 4.61
Grade 3 35 11.51
Grade 4 89 29.28
Grade 5 158 51.97
Distribution of rating
Grade 1 183 0.76
Grade 2 168 0.70
Grade 3 400 1.66
Grade 4 3,043 12.61
Grade 5 21,341 88.42

Figure 1 | Plate diagram of STM.

Figure 2 | Model diagnosis using exclusivity and coherence.
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further comparison. From the qualitative perspective, each of 
the two domain experts carefully compared the three models 
through examining terms and review comments based on four 
criteria. First, top terms in each topic together produced an 
important topic related to MOOC learning. Second, top review 
comments for each topic were representable. Third, no overlaps 
between topics within a model were found. In addition, as many 
important topics related to MOOC learning as possible were 
included in a single model. Both experts identified the model 
with 14 topics as the one that produced “the greatest semantic 
consistency within topics, as well as exclusivity between topics 
(p. 4) [3].” Thus, by using both the quantitative and qualita-
tive techniques, we finalized to use the model with 14 topics. 
For each estimated topic, we examined closely the 20 terms and 
reviews that featured it most and assigned names to each topic 
accordingly.

4. RESULTS

4.1.  Frequently used Terms in Negative  
and Positive Reviews

Figure 3a and 3b present the word cloud visualization of the fre-
quently used terms in positive and negative reviews, respectively 
(also see Tables 3 and 4). There are more positive terms commonly 
used in positive reviews, for example, “easy,” “basic,” “helpful,” 
“simple,” “interest,” “enjoy,” “clear,” and “complete.” On the con-
trary, negative reviews tend to use more negative terms, for exam-
ple, “bad,” “difficult,” “disappoint,” “wrong,” “fail,” and “poor.” In 
addition, in positive reviews, the common issues are “beginner,” 
“material,” “concept,” “assignment,” “knowledge,” “code,” and “pro-
fessor,” whereas in negative reviews, issues concerning “quiz,” “code,” 
“example,” “assignment,” “video,” “instructor,” “content,” “concept,” 

Figure 3 | Frequently used terms in (a) positive reviews (term frequency >= 200) (download the dynamic map via https://drive.google.com/file/
d/1CdD7otd4zT5UKUTZmCKr6ay_sjtqwvYI/view?usp=sharing) and (b) negative reviews (term frequency >= 10) (download the dynamic map via 
https://drive.google.com/file/d/1E3A7my0QLcBZ54av92RABvavrnlBV8_v/view?usp=sharing).

a

b
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“python,” “material,” “quality,” “explain,” “exercise,” and “time,” are 
mentioned more frequently.

4.2. Topic Summary and Validation

Table 5 displays the topic modeling results. The first column shows 
the labels that briefly summarize the meaning of each topic. The 
second column presents the top terms having the highest frequen-
cies and exclusivities of each topic. The third column indicates 
topic prevalence. The most concerning topic is learner friendliness, 
followed by solution explanation, learning perception, learning atti-
tude, and course interactivity and difficulty.

4.3. Identification of Negative Topics

Figure 4 visualizes the relative topic prevalence in positive and 
negative reviews, where dots are “the mean values of the estimated 
differences and the bars are 95% confidence intervals for the differ-
ence (p. 422) [7].” The results evidently show four negative topics, 
including grading, problem solving and practices, course quality, and 
programming textbooks. We also provide examples of representative 
reviews for each negative topic (Table 6).

The top negative topic is grading with representative words such 
as “grade,” “question,” “wrong,” “distract,” “autograde,” “mark,” 
“answer,” and “check.” The examination of representative reviews 
indicates that the topic is commonly associated with technical 

