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A B S T R A C T

Background: Artificial intelligence (AI) is increasingly embedded in social and institutional 
decision-making, creating demand for ethically literate practitioners. Universities have responded 
by introducing AI ethics instruction, but the structure, content, pedagogy, and evaluation of these 
efforts remain unevenly documented.
Objective: To map and synthesize research on university level AI ethics education by character
izing course design, pedagogy, ethical themes, and assessment methods, and identifying evidence 
gaps that limit knowledge consolidation and instructional refinement.
Methods: We conducted a scoping review using Continuous Active Learning to screen 50,766 
records up to 2024. 43 studies met inclusion after title, abstract, and full text review. We coded 
instructional design, curricular themes, pedagogical methods, and evaluation approaches using 
descriptive frequency counts and qualitative synthesis.
Results: Most included studies were conceptual or descriptive, with relatively few empirical 
evaluations. Instruction was concentrated in computing and engineering and primarily targeted 
undergraduate learners. Ethics content was more often embedded within technical courses than 
delivered as standalone offerings. Reported pedagogy relied heavily on lecture and case-based 
discussion, with fewer studies describing participatory formats such as simulations or role-play. 
Curricular emphasis clustered around bias/fairness and privacy, with comparatively less atten
tion to governance, explainability, and trust. Evaluation most often relied on self-report and 
reflective methods, while validated instruments and performance-based assessments were less 
common, and behavioral or applied outcomes were rarely assessed.
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Conclusions: The literature suggests a field oriented toward awareness-building more than 
measurable ethical competence. Clearer competency claims, stronger assessment transparency, 
and greater alignment between instructional design and evaluation would improve comparability 
across studies and support evidence-informed course development.

1. Introduction

Artificial intelligence (AI) is now a central feature of modern life. Across domains such as healthcare, education, governance, and 
communication, AI systems influence decisions that affect individuals and communities (Shen et al., 2021; Sowmia & Poonkuzhali, 
2020; Yin et al., 2021). These systems offer opportunities for efficiency, innovation, and discovery, yet they also introduce ethical 
challenges related to bias, transparency, accountability, and privacy (Buruk et al., 2020; Turner Lee, 2018). As AI technologies 
continue to evolve and become more autonomous, the responsibility for designing and managing them in ways that promote fairness 
and public trust has become a critical societal concern.

Universities play an essential role in responding to this challenge. These institutions educate the engineers, scientists, and pro
fessionals who will develop, deploy, and regulate AI systems. Preparing these students requires more than technical expertise. It also 
demands ethical literacy, critical thinking, and an awareness of the social consequences of technological decisions (Borenstein & 
Howard, 2021; Raji et al., 2021). As a result, educators are being called to integrate ethics into AI curricula so that future practitioners 
are better equipped to anticipate harm, ensure accountability, and align design choices with human values (Borenstein & Howard, 
2021).

1.1. Rationale for the review

Although there is growing consensus on the need for AI ethics education, published research describing how AI ethics education is 
implemented and evaluated in higher education remains heterogeneous and dispersed across disciplines and venues, with substantial 
variation in course design and reporting (Wiese et al., 2025; Brown et al., 2024). Individual universities have introduced ethics 
modules within computing programs or developed stand-alone courses focused on responsible AI. In higher education computing 
curricula, embedded-ethics models illustrate how ethical reasoning can be integrated within existing technical courses rather than 
treated exclusively as separate content (Grosz et al., 2019). Across published accounts, initiatives vary in design, scope, and evaluation 
focus. Some emphasize fairness and bias, others focus on privacy or governance, and evaluation frequently relies on student self-report, 
course evaluations, or instructor reflections rather than direct measures of learning outcomes (Brown et al., 2024).

Several recent reviews have begun to synthesize this emerging evidence base. Wiese et al. (2025) conducted a systematic literature 
review examining how ethics is taught within AI education contexts, focusing primarily on computing courses and identifying gaps in 
assessment practices. Brown et al. (2024) reviewed ethics instruction across computing education more broadly, documenting 
instructional strategies and highlighting inconsistencies in outcome evaluation. While these reviews have mapped portions of the 
landscape, important gaps remain. Existing reviews have focused predominantly on computing contexts, leaving interdisciplinary 
approaches less well characterized. Moreover, the mapping of how specific ethical principles such as fairness, accountability, trans
parency, explainability, and governance are addressed in curricula has not been synthesized comprehensively across the full range of 
publication types, including conceptual frameworks, course descriptions, and empirical evaluations.

