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Abstract 
While MOOCs have been widely studied in terms of student 
engagement and academic performance, the extent to which 
engagement within MOOCs predict career advancement remains 
underexplored. Building on prior work, this study investigates 
how participation in discussion forums, specifically social 
presence and the use of course-relevant keywords, affects career 
advancement. Using GPT-assisted content analysis of forum 
posts, we assess how these engagement factors relate to both 
achievement during the course and post-course career 
advancement. Our findings indicate that social presence and use 
of course-relevant keywords has a positive relationship with 
course achievement during the MOOC. However, no significant 
relationship was found between career advancement and either 
social presence or course-related keywords in discussion forums. 
These findings suggest that while active engagement in MOOC 
discussion forums enhances academic achievement, it might not 
directly translate into career advancement, highlighting a possible 
disconnect between learning participation in MOOCs and 
professional outcomes.  
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1 Introduction 

Massive Open Online Courses (MOOCs) are a widely accessible 
platform for learners seeking to acquire new skills and advance 
their careers. Over the past decade, research has primarily focused 
on academic performance, course completion rates, and learner 
interaction in discussion forums [1, 8]. However, limited studies 
have explored the connection between learner engagement during 
the course and subsequent career advancement after completion. 

One study by [26] explored this relationship by analyzing 
discussion forum interactions (such as reading posts, posting 
messages, responding, and upvoting or downvoting) and their 
relationship to career progression [26]. While their findings 
provided valuable insights into how learners’ overall participation 
in online discussion forums influences their career advancement 
within the same field as the MOOC, they did not explore how the 
content of posts by learners can be associated with career 
advancement. 

Building on [26], our study explores how the content of 
discussion forum posts relates to career advancement. 
Specifically, we focus on two aspects of discussion forum 
interaction: a) social presence, which refers to students’ ability to 
actively engage and interact within an online learning community 
[17], and b) course-relevant interaction, using keywords from the 
course materials in discussion posts. Including these keywords 
may demonstrate on-task learning by reflecting a deeper 
understanding of the course content [23, 28]. 

Prior research has linked social presence to course completion 
and grades in online courses, but its relationship with career 
advancement remains less understood [17, 21].  
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Additionally, course-relevant keywords in discussion forum posts 
may indicate cognitive engagement and the degree to which the 
discourse and vocabulary in an academic discipline is internalized 
[20, 23]. Therefore, we hypothesized that both higher social 
presence and higher use of course-relevant keywords are associated 
with post-course career advancement within the same field as the 
MOOC. In line with this objective, this study seeks to answer the 
following research questions:  

RQ 1. Are learners’ social presence and use of course-
relevant keywords in MOOC discussion forums 
associated with course achievement?  
RQ 2. Is the content of discussion forum posts associated 
with post-MOOC career advancement?  

To address the first research question, we replicate study by [17] 
on social presence and course achievement in online courses and 
extend the exploration in the context of MOOCs. For the second, we 
build on the work by [26]-leveraging the data set of career 
advancers they identified -and explore if social presence and course-
relevant discussions in forums are linked to career advancement. 

2 Related Work 
While performance and interaction within MOOCs have been 
extensively studied, fewer studies have examined their relationship 
with learners’ future career outcomes [7, 26, 27]. [7] found 
participation in MOOCs leads to better employment retention but 
does not affect wages. [26, 27] explored career advancement among 
learners through their participation in communities of practice, 
including conference paper submissions and memberships in 
professional societies related to the course domain. Career 
advancers demonstrated greater course performance and higher 
engagement, completing the course at higher rates and interacting 
more with pages, videos, and assignments than other learners. [26] 
found that while career advancers read the forum, they were less 
likely to post, comment or vote than their peers. Although [26] 
analyzed learners’ discussion forum interactions using log data, 
they did not examine the content of discussion forum posts or the 
relationship between discussion forum interactions and course 
achievement. Since discussion forums serve as a critical space for 
interaction and collaboration in MOOCs, analyzing learners’ social 
interaction in closer detail could offer further insights into post-
course career advancement [17, 25]. Specifically, exploring learners’ 
social presence and the use of course-relevant keywords in 
discussion posts may provide a meaningful lens to understand 
career advancement from MOOCs.  