Table 3 | Frequently used terms in positive reviews

Word F % Word F % Word F %

python 10,120 47.42 follow 1131 5.30 database 547 2.56
learn 8206 38.45 structure 1122 5.26 design 523 2.45
programming 7680 35.99 people 1072 5.02 present 515 2.41
easy 4007 18.78 provide 1040 4.87 organize 511 2.39
recommend 3688 17.28 content 1016 4.76 hope 508 2.38
beginner 3675 17.22 week 990 4.64 university 500 2.34
understand 3641 17.06 need 982 4.60 book 491 2.30
teach 3516 16.48 like 969 4.54 previous 488 2.29
class 3498 16.39 quiz 969 4.54 overall 473 2.22
start 3370 15.79 online 965 4.52 thought 470 2.20
basic 3239 15.18 challenge 916 4.29 lesson 467 2.19
interest 2728 12.78 see 911 4.27 understandable 451 2.11
instructor 2541 11.91 compute 903 4.23 day 445 2.09
explain 2537 11.89 explanation 893 4.18 fundament 444 2.08
experience 2472 11.58 web 858 4.02 tool 442 2.07
help 2411 11.30 skill 848 3.97 manner 436 2.04
code 2383 11.17 able 838 3.93 hard 435 2.04
assignment 2375 11.13 specialization 830 3.89 put 432 2.02
professor 2354 11.03 finish 829 3.88 appreciate 431 2.02
language 2324 10.89 build 828 3.88 different 430 2.01
knowledge 2080 9.75 keep 827 3.88 idea 430 2.01
teacher 2046 9.59 programmer 799 3.74 read 429 2.01
fun 2030 9.51 topic 771 3.61 informative 428 2.01
concept 1977 9.26 job 766 3.59 science 416 1.95
material 1954 9.16 write 759 3.56 forum 411 1.93
time 1925 9.02 background 734 3.44 introduce 407 1.91
complete 1850 8.67 cover 731 3.43 right 398 1.86
video 1801 8.44 pace 701 3.28 real 396 1.86
enjoy 1795 8.41 continue 687 3.22 funny 395 1.85
work 1739 8.15 project 683 3.20 methodology 393 1.84
introduction 1695 7.94 step 674 3.16 create 391 1.83
give 1687 7.90 game 673 3.15 wish 389 1.82
know 1679 7.87 level 670 3.14 subject 387 1.81
lecture 1598 7.49 say 670 3.14 interactive 386 1.81
clear 1531 7.17 difficult 651 3.05 come 385 1.80
look 1469 6.88 practice 650 3.05 prior 382 1.79
helpful 1438 6.74 begin 640 3.00 review 381 1.79
love 1397 6.55 problem 616 2.89 confidence 378 1.77
coursera 1368 6.41 perfect 607 2.84 bonus 376 1.76
useful 1270 5.95 world 605 2.83 style 369 1.73
student 1256 5.89 engage 602 2.82 advance 364 1.71
feel 1203 5.64 detail 601 2.82 series 364 1.71
simple 1203 5.64 fascinate 589 2.76 future 362 1.70
use 1181 5.53 try 588 2.76 effort 361 1.69
exercise 1159 5.43 point 577 2.70 general 360 1.69
data 1154 5.41 information 563 2.64 chapter 359 1.68
example 1136 5.32 study 556 2.61 practical 357 1.67

F, frequency.
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Table 4 | Frequently used terms in negative reviews