This scoping review addresses these gaps by providing a comprehensive map of AI ethics education research that includes both 
computing and non-computing contexts, spans multiple publication types (empirical studies, conceptual papers, frameworks, and 
course descriptions), and explicitly codes for coverage of key ethical principles. Unlike prior systematic reviews that focused on 
identifying best practices or effect sizes, this scoping review maps the breadth and characteristics of the evidence base to identify what 
has been studied, how it has been reported, and where substantial knowledge gaps persist. This descriptive approach is particularly 
appropriate given the heterogeneity of the literature and the nascent state of evaluation practices in this domain Peters et al. (2020). By 
consolidating this diverse literature, the review provides educators with a structured overview of reported course models, instructional 
strategies, and evaluation approaches, and identifies priority areas for future empirical research and methodological development.

1.2. Purpose and objectives

The purpose of this scoping review is to map and synthesize research on the teaching and assessment of AI ethics in higher edu
cation and to identify gaps in curricula, pedagogy, and assessment practices.

The specific objectives of the review are to 

1. Describe how AI ethics education is reported in higher education, including disciplinary contexts and publication formats.
2. Characterize how AI ethics education is delivered, including course structure and pedagogical approaches
3. Synthesize the AI ethics topics and curricular themes addressed across studies.
4. Identify how student learning is assessed and where evidence gaps persist, including the types and reported domains of learning 

outcomes.
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To guide this inquiry, two research questions were formulated. The first asks how universities design and deliver AI ethics edu
cation across disciplines and delivery modes. The second asks how courses and programs evaluate student learning and behavioural 
outcomes in ways that reflect the social and ethical expectations of AI practice. These objectives and research questions directly 
motivate the contributions described in Section 1.4.

Table 1 summarizes the alignment among the review objectives, research questions, and findings sections.

1.3. Scope and conceptual framework

This review focuses on university education at the undergraduate, and graduate levels, encompassing both technical and non- 
technical disciplines. Artificial intelligence is defined broadly to include machine learning, deep learning, natural language process
ing, and related computational methods that influence or automate decision making. AI ethics refers to the principles, frameworks, and 
practices that guide the responsible design, deployment, and governance of such systems.

The conceptual foundation of this review builds on internationally recognized frameworks and standards for ethical artificial in
telligence, including guidance from the IEEE, the European Commission, the OECD, UNESCO, and the National Institute of Standards 
and Technology, and on comparative syntheses that map areas of consensus across prominent AI ethics guidelines (Jobin et al., 2019; 
Fjeld et al., 2020; European Commission, 2019; OECD, 2019; UNESCO, 2021; NIST, 2023). These syntheses report convergence across 
prominent AI ethics guidelines around recurring themes including fairness, accountability, transparency and explainability, re
sponsibility, privacy, and safety. These themes shape how this review interprets the pedagogical and evaluative strategies described in 
the literature (Jobin et al., 2019; Fjeld et al., 2020). In addition, this foundation is informed by work that synthesizes ethical principles 
and recommendations for a “Good AI Society” (Floridi et al., 2018) and by critiques emphasizing that shared high-level principles are 
insufficient without institutional mechanisms, professional norms, and governance arrangements that translate principles into practice 
(Mittelstadt, 2019). Complementing these frameworks and critiques, Morley et al. (2020) catalog AI ethics tools and methods for 
translating principles into practice, aligning with this review’s focus on how ethical themes are operationalized and evaluated in 
educational settings. To clarify how this review defines these ethical themes and applies them to interpret the included studies, we 
draw on prior literature as follows.

