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Abstract
Despite ongoing progress towards gender equality in education, women remain sig-
nificantly underrepresented in computer science—a field still shaped by stereotyp-
ical expectations in our society. This gap is evident in both traditional classroom 
settings and online learning platforms such as MOOCs, where women face psy-
chological barriers that hinder their learning success. As MOOCs increase acces-
sibility and democratize education, it’s particularly important to address the barriers 
women face in these platforms. By analyzing 338,459 negative reviews from 8,067 
IT and software courses offered by the MOOC provider Udemy, we explored the 
differences in how men and women experience these online learning environments. 
Our analysis was complemented by ten expert interviews, which helped us develop 
key propositions to explain these gender-based differences and derive guidelines to 
overcome them. Our results reveal that men and women criticize similar topics in 
IT courses, demonstrating that they do not belong to different user groups. How-
ever, differences between male and female reviews emerge within each topic. These 
differences are reflected in different communication styles, demands and areas of 
emphasis, shaped by gender-specific backgrounds, socialization processes and ste-
reotypes. To overcome these differences, we propose seven guidelines drawing form 
Stereotype Threat Theory for designing gender-inclusive online courses that focus 
on inclusive communication and representation, creating supportive learning envi-
ronments, and implementing high-quality, bias-aware educational practices. Aiming 
to foster greater participation and success for women in computer science.
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1 Introduction

From childhood, societal norms and expectations begin to shape gender identi-
ties. Girls are more likely to grow up with dolls and horses, while boys are more 
likely to grow up with superheroes and ball sports (Blakemore & Centers 2005; 
Hines et al. 2016). These early experiences not only contribute to individual gender 
identities but also lay the groundwork for pervasive societal stereotypes that persist 
today. These stereotypes can negatively affect society; they can constrain individuals 
within gender roles and discourage them from reaching their true potential. Rather 
than fostering their inherent talents, individuals might find themselves conforming 
to society’s expectations.

An example is a girl who loves being creative, demonstrates sound logical think-
ing and problem-solving skills, and is patient and persistent, signifying her potential 
to excel in programming (Nouri et al. 2020) Despite her natural talents, she chooses 
not to take a computer science course, primarily because none of her friends have 
chosen computer science at school, and instead, she takes a course in the social sci-
ences. Similar confrontations with stereotypes are reported by business influencers 
such as Annahita Esmailzadeh.1 She recalls her first day at work in a development 
department when she was looking for her new team. In the corridor, a colleague 
smiled widely and pointed out to her that the marketing department was on the sec-
ond floor (Weck 2022). Examples like this illustrate that while girls today actively 
engage with a wide range of novel information and communication technologies, 
they are often confronted with stereotypes. As a result, they are still less interested 
than boys in IT-related careers or college majors (Fedorowicz et al. 2010). The pres-
sure to conform to gender-typical roles and the pervasive threat of stereotypes con-
tribute significantly to this phenomenon (Ashcraft et al. 2016).

Stereotype threat theory (STT) is frequently discussed in the scientific discourse 
to account for the underrepresentation of women in the information technology (IT) 
field (Cooper 2006; Takács 2022). Studies dedicated to exploring the impact of gen-
der stereotype threats on performance in computer science tasks have indicated a 
distinct effect: Women experiencing stereotype threat tend to attribute difficulties 
internally to their own inability and consequently exhibit a decrease in performance 
(Cooper 2006; Koch et  al. 2008). Recent statistics report a low number (21%) of 
female recipients of bachelor’s degrees in computer science (Datascience@berkeley 
2021) and of female learners in computer science courses (Ruipérez-Valiente et al. 
2022). This underrepresentation demands rigorous research in computer science 
to identify more inclusive methodologies for course design and delivery, thereby 
encouraging increased female participation and success (Ashcraft et al. 2016).

Compared with traditional classrooms, massive open online courses 
(MOOCs)—through their ease of access—promise greater inclusion and thus 
the democratization of education (Crues et  al. 2018; Kizilcec, Saltarelli, et  al. 
2017b). In the context of gender-inclusive education, they afford course partici-
pants the opportunity to navigate anonymously through the learning environment. 

1 https:// www. linke din. com/ in/ annah ita- esmai lzadeh, last accessed on 06.07.2023.

https://www.linkedin.com/in/annahita-esmailzadeh
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For women in IT and software MOOCs, this anonymity reduces their feeling of 
being observed while performing computer tasks and their worries about how 
they will be perceived by others, and consequently, less stereotype threat is trig-
gered (Crues et al. 2018; Lee et al. 2017; Leider & Strobel 2020). Nevertheless, 
members of identity-threatened groups are still more likely to drop out of IT and 
software MOOCs than members of groups who do not face such identity threats 
(Kizilcec, Davis, et al. 2017a; Kizilcec, Saltarelli, et al. 2017b). To explain these 
inequalities and to provide a holistic solution for the gender-inclusive design of 
online learning environments, we address the following research questions:

(1) How do men and women differ in terms of challenges when learning computer 
science skills in MOOCs?

(2) How can the gender-inclusive design of MOOCs contribute to overcoming the 
gender gap?

We analyzed 338,459 negative reviews from online courses in the “IT & Soft-
ware” category from the MOOC provider Udemy and derived our results through 
latent Dirichlet allocation (LDA), a proven method for exploratory analysis of 
large collections of textual data, followed by a qualitative analysis. We initially 
focused on textual data to investigate our first research question because, unlike 
physical barriers in learning environments, psychological barriers such as ste-
reotype threat triggers are primarily influenced by internal psychological pro-
cesses such as gender socialization. Language can reflect these internal thought 
processes and thus serve as an object of study (Pennebaker 2011). The decision 
to focus exclusively on negative reviews stemmed from our aim to uncover and 
address the underlying psychological barriers that men and women face in these 
online learning environments. While positive reviews are valuable in highlighting 
what works well, they tend to provide less insight into the psychological barriers 
that should be addressed to improve the inclusivity and effectiveness of online 
IT courses. Following a theoretical sampling approach, positive reviews were 
therefore excluded, as they would have distorted the problem clusters of the LDA 
analysis and led to a shift from problem clusters to general clusters about the top-
ics discussed in the reviews. Negative reviews are particularly valuable for iden-
tifying problems because they highlight specific unmet expectations or standards 
(Aithal & Tan, 2021). Moreover, these reviews not only specify issues but also 
explain why they are problematic, offering a focused and detailed analysis of each 
fault. This in-depth elucidation often includes causal explanations, enhancing 
our understanding of the underlying problems and their implications (Ganesan 
& Zhou, 2016), thereby providing clearer feedback on aspects of the course that 
failed to satisfy users.

Our methodology, which focused on genuine user feedback from Udemy 
MOOCs, provided a more pragmatic approach compared with the methodolo-
gies employed in previous research, thereby bridging the gap between theory and 
practice. Advanced techniques for linguistic analysis, such as LDA analysis, allow 
for meaning to be extracted from valuable comments from course participants. To 
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date, this method has often been used in a commercial context, for example to 
analyze reviews of hotels (Guo et al. 2017). Our analyzed reviews were clustered 
into topics containing negative feedback from participants about the course. We 
identified clusters that addressed the same topic, and based on those clusters, we 
identified the differences men and women experience in MOOCs. Using expert 
interviews, we derived propositions to explain these differences and guidelines 
for the design of gender-inclusive online IT courses. With our guidelines, prac-
titioners will be able to understand which course design options are particularly 
relevant for the inclusion of women in IT and software courses.

Our paper relies on a binary and social construction perspective of gender that 
focuses on individuals who self-identify as male or female rather than a non-binary 
perspective. Thus, we follow previous research regarding the impact of gender on 
information and communication technology (Stumpf et al. 2020). The main reason 
for doing so is that the reviews analyzed from Udemy do not allow for any conclu-
sions about gender other than male or female. Therefore, our results leave no room 
for other identifications, such as non-binary and genderqueer.

Our paper is structured as follows: First, we present the theoretical background in 
Sects. 2 and 3. Section 4 describes the procedure and results of the LDA analysis we 
performed on the Udemy reviews. In Sect. 5, we detail the results of our interviews 
with experts. Finally, in Sects. 6 and 7, we summarize and discuss our main findings 
and offer an outlook on future research issues.

2  Stereotype threat theory

Stereotypes are beliefs about a certain group of individuals’ characteristics, attrib-
utes, and behavior (Hilton and Von Hippel 1996). They tend to be inaccurate and 
do not always apply to this group (Devine 1989). IT-based stereotypes attribute par-
ticular IT-related characteristics to a specific user group (Noeltner et al. 2019). For 
example, IT-based stereotypes apply to older adults (Noeltner et  al. 2019), Black 
people (Cain and Trauth 2013), and women (Cheryan et  al. 2013; Clayton et  al. 
2009; Smith et al. 2005; Yücel and Rızvanoğlu 2019). These groups of individuals 
are assumed to have difficulties succeeding in computer science. For instance, when 
a girl or woman wants to acquire skills in computer science, she faces the chal-
lenge of making this learning process compatible with her gender identity (Yücel & 
Rızvanoğlu 2019).

STT aims to explain these types of challenges. According to STT, people in a 
group feel threatened when handling a task they are assumed to perform poorly on 
because of a certain stereotype they are aware of in that moment (Steele & Aronson 
1995). For example, if a girl or woman performs a difficult computer science task 
while identifying with her gender identity, she feels threatened to confirm a negative 
stereotype, which affects her actual performance. This is supported by Koch et al. 
(2008), who found that women who were reminded that men usually perform better 
than women in a certain task were affected by stereotype threat, as they attributed 
the failure to their inability. By contrast, men who were told that women usually 
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perform better than men in a certain task attributed the failure more externally to 
technical equipment.