Word F % Word F % Word F %

learn 89 25.36 provide 31 8.83 second 19 5.41
code 83 23.65 waste 31 8.83 watch 19 5.41
time 78 22.22 introduction 29 8.26 add 18 5.13
teach 70 19.94 people 29 8.26 discussion 18 5.13
give 69 19.66 difficult 28 7.98 grade 18 5.13
video 69 19.66 lesson 28 7.98 last 18 5.13
assignment 64 18.23 forum 27 7.69 least 18 5.13
beginner 64 18.23 point 27 7.69 online 18 5.13
understand 64 18.23 say 27 7.69 require 18 5.13
python 61 17.38 follow 26 7.41 able 17 4.84
programming 60 17.09 poor 26 7.41 android 17 4.84
student 58 16.52 quality 26 7.41 data 17 4.84
complete 57 16.24 read 26 7.41 expect 17 4.84
instructor 57 16.24 spend 26 7.41 google 17 4.84
use 56 15.95 write 26 7.41 hard 17 4.84
class 54 15.38 easy 25 7.12 helpful 17 4.84
need 53 15.10 experience 25 7.12 lack 17 4.84
see 53 15.10 topic 25 7.12 simple 17 4.84
work 53 15.10 web 25 7.12 specialization 17 4.84
feel 47 13.39 bad 24 6.84 change 16 4.56
lecture 47 13.39 different 24 6.84 clear 16 4.56
material 46 13.11 disappoint 24 6.84 detail 16 4.56
example 44 12.54 frustrate 24 6.84 error 16 4.56
help 44 12.54 project 24 6.84 fail 16 4.56
know 44 12.54 ask 23 6.55 language 16 4.56
recommend 43 12.25 level 23 6.55 lecturer 16 4.56
content 42 11.97 professor 23 6.55 money 16 4.56
week 41 11.68 cover 22 6.27 outdated 16 4.56
explain 40 11.40 free 22 6.27 pay 16 4.56
look 39 11.11 confuse 21 5.98 present 16 4.56
quiz 38 10.83 explanation 21 5.98 talk 16 4.56
concept 37 10.54 answer 20 5.70 wrong 16 4.56
knowledge 35 9.97 book 20 5.70 c 15 4.27
information 34 9.69 c++ 20 5.70 create 15 4.27
problem 34 9.69 hour 20 5.70 design 15 4.27
start 34 9.69 instruct 20 5.70 finish 15 4.27
basic 33 9.40 interest 20 5.70 idea 15 4.27
question 33 9.40 reason 20 5.70 structure 15 4.27
try 33 9.40 show 20 5.70 update 15 4.27
exercise 32 9.12 star 20 5.70 useful 15 4.27
coursera 31 8.83 udacity 20 5.70 advance 14 3.99
issue 19 5.41 practice 19 5.41 begin 14 3.99

F, frequency.

Table 5 | Topic summary

Labels Representative terms %

learner friendliness understandable, basic, prior, friendly, beginner, suitable, logic 17.23
solution explanation easy, concept, explain, clear, exercise, digest, precise 12.49
learning perception interest, cool, python, master, useful, well-structured, pleasure 10.44
learning attitude enjoy, feel, complete, pace, comfortable, passionate, fun 8.17
course interactivity and difficulty simple, confidence, interactive, help, lock-down, scratch, join 7.73
learning motivation and engagement game, humor, willing, engage, bore, motivate, informative 6.51
learning experience continue, excite, slow, worry, experience, fascinate, refresh 5.96
programming style and skill session, style, brilliance, idle, software, breakpoints, cpu 5.20
IT infrastructure for MOOCs database, sql, db, module, flow, control, dictionary 5.09
grading grade, question, wrong, autograde, mark, answer, check 5.07
programming project xml, json, api, html, parse, project, network, mini 4.87
problem solving and practices solve, balance, homework, encounter, practical, real, mistake 4.05
programming textbooks compute, describe, section, science, textbook, home 3.67
course quality outstanding, key, limit, perspective, quality, link, rich 3.52
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Table 6 | Examples of representative reviews for negative topics

Negative topics Examples of reviews

grading “You can’t submit quizzes to see if you got them right, and all your coding problems are marked wrong. You can still do 
the coding, and the website will error check and all, but you won’t get the pass/fail grade to be sure you got it right.”

“If using any new version of ruby or rails, you will have to modify multiple items in your files/system to get the grader 
to work.”

“I would have given 5 stars but my assignment has not got a fair marks. And I am not passed due to that grading.”
problem solving and practices “The time stated to complete the course was 4–6 h per week. With the lectures at 1–2 h per week, that left 3–4 h to 

complete the homeworks.....not a chance.”
“The wording of the problems too ambiguous; maybe that is the CS style? Some of the exercise seemed quite pointless. 

