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Abstract—With new technologies come additional responsibil-
ities. Examining Artificial Intelligence (AI) through an ethical
lens has become increasingly important and significant. Advance-
ments in Al have led numerous organizations, such as IEEE, to
develop Al ethics guidelines for consideration in academia and
industry. Additionally, higher education has an essential role in
fostering innovation and developing skilled professionals who
will work on topics that span social, philosophical, scientific,
and technical spheres. To assess the content being covered in
tertiary classrooms, we utilized a Natural Language Processing
(NLP) approach for analysis. This study examines (n = 45) Al
ethics syllabi that were publicly available online. The course
description, topics, department, and year were some important
features captured from each syllabus. Using various NLP tools
for analysis, a general exploration of AI ethics curricula was
conducted. Through supervised clustering, k-means clustering,
and latent Dirichlet Allocation (LDA), various patterns in the
contents of the AI ethics syllabus were found. Some of these
include trends and patterns from syllabi across various academic
departments, years, and the pre-post Chat-GPT era. Cluster
evaluation was also done on the unsupervised clusters using
various metrics to determine the viability of the clusters. The
LDA analysis enabled a review of topics that are consistent
among the clusters, which helped highlight salient areas of focus
in Al ethics syllabi. The findings from this study can serve
to inform administrators and educators, acting as a baseline
for including language around Al ethics topics and uncovering
potential topical gaps in the contents of Al ethics syllabi. They
can also provide insight into how different academic departments,
like computer science and philosophy, may approach the topic.
Such understanding is critical to ensuring the next generation of
graduates not only considers how to utilize AI but also promotes
doing so responsibly and with regard to its societal implications

Index Terms—artificial intelligence, Al, ethics, natural lan-
guage processing, clustering

I. INTRODUCTION

Artificial Intelligence (AI) refers to the use of machines to
perform tasks typically requiring human intelligence, such as
pattern recognition and problem-solving [1]. It offers oppor-
tunities for technological development and applications across
various domains (e.g., finance, law, education) and in society
more broadly [2], [3]. Under the Al umbrella is generative Al,
which describes computational approaches to the development
of new material using technology, like text, images, or audio
[4]. This includes Large-Language Models (LLMs), such as
OpenAI’s ChatGPT [5].

The pervasive integration and growth of Al and its capa-
bilities have impacted varying aspects of people’s lives. It
has led to the emergence of new research, education, and
job positions in the space, as well as novel use cases within
existing roles [6]. As a result, scholars have highlighted
the need to recognize the challenges and risks associated
with such tools and models and to examine Al through an
ethical lens [5]. These changes have also led job requirements
and governing policies to adapt accordingly [7]-[9]. Efforts
towards regulation and oversight may be undertaken locally
by smaller agencies or at the national level [10], [11].

The Institute of Electrical and Electronics Engineers (IEEE)
is self-described as the “world’s largest technical professional
organization dedicated to advancing technology for the benefit
of humanity” [12]. IEEE, as well as many other similar organi-
zations, have put together various guidelines and standards that
give rise to suggestions of what ethical designs may look like
around Al and autonomous systems [13]. IEEE published eight
ethically designed (EAD) general principles, as illustrated in
Figure 1. These standards can guide and govern practices of
ethical Al
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Fig. 1: IEEE EAD principles, adopted from [13]

Academia, in particular, is crucial for driving innovation
and producing talented individuals who serve in both the
technical and ethical spaces [14]. It strives to produce re-
sponsible developers, innovators, critical thinkers, business
leaders, and policymakers well-equipped with a wide array of



knowledge based in multiple disciplinary domains. As such,
it is fitting for post-secondary institutions to prepare students
to be culturally responsive, have a collaborative mindset with
interdisciplinary skills, and be aware of equity issues and
other social problems in society. Much onus is on computing
education (especially since Al is categorized as a computing
field [15]) to prepare students so that they are instilled with
the balance of technological innovation and ethical concerns.
Therefore, it is suggested that students in computer science
(CS) and other related computing fields should be trained to
communicate across disciplines and appreciate non-technical
concerns that may be posed from a social science context [16].