Accountability concerns the distribution of responsibility for the impacts of AI systems across their entire lifecycle, from data 
collection and model training to deployment and use (Dignum, 2017). Initiatives such as the IEEE Global Initiative on Ethics of 
Autonomous and Intelligent Systems (2019) regard accountability as a central expectation for ethical decision making and governance 
(2019). Algorithmic bias refers to unintended and often discriminatory outcomes that arise from historical patterns within training 
data or from proxy variables correlated with sensitive attributes (Richardson & Gilbert, 2021). Mitigating bias requires deliberate, 
discrimination-aware design and continuous evaluation attentive to social contexts and population differences. Closely related is 
algorithmic fairness, which involves the design of methods and metrics that promote equitable outcomes across groups and settings. 
Fairness is inherently socio-technical and draws on insights from computer science, law, philosophy, economics, and the social sciences 
to balance quantitative criteria with broader conceptions of justice and equity (Richardson & Gilbert, 2021; Hajian et al., 2016; 
Venkatasubramanian, 2019). Transparency and explainability focus on the openness and interpretability of AI systems. Transparency 
relates to how systems communicate their purpose and limitations to users and interest holders, while explainability concerns the 
ability to understand how models produce outcomes so that claims about reliability and fairness can be examined and challenged 
(Cheng et al., 2021; Hanif et al., 2021). Together these principles provide a coherent basis for understanding the ethical expectations 
that underlie AI education and for assessing how curricula cultivate students’ capacity to engage with them critically and responsibly.

The review includes English language studies from all regions and disciplines to capture the diversity of AI ethics education 
worldwide. It also considers different instructional modalities such as lectures, seminars, project-based learning, and online formats. 
The inclusion of interdisciplinary programs reflects the understanding that ethical reasoning about AI extends beyond computer 
science to fields such as health, law, business, and the humanities and social sciences.

Table 1 
Review objectives and research questions.

Review objective Research question(s) Addressed in Findings

Identify how AI ethics is taught across different 
disciplinary contexts and instructional formats

RQ1: How do institutions design and deliver AI ethics 
education across disciplines and delivery modes.

3.3 Course Structure and Delivery; 3.5 
Learning Designs; 3.8 Population

Examine the methods used to assess student learning 
outcomes in AI ethics education.

RQ2: How courses and programs evaluate student learning 
and behavioural outcomes in ways that reflect the social 
and ethical expectations of AI in practice.

3.6 Evaluation Methods and Analytical 
Practices; 3.7 Reported Learning 
Outcomes

Evaluate the extent to which current educational 
approaches address fairness, accountability, 
transparency, explainability, and governance.

RQ1: How do institutions design and deliver AI ethics 
education across disciplines and delivery modes.

3.4 Curriculum Themes

Highlight areas where evidence is insufficient and 
propose directions for future pedagogical and 
empirical research.

Supports both RQ1 and RQ2 3.2 Characteristics of Included Studies, 3.6 
Evaluation Methods and Analytical 
Practices, 3.9 Synthesis
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1.4. Significance of the study

This review advances understanding of how AI ethics is conceptualized, taught, and evaluated in university education by syn
thesizing a multidisciplinary evidence base and providing three concrete contributions that extend prior reviews. First, it provides a 
comprehensive descriptive map of AI ethics education research by consolidating scattered literature into an organized synthesis of 
course contexts, instructional formats, and ethics-related content emphases. While existing reviews (Wiese et al., 2025; Brown et al., 
2024) have synthesized empirical studies of ethics in computing education, this scoping review broadens the evidence base by 
including conceptual frameworks, pedagogical proposals, and course descriptions alongside empirical evaluations, and by including 
studies across disciplines. This inclusive approach provides a more complete picture of how the field is being developed across 
publication types and disciplinary contexts, even though computing and engineering contexts remain predominant in the literature.

Second, it provides a systematic synthesis of reported evaluation practices by identifying what outcomes are assessed, what in
struments or evidence sources are used, and where reporting is insufficient to support claims about learning effects. By coding 
evaluation methods across diverse publication types, including conceptual papers and pedagogical proposals alongside empirical 
evaluations, the review reveals patterns in how learning is conceptualized and measured, and identifies specific gaps in reporting rigor 
and methodological transparency. The synthesis documents widespread reliance on self-report measures and identifies instances 
where learning outcomes are claimed without supporting empirical evidence.

Third, it translates these mapped findings into a targeted research agenda that prioritizes clearer outcome specification, improved 
reporting of analysis procedures, explicit connections between pedagogical strategies and ethical principles, and greater cross-study 
comparability. This agenda is grounded in the patterns documented in the review and is designed to support both researchers plan
ning future studies and educators seeking evidence to inform curricular decisions.

