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Abstract. Since universities have a crucial role in training the next
generation of experts in the field, this exploratory study aims to investi-
gate how universities present computing majors to prospective students
to better understand potential barriers to diversity and inclusion. The
study analyzes textual descriptions of computing majors, and titles and
learning outcomes of compulsory courses of four European universities.
The findings suggest that while universities acknowledge the social em-
beddedness of computing in majors’ descriptions, their curricula prior-
itize technical knowledge over helping students understand the broader
social impact of their future work. The misalignment between the val-
ues of prospective students, who care for the social perspective, and how
universities present the field could limit diversity and inclusion. This re-
search aims to contribute to the understanding of how universities can
promote themselves and their courses to attract a more diverse and in-
clusive student population in computing majors, by proposing a method
for objectively unveiling existing communication mismatch.
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lexical analysis · text analysis · curricula · diversity · society · social
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1 Introduction

The importance of computing education is growing as technology becomes more
prevalent in society. Universities must train students to meet the demand for
experts in the field. However, the number of students pursuing a degree in com-
puting remains low [14], and diversity in both education and industry is still far
from being achieved [11, 31, 3]. One possible reason is the perceived misalignment
between the values of young people [28] and those associated with computing.
⋆ This project was partially supported by COST Action CA19122 - EUGAIN (Euro-

pean Network for Gender Balance in Informatics).
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Therefore, how universities promote themselves, as well as the messages they
deliver when engaging with prospective students, are all crucial factors to con-
sider.

We examined the descriptions of computing majors provided to potential stu-
dents on the official websites of four European universities. We focused on the
descriptions of bachelor’s and master’s degrees, as well as the titles and learning
outcomes of compulsory courses. We tokenized and lemmatized the documents.
Next, we analyzed the word frequency count and the relative document fre-
quency of each lemma. Lemmas were finally divided into educational, social,
and technical lemmas. Findings show that while descriptions of computing ma-
jors acknowledge the link between computing and society, the presentation of
compulsory curricula does not. This suggests that universities may prioritize
preparing students for specific technical tasks over helping them in understand-
ing the broader social context in which their work will be used. Additionally, it
implies that how universities present computing may not align with the values
of prospective students, potentially limiting diversity and inclusion in the field.

Our exploratory paper contributes to computing education in several ways.
First, it examines of how universities present computing majors to prospective
students, providing valuable insight into how universities communicate about
the field. This information can be used to refocus and tune in to society’s and
individuals’ needs. Second, the paper highlights how much emphasis universities
place on social aspects of computing in their curricula. As Generation Z students
have a stronger sense of purpose and a desire to make a positive difference in
society [28, 35], they may be more drawn to computing majors that are clearly
connected to social issues. By paying attention to how they present themselves
and their courses, universities can work to increase diversity and inclusion in
computing. Finally, following the described methodology, we produced an initial
lexicon of highly representative lemmas that can be used in future studies to
broaden the scope of analysis and include a larger sample of universities.

2 Related work

Generation Z students, or digital natives [41], were born between 1997 and 2012
[12] and have different values than previous generations [15, 4]. They are the most
racially and ethnically diverse generation to date [6] and social media has further
given them the opportunity to connect with people from various cultures and
backgrounds [26]. As a result, Gen Z is fully aware of its social responsibilities,
responds to calls for equity and inclusion [35], and expects and values diversity
and social sustainability in the workplace [36] and in universities [45]. In terms
of career motivations, Gen Z seeks self-actualization [43], through the pursuit
of a path that allows them to contribute to humanity while remaining true to
their values [5]. As a result, aligning professional and personal values is critical
for them [5].