Inconsistent level of difficulty. The last few problems required one to look for general patterns to code.”
“You have to upgrade (to paid account) in order to complete quizzes. It’s very unfortunate.”
“Course is practically unuseful without exercises. Verified certificates cost money and it does mean students who not 

pay can not practice.”
course quality “This course covers many important aspects of the JavaScript syntax, but ultimately fails to convey them in a concise 

and easy-to-understand format that should be the basis of a beginner’s class.”
“I am an experienced programmer and teacher of programming. I started this course because I thought - reasonably, 

given the title- that the course would get right to C++. Instead, there’s a great deal of C and basic algorithms. This is  
a waste of my time!”

programming textbook “In general, the course is all like reading out loud the textbook.”
“The textbook was not that helpful when it came to the homework problems.”
“The chapters in the Think Python textbook are too brief.”
“I am at home i have a kid so i was unable to study and doing the assignments in time.”

issues concerning submission, file uploading, website execution, 
and grader settings, as well as issues concerning unfair or error in 
grading and not available for trying again.

The second most negative topic is problem solving and practices. 
The associated complaints mainly center around classroom time 
arrangement, ambiguous wording of problems, and inappropriate 
difficulty level of exercises (either too difficult or pointless). Also, 
there are many learners complaining that they have to upgrade (to 
paid accounts) to complete quizzes. Furthermore, some learners 

point out that instructors’ tips about practices are often too general 
and not helpful. Additionally, many learners complain that there 
are ambiguous quiz questions without explicit explanation.

The third topic is course quality with representative reviews com-
monly linked with an amateurish presentation, sloppy codes, poor 
and limited code examples, misleading and wrong information, 
unnecessary repetition, as well as incorrect or insufficient expla-
nations of important concepts and functions, which fails to convey 
them in a concise and easy-to-understand format for beginners. In 
addition, there are learners complaining about broken links, espe-
cially “more info” links that just go to visual studio home pages 
where there are more advertisements than information.

The fourth topic is programming textbooks, where learners mainly 
complain that (1) chapters in textbooks are too brief, (2) textbooks 
are less useful while doing homework, (3) textbooks are extremely 
theoretical with no real-world information, and (4) much of the 
content is over-simplified to the point of ridiculous.

Results of the negative topic identification offer insights into factors 
accounting for MOOC learner satisfaction toward programming 
courses. Learners can be easily impressed by courses that are learner- 
friendly, especially for beginners. Furthermore, most learners are 
satisfied with the content and materials with moderate difficulty.  
In addition, instructors’ clear explanation of solutions and their 
interaction with learners can motive learner engagement.

4.4. Topic Correlation Analysis

The topic correlation [19] in Figure 5 intuitively indicates the 
essence of MOOC learner (dis)satisfaction. In the figure, topics 
are represented as nodes, and two nodes with high co-occurrence 
probabilities are linked. A shorter link between two nodes indicates 
a closer correlation. The sizes of nodes indicate their prevalences in 
the corpus. The colors of nodes indicate topic extremities, where 

Figure 4 | Differences in the topic prevalence (negative reviews versus 
positive reviews).
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the bluer (redder) colors indicate higher negativities (positivities). 
Topics of the same color tend to link closely, while topics of varied 
colors are commonly disconnected. For example, grading is closely 
associated with problem solving and practices, programming proj-
ects, programing style and skill, course quality, and programming 
textbooks, indicating that learners who write about grading issues 
tend to complain as well about programing issues, practices, and 
course quality. Such graphical topic correlation analysis enhances 
our understanding of possible causalities for MOOC learner  
dissatisfaction.

4.5.  The Moderating Effect  
of Course Grades

Given the interaction term of Negative with CourseGrade in 
our model, we examined the variations in negative topics’ pro-
portions across course grades (Figure 6), with the x- and y-
axes indicating course grades and expected topic proportions, 
respectively. The blue and red lines represent negative and pos-
itive reviews, separately, with dashed lines depicting the 95% 
confidence interval.

Figure 6 | Moderating effects of course grades.

Figure 5 | Graphical topic correlations.
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Results indicate that the popularities of two negative topics 
(problem solving and practices and programming textbooks) in 
negative reviews increase alongside the increased course grades. 
For example, regarding problem solving and practices, its popu-
larity in negative reviews increases significantly from about 5% 
(CourseGrade = one) to 10% (CourseGrade = five). On the con-
trary, its popularity in positive reviews experiences a significant 
decrease alongside the increased course grades. The popularities 
of the other two negative topics (i.e., grading and course quality) 
in the negative reviews decrease alongside the increased course 
grades. For example, the popularity of course quality in negative 
reviews decreases from about 25% (CourseGrade = one) to 5% 
(CourseGrade = five).