STT originates from social psychology and has been employed to explain human 
behavior during the use of information and communication technology (Appel et al. 
2011; Cooper 2006; Koch et al. 2008). Cooper (2006) studied female college stu-
dents as they completed a computer task wherein the stereotype threat was made 
either salient or non-salient to them. The results revealed that students who were 
primed with their identity as a woman immediately before the computer task per-
formed worse than those primed with their student identity. In addition, Kizilcec 
et al. (2020) found that first impressions influence subsequent behavior. Social iden-
tity threat causes a lack of connectedness to the overall group identity and furthers 
the student’s sense of isolation in the class. Therefore, self-doubt must be addressed, 
as it can continue to hinder a student’s success (Leider & Strobel 2020). In com-
puter courses, where stereotypes are salient in specific contexts and women’s social 
identity has been negatively stereotyped, proactive action can be taken by using 
social cues early in the course to affirm a sense of belonging among members of 
underrepresented groups (Kizilcec et al. 2020). For example, presenting a male and 
a female instructor together is an effective strategy for retaining women in such 
courses (Kizilcec et al. 2020). Furthermore, Cheryan et al. (2011) found that chang-
ing the design of an online classroom from one that conveys computer science ste-
reotypes to one that does not significantly increased women’s interest in the course 
and their anticipated success in computer science. Richard and Hoadley (2015) state 
that supportive communities can improve resilience by mitigating stereotype threat; 
for instance, environments in which a female-supportive gaming community can 
foster equitable gaming identification and self-concept can contribute to counteract-
ing the marginalization of underrepresented learners such as women and girls in IT. 
Brooks et al. (2018) discovered (1) significant evidence that the presence of females 
in online computer courses induces strong positive effects on overall course activ-
ity and discussion posting behavior among female learners and (2) strong evidence 
of a small negative effect on male learners. All the evidence suggests that subtly 
personalized interventions in educational environments and computing identity can 
influence engagement in online learning environments among minoritized learners 
in computer science, such as women (Clarke et al. 2023), and that course setup can 
encourage positive group identity in online learning environments where discrimi-
nation based on, for example, gender is predominant (Leider and Strobel 2020).

Our research contributes to the discourse on STT by extending it into the domain 
of online learning, specifically through the lens of MOOCs. By analyzing negative 
feedback from Udemy courses, we provide insight into the experiences of women 
in IT education, showcasing how stereotypes hinder their engagement and perfor-
mance. This study confirms the presence of stereotype threat in digital learning 
environments and proposes practical guidelines for designing MOOCs that mitigate 
this threat. By linking the theoretical foundations of STT and its practical implica-
tions for online education, our study provides a pathway to more inclusive learning 
experiences.
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3  Gender‑inclusive design of MOOCs

Uncertainties that arise when students engage with stereotypical learning content 
that might threaten their social identity are what research refers to as psychologi-
cal barriers (Easterbrook and Hadden 2021; Kizilcec and Saltarelli 2019b). East-
erbrook and Hadden (2021) characterize these psychological barriers as a sense 
of threat to social identity and a feeling of incongruence between student identity 
and educational success. Psychological barriers in the context of online learn-
ing include cues in learning environments, such as verbal, visual, or behavioral 
artifacts, that may unconsciously threaten learners’ social identities by signaling 
the importance of certain social identities, such as majorities, for a given subject 
(Kizilcec and Saltarelli 2019b). These barriers can leave members of an under-
represented group feeling alienated and discouraged, which affects their persis-
tence and performance within education (Easterbrook et  al. 2019) and conse-
quently contributes to educational inequality (Walton and Yeager 2020).

Kizilcec and Saltarelli (2019b) propose a psychologically inclusive design as 
an evidence-based approach to providing learning environments for all students 
to reduce uncertainty in the learning process. Within this approach, content and 
design cues, such as images or text, are strategically placed within the learning 
environment to avoid threatening students’ social identities and reinforcing their 
insecurities. These small, subtle, and often easy-to-implement design solutions 
aim to improve the subjective learning experience of students, especially those 
who feel they do not belong. In this way, their educational experience can be 
transformed from one of fear and threat to one of safety and confidence (Easter-
brook & Hadden 2021).

Previous research has demonstrated that brief psychological interventions 
can improve the learning process of underrepresented groups, such as women in 
male-dominated fields (Brooks et al. 2018; Leider and Strobel 2020; Miyake et al. 
2010; Kizilcec and Saltarelli 2019a). Given the digital transformation in educa-
tion, Kizilcec and Saltarelli (2019b) emphasize the need for further research on 
the design of psychologically inclusive online learning environments. Previous 
studies have shown that the significant increase in e-learning platforms and the 
growing interest in learning to program makes it increasingly important to guar-
antee that today’s e-learning environments meet the needs of all members of soci-
ety (Astleitner and Steinberg 2005; Kelleher et al. 2007). MOOCs are a form of 
e-learning and make learning content accessible to anyone, anytime, anywhere 
(John and Meinel 2020). Because of this easy access, in the context of gender 
inclusivity, MOOCs have been heralded as a vehicle for democratizing educa-
tion (Crues et al. 2018; Kizilcec, Saltarelli, et al. 2017a, b). In addition, previous 
research has argued that the anonymous and faceless MOOC learning space often 
leaves information about students’ gender unknown, thereby eliminating any 
concerns about how they might be perceived by others (Crues et  al. 2018; Lee 
et al. 2017; Leider and Strobel 2020). However, compared to threatened groups, 
members of identity-threatened groups drop out of IT and software MOOCs more 
frequently, which might be a result of psychological barriers (Kizilcec, Davis, 
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et al., 2017; Kizilcec, Saltarelli, et al. 2017a, b). To some extent, IT and software 
MOOCs face similar challenges to traditional classrooms in that women must 
also make stereotypically male learning content compatible with their gender 
identity (Lee et  al. 2017). However, Brooks et  al. (2020) and Kizilcec and Sal-
tarelli (2019b) further emphasize that large-scale online learning environments 
offer new opportunities to address this challenge to achieve greater inclusion in 
education. As MOOCs can reach large numbers of learners, a small adjustment 
to the learning environment immediately impacts the experience of many stu-
dents worldwide. As a result, changes in online learning environments are faster, 
less costly, and thus more efficient to implement than physical learning environ-
ments. Furthermore, applying artificial intelligence to learning platforms offers 
the opportunity to address the need for increased inclusion in education. For 
example, implementing algorithms that recommend tailored learning content or 
automatically adapt the learning environment to learners’ needs enables course 
instructors to incorporate differentiation into the course successfully. In addition 
to content and design cues, online course designers can also easily customize the 
level of interaction in the learning environment to meet learners’ needs, for exam-
ple by allowing them to interact anonymously in the learning environment. Psy-
chologically inclusive design aims to provide concrete recommendations for sup-
porting underrepresented groups.

In recent years, a feminist human–computer interaction (HCI) community 
has emerged with papers published (e.g., at the Conference on Human Factors 
in Computing Systems) on how gender-based differences should influence the 
design of digital environments (Bardzell & Bardzell 2011; Fiesler et  al. 2016). 
One developed and formalized method for considering gender in technology 
design is the GenderMag method (Burnett et al. 2016). It provides HCI design-
ers with step-by-step instructions and ready-to-use forms to uncover gender bar-
riers in existing systems. In their conceptual review, Stumpf et  al. (2020) over-
view previous research on gender-inclusive HCI design. They emphasize that the 
first step is to uncover and examine implicit assumptions and stereotypes that are 
already built into the technology. John and Meinel (2020) provide recommenda-
tions, in their case study, specifically to support women engaging in IT MOOCs. 
Bhargava (2002) developed a checklist to help evaluate educational software to 
promote girls’ interest in IT. Moreover, Göritz et  al. (2022) followed an auto-
mated approach to evaluate educational resources and developed a tool that auto-
matically analyzes textual gender bias. To ensure that gender is increasingly con-
sidered in the design process, we want to contribute to gender-inclusive design 
research on MOOCs.

We contribute to the discourse on the gender-inclusive design of MOOCs 
through an analysis of negative course reviews, and our research sheds light on 
the psychological barriers that disproportionately affect women in IT MOOCs. 
This approach allows us to pinpoint where design choices inadvertently reinforce 
stereotypes, thus allowing us to provide guidelines for effective design solu-
tions for gender inclusivity. Our study therefore contributes to a broader effort to 
ensure MOOCs serve as a truly democratizing force in education.
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4  Latent Dirichlet allocation

In this section, we explore the application of LDA as a methodological approach to 
uncovering underlying topics within our dataset of online course reviews. Utilizing 
Udemy’s extensive repository of course data, we employed LDA to cluster nega-
tive reviews, providing a nuanced understanding of challenges encountered in online 
IT and software courses. We used the course reviews as archival data to gain ini-
tial insight into our researched phenomenon as part of our grounded theory research 
approach. Grounded theory refers to a set of strategies used to develop a theory 
through the simultaneous collection and analysis of data and the abductive inter-
play of induction and deduction (Glaser et al. 1968). As a first step, we conducted 
the LDA analysis to gain inductive access to theoretical propositions related to our 
research questions. Our rigorous analysis allowed us to elucidate distinct themes 
and gender-specific patterns in learners’ critiques, offering valuable insights into the 
landscape of MOOCs and potential areas for improvement.

4.1  Methods

Udemy as a data source. To obtain the necessary data for the analysis, we requested 
API access to various large MOOC providers, which Udemy granted. According to 
their own information, with more than 62 million users and over 210,000 courses, 
Udemy is among the leading providers of online courses.2 During the COVID-19 
pandemic, Udemy courses were the most searched on Google (Kansal et al. 2021). 
Udemy provides a wide range of courses and a representative course landscape. We 
used Udemy as a representative data source to draw conclusions about MOOCs in 
general.

The data used in the analysis was obtained via the Udemy Affiliate API. Unlike 
scraping data, using the API minimizes error vulnerability during data extraction. 
The extracted dataset opened great potential for analyzing stereotype threat in online 
education. It contained many different course reviews, which allowed for a quantita-
tive analysis. Such a broad dataset is rare in the education domain, as it is subject 
to privacy regulations on the one hand and disclosure from MOOC operators on 
the other. We only encountered some limitations in accessing ratings and courses, 
restricting our analysis to a subset of the top 10,000 courses on Udemy. However, 
the technical limitations in accessing ratings and courses primarily impacted only 
the top 47 courses with more than 10,000 ratings, which is negligible and possi-
bly even beneficial, as these courses with more than 10,000 ratings are not over-
represented in the analysis. Despite this constraint, we anticipate high generalizabil-
ity due to the vast amount of user data, the diversity of the courses analyzed, and 
Udemy’s market position as one of the largest MOOC providers. For the top 10,000 
courses in the “IT & Software” category, the course ID and the course title were 
extracted, each with 10,000 ratings accessible over the ID via the API. The rating 
data included the reviewer’s user ID, name, rating (0.5 to 5 stars), and comments. 