Stanford University Cyberlaw recently discussed some ac-
tions and/or roles universities can play in supporting Al ethics
[17]. These included: 1) Identify, frame, and inform key
issues such as highlighting questions, answers, and voices
often excluded; 2) Develop and communicate an affirmative
vision for ethical Al, which entails embracing opportunities
to mitigate risks and foster interdisciplinary collaborations; 3)
Model or enact the vision through the work of the university
which allows institutions to fully embrace the responsible use
of Al in teaching and research. As such, it can be valuable
to examine ways in which universities can contribute to Al
ethics research and development. As a first step, evaluating
curricula on Al ethics can provide context and language around
how academia may approach Al ethics in pedagogy. This can
serve to understand patterns towards topics addressed as well
as identify potential gaps in Al ethics or areas that may need
improvement or expansion.

This study sought to understand how educators may ap-
proach Al Ethics topics through their syllabi. In particular, we
aimed to address the following research questions (RQs):

o RQ1: What topics do Al Ethics syllabi address?

o RQ2: How well do Al Ethics syllabi topics align with the
eight IEEE standards for Ethical Design?

e RQ3: How has the emergence of ChatGPT and other
Large-Language Models (LLMs) impacted content in Al
Ethics syllabi?

To answer these questions, we employed Natural Language
Processing (NLP) clustering algorithms and other NLP tech-
niques. In the work that follows, we first describe the Related
work in (Section II). Then, in the methods (Section III), we
described the steps we took in developing the dataset as well
as the rationale for the various NLP techniques we utilized.
Next, we demonstrated our results (Section IV) using charts
and figures and discussed the patterns and findings (Section
V), limitations (Section VI), and conclusion (Section VII).

II. RELATED WORK
A. Teaching Al and Ethics

The expansion of Al has resulted in the need for teaching
and learning around its development and applications, as well
as addressing the effects of such tools [18]. A joint task
force of the Association for Computing Machinery (ACM),
an international organization centered around computing, and

IEEE worked together to define a guiding Software Engineer-
ing Code of Ethics [19]. This code offers a useful starting
foundation for approaching ethical topics and “responsible
innovation” [20].

Al can impact academia in areas ranging from help with
academic writing for students to potential opportunities for
evaluation and assessment for instructors [21], [22]. In prac-
tice, educators have applied different approaches to incorporate
Al into lessons and to address its potential usage [23], [24].
As an example, it has been applied in the context of science
fiction as a way of encouraging students to consider its current
state and possible ramifications on society [25]. It has also
been used to analyze curricula, which can have implications
at the classroom and administrative levels at universities. This
is useful as there can be misalignments between learning
outcomes and teaching methods, which may result in the need
to reevaluate teaching practices and develop more integrated
interdisciplinary approaches to Al ethics education [26]. Dis-
covering patterns through syllabi analysis also revealed that
ethics can be incorporated into technical CS courses and not
limited to non-technical courses [27]. Dialogue approaches and
case studies have been suggested as additional ways to address
such material in classrooms. Additionally, sociotechnical mod-
els could enhance students’ abilities to address ethical issues
when learning Al ethics in the classroom [28]. For instance, a
combination of Saltz et al.’s framework [29], which integrates
ethics into technical modules but lacks real-world context, and
Krakowski et al.’s framework [30], which prompts broader
ethical questions but is less applicable to university courses,
could be applied to improve Al ethics curricula [28].

B. Generative Al and Ethics

Given that generative Al, including LLMs, are based on the
data fed, it is important to consider not only their accuracy but
also how items produced can be used responsibly and safely,
as well as how they may perpetuate bias [31]. There is a need
to implement robust ethical frameworks in higher education,
as the advent of LLMs can raise concerns about preserving
academic integrity, intellectual property rights, and plagiarism
[32]. As a result, many scholars call for more transparency
on various ethical issues that can undermine academic quality
and diversity [32]. Academia continues to work towards this
goal, analyzing AD’s current status through syllabi, policies,
research, and practice to develop innovative ways that ensure
academic trustworthiness and that support ethical guidelines
and frameworks. In the work that follows, we reconcile these
concerns through analyses of Al ethics syllabi.