By consolidating research evidence on AI ethics education, this review provides educators, program designers, and policymakers 
with a structured knowledge base for designing curricula that prepare students to engage critically and responsibly with the ethical 
dimensions of AI systems. It responds to institutional needs for evidence-informed program development while identifying where 
future research can strengthen the empirical foundation for AI ethics pedagogy.

The remainder of the paper reports the review method and screening process, presents descriptive findings on institutional design 
and evaluation practices, and then interprets implications for research and university curriculum development in relation to the 
mapped evidence.2 Methods

1.5. Overview and design

This review followed a systematic and transparent approach to identify, select, and synthesize studies on the teaching and eval
uation of AI ethics in higher education. The process was informed by the methodological framework of Arksey and O’Malley for 
scoping reviews and was conducted in accordance with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses 
extension for Scoping Reviews (PRISMA-ScR) (Arksey & O’Malley, 2005; Tricco et al., 2018). The review protocol was developed 
prospectively and defined all stages of the process, including the research questions, search strategy, inclusion and exclusion criteria, 
screening procedures, and data charting framework (Hillis et al., 2025). Each step was documented to ensure methodological 
transparency and reproducibility. A summary of the overall process is shown in Fig. 1, which presents the PRISMA flow diagram 
indicating the number of records identified, screened, assessed for eligibility, and included.

Fig. 1. PRISMA flow diagram of the study selection process.
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A scoping review methodology was selected because the aims of this study are to map and characterize the extent, characteristics, 
and evaluation practices of AI ethics education research across heterogeneous publication types and study designs, rather than to 
estimate pooled effects or determine intervention efficacy. Scoping reviews are recommended when a body of literature is conceptually 
diffuse, methodologically diverse, and includes a substantial proportion of descriptive and non-intervention evidence, and when the 
objective is to identify how a field has been studied and where evidence gaps limit cumulative knowledge (Arksey & O’Malley, 2005; 
Levac et al., 2010; Peters et al., 2020). AI ethics education is a developing area of scholarship characterized by conceptual diversity and 
methodological variability. In this domain, the evidence base includes conceptual and descriptive accounts alongside a smaller set of 
empirical evaluations, and outcomes are often reported using non-comparable measures, making meta-analysis inappropriate and a 
systematic review focused on effect estimates premature. The scoping approach therefore aligns with this review’s objectives by 
enabling comprehensive coverage and structured categorization of learning designs, curricular themes, and evaluation strategies, 
while also identifying limitations in the empirical evidence that warrant future research and more evaluative synthesis.

1.6. Information sources and search strategy

The search strategy was designed in collaboration with an academic librarian with expertise in scoping review methodology. 
Searches combined controlled vocabulary and free-text keywords related to education, ethics, and artificial intelligence. Eight 
bibliographic databases were searched with no date limiters, and the full search strings for each database are provided in Appendix B. 
2011 corresponds to the publication year of the earliest included study. A summary of databases, coverage periods, and key concepts is 
presented in Table 2.

To ensure comprehensive coverage across the disciplinary domains in which AI ethics education is published, the search strategy 
combined databases selected for their complementary scope. PubMed (MEDLINE) and Embase were included to capture biomedical, 
clinical, and health-professions education literature. Scopus was included as a multidisciplinary index that supports broad retrieval 
across the social sciences, engineering, and health research. ERIC was included to capture education-focused scholarship, including 
pedagogical and curriculum studies that may not be indexed in biomedical databases. APA PsycInfo was included to capture psy
chology and learning sciences work relevant to ethics learning, professional decision-making, and educational evaluation. IEEE Xplore 
and the ACM Digital Library were included to capture computer science and engineering venues. Library, Information Science & 
Technology Abstracts (LISTA) was included to capture information science scholarship relevant to information ethics, information 
policy, and educational interventions reported in library and information science venues. Finally, we searched ProQuest Dissertations 
and Theses to identify relevant doctoral and master’s work that may contain early pedagogical innovations, curricular designs, or 
evaluation studies that are not yet represented in the peer-reviewed journal literature, which is consistent with guidance that 
comprehensive searches may include grey literature sources such as dissertations and theses (Lefebvre et al., 2025).