2 https:// about. udemy. com/, last accessed on 06.07.2023.

https://about.udemy.com/
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Retrieving additional metadata such as a user’s gender, age, or other courses taken 
would have been interesting for deriving the propositions, but such data was not 
publicly available. This limitation is primarily due to the data access policy of the 
Udemy Affiliate API, which does not provide such specific user information. This 
restriction is in line with broader industry practices around user privacy and data 
protection, where platforms are increasingly cautious about the types of user-related 
data they disclose. Despite this limitation, the data available through the Udemy 
Affiliate API can effectively address our primary research questions.

Data preparation. To enable an analysis of the data, prior data preparation was 
necessary. The goal of this data preparation was to filter out irrelevant data records, 
clean up errors, and add information necessary for the analysis, such as the sen-
timent of the review and the gender of the user. Data preparation began with the 
removal of all ratings without any accompanying comments from the dataset. Next, 
the names provided by the user were cleaned. If the user provided a name that did 
not contain any letters (e.g., only dots), it was declared “Anonym.” The dataset had 
a disadvantage, however: It did not include the gender of the users. Due to the great 
potential of the data, we nevertheless decided to use it for the following analyses. 
Since the analyses relied on a division into male and female reviews, the gender had 
to be predicted in advance.

Due to the size of the dataset, we chose an automatic approach for the analysis. 
Users who used a designation or abbreviation in their name that could be assigned to 
gender (e.g., Ms., Mr., or Sir) were declared directly to be the corresponding gender. 
To minimize potential errors, gender-neutral titles (e.g., Dr.) were excluded from 
this classification process. We acknowledge that this approach, while efficient, is not 
without its limitations. The method may introduce some degree of error, but such 
instances were expected to be minimal and unlikely to significantly affect the overall 
findings of our study. To minimize errors, we screened the validity of random sam-
ples that were predicted, both manually and in comparison with the approach used 
for the remaining names without any designation or abbreviation. For these names, 
three approaches summarized by Vasilescu et al. (2012) were considered for further 
gender detection.

We considered a writing-style-based approach that predicts gender based on the 
words used in written text. The approach is based on the fact that pronouns such as 
“I,” “you,” and “she” are significantly more often used by female authors, whereas 
male writers use “of” phrases such as “garden of roses” more frequently (Vasilescu 
et al. 2012). Although this approach achieves precision rates of up to 80%, it was 
unsuitable for the present dataset. Reviews of online courses are not comparable in 
writing style and length to fiction, scientific papers, or blog posts, which were used 
as a foundation for this analysis. A profile picture-based approach, which is often 
used to detect the gender of users, was further considered. Since the dataset did not 
contain any profile pictures, it was impossible to make a prediction based on them. 
Therefore, our analysis followed the approach of predicting gender by name.

The name of a person often allows for an accurate gender prediction. As previ-
ously stated, however, this approach did not allow for the identification of non-binary 
or genderqueer people, which is why our analysis focused on a binary perspective. 
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Vasilescu et al’s. (2012) GenderComputer3 tool, developed for the analysis of Stack 
Overflow comments, was used for the analysis. The tool predicts a user’s gender 
based on their name and origin. For example, the name Andrea is more likely to be 
given to women in Germany, while it is a male name in Italy. Since the user’s origin 
in this dataset was unknown, the GenderComputer would output “gender unknown” 
for the name Andrea. If name and gender are identical in all countries contained in 
the dataset of the tool, it would return either “male,” “female,” or “unisex” for the 
name. In their 2014 study, Vasilescu et  al. (2014) achieved 93% precision in pre-
dicting gender. We consider this precision rate sufficient in the context of gender 
prediction, as the GenderComputer has successfully been used in various other stud-
ies (Amendola et  al. 2024; Dubois et  al. 2020; Jarvis et  al. 2023; Vasilescu et  al. 
2014). To reduce mismatches, all participant reviews labeled as either unknown or 
unisex were excluded from the analysis. While this approach increased the precision 
of predictions, it thinned out the dataset – a trade-off that could be taken due to the 
number of data points available. While we still cannot guarantee that every name 
was correctly assigned, we are confident that, on average, sufficient precision was 
achieved.

The GenderComputer tool was used for the remaining names to determine 
whether a name is more likely to be female, male, unisex, or unknown. Sub-
sequently, duplicates were removed from the dataset. These duplicates mainly 
occurred when a coherent course was separated into sub-courses. To obtain consist-
ent results, the focus of the analysis was on English reviews only. All non-English 
reviews were therefore filtered from the dataset.4 Following the filtering, all char-
acters that were neither Latin letters nor spaces were removed from the reviews. 
Moreover, all uppercase letters were changed to lowercase. Finally, the sentiment of 
the individual reviews was determined using the VADER Sentiment analysis tool, 
which operates through a blend of lexical items and rule-based methods to evaluate 
sentiment polarity and intensity. VADER employs a sentiment lexicon comprising 
words, phrases, and emoticons, among other things, each rated for sentiment valence 
on a scale from − 4 (extremely negative) to + 4 (extremely positive), with 0 being 
neutral. The sentiment score of a sentence is calculated by breaking down the sen-
tence into tokens and matching each against the lexicon, adjusting the overall senti-
ment based on the intensity of the identified tokens. Additionally, VADER applies 
heuristic rules to account for grammatical and syntactical cues that might modify 
sentiment intensity, such as punctuation emphasis, capitalization, degree modifiers, 
the contrastive conjunction “but,” and negation. The final step involves computing a 
composite sentiment score, ranging from -1 (most negative) to + 1 (most positive), 
to classify the sentence as positive, neutral, or negative. This methodology allows 
for nuanced sentiment analysis, especially in online contexts where expressive lan-
guage forms (i.e., slang) prevail (Hutto & Gilbert 2014). The sentiment scores from 
VADER were aggregated over the ratings, with an average sentiment value calcu-
lated for each rating category, as shown in Table 1.

3 https:// github. com/ tue- mdse/ gende rComp uter, accessed on 06.07.2023.
4 Using the Python library langdetect: https:// pypi. org/ proje ct/ langd etect/, last accessed on 06.07.2023.

https://github.com/tue-mdse/genderComputer
https://pypi.org/project/langdetect/
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Based on the resulting sentiment per rating group, only datasets with a rating 
of fewer than three stars were retained. For those, the sentiment analysis results 
became, on average, negative and therefore support the creation of problem clusters 
and do not distort the LDA analysis towards the creation of general clusters about 
the topics discussed in the reviews. In the last step of data preparation, the dataset 
was split into two sets. One dataset contained only reviews written by users declared 
as female, and the other, only reviews written by users declared as male. Therefore, 
the analysis did not include users with names identified as unisex or with names 
that could not be assigned. Of the original 2,811,475 reviews from 10,000 courses, 
338,459 (12.04%) reviews from 8,067 (80.67%) courses remained after cleaning and 
filtering. Of the remaining reviews, 63,953 (18.9%) were assigned to females and 
274,506 (81.1%) to males. Figure 1 presents an overview of the entire data prepara-
tion process.

Table 1  Sentiment Scores by Rating

Rating  > 5  > 4.5  > 4  > 3.5  > 3  > 2.5  > 2  > 1.5  > 1

Sentiment 0.355 0.270 0.117 0.031 − 0.069 − 0,112 − 0.151 − 0.167 − 0.149

Fig. 1  Data preparation
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Review clustering. In the next step, we used LDA to cluster the negative reviews 
into topics. LDA is a widely used method for the exploratory analysis of large col-
lections of textual data. It is a probabilistic, generative statistical model by Blei et al. 
(2003) that conceptualizes each document as a finite mixture of topics and each topic 
as an infinite mixture of words. This perspective allows for the effective decomposi-
tion of the corpus into latent topics based on word co-occurrence patterns, providing 
insights into the thematic structure underlying the textual data. By assuming that 
documents are generated through a specific stochastic process involving Dirichlet-
distributed topic mixtures, LDA facilitates the uncovering of hidden thematic layers 
within the data (Blei et  al. 2003). In our study, these topics address challenges in 
learning computer science skills in MOOCs. We calculated different metrics for sev-
eral LDA models to determine the best number of topics for the model.5 The results 
of these metrics are illustrated in Fig. 2, where the x-axis represents all models with 
a topic number from 2 to 50.

Low values according to the metrics of Arun et  al. (2010) and Deveaud et  al. 
(2014) and high values according to the metrics of Griffiths and Steyvers (2004) 
and Cao et al. (2009) indicate a “good model” that contains distinguishable topics. 
According to the metrics, the best model solutions ranged between 10 and 16 topics 
for all female reviews and 19 and 28 topics for all male reviews, respectively. For 
all models within this range, the LDA was performed to investigate which number 
of topics was the best solution. The decision to segment the data by gender before 
applying LDA was driven by the significant disparity in data volume — 81.1% of 
the 338,459 reviews were written by male participants. This imbalance skewed the 
overall data distribution and impacted the granularity of topic detection within each 

Fig. 2  Model fit metrics

5 Using the R package ldatuning: https:// cran.r- proje ct. org/ web/ packa ges/ ldatu ning/ index. html, last 
accessed on 06.07.2023.

https://cran.r-project.org/web/packages/ldatuning/index.html
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subset. We adopted this approach based on findings from a study by Puyol-Antón 
et  al. (2021) that compared several methods to address bias in imbalanced data-
sets. The study concluded that segmenting data by groups yielded the best balance 
between accuracy and fairness. Further, by segregating the data, we aimed to prevent 
male-authored reviews from diluting the distinctiveness of topics more prevalent in 
female-authored reviews. Consequently, separating the data by gender allowed for a 
more nuanced understanding of thematic structures that could be obscured by mod-
elling unsegmented data. This approach therefore mitigates the risk of overshadow-
ing unique topics primarily discussed by female reviewers, which might not surface 
in a mixed-gender analysis due to their relative scarcity. However, segmenting the 
data led us to identify more distinct topics in the male reviews than in the female 
reviews. We analyzed typical words for each topic to determine the model in which 
the topics were most discriminative. Based on these results, we decided to use a 
model with 14 topics for the female reviews and a model with 19 topics for the male 
reviews. For the LDA, we used the Gibbs sampling algorithm (Geman & Geman 
1984).6 The LDA output of all female reviews was the weight of each word and each 
review for 14 topics. The LDA of all male reviews resulted in the weight of each 
word and each review for 19 topics. To explain the co-occurrence of words in the 
reviews, we conducted a manual qualitative analysis (Mayring 2010): We worked 
in a group of five researchers who went through every round of coding and dis-
cussed our results in joint workshops after each step. As advised in grounded theory 
research, the researchers were provided with review information (e.g., the gender of 
the reviewers) to establish conceptual proximity to the phenomenon under investiga-
tion and to enable a deep examination of social processes from an “insider” posi-
tion (Murphy et al. 2017). While this information helped us contextualize the data, 
we set the rules of analysis to remain anchored in the description of the content of 

Table 2  Topic Content

6 Using the R topicmodels: https:// cran.r- proje ct. org/ web/ packa ges/ topic models/ index. html, last 
accessed on 06.07.2023.

https://cran.r-project.org/web/packages/topicmodels/index.html
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the reviews themselves. This ensures that the summarization of the topic content, 
derived from LDA, is grounded in the data rather than subjective and preconceived 
notions about gender. To identify the themes underpinning each topic, we followed a 
typical approach and used two criteria for analysis (Baumer et al. 2017). In the first 
round of coding, we inductively examined the top 25 most probable words per topic, 
described patterns in these words, discussed them, and assigned initial labels to the 
topics. In the second round of coding, we sorted the reviews by their concentration 
on each topic, analyzed the top 50 reviews, and refined coherent and interpretable 
descriptions of the topics in collaborative workshops. We further clustered the topic 
descriptions into topic themes and topic fields, as listed in Table 2.