III. METHOD

Our methods are presented in two main subsections: Dataset
Description and NLP Methods. In Dataset Description (Section
II-A), we elaborate on our approach to search for Al ethics
syllabi; then, we describe the inclusion and exclusion criteria
and present our dataset. In the NLP Methods subsection
(Section III-B), we elucidate our data preprocessing steps



and text embedding tool, and lastly, we describe the specific
algorithm analysis methods that help us to answer our RQs.

A. Dataset Description

1) Search Terms: Since we aimed to gather data from
publicly available syllabi, we used the Google database and
relevant keywords to build our dataset. The search terms
applied to identify relevant Al ethics syllabi were: “Al Ethics
Syllabus,” “Al Ethics Curriculum,” and “Al Ethics Course.”
Results from the first 15 pages of each search term were
included because after testing the search terms and results
returned, we observed that the results were not rendered
relevant to our study in a pilot. Moreover, additional syllabi
related to Al ethics were collected from the open source “Tech
Ethics Spreadsheet” gathered by Dr. Casey Fiesler [33].

Each syllabus found was collected and saved in PDF format.
Then, the variables of importance to this study were collected
and organized in a comma-separated value (CSV) format. Each
row represented a unique syllabus, and each column tracked
relevant features and contents.

2) Inclusion and Exclusion Criteria: The primary inclusion
criteria were that the syllabus must cover ethical dimensions of
Al in the course description, learning objectives, and/or topics
described. The exclusion criteria were that the syllabus must
not: 1) be from a Massive Open Online Course (MOOC); or
2) have missing data (e.g., the university name, the department
offering the course, and/or the year offered).

3) Dataset: The final dataset included a total of n = 45
syllabi, each from a different course. The data collection
process involved retaining the most recent syllabi in cases
where multiple versions existed, and a CSV file was manually
created and organized with data from 45 syllabi. To handle
missing values, corresponding topics replaced any missing
course descriptions. We want to note that some universities,
like Massachusetts of Technology, University of Pennsylvania,
and DePaul University, had more than one course in Al ethics,
which were also included in the dataset. Although the dataset
gathered more than 20 features for each syllabus, some of
which are course title, course code, United States of America
(USA)/International, and graduate-level/undergraduate-level,
we focus on the following features to answer our RQs: Depart-
ment, Year, Public/Private, Course Description, and Topics.

4) Data Description: The syllabi collected ranged across
seven departments, with the majority of syllabi from the Com-
puter Science department; see Table I. The years of the syllabi
range from 2014 to 2023. After 2022 was considered the post-
ChatGPT era since the tool gained traction in late November
2022 [34]. Table II illustrates the total number of syllabi
obtained pre and post-ChatGPT. The ratio of syllabi from
private and public universities was 46% to 53%, respectively,
and the ratio of syllabi from USA and international universities
was 71% to 29%, respectively.

B. NLP Methods

1) Data Preprocessing: The preprocessor package in
Python (tweet-preprocessor) was used to conduct text pre-
processing; it took care of tokenization, parsing, and the

Department Total
Media and Design 2
Business and Law 3
Philosophy 14
Computer Science 22
Public Policy 2
Political Science 1
Religion and Gender Studies | 1

TABLE I: Total number of syllabi from each department in
the dataset

Year Total
Before ChatGPT (2014 - 2022) | 35
After ChatGPT (2023 - ) 6

No year stated 4

TABLE II: Total syllabi from the pre-and post-ChatGPT era

elimination of reserved words and URLs. Additionally, English
stopwords were eliminated using the Natural Language Toolkit
package, such as “AI”” and “course.” The preprocessed text data
was then ready for embedding.

2) Text Embedding: Two text embedding techniques were
examined to determine which one was optimal. Specifically,
we compared SentenceBERT (S-BERT) against Term Fre-
quency Inverse Document Frequency (TF-IDF). S-BERT is a
modern technology, while TF-IDF is domain-specific within
the context of the document or data. S-BERT works by
training neural networks to convert input sentences into high-
dimensional vectors in such a way that similar sentences
have closer vector representations, facilitating semantic sim-
ilarity comparisons in vector space [35]. Conversely, TF-
IDF works by assigning numerical weights to words in a
document based on their frequency within that document and
inversely proportional to their frequency across a collection
of documents, aiming to highlight the importance of terms in
capturing the content-specific relevance of words. Choosing
the better-performing embedding is a good practice and has
been described as facilitating credibility and more accurate
results in NLP analysis.