The computing community recognizes the importance of addressing the social
aspects of the field. The topic has received increasing attention over the years:
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researchers stress the necessity of including ethics in any computing curriculum
to promote individual accountability and awareness [17, 39, 8]. Furthermore, the
connection with real-life problems must be emphasized to make the usefulness
of any STEM discipline clear [23, 18], increase motivation and engagement [44],
and maintain a positive attitude toward the field [7]. Aside from ethics and prac-
tical teaching methods, the impact of computing on society calls for a significant
shift in mentality [9] in order to understand the potential and the roles that
technology can have for social change [2]. The field is inextricably linked to –
and may even be considered part of – social sciences, and, as such, should em-
brace their complexities [9]. This mentality shift presupposes a transformation
of the curricula of computing disciplines, where social science courses should be
included [9], promoting a focus on people rather than things that could attract
more diversity [20] and fit better with the role of computer scientists in society
[18, 9]. Indeed, occupations that focus on people are feminine-typed, and they
attract more women compared to disciplines rooted in things [30, 32, 10], such
as traditional computing, which is considered a masculine field [38]. The mis-
match between perceived required skills in computing and self-concept of one’s
abilities can impact self-efficacy, which in turn can influence aspirations [13, 27,
19]. As stereotypes can influence how we perceive ourselves and our place in
the world [40], it is critical to pay attention to how we present the profession of
the computer scientist, as well as computing curricula, in order to ensure equal
opportunities and diversity in the field.

Universities play a crucial role in shaping people’s perceptions of computing.
They provide valuable information to students, including the what, how, and
why of computing professionals’ work, that is critical in forming aspirations and
career choices [22, 24]. Their websites, in particular, serve as an essential point of
contact for prospective students [42]. Unlike traditional media, internet enables
teenagers to actively seek information about potential careers [29, 50], and how
universities present the field can have a significant impact on students’ choices
[24, 20].

3 Methodology and results

3.1 Objective and research questions

When it comes to forming aspirations, institutions’ messages are critical in pro-
viding prospective students with career information [24, 22]. Focusing on the
social embeddedness of computing can create a bridge between computing and
students’ values, while respecting and reflecting technology’s role in society. We
examine the descriptions and programs of computing majors at four European
universities. Our goal is to understand which topics universities focus on to
describe their majors and present their curricula on their websites, and conse-
quently picture how computing could be perceived by prospective students. We
will specifically address the following research questions: (RQ1) To what degree
computing majors present computing as a field that has an impact on society?
(RQ2) What could students expect to learn from the courses by reading their
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learning outcomes and their titles? (RQ3) Is there alignment between students’
values and the values proposed by the universities?

3.2 Data collection and exploration

This exploratory study focused on a small sample of four European universi-
ties. In order to provide significant diversity, universities were chosen based on
their size, gender balance, social impact, and non-computing majors. The latter,
in particular, defines the student population they serve as well as the possi-
bility of interdisciplinary offers. Concerning their social impact, we focused on
two scores of the Sustainability Rankings [48]: Equality, which aggregates data
on the research done regarding Sustainable Development Goals (SDGs) Gender
Equality and Reduced Inequalities [37], operational activities, students and staff
ratios, and national-level statistics on equality; and Life Quality, which aggre-
gates data on the impact of the university on health and wellbeing, the research
done regarding SDGs No Poverty, Zero Hunger, Good Health, Clean Water [37],
and national-level statistics. Once the four universities were selected [Tab. 1], we
identified their computing majors. For each one of the 32 majors, we gathered
three types of texts from their websites.

Table 1. Characteristics of the four universities

Features Univ 1 Univ 2 Univ 3 Univ 4
Size + + - -
Diversity + - - +
Impact + + - -
Offer - + + -

First, we collected the text of majors’ descriptions to analyze how they are
presented to prospective students. Then, we moved on to each major’s compul-
sory courses in order to understand what universities consider essential. For each
course, we collected its title and text about its learning outcomes. While titles
were chosen because they convey the essential topics of the course, we gathered
learning outcomes as they list the expected knowledge and skills that students
should achieve [16], thus aligning better with our search for the teaching of so-
cial aspects of technology. The resulting dataset contains 282 titles of compulsory
courses, 232 learning outcomes and 32 majors’ descriptions. The difference be-
tween the total number of titles and learning outcomes is due to 19% of missing
learning outcomes that were not disclosed on the websites.
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Fig. 1. a) Treemap of universities by corpus. b) c) d) Length distribution of majors,
learning outcomes, titles.