The above results indicate that the major sources of MOOC learn-
ers’ dissatisfaction are issues concerning grading, practices, and 
textbooks. For high-graded courses, problem-solving and practices 
and programming textbooks are the main causes for learner dissat-
isfaction, while for low-graded courses, grading and course quality 
are the primary causes.

5. DISCUSSION AND CONCLUSION

This first in-depth study applies STM on MOOC learner reviews 
to explore the major causes for learner complaints. We identified 
two most frequently mentioned topics (i.e., learner friendliness 
and solution explanation) and four negative topics (i.e., grading, 
problem solving and practices, course quality, and programming 
textbook design) appearing significantly more in negative reviews 
as compared to positive ones in statistics. Such analysis contributes 
to MOOC learner dissatisfaction literature by allowing learners’ 
true complaints to be heard. The followings are discussions of the 
above six topics, based on which we provide suggestions to MOOC 
providers and lecturers to promote learner satisfaction.

Learner friendliness, which may involve system/service use and 
content learning, is the top factor mentioned by learners. A pos-
sible reason is that most learners use MOOCs for self-learning of 
programing. Thus, courses that provide basic programing knowl-
edge are more suitable and are perceived as satisfactory among 
learners. Another possible explanation is that learners might have 
inadequate experience in MOOC learning and are unfamiliar with 
MOOC environments. Thereby, not all learners are skillful or capa-
ble of fully utilizing MOOC functionalities and services, leading to 
fear in MOOC use [20] and thus lower satisfaction.

Grading is another essential factor that affects learners’ satisfac-
tion toward MOOC learning. Such a result is consistent with the 
finding of Ramesh et al. [21]. To improve learners’ satisfaction 
toward grading, technicians should pay attention to submission, 
file uploading, website execution, and grader settings to provide 
pleasant experiences for learners in dealing with assignments. 
Second, automatic graders’ precision can be improved by using 
advanced deep learning algorithms to avoid unfairness or errors 
in grading. Additionally, retrying opportunities can be provided 
to learners.

Similar to Chen et al. [22] and Hew [23], we found that problem- 
solving is frequently mentioned in negative reviews. The following 
improvements can be considered. First, problems should be clearly 

expressed using precise rather than ambiguous wording. Second, 
the difficulty level of problems and practices should be adjusted 
appropriately to suit the course level. Furthermore, enough sup-
port from instructors should be provided to learners in solving 
problems, where instructors ought to be always available in discus-
sion forums to answer learners’ questions and give specific rather 
than general tips. Also, questions should be switched at moderate 
speed to allow enough time for learners to think and answer. In 
addition, solution explanation, as a top concern among MOOC 
learners, should also be carefully considered during instructors’ 
problem-solving for learners. This is in line with Hew [8] that 
highlights the significance of problem-centered learning with clear 
expositions for engagement promotion in online courses. In pro-
graming learning, practical coding tasks and activities are com-
monly included to promote learners’ understanding of concepts 
and knowledge. A problem-centered instructional strategy thus 
focuses on teaching learners concepts and skills via solving real-
world tasks and problems. This is usually realized by instructors 
through performing simple tasks and offering explicit explanations 
and step-by-step instructions of specific coding procedures and 
relevant examples and non-examples of concepts. For example, for 
building an interactive game, instructors should specifically orga-
nize courses to assist learners in learning required concepts. Such 
procedure essentially contributes to bringing tangible meanings to 
the concepts and principles learned and motivates learners’ learn-
ing interests.