4.2  Results

Table 2 overviews the different parts of our results (topic description, topic theme, 
and topic field). In addition, each topic is assigned a topic number and an accu-
racy score indicating what percentage of the 50 highest-weighted reviews match the 
selected topic description. The intertopic distance map in Fig. 3 illustrates how the 
overarching topic fields, namely course framework, course content, and exam prepa-
ration, emerged. It also depicts the topic themes in different colors, with the same 
topics for female and male learners marked in the same colors for better understand-
ing of similar topics. The map extracts information from a fitted LDA topic model 
and visualizes the topics as circles in a two-dimensional plane.7 The centers of the 

Fig. 3  Intertopic distance map

7 Using the R package LDAvis: https:// cran.r- proje ct. org/ web/ packa ges/ LDAvis/ index. html, last 
accessed on 06.07.2023.

https://cran.r-project.org/web/packages/LDAvis/index.html
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circles are determined by calculating the Jensen–Shannon divergence between the 
topics (Lin 1991). Multidimensional scaling is used to map the distances between 
topics into two dimensions. In our analysis process, we found that many topics men-
tioned in the male reviews also appeared in the female reviews. However, because 
we identified a greater number of distinct topics in the male reviews overall, certain 
criticisms were separated into distinct topics in the male reviews (e.g., audio and 
video quality in the topics 2male and 3male), while the same criticisms were consol-
idated into a single topic in the female reviews (e.g., audio and video quality in the 
topic 2female). We discussed these differences in our workshops, thoroughly exam-
ined the analyzed reviews, and concluded that they still provide a way to compare 
similar content across genders. To present the results, we describe the female topics 
one by one, and for each of these topics, we use similar male topics for comparison, 
thereby allowing for the identification of gender-based differences and similarities 
regarding the challenges of online IT and software courses. At the end of this sec-
tion, we summarize our findings by aggregating them into three areas of gender-
based differences (Table 3). 

Course framework. Topics 1female and 1male mainly refer to the challenge of not 
understanding the instructor’s accent, as English was often not the mother tongue. 
In addition, the strong accent led to incorrectly generated subtitles and, thus, also to 
greater difficulties in understanding.

Topic 2female refers to the audio and video quality of the courses. On the one 
hand, audio quality was criticized for distracting background noise or poorly 
adjusted volume. On the other hand, video quality was criticized for containing 
blurry images or incorrect or poor visuals. These topics were also found in the 
results of the men’s analysis. However, the audio and video quality themes appeared 
separately in two different topics: 2male and 3male.

Topic 3female relates to the instructor’s boring presentation skills, partly because 
the instructor read everything from the script and partly because of poor use of pres-
entation tools such as PowerPoint. Some of the female reviews analyzed also men-
tioned the instructor speaking too fast. For men, presentation skills and speech rate 
were mapped into two separate topics: 4male and 5male. The qualitative analysis 
of the results revealed a tendency for the female reviews to offer more suggestions 
for improvement (e.g., “More graphics and visual aids apart from reading from the 
PowerPoint slides could be useful”). Regarding the criticized speed of the instruc-
tor’s speech, female course participants mainly perceived speaking as too fast. Speed 
was criticized much more extensively in topic 5male and included criticisms that the 
instructor spoke too fast and that the overall course speed was either too fast or too 
slow and repetitive.

Topic 4female concerns the cost–benefit ratio: Course participants were disap-
pointed with the quality and/or quantity of course content. The courses were often 
described as a waste of time and money, and in some cases, course participants 
demanded their money back. Topic 6male comprises criticisms of the same aspects. 
However, in comparison to females, males were harsher when demanding their 
money back. On average, male reviews were more represented by statements such 
as “I request immediate refund” or direct attacks on the instructor (e.g., “Total waste 
of money. The guy just rambles on and on because he likes the sound of his voice”), 
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while female reviews expressed dissatisfaction without the same harshness, with 
statements such as “Please refund my amount in bank account” and “Please don’t 
waste money in this.”

Course content. Topic 5female concerns criticisms that alternatives on the inter-
net grant participants free access to the course content. Because of these alterna-
tives, participants felt the reviewed course was not worth the money. These criti-
cisms were also found in topic 7male. However, the qualitative analysis of the topics 
revealed that concrete examples of alternative courses were explicitly mentioned 
more in the feedback of female than male course participants.

For both males and females, there were several topics related to the topic 
theme Expectations (6female, 7female, 8male, 9male, and 10male). The female 
reviews criticized some aspects that were not directly mentioned in many male 
reviews, such as the topicality and quality of the content. While male course 
participants only implicitly mentioned these points, female course participants 
explicitly mentioned them via criticism of the existing teaching material (e.g., 
“I find that lots of this content is out of date. This can be subtle like the console 
appearance has changed, which is pretty inconsequential, but other times there 
are additional/new options or even the location of items within the console has 
changed completely”).

The topic theme Explanations is also reflected in multiple topics (8female, 
9female, 10female, 11female, 11male, 12male, 13male, 14male, and 15male). These 
topics address general explanations by teachers and criticisms related to explaining 
programming or configuring hardware and software. Notably, criticisms from male 
and female course participants differed. The lack of or poor visual support was criti-
cized more often in male reviews than in female reviews. In addition, male partici-
pants more often explicitly mentioned that the lecturer taught with too few or poor 
examples from practice. Males and females also differed in terms of how they criti-
cized. Female course participants displayed a greater tendency to describe how they 
would like the programming to be explained to them (e.g., “There needs to be more 
direction in what is going to be coded. For example, there should have been a Class 
Diagram before creating the classes out of the blue”), while male participants listed 
more errors (e.g., “DNS Zone Transfer is TCP Port 53 not UDP Port 53… These 
people didn’t even bother to check their sloppy work even after I’d pointed out an 
obvious error”). In addition, male participants offered more detailed suggestions for 
course improvement, while female course participants complained more often about 
technical difficulties (e.g., software installation issues).

Another topic that falls into the theme field Course Content and only appeared 
in the male reviews is topic 18male. This topic concerns, on the one hand, the lack 
of support from the instructor and, on the other hand, the course content not hav-
ing been updated. The reviews mentioned that the instructor neglected the course 
and was, therefore, less available for questions and no longer regularly updated the 
course.

Exam preparation. Topics 12female and 16male address the challenge that online 
courses poorly prepare students for certification exams. The male reviews pre-
dominantly concerned poor preparation for cloud computing certifications, while 
the female reviews were more broadly thematic. In addition, the female reviews 
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contained more criticism regarding spelling, grammar, or typing errors than the 
male reviews. Topics 13female and 17male specifically include criticisms of errors 
in the courses’ practice tests regarding spelling, grammar, and typing mistakes as 
well as incorrect or misleading test questions or answers.

Finally, we would like to discuss the two remaining topics. Despite careful quali-
tative analysis of all the most probable words and reviews for both topics, we could 
not extract any coherent and interpretable themes from topics 14female and 19male.

The results of the analysis offer valuable insights into the differing perceptions 
and experiences of MOOCs among men and women in IT and software courses. Our 
findings highlight gender-specific expectations and criticisms, indicating important 
areas for promoting gender inclusivity in online education. The guidelines we derive 
next address these areas to make MOOCs more gender inclusive. In addition, we 
discuss the cause of these differences in interviews with experts. This discussion 
contributes directly to STT by demonstrating practical manifestations of the differ-
ences caused by stereotype threat in online IT courses. The results highlight the sig-
nificance of considering gender as a factor in course design and content delivery, 
thus addressing RQ1.

5  Expert interviews

This section presents the insights gathered from expert interviews, shedding light 
on the nuanced factors underlying the gender-based differences observed in our 
reviews in Sect. 4. We applied the grounded theory approach, which is particu-
larly appropriate for our study because it helps researchers to understand complex 
social processes (Willig, 2009). Through a precise exploration of expert perspec-
tives, Sect.  5 elucidates the multifaceted dynamics shaping gender-related pat-
terns in online IT and software education. The section also offers valuable con-
tributions to understanding gender inclusivity in online learning environments, 
paving the way for actionable recommendations to promote equitable educational 
experiences.