Fig. 1 depicts four charts that describe the corpus. Overall, university 4 is
the least represented in the corpus. We calculated the length of each corpus as
the count of characters in the strings. After the distribution normalization of
the lengths of each corpus, the majors showed a bimodal distribution, with two
peaks around 1000 and 3000-4000 characters length, whilst titles and learning
outcomes showed an unimodal distribution, respectively around 25 and 1000
characters. University 4 provided the highest contribution in the majors (Mdn,
M = 3,534)[Fig. 1-b]. Next, the length distributions of learning outcomes are
shown, with university 2 providing the highest contribution (Mdn = 1,229; M =
1,494)[Fig. 1-c]. Finally, the last chart shows the length distributions of titles,
with university 1 contributing the most (Mdn = 33; M = 35) [Fig. 1-d].

3.3 Data pre-processing and analysis

We standardized corpora appearance, reduced data sparseness and applied data
cleaning approaches. We converted the text into lower case characters, removing
punctuation, unnecessary symbols and stop words5. In the Tokenization pro-
cess, the lexical analyzer chopped the streams of characters into tokens6[25] and
retrieved the terms used in the corpus. Then, we tagged the tokens using the
Part-of-speech tagging (POS)7. In order to reduce the dimensionality of the de-
scription of documents within the vocabulary, we applied the Lemmatization
approach. As a result, we removed the inflectional morphology of tokens and
built the vocabulary of our domain using canonical forms, the lemmas 8 [34].
5 Stop words are frequent terms that don’t offer meaningful information for the anal-

ysis’s purposes [49].
6 Tokens are collections of characters that have a collective meaning.
7 POS determines the part of speech tag, e.g. noun, verb, adjective, etc. for each

term[21].
8 A lemma is a single dictionary entry with a single meaning[33]
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Term frequency and relative document frequency were calculated for each en-
tire corpus as well as for each university separately. In the vocabulary of learning
outcomes and majors we analyzed the frequencies of nouns, which denote the
topics present in a text [1]. For titles we considered all lemmas, since, due to the
shortness of titles, verbs and adjectives can carry meaningful information. The
corpora were analyzed using LIWC [47], a software that performs word count as
well as other types of more sophisticated text analysis. We counted the occur-
rences of lemmas in each collection. Moreover, for each collection we calculated
relative document frequency. For majors and titles we considered lemmas that
appeared more than one time, since the first corpus contains only 32 documents,
and the second corpus contains short texts. For learning outcomes, the biggest
corpus of the three, we established the threshold equal to half of the total average
of the frequencies, considering only lemmas that appeared more than three times.

Finally, we divided the lemmas into three categories: educational, social, and
technical. To compare the coding and control mismatches, one of the authors
and a computing professional performed separate categorization. Before coding,
the context in which lemmas appeared was specified to the computing profes-
sional to aid in interpreting their meaning. Because of the small sample size, the
coders were able to easily check lemmas in the texts where it appeared to resolve
any particular ambiguity. Educational lemmas represent the university’s or-
ganization and people, such as exam and student, learning methods and tools,
such as project and laboratory, and cognitive abilities, such as comprehension and
problem-solving ; social lemmas refer to society and the impact of technology on
society, such as society, culture, and ethics, as well as lemmas referring to people
and their interaction with technology, such as user, experience, and usability ;
technical lemmas refer to technology in general, such as computer, lemmas
referring to STEM disciplines, such as mathematics and electronics, lemmas re-
ferring to software and programming, such as system, software, and algorithm,
lemmas referring to data management, such as data, information, and modeling,
and lemmas referring to application design, such as design, tool, and component.

Furthermore, because the cybersecurity field deals with human and social
issues [17], we decided to classify security as a social lemma. We calculated
Cohen’s kappa to see if the definitions were clear and effective, and it confirmed
a high inter-rater reliability value (k = 0.97). After combining the coding sheets,
we calculated the absolute frequency in the corpus, frequency in comparison to
other lemmas, and percentage in the vocabulary for each of the three categories.
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3.4 Results

Content of majors’ descriptions. The Tab. 2 shows that the major descrip-
tions emphasize the social aspects of computing, with 80% mentioning society
(P = 0.81). Other topics that are frequently discussed include ethics (P = 0.25),
innovation (P = 0.25), and users (P = 0.25). With the exception of university
3, which mentions only communication and society and only in less than a third
of the majors (P = 0.29), security is a consistent topic (P = 0.22). University 2
emphasizes culture (P = 0.3) and the impact of computing (P = 0.3), whereas
university 4 emphasizes responsibility (P = 1.0). University 1 has a higher rate
of descriptions containing ethics (P = 0.38) and users (P = 0.54), and all of
its descriptions mention society. Likewise, society is mentioned in all of the de-
scriptions for University 4, but it should be noted that it has fewer majors overall.