3) Similarity Correlations: Course descriptions and course
topics were two data points that could answer our RQs. In an
effort to reduce the complexity of our analysis, we elected to
choose one of those data points. Based on the similarity corre-
lation comparison, there were greater similarities or overlaps
among topics than in course descriptions. Therefore, data was
grouped by topics to uncover uniqueness. Going forward, the
analysis is focused on course topics unless otherwise specified
(see Figure 2).

4) Methods: To answer our first research question, three
kinds of clustering techniques were used. They are k-means
clustering, Latent Dirichlet Allocation (LDA) analysis, and
supervised clustering by various categories of the data. K-
means clustering is an unsupervised clustering method that
was used to find patterns across the syllabi topics. A key
component of k-means clustering is to determine the best value
for k. To do so, values from k = [2 - 10] were tested, and
the silhouette score metric was used to determine the best k.



Silhouette score measures how similar the syllabi are in their
cluster (cohesion) compared to other clusters (separation). A
score closer to 1 indicates that the clustering is good, while a
score closer to -1 indicates a bad cluster. As demonstrated in
Table III, k = 2 has the best Silhouette Score.

Silhouette Score
0.14
0.11
0.08
0.06
0.05
0.06
0.04
0.05
0 0.04

Cluster

=[O 00| | O\ | | W DI

TABLE III: Determination of k based on Silhouette Score

We then compared the S-BERT and TF-IDF embeddings
(Section III-B2) on k = 2 to determine which embedding
method would serve to be most effective in this case. Based on
the silhouette scores and inter and intra-cluster distances, the
S-BERT model performed better. This implied that S-BERT
embeddings display more semantic strength because, with S-
BERT, the silhouette scores were workable compared to the
TF-IDF. Therefore, moving forward, the S-BERT embeddings
were used in this study. See Tables IV and V.

Metric Cluster 1 | Cluster 2
Silhouette Score 0.00 0.04
Intra-cluster Distance | 1.28 1.23
Inter-cluster Distance | 1.07 1.07
Cluster Size 22 23

TABLE IV: TF-IDF Cluster Performance

Metric Cluster 1 | Cluster 2
Silhouette Score 0.16 0.13
Intra-cluster Distance | 11.35 10.54
Inter-cluster Distance | 8.72 8.72
Cluster Size 37 8

TABLE V: S-BERT Cluster Performance

Next, we utilized LDA (Latent Dirichlet Allocation), which
is a probabilistic model used to determine the top words
covered across a collection of documents. It assumes that each
word is attributed to a document topic and that a document
contains a mixture of topics. LDA is used here to look for pat-
terns across clusters to highlight the most frequent topics in the

Topics

Course Descriptions

Fig. 2: Similarity correlations of topics and course descriptions
of the syllabi

dataset. The Python LDAVis Library was used to conduct this
analysis. We also made use of supervised clustering techniques
to cluster topics based on individual features like department or
year. This approach allowed for the organization and analysis
of data in a structured manner, providing insights into how
departments operate across various types of institutions. In
addition, we examined topics that were least covered across
the dataset. To accomplish this, the first step was to devise a
method for extracting unique words from the “topics” corpus
that were mentioned only once. Once the unique words were
obtained, the next stage involved manually scanning through
the list to identify and disregard any typographical errors or
related issues. This process required careful attention to detail
and a systematic approach to ensure accuracy.

For our second research question centered around IEEE’s
EAD principles, we calculated the Similarity score for each
principle against each syllabus. This method calculates the
Word Similarity score by leveraging the Python SpaCy li-
brary, which employs the cosine similarity metric. First, it
utilizes SpaCy to compute the similarity between words. Then,
Seaborn, a visualization library, was used to create heatmaps,
providing a visual representation of the similarity scores.
This process offered a means of visualization to analyze
and interpret the relationships between words based on their
similarity scores.