5.1  Methods

A key characteristic of grounded theory research is that, to explore a phenome-
non as deeply as possible, data collection and analysis are closely linked. Accord-
ingly, the analysis results of our LDA data influenced the subsequent collection 
of our interview data, including the selection of interview participants and ques-
tions (Glaser et  al. 1968). We conducted interviews to complement the results 
of our LDA analysis of 338,459 MOOC reviews. We conducted 10 semi-struc-
tured expert interviews to explain the gender-based differences in the reviews 
we analyzed. We followed positivist qualitative research and practiced abductive 
theory building (Dubé & Paré, 2003; Eisenhardt 1989). Although grounded the-
ory is associated with qualitative research, many of its basic assumptions appear 
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in retrospect to be positivist (Charmaz 2014). The grounded theory approach 
involves collecting data from multiple sources to understand participants’ expe-
riences. In our study, we used theoretical sampling for interviews to complement 
the results of our extensive LDA analysis, including 338,459 MOOC reviews. 
Theoretical sampling requires that data sources be selected based on their utility 
in further elucidating the emerging theory, rather than on predetermined quotas 
for data collection (Murphy et al. 2017). It posits that data collection and analy-
sis should continue until no new information emerges. In our case, interviews 
informed by LDA results allowed for direct exploration, culminating in theo-
retical saturation after 10 interviews (Glaser et  al. 1968). To fully explore the 
intersection of education, gender, and IT, we selected interviewees with exper-
tise in at least two of these areas (see Table 4). In addition, we sought diversity 
in professional background and age to capture evolving perspectives on gender 
equity across decades. We interviewed individuals from academia and industry 
to integrate both research and practice perspectives into our findings. A sum-
marization of the metadata concerning the experts’ characteristics is provided in 
Table 5. A key aspect of our theoretical sampling strategy was to interview only 
women. Given the complex social dynamics underlying the gender disparities 
observed in the reviews we analyzed, we hypothesized that male interviewees 
might find it difficult to delve deeply into women’s implicit experiences of dis-
crimination in IT education. By focusing on female interviewees, we encouraged 
experts to continually reflect on their own encounters with such discrimination 
in IT education.

Interviews lasted 40 to 93 min, were conducted between 05.01.2023 and 
27.01.2023, and followed the guidelines of Myers and Newman (2007). To give 
interviewees a sense of comfort and minimize social dissonance, only the female 
second author, who has a background in psychology and primarily conducted the 
interview, and the male first author, who has a background in information systems 
and assumed the observer role, attended the interviews. Having one male and one 
female researcher in attendance was intended to avoid gender bias in the analysis 
results. The female researcher conducted the interviews to provide the female par-
ticipants with a conversation partner who could easily empathize with the implicit 
discrimination against women in IT education. With her background in psychology, 
she was able to sensitively address the issues of discrimination that were raised dur-
ing the interviews. The aim was to create a safe interview environment and prevent 
bias in the data, such as socially desirable response behavior. The semi-structured 
interview guideline derived from the findings of the LDA results allowed us to adapt 
to the interviewees and aimed to find explanations for the gender-based differences 
in the reviews we analyzed. In addition, the interview questions were continually 
adjusted based on the insights gained during the interview process (Glaser et  al. 
1968). As a result, our in-depth interviews became increasingly focused and tailored 
as the study progressed. The first questions focused on introducing the interviewees 
and describing their professional and personal experiences with our research topic. 
Next, the researcher outlined the LDA results roughly at first and clarified ques-
tions to ensure that the researcher and expert were on the same track. Thereafter, the 
researcher described the LDA results in detail and asked the experts to share their 



 D. Stattkus et al.

Ta
bl

e 
5 

 A
dd

iti
on

al
 e

xp
er

t m
et

ad
at

a

In
te

rv
ie

w
ee

A
ge

D
eg

re
e

Ye
ar

s o
f w

or
ki

ng
 

ex
pe

rie
nc

e
Po

si
tio

n/
Jo

b 
tit

le
Fi

el
d

#1
45

Ps
yc

ho
lo

gy
 P

h.
D

23
Pr

of
es

so
r

Re
se

ar
ch

#2
37

Ed
uc

at
io

n 
M

.A
11

D
ep

ut
y 

D
ire

ct
or

Eq
ua

l O
pp

or
tu

ni
ty

 O
ffi

ce
#3

28
M

ar
ke

tin
g 

/ I
nd

us
tri

al
 P

sy
ch

ol
og

y 
M

.S
c

5
Pr

oj
ec

t M
an

ag
er

Ed
uc

at
io

n-
Te

ch
#4

33
Po

lit
ic

al
 S

ci
en

ce
 M

.A
8

Re
se

ar
ch

er
Re

se
ar

ch
#5

43
So

ci
ol

og
y 

Ph
.D

18
Te

am
 L

ea
de

r
Re

se
ar

ch
#6

52
B

us
in

es
s A

dm
in

ist
ra

tio
n 

D
ip

lo
m

a
28

C
EO

C
or

po
ra

te
 G

en
de

r E
qu

al
ity

 C
on

su
lti

ng
#7

50
C

om
pu

te
r S

ci
en

ce
 P

h.
D

25
Pr

of
es

so
r

Re
se

ar
ch

#8
58

La
w

 2
. S

ta
te

 E
xa

m
25

C
EO

C
or

po
ra

te
 G

en
de

r E
qu

al
ity

 C
on

su
lti

ng
#9

46
C

om
pu

te
r S

ci
en

ce
 P

h.
D

18
Se

ni
or

 R
es

ea
rc

he
r

Re
se

ar
ch

#1
0

61
So

ci
ol

og
y 

Ph
.D

22
C

EO
N

on
pr

ofi
t f

or
 D

iv
er

si
ty

 in
 T

ec
hn

ol
og

y



Overcome the gender gap: analyzing massive open online courses…

proposed explanations for the gender-based differences in the reviews we analyzed. 
After each proposed explanation, we asked a follow-up question about what practi-
cal guidelines they recommend for the gender-inclusive design of online IT courses, 
based on their own experiences.

After conducting the interviews, we recorded, transcribed, and abductively coded 
the interviews. We divided the emerging codes into (1) proposed explanations for 
the identified gender-based differences in the reviews we analyzed and (2) guide-
lines on how to design a gender-inclusive online IT course. Following the grounded 
theory approach, we continuously compared concepts and patterns within our 
emerging interview data, existing LDA results, and relevant literature to formulate 
theoretical propositions rooted in both historical and contemporary data, taking into 
account the existing literature (Strauss & Corbin 1990). In the first round of cod-
ing, two researchers assessed the interview data and conducted open coding. They 
compared individual codes and resolved any discrepancies through discussion until 
a consensus on appropriate coding was reached. Two additional researchers partici-
pated in the second round of coding to increase reliability and further discussed the 
assignment of codes. The goal was to refine the conceptual framework of our cat-
egories and elevate the data to a conceptual level. During this process, the research-
ers considered the relationship between these categories and existing research. On 
the basis of this methodological approach, we derived five propositions to explain 
our identified gender-based differences in the reviews we analyzed (Chapter 5.2.1) 
and seven guidelines on gender-inclusive online IT course design (Chapter 5.2.2). 
Table  4 overviews the resulting codes and the number of experts who mentioned 
them during their interviews.

5.2  Results

5.2.1  Explanations for identified gender‑based differences

We divide our hypotheses derived from the interviews into explanations that attrib-
ute the cause of the gender-based differences identified in the analyzed reviews to 
(1) the characteristics of women in IT (IT-specific) and (2) gender-based differ-
ences in online learning in general (IT-independent). The expert interviews pro-
vide explanations for the identified gender-based differences in MOOC participa-
tion and criticism, consistent with STT. They show how stereotypes contribute to 
the behavior and feedback patterns of men and women in IT courses. The findings 
thus offer real-life examples of the practical consequences of STT, broadening the 
understanding of this theory. By addressing both IT-specific and IT-independent 
factors, we provide a holistic view of the differences between men and women, 
thus answering RQ1. Additionally, expert recommendations for gender-inclusive 
MOOC design offer direct guidance on strategies to address these challenges, thus 
answering RQ2.

IT-specific: stereotype threat theory. STT provides explanations for the gender-
based differences in the reviews we analyzed. One example is the dominant writing 
style we found in the male reviews. For example, male participants were more likely 
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to list only mistakes made by the instructors in their explanations (11male, 12male, 
13male, 14male, 15male), and male reviews were harsher and more assertive in 
requesting a refund (6male). According to STT, this dominant writing style can be 
explained by the fact that when men engage with a stereotypically male topic such 
as IT and software, they are not at risk of fulfilling a negative stereotype and, there-
fore, feel more comfortable criticizing extensively. By contrast, when women strug-
gle with gender role insecurities, they might adopt a more restrained writing style.

Furthermore, across all topics, male reviews are between 21 and 166% longer 
than female reviews. Particularly concerning topics with a technical focus (11female, 
15male), we noticed that male course participants go into much more detail than 
female participants do. The average male review is 85% longer than the average 
female review. The difference is even more pronounced in the topics on explain-
ing coding (10female, 13male). Here, female course participants describe more 
how they would have liked the content to be explained, while male participants list 
errors. In these topics, the difference in review length is even more apparent, with 
the average male review being 166% longer than the average female review. Regard-
ing STT, it can be concluded that men feel more confident and are more willing to 
criticize IT courses than women because they do not risk fulfilling a stereotype or 
feel better educated in IT. Therefore, the interviewees hypothesized that men will 
write more confident and, consequently, more detailed reviews when the topic has a 
more technical focus.

Another identified gender-based difference that can be explained by the STT 
is the topic 18male criticizing the lack of support from the instructor, which does 
not appear in the female reviews. One explanation for this could be the threat that 
women in IT experience, which causes them to avoid asking for support. Inter-
viewees indicated that women in IT are accustomed to being ignored when they 
ask for assistance, and they thus rework the course content on their own rather 
than asking the instructor for additional help. Only if they cannot find the miss-
ing information anywhere on their own would they seek help from the instructor. 
The threat and pressure to avoid embarrassment by asking “stupid” questions may 
lead women to ask only precise questions. John and Meinel (2020) also found 
that women are more likely to ask closed and consistent questions in discussion 
forums and, accordingly, receive less vague answers.

Proposition 1: As male participants are not at risk of confirming a negative 
stereotype, they exhibit a more dominant writing style when reviewing online 
software and IT courses than female participants.

IT-specific: technical background. The interviewees offered another explana-
tion for the differences we identified: The reviews we compared may differ not 
only in terms of gender but also in terms of the participants’ professional back-
ground. The interviewees hypothesized that male course participants are more 
likely to have technical backgrounds and that female course participants are more 
likely to enter IT and software courses as career changers. Furthermore, the inter-
viewees hypothesized that female course participants acquire IT competencies as 
additional qualifications for their current profession, for example as teachers, due 
to the changes in the wake of digitalization. The tendency for girls not to enter 
IT-related fields directly after high school is due to stereotypical expectations as 
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well as gender-normative attitudes in students’ social media and societal envi-
ronments. Underlying stereotypes include that boys generally have a more pos-
itive self-image in IT-related fields than girls do (Ehrlinger et  al. 2018; Sultan 
et al. 2020). Therefore, such stereotypical thinking may unconsciously influence 
girls’ interests and result in them not entering IT-related fields immediately after 
graduating from high school but entering IT and software courses later. A more 
technical professional background among male course participants is one expla-
nation for their tendency toward a more extensive reviewing style. We hypoth-
esize that male participants, due to their technical background, tend to criticize 
more technical errors (11male, 12male, 13male, 14male, and 15male) and write 
longer reviews. By contrast, female reviewers criticize technical aspects less and 
the instructor’s didactic teaching style more (8female, 9female, 10female, and 
11female).