This database-selection approach aligns with common scoping-review practice in other interdisciplinary domains, where authors 
combine discipline-specific databases with broad indexing services to capture breadth. For example, Brown et al. conducted a scoping 
review in an applied accessibility and design domain and searched a mixed set of databases spanning health, psychology, education, 
and multidisciplinary indexing (MEDLINE, PsycINFO, CINAHL, Embase, ERIC, and Scopus), illustrating a deliberate strategy to capture 
a topic distributed across multiple research traditions (Brown et al., 2021). Similarly, Sarraf-Yazdi et al. examined professional identity 
formation in undergraduate medical education and searched PubMed, Embase, PsycINFO, ERIC, and Scopus, again combining 
biomedical, psychology, education, and multidisciplinary sources to capture the topic’s full scope (Sarraf-Yazdi et al., 2021). Other 
scoping reviews demonstrate comparable rationales for incorporating computing and engineering repositories alongside broad indexes 
when the topic intersects with technical research dissemination norms, including the inclusion of ACM Digital Library and IEEE Xplore 
within larger multi-database search strategies (Chan et al., 2024; Mevlevioğlu et al., 2023; Braz & Martín del Pozo, 2025). Finally, 
scoping review methods are also frequently extended beyond conventional academic indexing when the evidence base is distributed 
across publication types, including nonacademic sources, reinforcing the appropriateness of supplementing database searches with 
strategies intended to capture work outside standard journal channels (Francombe et al., 2022).

1.7. Eligibility criteria

Eligibility was established using the Population–Concept–Context framework. Studies were included or excluded based on the 

Table 2 
Summary of databases searched and coverage.

Database Coverage period Date searched Records retrieved

PubMed (MEDLINE) Since Database Inception–2024 26 June 2024 9753
Embase –2024 26 June 2024 11,724
Scopus –2024 26 June 2024 25,151
ERIC Since Database Inception–2024 26 June 2024 421
LISTA Since Database Inception–2024 27 June 2024 561
APA PsycInfo Since Database Inception–2024 27 June 2024 1737
IEEE Xplore Since Database Inception–2024 28 August 2024 682
ACM Digital Library Since Database Inception–2024 28 August 2024 235
ProQuest Dissertations and Theses Since Database Inception–2024 26 June 2024 502
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criteria summarized in Table 3.

1.8. Screening and selection of studies

All retrieved records were exported to a reference manager and uploaded into a Continuous Active Learning (CAL®) platform to 
prioritize title and abstract screening (Cormack & Grossman, 2016). CAL uses active machine learning to iteratively re-rank un
screened records based on reviewers’ include and exclude decisions so that records most likely to meet eligibility criteria are screened 
earlier (Norman et al., 2019). Because prioritization changes the order of screening, review teams must specify a transparent stopping 
approach for when additional screening is unlikely to yield eligible studies (Callaghan & Müller-Hansen, 2020; Hamel et al., 2021). We 
applied a developer recommended pre-specified low-yield stopping criterion and ended title and abstract screening once five 
consecutive batches of 100 records yielded fewer than 5% newly included records, indicating diminishing returns and likely satu
ration. Full texts of potentially eligible studies were then reviewed in duplicate.

Two reviewers independently screened titles and abstracts using the eligibility criteria in Table 2. Disagreements were resolved 
through discussion, with a third reviewer available to mediate unresolved cases. In total, 50,766 records were identified across da
tabases and 9441 records were screened at title and abstract. Full texts of potentially eligible studies were then reviewed in duplicate. 
Of the 159 full texts assessed, 116 were excluded because AI ethics education was only briefly mentioned (n = 52) or because AI ethics 
education was a small or insignificant component of the paper (n = 64). Ultimately, 43 studies were included, restricted to papers in 
which AI ethics education was a primary focus. The PRISMA flow diagram in Fig. 1 summarizes the selection process and reports the 
full-text exclusion reasons.

1.9. Data charting and extraction

Data extraction followed a structured process to ensure accuracy and comparability. A standardized charting form was developed 
and piloted on a subset of studies before full extraction. One reviewer extracted data and a second reviewer verified all entries. The 
charting framework is summarized in Table 4.

Descriptive statistics were used to summarize study characteristics and coded variables using frequency counts (n) and percentages 
(%), including distributions across publication years, disciplines, and educational levels. No inferential statistical tests were conducted, 
consistent with scoping review guidance that emphasizes mapping and characterizing heterogeneous evidence bases rather than 
estimating pooled effects (Arksey & O’Malley, 2005; Tricco et al., 2018; Peters et al., 2020). Qualitative data on pedagogy, assessment, 
and outcomes were analyzed thematically. Given heterogeneity in study designs and measures, quantitative meta-analysis was not 
feasible. Findings were organized around pedagogical practices and evaluation approaches.