The third research question was answered using the super-
vised clustering method as well, where 2023 and onwards are
grouped as the post-chatGPT era, while syllabi before 2023
were grouped as the pre-chatGPT era. This method aided in
observing how syllabi topics may have changed during the era
preceding the advent and traction of ChatGPT and generative
Al technologies. Then, we examined the differences between
the topics covered.

IV. RESULTS

The results are presented according to the three guiding
research questions.

A. RQI: What topics do Al Ethics syllabi address?

1) K-means Clustering: Here, we find that when clustering
syllabi topics with k = 2 in a semantic manner, they tend to
cluster around whether topics are technical or less technical
(general). Given the textual nature of these results, they are
also open to reader interpretation. [explain more and signpost]

Topics

Cluster 1 (15 words)
Classification: Philosophical or General

Cluster 2 (15 words)

Classification: Technical or Specific

machine learning, privacy,
transparency, algorithmic,
ethical, autonomy, design,
discrimination, accountability,
society, introduction, value,
issues, emerging, overview

moral, autonomous, technology,
robot, history, work, future,
superintelligence, new, safety,
economic, human, politics,
LLM, good

TABLE VI: Unique Words in Clusters (k=2)



2) Supervised Clustering: Department: Supervised cluster-
ing aided in depicting the unique topics covered in each de-
partment. Table VII highlights the topical vastness of Al ethics
as well as how it is distributed across multiple departments that
offer an Al ethics-related course.

ownership, trade, agency, credit, predictive policing,

Media and Design liability

Business and Law | accuracy, manipulation, collection, prediction

Philosophy surveillance, superintelligence, rights, consent

Computer Science | autonomous, accountability, application, vs, value

Public Policy government, bureaucracy, police, tech

Political Science health care, malicious, uses, governance

Religion and
Gender Studies

race, pop culture, posthuman, nanotechnology,
cyborg, critiques

TABLE VII: Unique topics across the departments.

Public and Private Universities: Table VIII shows that Public
and Private universities have some unique topics. However, the
silhouette scores were low (see Table IX). The low silhouette
score indicates a bad cluster and that there is not much of a
difference in topics covered in public and private universities.

machine, algorithmic, social, design,

Private S . .
discrimination, regulation, emerging

Public society, accountability, human, safety,
autonomous, superintelligence, theory

TABLE VIII: Unique topics from Public and Private Univer-
sities

Public/ | Silhouette | Intra-cluster | Inter-cluster | Cluster
Private | Score Distance Distance Size
Public -0.0 1.19 0.64 24
Private 0.0 1.18 0.64 21

TABLE IX: Public and Private University cluster evaluation.

3) Latent Dirichlet Allocation (LDA): For this analysis we
examined the top 5 words occurring frequently in each cluster.
We conducted this analysis on k = 2 because it was the best k
in k-means clustering. The LDA analysis helped us to observe
where the topics converge across all the syllabi. We can see
that Data, Bias, Privacy, and Fairness are the top converging
topics across the syllabi (see Table X). This means that the
majority of the syllabi focused on these topics as a priority in
Al ethics.

Cluster 1 Cluster 2
Data Bias

Bias Data
Fairness Privacy
Privacy Fairness
Transparency | Emerging

TABLE X: Top five (5) converging topics across the syllabi.

4) Scarce Topics: After observing topics that converge, we
decided to examine topics that were scarce or mentioned only
once across the dataset. We find that the topics less covered
are related to religion/ culture, controversial topics and various
philosophical terms (see Table XI).

Deontological, Kantian, Ubuntu, Buddhist,
Islamic, Indian, Capitalism, Consequentialism,
Counterfactual, Storyteller, Anthropomorphism,
Utopianism, Faith

TABLE XI: Topics mentioned only once across the syllabi
dataset

B. RQ2: How well do Al Ethics syllabi topics align with the
eight IEEE standards for Ethical Design?

As we study Al ethics curricula, it is vital to have a reference
point by which we understand the contents and breadth of
the topics covered in the courses. If we recall the eight EAD
principles outlined by IEEE, these were tested against each
syllabus. First, the computer science and philosophy syllabi
were compared since Al is rooted in both of those fields (see
Figure 3), and then all the courses were compared together (see
Figure 4). A similar pattern was seen throughout computer
science and philosophy courses, where there appears to be
a lesser similarity score of syllabi topics covering areas of
human rights, well-being, and data agency. In comparison to
other courses, all courses exhibit lower similarity levels to
“Human Rights,” “Well-being,” “Data Agency,” and, to a lesser
extent, “Misuse.” This suggests that there are distinct differ-
ences in the content and focus of these courses compared to
the overarching themes encapsulated by these key principles.