Previous work has shown that social presence in online learning 
environments serves as a predictor of academic performance, and 
course retention [18, 21]. [17] examined the relationship between 
indicators of social presence and academic performance and found 
certain indicators to be significant predictors of final grades. 
However, the relationship between indicators of social presence and 
post-course career advancement has not been explored. Like social 
presence, cognitive engagement in MOOCs can also be assessed 
through the use of course-relevant keywords in discussion forum 
posts [23]. These keywords indicate engagement with course 
content and facilitate domain-specific knowledge sharing [25, 29]. 

 
3 Method 

3.1 Study Context and Participants 
This study used data from the first iteration of Big Data in Education 
MOOC (BDEMOOC) delivered via Coursera. The data was accessed 
via MORF platform [2, 13]. Researchers have previously used 
BDEMOOC to study learner motivation, course completion, and 
identifying student cohesion patterns, among others [9, 26, 30].  

The first iteration of the MOOC enrolled 55,180 learners. Among 
them, 153 learners later published a paper either in the International 
Conference on Educational Data Mining (EDM) or the Learning 
Analytics & Knowledge (LAK) conferences. Additionally, 35 
learners joined the International Educational Data Mining Society 
within two years of completing the first iteration of the course in 
2013. These variables were manually distilled in a prior work on this 
data set [26]. 

3.2 Operationalization and Coding- Social 
Presence and Course-Relevant Keywords  
We examined the relationship between the content of discussion 
forum posts and career advancement, focusing on social presence 
and use of course-relevant technical keywords. In doing so, we 
adopted the definition of social presence from [17], where social 
presence refers to students’ ability to interact, communicate, and 
establish meaningful connections with peers and instructors 
within an online learning community. We omitted two codes used 
by [17] --the “quoting from others’ messages” category because 
this coding category referred to the use of a specific quotation 
feature that was not available in BDEMOOC. The second code, 
“referring explicitly to others’ messages” was not found in our 
dataset in sufficient numbers to merit inclusion.  

Each discussion post was labeled with a binary value (0 or 1) 
for the remaining social presence indicators. We measured social 
presence at the learner level by summing the total number of 
indicators across all learner posts. A post was classified as course-
relevant if it contained terms specific to the field of Educational 
Data Mining (EDM), including concepts such as learning 
analytics, predictive modeling, and student behavior analysis. 
These keywords were selected based on their alignment with the 
topics covered in the first iteration of the MOOC [3]. Each post 
was coded for the presence of course-relevant keywords using a 
binary scale (0 or 1), which was then aggregated across all forum 
posts at the learner level. We qualitatively coded a total of 3,109 
forum posts and student comments, excluding posts written by 
teaching assistants and instructors. Before humans coded the data, 
we de-identified the posts using OpenAI GPT-4o, as many posts 
contained sensitive information such as learner names, locations, 
social media links, and other personally identifying information 
(PII) [24]. 

To ensure coding reliability, two human coders independently 
coded a sample of 100 posts, selected at random from the full 
dataset. Inter-rater reliability (IRR) between human coders was 
established. For each code, the coders reached a Cohen’s kappa (κ) 
greater than 0.70. 
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Table 1: Social Presence Indicators and their Definitions in the GPT Prompt 

Indicators Human-
GPT κ 

   Construct Definitions (part of the GPT Prompt)   

Affective Expression  0.75 Recognize and respond to both conventional emotional expressions (e.g., 'I am excited', 'I am confused with these questions too') and unconventional ones 
(e.g., '....’, ‘!!’, ‘I was so confused....', 'Yay!', 'WOW WOW WOW, thank you so much!', or 'I can't believe it!! :('), including the use of repetition, exaggerated 
punctuation, capitalization, and emoticons like ':)' or ';)', adapting your response accordingly. 

Self-Disclosure  0.89 Presents details of life outside of class for example workplace or profession. Examples including but not limited to -or expresses vulnerability e.g. ‘I am a 
student’, ‘I am a professor’,’ I found R hard to use’, ‘I am lazy’” 

Asking questions  0.88 Students ask questions of other students or the moderator. 

Complementing, Expressing 
appreciation  

0.70 Complimenting others or contents of other messages. Examples include but not limited to: ‘I appreciate your help’, ‘Great question’.  

Expressing agreement  0.82 Agreeing with other people or content of others' messages or agreeing to similarity in experience. Examples including but not limited to: ‘That makes sense’, 
‘That is true’, ‘I got the same answer’ 

Vocatives  0.75 Addressing or referring to participants by name. This may occur when a post replies to another person or expresses gratitude to another person\'s help or 
requesting help from others, as long as the post needs to contain a person\'s name (everyone, anyone, does not count) but not as a signature. 