All records of the search, screening decisions, and coding were maintained in a dedicated database (EPPI-Reviewer V6). The 
dataset, including extracted variables and verbatim search strategies, is available in the supplementary materials. Maintaining a 
complete audit trail enhances the transparency and reproducibility of the review.

2. Findings

The final corpus reveals a field still defining its theoretical and pedagogical boundaries. Scholarship on AI ethics education has 
expanded rapidly since 2021, reflecting institutional, professional, and societal interest in embedding ethics within AI-related pro
grams. Yet the body of work remains methodologically diverse and conceptually unsettled. Most studies rely on descriptive accounts or 
narrative reflections rather than empirical evaluations. This pattern suggests that AI ethics education is still in its formative stage, 
where the community is building consensus on what ethical competence entails and how it can be fostered through curriculum and 
pedagogy. Table 5 summarizes the characteristics of all included studies. Results from individual sources of evidence are found in 
Appendix C.

Table 3 
Inclusion and exclusion criteria based on the population–concept–context framework.

Element Inclusion criteria Exclusion criteria

Population University learners and educators including both undergraduate 
and graduate levels

Primary or secondary learners or professional training that is not situated 
in formal higher education

Concept Teaching and evaluation of AI ethics including curriculum design, 
course content, pedagogical strategy, or assessment of learning

Studies addressing general computer ethics without explicit AI content or 
lacking pedagogical detail or where AI ethics education is not a primary 
focus.

Context Formal higher education delivered in any format including 
classroom, online, or hybrid

Non-educational or corporate settings

Language and 
date

English publications from Inception to July 2024 Non-English publications

Publication 
type

Peer-reviewed journal articles, conference papers, dissertations, 
and book chapters reporting educational interventions or 
evaluations

Editorials, commentaries, or opinion pieces
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2.1. Study selection and distribution

From an initial pool of 50,766 records, 9441 underwent title and abstract screening. After full-text review of 159 articles, 43 studies 
met inclusion criteria. Publication activity increased sharply after 2021, coinciding with heightened policy and public discourse 
surrounding responsible AI. The excluded full-text papers frequently addressed ethics rhetorically without engaging pedagogical 
theory or assessment. This demonstrates that while ethical AI is widely discussed, structured and assessable educational practices 
remain limited. The included papers represent a diverse set of disciplines and course types, reflecting an emerging ecosystem of 
instructional experimentation rather than a consolidated pedagogical paradigm.

2.2. Characteristics of included studies

Table 5 shows that the corpus encompasses conceptual essays, course descriptions, theoretical proposals, and reviews. The pre
dominance of conceptual and argumentative papers reflects an early emphasis on articulating rationales for AI ethics instruction before 
empirical validation. Only a minority of studies conducted systematic evaluations, underscoring the scarcity of formal assessment 
frameworks in this domain. This imbalance mirrors the developmental trajectory of earlier technology-ethics movements, where 
advocacy and conceptual justification precede methodological rigor. The limited number of review papers also signals the nascency of 
meta-pedagogical reflection within AI ethics education research.

Table 4 
Data extraction and coding framework.

Category Data extracted Description or coding example

Study identification Author, year, publication type Bibliographic information
Educational level Undergraduate, graduate Level of learner or program
Disciplinary 

context
Computer science (broadly), non-computer science (broadly) Academic discipline

Format of report Course plan, general course information, pedagogical review, presentation of pedagogical intervention Level of content discussed
Course type Embedded ethics, standalone course, content specific ethics Structure and delivery mode
Ethical focus Fairness, accountability, transparency, explainability, governance, bias, trust, responsibility, safety, 

privacy
Principal ethical themes

Learning Design Lecture, project-based, case study, experiential learning Instructional strategy
Evaluation method Survey, reflection, interview, performance task, assignment grades, purported (learning outcome) Assessment instrument
Outcome category Knowledge, skill, attitude, behavior Dimension of learning 

outcome
Direction of change Positive, negative, mixed, not reported Summary of outcome trend

Table 5 
Characteristics of included studies - study-level data supporting each count are provided in Appendix C using Study IDs (S1–S43).