Course quality is also identified to have a significant effect on 
learner satisfaction. Such a finding is consistent with previous 
studies (e.g., [24–26]), all of which indicated course quality as a key 
factor contributing to MOOC’s successful execution. For exam-
ple, Albelbisi [24] found that course quality significantly influ-
enced learners’ satisfaction in MOOC learning. Yang et al. [25] 
identified course quality as an essential factor to gauge MOOC 
success. Such a result provides evidence that courses with higher 
quality usually contribute to higher MOOC learners’ satisfaction. 
The quality of MOOC courses, for example, design, output appro-
priateness, content, and ease of course material understanding, 
influences learner satisfaction and MOOC success. To improve 
course quality, sufficiently high-quality code examples should be 
provided to enhance learners’ understanding of particular knowl-
edge points. Also, instructors should provide sufficient explana-
tions of important concepts and functions but avoid unnecessary 
repetitions of simple knowledge points. Furthermore, course con-
tent should be designed to suit target learners. For example, for 
basic courses, the content should be conveyed in a concise and 
easy-to-understand format. Additionally, there is a need to avoid 
including too many broken and unnecessary links, especially 
those with many advertisements.

A teaching textbook is an important carrier of a comprehen-
sive compilation of course content [27] and has been found to 
be frequently mentioned in negative reviews. As suggested by 
DeLone and McLean [28], information quality can positively 
affect learners’ satisfaction and their intention to learn. The pos-
itive effect of textbooks, especially those good textbooks that are 
written by instructors, are considered to be valuable since text-
book use benefits learners as references of standard sources [29]. 
To improve programming textbook design, the textbooks should 
contain corresponding knowledge points that are helpful and 
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have reference value for learners in solving homework problems. 
Second, sufficient information should be contained in textbooks 
to cover the target knowledge of courses. Additionally, real-
world information should be included to avoid textbooks being 
over-theoretical to enhance practical value. A new form of text-
books, that is, interactive textbooks, refers to “material involv-
ing less text, and instead of having extensive learning-focused 
question sets, animations of key concepts, and interactive tools  
(p. 2) [30].” Research indicates that learners who spare more 
effort in activities using interactive textbooks tend to achieve 
better performance in examination in comparison to those using 
traditional print textbooks. Thus, MOOC providers and instruc-
tors can consider providing self-written textbooks in an interac-
tive format.

Additionally, we reveal MOOC learner complaints across MOOCs 
with varied grades. Results indicate that for high-graded MOOCs, 
learner complaints relate primarily to problem-solving, practices, 
and programming textbooks, whereas learners of low-graded 
MOOCs are frequently annoyed by issues about grading and 
course quality. Accordingly, providers of high-graded MOOCs 
are suggested to promote problem-solving efficiency and quality 
of practices and programming textbooks; providers of low-graded 
MOOCs should pay more attention to course quality and grading 
improvement.

The correlations among topics indicate the nature of MOOC 
learner (dis)satisfaction. For example, grading, as the most 
common negative topic, relates closely with programming text-
books and problem-solving and practices. An examination of 
specific review comments indicates that many learners complain 
that the grading of assignments and practices by autograders is 
often inconsistent with the knowledge points described in text-
books, causing confusion and uncertainties. Therefore, learners 
who write about grading tend to complain as well about program-
ming textbooks or problem solving and practices. The graphical 
topic correlation analysis offers corpus-level implications about 
organizational structures and facilitates the understanding of why  
learners complain.

In sum, our study helps understand what causes MOOC learners 
to be dissatisfied and provides actionable suggestions on MOOC 
management. To improve MOOC learner satisfactions, MOOCs 
and online review websites can exploit automatic text mining meth-
ods like STM. Considering the dynamic nature of learner demands, 
MOOC managers ought to be constantly aware of learners’ learning 
experiences and feedback derived from their reviews. By integrat-
ing time, MOOC properties, and learner characteristics into topic 
models, managers are able to trace learner (dis)satisfaction dynam-
ics and understand their MOOCs’ strengths and weaknesses.

This study has limitations. Firstly, we used reviews of programming 
MOOCs from one platform. For the purpose of result generaliza-
tion, there is a need to extensively use MOOCs of different subjects 
and from various platforms to enhance the model’s effectiveness 
and ability. Considering that courses of different subjects might 
have different characteristics, further comparisons of topics hidden 
in course reviews of different subjects should also be conducted. 
Secondly, we included review extremities and MOOC grades as 
STM covariates. Future work is suggested to consider more covari-
ates, for example, learner characteristics, to allow more fine-tuned 
insights into MOOC development.
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