Addresses refers to the group 
using inclusive pronouns  

0.70 A post that addresses the group (participants in the course/discussion forum) using inclusive language such as 'we,' 'us,' 'our,' or 'group' 

Phatic & Solutions  0.70 Communication that serves a purely social function, greetings, closures. Self-introduction posts (including information about where they are from (their 
nationalities), where they are living, and why they are taking the course) should be coded as 0. Posts expressing why they love the course or asking homework 
questions should also be coded as 0. 

Use of Humor  0.74 The use of teasing, playful expression, cajoling, irony, understatements, and sarcasm. 

Continuing a thread --- --- 

Course-relevant keywords 0.76 Course-relevant terms and concepts related to Educational Data Mining. Include words and phrases associated with topics like classifiers, predictive 
modeling, machine learning, model evaluation and validation ( e.g. Kappa), …[ complete prompt in the Digital Appendix][31] - 

The coders then conducted social moderation to resolve all 
disagreements and reach full consensus. Given the size of the 
dataset, the human-coded results served as the ground truth 
dataset for training and evaluating GPT-4o coding performance, 
which, once validated, was applied to automatically code the 
remaining posts [11, 16]. 

Then, we employed both zero-shot and few-shot learning 
approach with GPT-4o API to automate the qualitative coding 
process [4]. We first applied a zero-shot approach across all 
constructs, used default hyperparameter settings, and set the 
temperature to 0 to control for variability in the output [22]. We 
then examined whether incorporating additional examples in the 
prompt would improve the accuracy of the model’s output. 

Further, we calculated a κ between ground truth labels and 
GPT output for each prompting method. For each indicator, we 
selected the prompt that yielded the highest κ and produced 
consistent results across three runs, with no more than five 
variations in the output. After GPT reached κ>0.70 with human 
coders on all indicators, we proceeded to code the full dataset with 
verified prompts [4, 11]. 

We coded the "continuing a thread" indicator separately using 
a Python script, since the raw data included information 
indicating whether a post was a reply to an existing thread. We 
assigned a value of 1 for learners who made posts to an already 
existing thread. Table 1 provides an overview of the social 
presence indicators and construct definition used as a part of the 
prompts for training a GPT model for coding indicators of social 
presence and course-relevant keywords.1  

3.3 Analysis  
To examine the relationship between learner interaction in 
discussion forums with course achievement and career 

 
1 The codebook and prompt are in Digital Appendix [31] 

advancement, this study first attempted to replicate the findings of 
[17], who identified specific indicators of social presence, such as 
continuing a thread, complimenting, and expressing appreciation, 
as significant predictors of academic performance in MOOCs. 

Following their methodology, we computed Spearman’s 
correlation between cumulative social presence score and 
numerical course grades, to replicate their analysis. Additionally, 
correlations between individual social presence indicators and 
course grades were analyzed. To account for multiple testing (11 
tests in total), we applied the Benjamini-Hochberg alpha correction 
[5]. Further, spearman’s correlation was calculated to study the 
relationship between the cumulative use of course-relevant 
keywords across discussion posts and course grades. 

To investigate the role of social presence and use of course-
relevant keywords in discussion forums as a potential predictor of 
career advancement, we conducted a series of logistic ridge 
regression models. Logistic regression was selected due to the 
binary nature of the predicted variable (career advancer) [14]. Ridge 
regression was applied to account for the low prevalence of the 
predictor variable by incorporating a penalty term (λ) in the 
regression model to prevent overfitting [10].  

We developed three logistic ridge regression models to analyze 
factors influencing career advancement. Model 1 examined the 
cumulative measure of social presence as a predictor of career 
advancement. Model 2 explored the use of multiple individual 
social presence indicators and career advancement. Model 3 
investigated the association of using course-relevant keywords on 
career advancement.  

For all three models, students’ total number of posts was 
included as a covariate because we wanted to estimate the 
association between social presence and course-related key terms 
above and beyond participation.  

https://osf.io/t59w7/files/osfstorage?view_only=58099c53d86f4ab2969f9a94c686b084
https://osf.io/t59w7/files/osfstorage?view_only=58099c53d86f4ab2969f9a94c686b084
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The optimal λ value for ridge regression was determined through 
ten-fold cross-validation for each model [10]. Bootstrapping was 
employed to estimate coefficient distributions, standard error, 
confidence intervals and p-values.  All logistic regression analyses 
were conducted using the glmnet (v1.1–12) package in R [12, 15], 
with p-values for fixed effects estimated using lmerTest (v2.0–33) 
[19]. Bootstrapping procedures were implemented using the boot 
package [6]. 