Category Frequency Description Studies (IDs)

Conceptual essays 21 Theoretical or normative justification for AI ethics 
instruction

S2, S5–S10, S14, S17, S18, S23, S24, S26, S27, S32–S34, 
S37–S40

Detailed course plans 18 Structured curricula or syllabi with explicit 
objectives

S1, S4, S10, S12, S13, S15, S17, S19, S25, S27, S29, S33, 
S37–S39, S41–S43

Pedagogical frameworks 16 Model-based proposals for integrating ethics in AI 
education

S2, S5, S6, S16, S20, S24, S26, S27, S31, S33, S34, S35–S37, 
S40, S42

General course 
descriptions

12 Informal accounts lacking evaluation or assessment 
detail

S3, S7, S10, S11, S16, S17, S21, S22, S24–S26, S30

Review or mapping 
papers

7 Synthetic works summarizing prior efforts S2, S14, S20, S28, S31, S32, S36

Table 6 
Pedagogical structures and approaches.

Theme Frequency Representative Focus Studies (IDs)

Embedded ethics 23 Ethics instruction is integrated into technical modules S1, S4, S7–S8, S10–S13, S18–S20, S22–S25, S29–S30, S32, 
S35–S38, S40

Stand-alone ethical 
content

11 Ethics instruction is located within its own pedagogical 
modules

S6–S7, S9, S17, S24, S26–S27, S33, S39, S41–S42

Content specific ethics 3 Ethics instruction is specified, for example data ethics S3, S15, S22
Activity based 2 Ethics instruction centers around a specific activity S17, S35
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2.3. Course structure and delivery

Ethics instruction appears most frequently embedded within technical courses. Table 6 presents the distribution of pedagogical 
structures and approaches. For clarity, the term “pedagogical frameworks” in Table 5 refers to the format of the included publication, 
specifically studies that propose or describe a framework or model for integrating AI ethics into higher education curricula. In contrast, 
Table 6 summarizes the curricular placement and delivery structure of ethics instruction as reported in the included studies. These 
categories are not hierarchical. Table 5 characterizes the types of evidence included in the corpus, whereas Table 6 characterizes how 
ethics instruction is positioned and delivered within the reported educational settings.

Interpreting Table 6 through this lens highlights where ethics instruction is positioned, and also insights into why embedded 
approaches are frequently adopted in practice.

Embedding ethics in existing courses lowers administrative barriers and allows instructors to situate ethical reasoning within 
tangible design and coding practices. However, this approach often constrains depth, as ethics topics are compressed into brief 
modules or single assignments. Standalone courses, though less common, tend to foster more sustained philosophical reflection and 
critical dialogue. The dominance of embedded delivery suggests a pragmatic orientation toward curricular integration but reveals a 
need for stronger scaffolding that enables ethical inquiry beyond the level of awareness.

2.4. Curriculum content themes

As shown in Table 7, the most frequently taught topics are algorithmic bias and fairness, social impact and responsibility, and 
privacy. These themes align with widespread public concerns and are easily demonstrated through data-driven examples, making them 
pedagogically accessible. In contrast, topics such as explainability, governance, trust, and regulation appear far less often, despite their 
importance in responsible AI practice. The imbalance arises partly from the availability of illustrative case studies and teaching re
sources concentrated around bias and fairness. While these areas are vital, the lack of engagement with structural governance and 
policy literacy limits students’ ability to navigate systemic ethical challenges. The field therefore remains oriented toward individual- 
level ethical sensitivity rather than institutional or regulatory awareness.

2.5. Learning designs

Table 8 details the instructional methods reported in the corpus. Lecture and case-based teaching dominate, reflecting continuity 
with traditional higher-education formats. Participatory methods such as design projects, role play, or simulations are less common, 
even though they align more closely with the experiential nature of ethical decision-making.

2.6. Evaluation methods and analytical practices

Evaluation practices are summarized in Table 9. Surveys and reflective assignments predominate, offering self-reported evidence of 
attitudinal change but rarely addressing skill development or behavioural application. Few studies used validated instruments for 
moral reasoning or ethical decision-making, and only a small subset described analytic rigor in qualitative evaluations. This reliance on 
descriptive or self-assessed outcomes limits confidence in claims of instructional effectiveness. It also reflects a wider challenge in 
educational research on ethics, where affective and cognitive dimensions are difficult to measure. Developing robust evaluative tools 
will be critical for advancing this area beyond anecdotal validation.