The more technical background of the male course participants also explains 
the absence of the support topic in the female reviews, according to the inter-
viewees, who hypothesized that men tend to already have more experience with 
IT and software MOOCs and are therefore better able to assess the amount of 
support they can expect from the instructor and are more critical when support is 
lacking. Women, by contrast, have less experience with IT and software MOOCs, 
do not know what they are entitled to, and are correspondingly less critical when 
support is lacking.

Proposition 2: Compared with female participants, male participants are more 
likely to have a technical professional background, and they thus display a more 
dominant writing style when reviewing online software and IT courses.

IT-independent: agency and communion. Another explanation for the more 
dominant writing style of the male reviews is what U.S. psychologist Bakan 
(1966) describes as the “agency” personality trait, which is characterized by 
attributes such as self-assertion, power-seeking, and achievement and is signifi-
cantly more prevalent in men. This type of assertiveness is found more in male 
reviews, as males often only list the mistakes instructors made in their explana-
tions (11male, 12male, 13male, 14male, and 15male). The interviewees hypoth-
esized that by focusing more on the instructor’s mistakes, participants with a high 
agency trait tend to engage in competition with the instructor to improve their 
position. They also suggested that the longer reviews of men indicate that they 
want to demonstrate their competence.

By contrast, the personality trait that is significantly more common in women 
is described by Bakan (1966) as “communion.” According to Bakan’s definition, 
communion primarily involves the sense of belonging to a community. According 
to the interviewees, women’s tendency to focus on community explains the gender-
based differences in our analyzed reviews. For example, female reviews are nota-
bly expressed more politely and less harshly when it comes to asking for a refund 
(4female). In addition, the shorter female reviews indicate a more restrained writing 
style that leaves room for other members of their community. In addition, female 
reviews are more constructive and offer more suggestions for improvement. For 
example, women were more likely to indicate how they would have liked the content 
explained (8female, 9female, 10female, and 11female), made more suggestions for 
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improvement of the presentation style (3female), and provided more specific exam-
ples of free alternative courses (5female). This constructive criticism and the con-
crete, specific suggestions for improvement demonstrate that, on average, women are 
more concerned with the success of the community than with self-promotion.

Proposition 3: Due to gender socialization, female course participants have a 
more communal reviewing style, and male course participants have a more agentic 
reviewing style in online courses.

IT-independent: negotiating demands. Gender-based differences in the reviews 
we analyzed indicate that male course participants tend to have higher expectations 
of courses and express their demands more dominantly than their female counter-
parts. This is reflected, for example, in their harsh tone when asking for a refund 
(6male) or in the fact that only male reviews reflect a topic that demands further 
support from the instructor (18male). According to the interviewees and previous 
research, this tendency for men to be more articulate in their demands is rooted in 
their socialization process in which they learn to negotiate their demands (Dildar & 
Amjad 2017). In addition, men are more likely to assume financial responsibility 
due to their socialized role in the family context (Haines et al. 2016). Women, by 
contrast, tend to learn to withdraw themselves and to be allowed to demand little.

Proposition 4: Due to gender socialization, female course participants demand 
less than male course participants when reviewing online courses, as male partici-
pants are more likely to learn to negotiate their demands.

IT-independent: internal and external attribution of mistakes. Gender-based dif-
ferences in the reviews we analyzed can also be explained by the fact that these dif-
ferences exist in the attribution of mistakes. While men tend to attribute mistakes 
more externally, women tend to attribute mistakes to internal causes due to more 
pronounced self-doubt (Koch et al. 2008). The interviewees suggested that he ten-
dency of men to attribute mistakes to external causes could explain why they attrib-
ute mistakes to the instructors and therefore more frequently only list errors made by 
the instructors in their explanations (11male, 12male, 13male, 14male, and 15male). 
The female reviews, by contrast, criticize the didactic style of explanations more 
constructively (8female, 9female, 10female, and 11female) and offer direct sugges-
tions for improving the instructors’ presentation skills (3female).

Proposition 5: Due to gender socialization, female course participants attribute 
mistakes to internal causes when reviewing online courses, whereas male course 
participants attribute mistakes to external causes.

For a clearer picture, we have initially presented the hypotheses separately, as 
they are refutable hypotheses that can be tested both in isolation and in combination 
using deductive research methods. In reality, however, we assume interdependen-
cies between the hypotheses. Mapping the propositions to the areas of gender-based 
differences demonstrates the interconnected nature of the propositions, underscor-
ing their collective role in illustrating the complexity of gender dynamics in online 
computer science courses (Table 6). We adopted this mapping approach to highlight 
that these propositions, while offering distinct insights, are not entirely separate enti-
ties but, rather, jointly influence students’ behavior and experiences. In line with the 
experts, our propositions are based on the assumption that gender-based differences 
are not caused by a single, isolated factor but are the result of a complex interplay 
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of factors. Acknowledging the interconnectedness of these insights allows us to 
present a more nuanced and holistic view of the gender dynamics within IT and 
online learning environments. The overlapping theoretical themes are in line with 
the grounded theory approach and enrich the analysis by capturing the complex-
ity of the phenomena studied (Glaser et  al. 1968). This perspective reinforces the 
importance of considering the propositions in this study not as isolated variables but 
as parts of a larger, interconnected framework that collectively offers a heightened 
understanding of the gender gap in computer science education.

The relevance of each proposition to a specific area of gender-based difference 
is rooted in the interplay of socialization, stereotypes, and individual backgrounds. 
In the area of communication style and feedback culture, stereotype threat theory 
(proposition 1) explains why male participants may adopt a more dominant critique 
style, feeling less constrained by the fear of fulfilling negative stereotypes. Female 
participants, by contrast, may internalize mistakes and offer more constructive feed-
back, aligning with the fifth proposition on the internal and external attribution of 
mistakes. The difference in agency and communion (proposition 3) further delin-
eates these communication styles, with men’s agency leading to assertiveness and 
women’s communion leading to a focus on community and constructive sugges-
tions. With regard to asking for support, STT (proposition 1) suggests that women 
might hesitate to seek support, fearing stereotype confirmation, whereas men, hav-
ing a technical background (proposition 2), confidently express their need for sup-
port, as they understand the specific assistance they require. Men’s socialization to 
negotiating demands (proposition 4) also makes them more vocal in critiquing sup-
port, a behavior less observed in women due to a different form of socialization. 
Exam preparation is particularly linked to the agency and communion proposition 
(proposition 3), where the communal aspect of learning is emphasized. Women’s 
preference for detailed explanations suggests a more communal approach to learn-
ing, wherein understanding and collaboration are valued, which contrasts with the 
more solitary or competitive preparation strategies of men.

5.2.2  Designing gender‑inclusive online IT courses

In addition to our theoretical contribution, we also derived guidelines for practition-
ers from the interviews. Anyone involved in the instructional design process can 
implement them to design gender-inclusive online IT courses.

Gender-inclusive and practice-oriented use of language. Interviewees empha-
sized the importance of using gender-inclusive language in online IT and software 
courses when both male and female participants engage. This includes the balanced 
representation of male and female characters in texts and images to allow learners to 
identify with characters of their gender and thus create role models. Another way to 
use gender-inclusive language and incorporate role models is to cite both male and 
female authors as much as is possible. In addition, interviewees noted the implicit 
effect of gender stereotypes in textual and visual learning content on learners’ self-
efficacy. By gender-stereotypical language use, we mean, for instance, using stereo-
typical male examples such as dragons and castles to vividly explain learning con-
tent. Prior research has addressed this use of language by studying, for example, 
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communal and agentic words in job advertisements (Gaucher et al. 2011) or gender-
stereotypical language in textbooks (Göritz et al. 2022). According to the interview-
ees, reducing the atmosphere of masculinity in IT and software courses by using 
gender-inclusive language could not only encourage more women to engage with IT 
and software learning content but also cause men to feel less pressured to behave in 
an agentic manner by consistently demonstrating their competence.

Interviewees also indicated that when using examples in IT-related courses, it is 
important not only to pay attention to gender-inclusive language but also to use prac-
tice-oriented examples to illustrate the benefits of IT and software. By emphasizing 
the practical benefit of IT and software, learning content in this domain is perceived 
as less stereotypically IT and, consequently, as less stereotypically male. However, 
gender-inclusive and practice-oriented language is essential not only within the 
learning content but also before and after the course, for example in course market-
ing or within support channels.

Gender-inclusive course grouping. Previous research has explored whether male 
and female participants in IT- and software-related courses should be grouped 
(Busch 1996; Paloheimo & Stenman 2006). On the one hand, some interview-
ees argued that having a course with only female participants can foster a trusting 
atmosphere where women can address their self-doubts and feel less alone. Moreo-
ver, in courses with exclusively male or female participants, fewer gender-stereo-
typical roles may emerge during group work, such as the men programming while 
the women take notes. On the other hand, other interviewees argued that mixed-
gender IT and software courses prepare female participants for the real world, in 
which women must learn to assert themselves. When teaching mixed-gender groups, 
attention should be paid to the emergence of gender-stereotypical roles, such as dur-
ing group work. A course system could, for example, automatically assign course 
participants rotating roles and responsibilities, thereby allowing female course par-
ticipants to assume unfamiliar roles, which would increase the chance of positive 
experiences that could lead to enhanced self-efficacy. In addition, interviewees noted 
that in IT courses where women are underrepresented, instructors should group 
all female participants. For example, instead of assembling three groups with 15% 
women, they should aim for two courses with only men and one course with 50% 
women. Reducing women’s feelings of loneliness in a counter-stereotypical IT and 
software course can reduce the triggering of stereotype threat.