4 Results 
Out of the 55,180 participants in the MOOC, only 748 learners 
posted in the discussion forums. Among all participants, 168 
learners experienced post-course career advancement in the same 
field as the course. However, only 15 of those 168 career advancers 
had participated in the discussion forums.  

4.1 Relationship between Social Presence, 
Course-relevant keywords and Course Grades 
For 748 participants in discussion forums, we found a positive 
correlation between overall social presence and course grades   
(𝜌= 0.389), replicating the findings of [17]. Among the indicators 
of social presence, the strongest positive correlations with course 
grades were found for: continuing a thread (𝜌=0.387), asking 
questions (𝜌=0.339), and complimenting or expressing agreement 
(𝜌=0.328). Further, a positive correlation was found between the 
use of course-related keywords and final course grades (𝜌=0.305). 
Correlations between social presence, course relevant keywords 
and course grades are presented in Table 2. 
Table 2: Correlations --Final grade with social presence and 
course relevant keywords 
Predictors  Spearman’s 

Rho 
P 
value 

Adj. 
Alpha 

 Social Presence (cumulative)  0.389 <.001 0.018 

Continuing a thread 0.387 <.001 0.0005 

Expressing agreement 0.224 <.001 0.036 

Use of humor 0.161 <.001 0.045 

Addresses or refers to the group using 
inclusive pronouns 

0.216 <.001 0.0041 

Asking questions 0.339 <.001 0.009 

Affective expression 0.276 <.001 0.027 

Self-disclosure 0.286 <.001 0.023 

Vocatives 0.269 <.001 0.032 

Complimenting, expression appreciation 0.328 <.001 0.014 

Phatic, salutations  0.125 <.001 0.05 

Course-relevant keywords 
(cumulative) 

0.305 <.001 - 

 4.2 Social Presence, Technical Keywords and 
Career Advancement 
All 15 career advancers who participated in the discussion forums 
demonstrated social presence through their 
contributions. However, social presence was not a significant 
predictor of career advancement. Results of the logistic ridge 

regression model with social presence (β = 0.0002, 95% CI [-
0.0001,0.0006], p = 0.512) and post count (β = 0.0001, CI [-
0.0001,0.0004], p = 0.630) as predictors indicate that the 
relationships between these variables and the career advancement 
may not be strong enough to draw definitive conclusions. Similar 
results were found with individual indicators of social presence 
predicting career advancements with p values > .05. (Full results 
in digital appendix).  

For regression predicting career advancement and the use of 
technical keywords, we found that use of technical keywords (β = 
0.0001, 95% CI [-0.0001,0.0005], p = 0.415) in discussion posts did 
not predict career advancement. The covariate post count (β = 
0.0001, CI [-0.0001,0.0004], p = 0.633) also did not significantly 
predict the outcome. 

5 Discussion and Conclusion 
Our findings support prior work showing that social presence in 
discussion forums is a significant predictor of course achievement, 
as measured by students’ grades [17]. However, we did not find 
evidence that the influence of social presence extends to post-
course career advancement. This suggests that the social 
interactions have limited impact, that may not extend to distal 
career outcomes. Additionally, career advancement is likely 
influenced by other external factors –such as industry trends, 
individual motivation, personal goals, and social support 
networks – that are beyond the scope of this study. The lack of 
significant findings could also be attributed to the small number 
of advancers compared to non-advancers, and the small 
proportion of advancers who accessed the discussion forum at all, 
suggesting the need for future studies with larger overall samples 
and balanced group sizes. Similarly, we found that the use of 
course-relevant keywords in discussion posts did not have any 
measurable effect on career advancement. While the integration 
of discipline-specific terminology may enhance academic 
discourse [20, 23, 28], and is associated with better grades within 
our data, we found no evidence that it contributes to career 
development after the course. Overall, these findings suggest that 
while fostering social presence and domain-specific discussions in 
online forums may support academic success, they may not 
independently drive post-course career progression. Future 
research could explore additional mediating or moderating factors 
such as individual motivation and social support to better 
understand the link between MOOC engagement and career 
development.  However, a necessary step will be to replicate this 
analysis with a larger sample -a challenging task given the effort 
involved in identifying career advancers [26]. 
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