Despite the emphasis on social aspects in the majors, the vocabulary com-
position and frequency of social lemmas indicate that descriptions are primarily
concerned with technical aspects of the discipline. As shown in Tab. 3, only 10%
of the vocabulary is social-related (P = 0.1), with slightly higher percentages
for university 1 (P = 0.12) and lower percentages for the other universities. In
terms of frequency, social-related lemmas account for only 7% of the vocab-
ulary’s total frequency. University 3 in particular has the lowest frequency of
social-related lemmas (P = 0.02). On the contrary, technical terms are more
widespread, accounting for nearly half of the nouns in the descriptions (P =
0.49), while educational lemmas are slightly less common (P = 0.44).

Table 2. Majors’ descriptions corpus. Most common social and technical lemmas with
relative document frequency (rDOCF). Corpus is compared to each university.

Corpus Univ 1 Univ 2 Univ 3 Univ 4

Lemma rDOCF Lemma rDOCF Lemma rDOCF Lemma rDOCF Lemma rDOCF

S
oc

ia
l

society P = 81.3 society P = 100 society P = 70.0 communication P = 28.6 ethics P = 100
ethics P = 25.0 user P = 53.8 culture P = 30.0 society P = 28.6 responsibility P = 100
innovation P = 25.0 ethics P = 38.5 impact P = 30.0 N/A N/A society P = 100
user P = 25.0 innovation P = 38.5 innovation P = 30.0 N/A N/A N/A N/A
security P = 21.9 security P = 38.5 experience P = 20.0 N/A N/A N/A N/A

T
ec

h
n
ic

al

system P = 75.0 program P = 84.6 computer P = 100 informatics P = 71.4 analysis P = 100
design P = 62.5 development P = 76.9 science P = 90.0 science P = 71.4 business P = 100
computer P = 59.4 information P = 76.9 system P = 80.0 design P = 57.1 computer P = 100
science P = 59.4 technology P = 76.9 application P = 70.0 software P = 57.1 design P = 100
technology P = 59.4 system P = 69.2 design P = 70.0 technology P = 57.1 econometrics P = 100
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Table 3. Vocabulary composition of majors’ descriptions according to categories.

Percentages of unique lemmas

Corpus Univ 1 Univ 2 Univ 3 Univ 4

E P = 0.43 P = 0.44 P = 0.47 P = 0.49 P = 0.37
S P = 0.10 P = 0.12 P = 0.09 P = 0.03 P = 0.06
T P = 0.47 P = 0.45 P = 0.44 P = 0.48 P = 0.58

Percentages of categories on total frequencies

Corpus Univ 1 Univ 2 Univ 3 Univ 4

E P = 0.44 P = 0.49 P = 0.41 P = 0.39 P = 0.35
S P = 0.07 P = 0.08 P = 0.06 P = 0.02 P = 0.06
T P = 0.49 P = 0.43 P = 0.53 P = 0.58 P = 0.59

Content of courses’ titles and learning outcomes. Unsurprisingly, the
analysis of the courses’ titles reveals a distinct lack of social sciences courses.
Only a small percentage (P = 0.05) of the titles mention social aspects of com-
puting [Table 4]. The frequent lemma system (F = 24) appears in titles such as
Distributed Systems, System Security, and Intelligent Systems, followed by Data
(F = 20), as in Database and Data Mining, and design (F = 20), as in Software
Design, Algorithm Design, and User Experience Design. With the exception of
University 1, which has a higher number of unique social lemmas (P = 0.15),
this trend is consistent across all universities. Security is the most frequently
encountered lemma, followed by communication and usability. The absence of
references to social science and social aspects can also be found in the learning
outcomes corpus. As shown in Tab. 5, educational terms account for more than
half of the total frequencies (P = 0.52), with technical terms coming in second
(P = 0.43). However, with the exception of university 1, which has a slightly
higher number of educational lemmas, technical terms make up the majority of
the vocabulary (P = 0.59). Social lemmas account for a small portion of the
vocabulary (P = 0.05) and a small portion of the frequencies (P = 0.05).