Role of the instructor. Interviewees also considered the allocation of instructors 
important for a gender-inclusive learning environment. Promoting instructors with 
diverse characteristics on an online learning platform makes it possible to target dif-
ferent types of learners. Here, the instructor’s gender also plays an important role, as 
the instructor often acts as a role model and provides room for identification while 
the participant engages with IT and software learning content. The interviewees 
emphasized that this is not limited to female instructors teaching female participants, 
as male instructors who teach in a didactically sound and gender-inclusive way can 
also serve as role models for all students.

Opportunities for communication. Interviewees emphasized that in digital learn-
ing environments, providing opportunities for participants to communicate and 
interact with one another is essential. In this context, it is also important to avoid 



 D. Stattkus et al.

creating an atmosphere of masculinity in communication channels, as it would trig-
ger stereotype threat. Interviewees particularly called for gender-inclusive discus-
sion forums on online learning platforms that, for example, promote the use of gen-
der-inclusive language. They also emphasized the need for well-moderated forums 
that prevent, for example, hate speech, wiseacres, and mansplaining. One way to 
support moderation in discussion forums through technology would be to automati-
cally detect when a participant’s questions are systematically ignored by other par-
ticipants or by the instructor. To avoid stereotype threat, discussion forums could 
also be pseudonymized, such that participants and instructors cannot presume the 
gender of other participants based on their usernames. In this context, it is impor-
tant to note that while pseudonymization serves to avoid stereotype threat, users can 
still be traced in case of misbehavior. Interviewees also highlighted that a balance 
between pseudonymization and positive experiences of personal interaction should 
be a key target in the design of gender-inclusive discussion forums.

Low-threshold help channels. The interviewees hypothesized that female partici-
pants experience uncertainty due to a lack of self-efficacy in the IT context and, 
therefore, rework course content on their own rather than asking the instructor for 
additional help. To reduce this psychological barrier, the interviewees proposed 
offering low-threshold help channels and explicitly addressing them as part of the 
courses. Help can be provided, for example, through anonymous Q&As, chatbots, 
or fixed time slots for a live chat with the instructor. In direct conversations with 
the instructor, creating an atmosphere that reduces uncertainty when asking for 
help is important. Concerning chatbots, they offer the advantage that participants 
do not have to ask a real person for help, which might reduce insecurities and fear 
of prejudice. In addition, chatbots can use NLP techniques to automatically adapt 
their communication style to the participant asking the question, for instance by 
detecting uncertainties in the participant’s writing style and consequently providing 
more detailed and easier-to-understand answers. The interviewees emphasized that 
chatbots must operate in a context-sensitive manner. If a chatbot gives nonsensical 
answers, this can result in a high level of frustration among course participants and a 
high dropout rate, especially among those who are already uncertain.

High level of didactic quality. To avoid stereotype threat in IT and software 
courses, interviewees further recommended attentive implementation of didactic 
principles, which includes the division of the course content into small learning 
units, the self-directed acquisition of learning content by participants, and individ-
ual adaptation of the learning pace. Attentive implementation of didactic principles 
leaves little room for uncertainty among course participants and, consequently, for 
gender bias. Interviewees particularly emphasized the importance of the learning 
principal of individualization. They stated that it is necessary to ensure that every 
course participant’s learning channel, regardless of gender, is addressed. Further-
more, the level of difficulty should be adjusted within each course to avoid over-
whelming participants who already struggle with insecurities. For further individu-
alization, instructors can, for example, enquire about the course participants’ prior 
knowledge, demands, and expectations. In this context, it is important to keep the 
format anonymous to obtain unbiased feedback.
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Raise awareness. The last aspect mentioned by interviewees for designing gen-
der-inclusive online IT courses is raising awareness among everyone involved in 
the instructional design process. Already during the design of the online course, 
for example, platform providers or course instructors run the risk of unconsciously 
incorporating gender stereotypes into the course, which in turn can trigger stereo-
type threat (Stumpf et al. 2020). Interviewees emphasized the need to provide the 
individuals involved in designing online IT courses with opportunities to learn 
about unconscious bias to raise awareness of gender-specific challenges in online IT 
courses. Not only for the platform providers and course instructors but also for the 
course participants, directly addressing discrimination and stereotypes at the right 
time can raise awareness and overcome stereotype threat.

6  Discussion

Based on our research questions, we investigated the different challenges that men 
and women face when participating in online IT courses. We conducted expert inter-
views to find explanations for these differences and divided our propositions about 
gender-based differences in MOOC reviews into two categories. The first, “IT-spe-
cific,” highlights differences arising from women’s involvement in the traditionally 
male-dominated field of IT and software. The second, “IT-independent,” examines 
differences arising from gendered behaviors independent of learning content. This 
comprehensive approach, which includes both IT-specific and IT-independent fac-
tors, addresses RQ1 by exploring, through data and expert interviews, how and why 
men and women face different challenges in online IT courses. We further devel-
oped guidelines for designing online IT courses that enable every user, regardless 
of their characteristics, to participate with confidence. By addressing the causes of 
differences in online learning environments, these guidelines answer RQ2 by dem-
onstrating how the gender-inclusive design of MOOCs can contribute to overcoming 
the gender gap in computer science.

Our research contributes to the discourse on STT by extending its application 
to the domain of online education, specifically MOOCs. Our analysis of negative 
user reviews from Udemy revealed the different issues that men and women face. 
In discussions with experts, we identified stereotype threat as a potential reason for 
these differences. Therefore, we present examples of how gender stereotypes affect 
learners’ experiences in the real world. Specifically, we highlight the engagement 
and performance issues that female participants face. These results connect the theo-
retical foundation of STT to data-based outcomes in digital education environments, 
showing how stereotype threat is relevant in the context of online learning. Based on 
these identified differences, we propose guidelines for the gender-inclusive design 
of MOOCs. These guidelines aim to counteract the challenges identified, enhanc-
ing inclusivity and accessibility in online IT courses. Our work serves as a practical 
blueprint in the existing theoretical discourse on STT, proposing effective strategies 
to bridge the gender gap in computer science education and beyond.

For the information systems (IS) discipline, we extend the domain-specific 
knowledge of information systems design, particularly the design of platforms, by 
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applying a theory from the social sciences. Thereby, we demonstrate the need for 
interdisciplinary research on original IS topics such as platform design by incorpo-
rating insights and knowledge from other disciplines, such as psychology, gender 
studies, and education. Previous IS research has rarely used STT as a kernel theory 
for inclusive design, and in the past, it has been addressed only in a small number of 
IS journals (e.g., Computers in Human Behavior). However, the topic of inclusion is 
currently rapidly gaining prominence in the IS community, with tracks emerging at 
IS conferences, such as AMCIS23 and ECIS23, calling for submissions on the topic 
of social inclusion and the social and ethical implications of using information and 
communications technology (ICT). We recognize the need for more inclusive infor-
mation systems and, therefore, use STT to infer drivers of gender inequalities in ICT 
use in learning contexts to lay the groundwork for inclusive digital learning envi-
ronments. Furthermore, our research provides a practical contribution through clear 
guidelines that practitioners can apply to make their courses more gender inclusive. 
Finally, our guidelines expand previous research on the inclusive design of digital 
learning environments with further insights.

One such guideline the Gender-Inclusive and Practice-Oriented Use of Language 
relates to the importance of language when male and female students participate 
together in IT and software courses. Gender-inclusive language is often associ-
ated with masculine generic constructions by using masculine nouns and pronouns 
when referring to people in general. However, our results highlight the occurrence 
of implicit discrimination in the form of stereotypical language in learning content. 
Cheryan et al. (2011) investigated the elimination of gender stereotypes in learning 
environments, demonstrating that a gender-neutral learning environment increases 
women’s interest in computer science. Another approach to addressing implicit dis-
crimination is to present diverse verbal and visual cues in the form of examples, 
shapes, and colors, such that all students, regardless of gender identity, can identify 
with the learning content (AlSulaiman & Horn 2015). The attentive use of verbal 
and visual cues in learning environments is important for IS research, as sociotech-
nical systems such as MOOCs reach millions of learners with just a few clicks. Thus, 
further IS research on the design of inclusive digital learning environments would 
make a significant contribution not only to theory but also to society in general. An 
automated approach to implementing inclusive language in learning contexts was 
previously discussed in the IS discipline, for example by Göritz et al. (2022), who 
automatically identified gender stereotypes in learning content.

Using gender-inclusive language is important not only for learning content but 
also at other points in the learning process, such as for communication channels. 
As stated in our guideline Opportunities for Communication, communication chan-
nels play a crucial role in ensuring gender-inclusive MOOCs. Previous research has 
shown that communication channels such as moderated online discussion forums 
strengthen students’ sense of community and, consequently, their resilience (Rich-
ard & Hoadley 2015). Pseudonymizing these forums can further reduce concerns 
about social perceptions and, hence, lower stereotype threat (Lee et al. 2017). Fur-
thermore, as described in our guideline Low-Threshold Help Channels, previous 
research has found that agent-based learning technologies can provide low-threshold 
help for uncertain students who are afraid to ask for it due to a lack of self-efficacy 



Overcome the gender gap: analyzing massive open online courses…

in the IT context (Leider & Strobel 2020; Rosenberg‐Kima et  al., 2010). Within 
those channels of communication, the use of inclusive language is important to pre-
vent stereotype threat. IS research now faces the need to investigate new approaches 
to providing inclusive digital communication channels on learning platforms. We 
call on IS researchers to examine how, for instance, forums and chatbots on learn-
ing platforms can be designed to be inclusive by using STT. One example of how to 
implement technology-driven moderation in discussion forums would be to auto-
matically detect when a participant’s questions are systematically ignored by other 
participants or the instructor.

Another guideline for practitioners to design a learning environment that pro-
motes confidence-building learning experiences is the High Level of Didactic Qual-
ity, which suggests the careful implementation of didactic principles, especially the 
principle of individualization. Individualization here refers to the customization of 
MOOC design elements to learners based on their belonging to an underrepresented 
group (Harris et  al. 2020). In this context, cross-disciplinary discussions address, 
for example, whether teachers should be assigned based on their characteristics in 
relation to students’ characteristics (e.g., gender). As discussed in our guideline Role 
of the Instructor, interviewees emphasized that including instructors with different 
characteristics on an online learning platform makes it possible to target different 
types of learners. Kizilcec et  al. (2020) further note that greater diversity among 
instructors provides the opportunity to present a variety of role models. However, 
this does not apply solely to female instructors teaching female participants, as male 
instructors who teach in a didactically sound and gender-inclusive way can also 
serve as role models for all students.