C. RQO3: How has the emergence of ChatGPT and other
Large-Language Models (LLMs) impacted content in Al Ethics
syllabi?

Through supervised clustering, we were able to demonstrate
the uniqueness of topics covered pre-post Chat-GPT era. Post
Chat-GPT era is defined as the year 2023 and onwards. As new
technology develops, we can see shifts in topical foci across
the syllabi. We can clearly see topics like explainability being
a new area of focus in the field (see Figure XII).

machine, morals, history, society,
discrimination, emerging, value,
autonomy, moral

machine-learning, analysis, explanation,
decision-making, models, policy,
practice, risk, LLM, explainability

TABLE XII: Unique words in syllabi pre and post-ChatGPT
era.

Pre-ChatGPT

Post-ChatGPT

V. DISCUSSION

Our approach allowed us to study patterns across Al ethics
syllabi through NLP techniques. Examining course “topics”
as a data point demonstrated more distinctness because they
involved lists of words or phrases as opposed to course
descriptions, which in technical terms may contain more noise
(see Figure 2). The k = 2 clustering in k-means showed some
polarity in the concepts based on the sentence-transformers
embeddings. Using supervised clustering, we observed differ-
ences and patterns across various departments, but there were
no significant differences when considering whether institu-
tions were public or private (see Table IX). For departments,
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the range of unique words per cluster reinforces the inter-
disciplinary nature of Al ethics [36] and the need for cross-
disciplinary collaboration both in academia and industry.

Through the topic modeling technique generated from the
LDA analysis, we noted that privacy, bias, fairness, and data
were key issues of focus across Al ethics syllabi. Our findings
align with the converging topics and Al ethics principles
previously described by other scholars [37]. Overall, the
NLP methodology proved to be one that other researchers,
administrators, and instructors can use to analyze, build, and
refine syllabi.

The topics least associated with IEEE standards topics
were more human-centered and less social justice-related (see
Figures 3 and 4). A potential issue of concern can arise
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from computer science and philosophy departments with IEEE’s EAD

when Al discourse, such as syllabi, misconstrues Al as strictly
autonomous and attributes its “intelligence” to its autonomy
rather than attributing its intelligence to its being social and
relational, especially to humans [38]. This suggests a potential
gap in the syllabi on critical topics and principles that play
a crucial role in Al ethics. This result was prevalent in the
majority of the courses. With computer science being the
most frequent department in the dataset, we found that more
technical aspects of Al ethics, such as transparency, security,
privacy, and mitigating bias, were taught, focusing more on
the implementation and development of models. Accordingly,
there may be a need for more inclusiveness of human-centered
ideals such as human rights around topics like surveillance,
well-being (e.g., addiction that may manifest from efforts to
increase user engagement with technology), and oversight for
Al ethics to be more present in syllabi content. By deliberately
calling attention to the fact that humans are responsible for
what is being presented, it can empower students to take an
active role in mitigating risk and reconciling potential concerns
for individuals, groups, and society more broadly, as other
scholars have described [39].

The unique words (pertaining to least covered topics, Table
XI) further described that other ethics-centric topics are not
often covered, although these cultural and spiritual factors may
influence ethical decisions. The role of culture in establishing
Al ethics cannot be stressed enough. Teaching this at the class-
room level serves as a vital foundation for involving students
of Al ethics in these discussions. Examples of pedagogical
approaches include case studies, role plays, and examples [40].
Ethical plurality and cultural diversity are important in the
construction of ethics in Al; otherwise, Al could easily become
an instrument of domination and modern imperialism [41].
For instance, religion and faith have an undeniable impact
on influencing students’ ethical decision-making process due



to various moral codes instilled by religion [42]. If students
are presented with scenarios that conflict with their beliefs,
it can affect how they handle ethical dilemmas from their
religious and cultural viewpoints [42]. Therefore, it is vital
for educators to be mindful and considerate of human factors
such as religion, which can impact Al ethics education in the
classroom and beyond.