Table 4. Percentages unique lemmas of titles’ vocabulary categorized as social.

Percentages of unique lemmas

Corpus Univ 1 Univ 2 Univ 3 Univ 4

S P = 0.05 P = 0.15 P = 0.05 P = 0.02 P = 0
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Table 5. Vocabulary composition of learning outcomes according to categories.

Percentages of unique lemmas

Corpus Univ 1 Univ 2 Univ 3 Univ 4

E P = 0.36 P = 0.50 P = 0.43 P = 0.37 P = 0.37
S P = 0.05 P = 0.08 P = 0.02 P = 0.01 P = 0.08
T P = 0.59 P = 0.42 P = 0.55 P = 0.62 P = 0.56

Percentages of categories on total frequencies

Corpus Univ 1 Univ 2 Univ 3 Univ 4

E P = 0.52 P = 0.56 P = 0.57 P = 0.40 P = 0.49
S P = 0.05 P = 0.09 P = 0.02 P = >0.01 P = 0.03
T P = 0.43 P = 0.35 P = 0.41 P = 0.60 P = 0.49

According to Tab. 6, the most frequently used term is ethics, which appears
in roughly one-tenth of the documents (P = 0.12), closely followed by security
(P = 0.11). The four universities studied yielded disparate results. University
1 has a higher overall presence of social terms, particularly ethics (P = 0.39),
user (P = 0.27), and security (P = 0.24). University 2 uses the word awareness
more frequently (P = 0.16). University 4 has a distinct vocabulary, referring to
culture (P = 0.13), ethics (P = 0.13), and philosophy (P = 0.10). University 3
makes the fewest references to society, with only the lemma experience present
(P = 0.5).

Table 6. Courses’ learning outcomes corpus. Most common social and technical lemmas
relative document frequency (rDOCF). Corpus is compared to each university.

Corpus Univ 1 Univ 2 Univ 3 Univ 4

Lemma rDOCF Lemma rDOCF Lemma rDOCF Lemma rDOCF Lemma rDOCF

S
oc

ia
l

ethics P = 0.12 ethics P = 0.39 awareness P = 0.16 experience P = 0.05 culture P = 0.13
security P = 0.11 user P = 0.27 security P = 0.12 N/A N/A ethics P = 0.13
user P = 0.09 security P = 0.24 environment P = 0.07 N/A N/A life P = 0.10
awareness P = 0.07 innovation P = 0.19 impact P = 0.05 N/A N/A philosophy P = 0.10
innovation P = 0.06 audience P = 0.15 N/A P = N/A N/A N/A society P = 0.10

T
ec

h
n
ic

al

system P = 0.43 system P = 0.46 system P = 0.67 system P = 0.31 model P = 0.63
design P = 0.36 design P = 0.41 design P = 0.59 design P = 0.26 data P = 0.53
application P = 0.33 information P = 0.27 application P = 0.53 computer P = 0.22 application P = 0.33
model P = 0.26 application P = 0.25 tool P = 0.34 application P = 0.19 business P = 0.33
tool P = 0.23 model P = 0.24 computer P = 0.30 algorithm P = 0.14 information P = 0.23
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4 Discussion

Majors present computing as a field that has an impact on society.
This is consistent with the acknowledged social component of computing and
its disciplines [9, 2]. However, while social references can be found in the texts,
they primarily focus on the technical aspects of the field. Social lemmas have a
low presence in the whole vocabulary and a low frequency, suggesting a general
reference to society rather than a specific and in-depth one. Differences among
the four universities were also observed. University 1, which is bigger and has
higher gender balance and impact rankings, scores highly in all the results. In-
terestingly, university 3, which has the opposite characteristics, has the lowest
values overall. University 2, which offers more non-computing majors and has
lower gender diversity than university 1, shows slightly lower values. University
4, which is high in gender diversity but low in all the other characteristics, shows
the highest values in the relative document frequency, but low values in variety of
social terms in the vocabulary and in their frequency. However, this discrepancy
could be due to its small contribution to the corpus. One possible explanation
for these differences may be found in the characteristics of the universities. How-
ever, given the small sample size and exploratory nature of the exploratory study,
further investigation is needed to fully understand the potential correlations.