A similar question arises when considering whether gender-specific or gender-
mixed course groups are preferable. Previous research has shown that the presence 
of more women in courses in male-dominated fields such as IT and software leads 
to significantly higher engagement and discussion behaviors (Brooks et  al. 2018) 
and fewer experiences of sexism (Ypma 2019) among women. However, as stated 
in our guideline Gender-Inclusive Course Grouping, some interviewees argued for 
gender-mixed IT and software courses because they prepare participants for the real 
world, where women must learn to assert themselves. The answer to the question of 
whether gender-specific or gender-mixed course groups are preferable leads to dif-
ferent outcomes for different disciplines. Thus, to answer this question holistically, it 
is necessary to further examine it through the lens of IS research.

Overall, our guidelines contribute to the IS body of knowledge on the inclusive 
design of information systems, especially of digital learning platforms. Designing 
information systems that prevent stereotype threat is essential in providing an atten-
tive user experience for those who would otherwise experience uncertainty because 
they belong to an underrepresented group. Consistent with previous research and 
summarized in the guideline Raise Awareness, interviewees emphasized the impor-
tance of raising awareness among all individuals involved in the instructional design 
process (Harris et al. 2020; Ypma 2019) to ensure that gender stereotypes are not 
unconsciously implemented into course design (Stumpf et al. 2020).

We provide online course designers with specific guidelines for making their 
courses gender inclusive. Implementing our recommended guidelines into their 
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learning platforms would increase the quality of their courses for previously under-
represented user groups while maintaining the same quality for existing user groups. 
This would lead to an increase in the total number of course participants and, con-
sequently, to higher revenues and profits for course designers since online courses 
are easily scalable. The inclusive design of digital learning environments can also be 
used to promote the courses and retain existing users.

In addition to the economic benefits for individual organizations, our research 
findings are also of societal importance, as they contribute to the European Union’s 
sustainability goals and the European Commission’s education goals. The EU 
defines “gender equality” under point 5 of its sustainability goals, with the inten-
tion to end all forms of discrimination, violence, and harmful practices against 
women and girls. The EU mentions quality education as a key objective to achieve 
this equality.8 The European Council (2021) further defines that “inclusive educa-
tion and training also entails developing gender sensitivity in learning processes and 
in education and training institutions, and challenging and dissolving gender stereo-
types, especially those that constrain the choices of boys and girls for their field of 
study.”

The practical guidelines we recommend contribute to a high-quality learning 
experience. Designing gender-inclusive digital learning environments in stereotypi-
cal subject areas such as STEM or nursing promotes diversity in the labor market. 
As a result, companies will have a larger and more diverse pool of applications from 
which to choose in the future, which in turn will help address societal challenges 
such as the gender pay gap or the labor shortage. From this perspective, the gender 
pay gap is a key example in our specific use case of computer science education. 
One of the main reasons for the gender pay gap is the difference in pay between 
male-dominated and female-dominated fields: On average, female-dominated fields 
pay less than male-dominated fields (Wrohlich 2017). Through the implementation 
of our guidelines, more women could be motivated to enter and succeed in computer 
science, which has traditionally been a male-dominated and high-paying sector of 
the economy. They could thus improve their earnings, which would narrow the gen-
der pay gap. This effect would be further strengthened by increasing the number of 
women in computer science, which in turn would have a pull effect, attracting more 
women into computer science (Chhaochharia et  al. 2022; Friedrich et  al. 2019). 
A similar effect can be applied to female-dominated professions such as nursing, 
which are still poorly paid on average and are affected by a shortage of skilled work-
ers (Caputo & Ross 2022; Yip et al. 2021). Inclusive course design could help men 
to identify more strongly with the content of nursing care and thus work in this field.

Overall, we recommend applying our guidelines to any field that presents a gen-
der-biased picture of its workforce. These fields may be affected by stereotype threat 
and insecurities among potential employees, preventing them from reaching their 
full potential. For example, girls and women may face societal expectations based 
on their gender as they pursue an education to become programmers. This is a prob-
lem not only for the individual but also for society, as the IT industry is already 

8 https:// ec. europa. eu/ euros tat/ web/ sdi/ datab ase/ gender- equal ity, last accessed on 06.07.2023.

https://ec.europa.eu/eurostat/web/sdi/database/gender-equality
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suffering from a labor shortage. This issue can only be addressed through higher 
quality and more inclusive education, as digitalization will continue to change the 
labor market’s demand for more highly skilled IT workers.

7  Conclusion

Our research demonstrates that gender-based differences exist in learning in 
MOOCs. Some of these differences are domain-independent, while others are spe-
cific to computer science courses. We emphasized the importance of recognizing 
these differences, investigated how they arise, and provided guidelines for address-
ing them through the design of gender-inclusive online learning environments. 
These differences are influenced by factors such as stereotype threat, level of experi-
ence with technology, gender socialization, negotiation strategies, and attribution of 
mistakes. Stereotype threat theory played a central role in our study. Our findings 
suggest that stereotype threat affects the performance and engagement of female 
learners in computer science courses. This highlights the need for MOOC providers 
to pay attention to gender-inclusive course design that does not trigger stereotype 
threat.

Our research extends IS knowledge by applying a social science theory, namely 
stereotype threat theory, to the design of information systems, specifically online 
education platforms, highlighting the value of interdisciplinary approaches. Our 
findings have far-reaching implications. For MOOC providers, course designers, and 
instructors, our research provides a roadmap for designing gender-inclusive learning 
environments; for scholars, it provides hypotheses and explanations for the influ-
ence of gender on the design of information system artifacts; and for policymakers, 
it underscores the need for policies that promote diversity and inclusion in online 
education.

Due to the large amount of user data, we expect a high generalizability of our 
results. However, there are some limitations to our approach that should be con-
sidered in future research. First, we could only analyze a subset of the top 10,000 
courses and ratings on Udemy due to technical limitations in accessing ratings and 
courses. The limitation on the number of ratings extracted only affected the top 47 
courses and is therefore negligible and possibly even beneficial, as these courses 
with more than 10,000 ratings are not overrepresented in the analysis. Second, we 
only considered reviews written in English. To increase the generalizability of our 
results, it would be advisable to include more reviews in the future, especially from 
other MOOC providers. Nevertheless, given the diversity of the courses analyzed 
and Udemy’s market position as one of the largest MOOC providers, we expect 
our results to be highly transferable. Third, we had to predict the gender of users 
based on abbreviations and names. To minimize potential errors when predicting 
gender based on abbreviations, gender-neutral titles (e.g., Dr.) were excluded from 
this classification process. While this method may still introduce some inaccuracies, 
we assume these to be minimal and unlikely to significantly affect our results. To 
ensure this, we checked random samples of the predicted genders both manually and 
against the names, following the methodology used for the names. For the names, 
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unidentifiable and unisex categories were included to minimize error, but misclassi-
fication could not be completely avoided. However, since the tool we employed had 
a precision rate of 93% in previous studies (Vasilescu et al. 2014), we believe that 
on average sufficient precision was achieved. Nonetheless, to increase the potential 
for gender equality from large, anonymized datasets, future research should explore 
additional gender identification methods that address both the challenges of gender 
metadata limitations and privacy concerns and expand the scope and data sources for 
gender analysis in research. Fourth, our approach only allowed us to make assump-
tions about binary gender. Therefore, our results do not leave room for other identifi-
cations, such as non-binary or genderqueer. It would have been easier to interpret the 
data and derive hypotheses if we had more information about the users who wrote 
the MOOC reviews. Fifth, incorporating gender information prior to topic detection 
may have introduced some bias in the analysis, as the awareness of gender could 
potentially influence the identification and interpretation of topics. However, this 
approach was chosen based on grounded theory to ensure conceptual proximity to 
the social processes under investigation. The inclusion of gender data allowed for 
a more nuanced exploration of gender-related dynamics within the reviews, which 
was essential for a deep examination of the phenomenon. Sixth, while the initial 
separation of data into male and female clusters was strategically chosen to miti-
gate the effects of a skewed gender distribution on topic detection, it may introduce 
biases in topical representation. The decision for separation was informed by a study 
by Puyol-Antón et al. (2021), which demonstrated that segmenting data by demo-
graphic groups could enhance fairness and accuracy in the analyses of imbalanced 
datasets. Despite this strategic approach, the separation by gender may affect the 
comparability of results across genders, as a greater number of topics were identified 
in male reviews than in female reviews. However, since topics identified in female 
reviews were often aggregations of several distinct male topics (e.g., video and audio 
quality), they still provide a robust foundation for cross-gender content compari-
son. To further refine our understanding and reduce potential biases, future studies 
should explore a broader range of analysis methodologies. This includes considering 
various clustering algorithms and adopting alternative analytical approaches that do 
not initially segment data by gender, thereby allowing a robust comparison with our 
results. Finally, the interpretation of LDA is subjective due to the qualitative nature 
of the analysis. To minimize this bias and increase construct validity through multi-
ple data sources, 10 experts discussed and interpreted the results.

In this study, we examined data from IT and software courses. Our resulting 
guidelines are specific to women in IT education. We believe that our findings are 
applicable to other domains where different underrepresented groups are preva-
lent (e.g., men in social professions), but further research is required to validate 
this transferability. Future research should also increase the generalizability of our 
findings by examining user data from other learning platforms or course subjects. 
Moreover, our guidelines should be implemented and evaluated in additional stud-
ies, with a particular focus on an overarching solution that implements all guide-
lines. Previous work has primarily explored a single-solution approach. A holistic 
solution may provide more insight into which of the individual guidelines will most 
benefit an underrepresented group of learners without negatively impacting the 



Overcome the gender gap: analyzing massive open online courses…

overrepresented group. Overall, our findings confirm that e-learning formats such 
as MOOCs can impart computer science skills in a gender-inclusive way if they are 
designed accordingly.

In conclusion, our research represents an important step in ongoing efforts to 
overcome the gender gap in online education and, in the long term, in the labor mar-
ket. By providing a comprehensive set of guidelines and shedding light on the under-
lying factors that influence gender-based differences, we are following the trend of 
the feminist HCI community, transferring it to IS research, and contributing to the 
design of more inclusive and empowering learning environments for all students.
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