The pre- and post-ChatGPT comparison (see Table XII)
was also insightful, as we observed a shift in salient topics
in the syllabi. The pre-ChatGPT era illustrated a higher
emphasis on topics such as “history,” “morals,” “emerging,”
and “autonomy,” which tend to suggest that topics were more
focused on the historical and theoretical foresight of Al ethics.
However, since the spurt in generative Al technologies, such
as ChatGPT, we have observed a shift to topics like “explain-
ability,” “decision-making,” and “LLMs,” which represents a
timely change in the topical focus to being more hands-on and
addressing more practical concerns regarding Al ethics. This
represents how quickly the field of Al ethics is evolving and
how it may impact what students and educators may need to
know to address current trends in the field. While this urges for
constant refinement of curricula in Al ethics across disciplines,
it can also be worth recognizing that changing institutional
curricula may also be constrained by various organizational
and accreditation expectations. However, as applications and
technology change, we must continue to understand how
Al may have a global impact across society and consider
sustainability.
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All-in-all, this work has implications for university pro-
fessors and curriculum developers who can benefit from the
study by identifying potential gap areas in Al ethics syllabi
as well as areas that are critical and need to be addressed
at the policy and industry levels to ensure that academia
can adequately prepare students for the next steps in their
professional trajectories. This can include refining the cur-
riculum constantly and allocating space to further open up Al
ethics syllabi discourse to notions of ethical plurality regarding
culture and societal impacts. There may also be different
ways of doing this, like through the incorporation of case
studies, news stories, or projects that can raise awareness and
promote ethical thinking [27]. Policy also plays a crucial role
in this regard, as it can provide an avenue for advocacy, aid
in guiding the responsible development of Al, and suggest
various areas for risk mitigation. Broader areas of impact
include addressing the understanding of the socio-technical
system of Al ethics and the interdisciplinary nature of the
field. Al ethics requires all hands on deck, regardless of
discipline and professional background, because it does not
only involve technical applications. It entails public perception
and establishing trust, thereby making it necessary to consider
what technology can do and anticipate how it may be used.
Additionally, this study can potentially bridge gaps between
academia and industry by understanding what students in these
fields are learning so as to equip them better for industry and
policy expectations.

VI. LIMITATIONS AND FUTURE DIRECTIONS

There are several limitations we would like to acknowledge.
Only syllabi available in English were used, which may
neglect additional perspectives. Going forward, we suggest
expanding to be more inclusive of institutions from additional
countries that are posted in other languages.

Moreover, publicly available syllabi focused specifically on
Al ethics were limited, and often, such content was embedded
within courses rather than serving as a standalone option.
Hence, the sample size of 45 syllabi could be additionally
expanded to consider how it may be applied, even if it is
not the primary focus. While other syllabi were found, they
ignored critical information such as the institution’s name and
/or department that offered the course. In the future, we plan
to expand our initial analysis.

Finally, we only applied a subset of possible analytical
approaches, and further analyses could yield additional insight.
K-means clustering forces a specification of k, and when there
are outliers, k-means values tend to skew [43]. Accordingly,
assessing the clusters can be difficult. Furthermore, LDA
analysis can be difficult to interpret since it merely shows the
distribution of topics across different clusters [44]. Including
other analytical approaches, like agglomerate clustering, may
emphasize different features and could yield unique insights.

VII. CONCLUSION

Our approach highlighted the utility of NLP clustering
for analyzing AI Ethics syllabi and revealed distinct pat-
terns. K-means clustering demonstrated a polarization between
general/philosophical and specific/technical topics. Supervised
clustering uncovered additional patterns that suggested impli-
cations for interdisciplinary collaboration and technological
advancement. LDA topic modeling findings further aligned
with globally converging critical areas of Al ethics such as
data, privacy, bias, fairness, and transparency. Although it
is encouraging to see strides in Al ethics syllabi, teaching,
and learning in recognition of its importance, we must also
continue to expand our efforts if we intend to prepare the next
generation to not only know what Al can do but to use it
responsibly and with regard to its potential impact.
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