Students can expect to learn mainly technical aspects of comput-
ing. Despite the fact that majors mention social aspects, an interesting result of
the analysis highlights a disparity between how universities present their majors
and how they present their curricula. While all four universities emphasized the
social aspects of computing in their overall majors’ descriptions, the courses’
titles and learning outcomes did not reflect this emphasis. Only a small propor-
tion of courses’ titles (P = 0.05) mentioned social aspects of computing, and
the learning outcomes corpus revealed a distinct lack of references to social sci-
ence and social aspects. This disparity raises questions about the extent to which
universities integrate social and ethical considerations into computing education.
It implies that, while majors’ descriptions emphasize the significance of social
aspects, universities may not consider them as important when describing the
learning outcomes of their courses.

There is misalignment between computing curricula and students’
values. Current computing curricula falls short in aligning with the majors
and courses offered. In relation to the literature, it also does not align with
the values and interests of students [45]. A glance at the courses’ titles and
learning outcomes reveals that the majority of the content is heavily technical
in nature. This lack of diversity in mandatory offerings not only limits students’
knowledge but also overlooks the crucial role that computing plays in shaping
society. Furthermore, learning outcomes focus primarily on the theoretical side
of computing, such as algorithms, data, and information management, as well
as the practical side of designing and coding applications and systems. What is
missing, however, is the connection between the practical side of computing and
its impact on people, including the importance of social sciences as a theoretical
basis [9]. This lack of emphasis on the practical social implications of computing
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may deter students who are interested in using their skills to drive positive
change in society [35, 28].

4.1 Implications, limitations and future work

The next generation of computing professionals need to be able to see beyond
the technical aspects and to understand how their work will impact individuals,
groups and the society as a whole. To do this, the curriculum and its presen-
tation must be re-evaluated to include a more diverse range of course offerings
that encompasses the social and ethical implications of computing. This will help
students to understand the why behind what they are learning, and not just the
what and how. Moreover, as the Gen Z is deeply involved in social causes [35,
28] and an alignment of values between their career motivations and what their
career has to offer [5], it is crucial to incorporate the social value of computing
into the presentation of curricula. This will assist students in seeing the potential
of their skills to make a positive impact in the world, and align their career goals
with their personal values. Because of its presentation as a mainly technical field,
computing is commonly masculine-typed and consequently women are discour-
aged at taking part in it [40]. This is why it is important that institutions pay
attention to how they present themselves through their websites, which are reli-
able sources of information that are essential to depict computing to prospective
students [24].

The small sample size of this exploratory study calls for caution in interpret-
ing the results. First off, since the values were examined in the literature, this
paper does not directly investigate the mismatch between students’ values and
university curricula. This means that we do not assert that students at the four
universities believe they are misaligned. Additional research could concentrate
on using qualitative methods to clearly highlight perceptions. Second, although
the data cannot be generalized, it does highlight the disconnect between com-
puting’s societal applications and its teaching methods. Further research with a
larger and more diverse sample of institutions, selected according to but not lim-
ited by the factors mentioned here, is needed to determine if this is a widespread
trend and if there are variations among universities that can be linked to specific
institutional characteristics. This exploratory study analyzed only three types of
texts found on university websites, which were chosen to represent universities’
presentation of their majors and curricula. However, it would be beneficial to
examine other texts present on university websites in more depth. Furthermore,
by expanding the sample size to include more universities and texts, it would be
possible to compare computing disciplines as defined by the CC2020 [17] and see
if some are more socially oriented than others. Finally, it may be worthwhile to
directly involve the people behind the descriptions to assess their understanding
of the issues raised by this exploratory study. This could better define the op-
portunities for change and highlight any potential underlying issues that need
to be addressed.
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5 Conclusion

This study looked at how four universities present their computing majors and
courses on their websites, as these are the first point of contact with prospective
students, in order to identify references to social-related topics. The findings
reveal that, while computing majors are recognized as socially embedded, the
emphasis is primarily on the technical aspects of the field. Moreover, the descrip-
tions of the considered majors are not aligned with those of the courses offered,
as well as with students’ values and interests. Furthermore, the exploratory study
raises concern that a lack of emphasis on the social implications of computing
may discourage students who want to work for the greater good.
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