2.7. Reported learning outcomes

Reported outcomes are summarized in Table 10. The dominant trend involves cognitive and attitudinal gains where students report 

Table 7 
Curriculum and pedagogical themes.

Theme Representative Focus Frequency Studies (IDs)

Foundational ethics and 
ethical reasoning

Broad ethical considerations, formal 
ethics, ethical concepts

31 S1, S2, S3, S4, S5, S6, S7, S8, S9, S10, S15, S16, S17, S20, S23, S24, S25, 
S26, S29, S30, S31, S33, S34, S35, S36, S37, S38, S39, S40, S41, S42

Bias and fairness Equity and discrimination in data and 
algorithmic design

27 S1, S3, S5, S6, S8, S10, S12, S13, S15, S16, S17, S18, S19, S21, S22, S23, 
S26, S27, S29, S32, S33, S34, S35, S36, S37, S40, S43

Social impact, harms, and 
sustainability

Societal outcomes, harms, and future 
implications

18 S5, S9, S11, S17, S19, S24, S25, S27, S29, S30, S31, S33, S34, S36, S37, 
S39, S40, S42

Privacy and surveillance Data governance and consent in AI 
use

15 S1, S4, S9, S11, S15, S18, S19, S26, S27, S32, S33, S34, S35, S39, S42

Transparency and 
explainability

Interpretability of models and 
decisions

10 S1, S5, S9, S23, S26, S27, S35, S36, S37, S42

Accountability Role of developers and institutions 9 S1, S13, S15, S16, S23, S27, S33, S35, S36
Governance and regulation Legal and institutional mechanisms 9 S1, S3, S15, S17, S24, S26, S30, S33, S39
Security and safety Risk mitigation and harm prevention 9 S1, S11, S19, S26, S30, S34, S37, S39, S42
Trust and human oversight Public confidence and human control 2 S3, S30
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greater ethical awareness, improved conceptual understanding, and heightened recognition of social implications. These findings 
indicate successful sensitization but limited evidence of applied moral reasoning or behavioural change. Only a few studies linked 
learning to practical design contexts or used performance-based assessments. This trend highlights the difficulty of evaluating ethical 
competence that extends beyond classroom reflection. To move forward, programs will need to integrate longitudinal assessment and 
context-specific evaluation to capture durable learning effects.

2.8. Population

Population numbers of students referred to in the collected articles are summarized in Table 11. Across studies, participant pools 

Table 8 
Learning designs.

Method or Tool Frequency Observed Purpose Studies (IDs)

Case study discussion 18 Application to real-world ethical 
scenarios

S1, S2, S3, S5, S7, S15, S16, S17, S18, S20, S23, S26, S30, S32, S33, S34, S36, 
S37

Lecture-based 
instruction

23 Foundational knowledge 
dissemination

S1, S3, S4, S9, S10, S12, S13, S15, S16, S21, S22, S23, S25, S26, S27, S29, S30, 
S33, S34, S38, S39, S41, S42

Reflection or 
journaling

11 Self-assessment and value 
articulation

S2, S4, S12, S17, S26, S31, S33, S35, S37, S41, S42

Hands-on project or 
lab

12 Contextualized ethical reasoning S5, S13, S22, S26, S27, S29, S30, S37, S38, S41, S42, S43

Collaborative group 
work

8 Shared reasoning and debate S1, S17, S18, S26, S27, S38, S41, S42

Role play or 
simulation

6 Experiential understanding of moral 
dilemmas

S1, S2, S17, S18, S19, S26

Table 9 
Evaluation approaches.

Evaluation Approach Frequency Representative Focus Studies (IDs)

Survey or questionnaire 15 Measuring attitudinal change S15, S17, S18, S21, S22, S23, S25, S29, S33, S34, S36, S37, S38, S39, S43
Assignment or exam 6 Evaluating conceptual comprehension S11, S12, S13, S15, S25, S36
Interviews with student 3 Qualitative insight into learning process S12, S32, S38

Table 10 
Reported learning outcomes.

Outcome Category Frequency Typical Evidence Reported Studies (IDs)

Ethical awareness 28 Increased sensitivity to ethical issues S1, S8, S10, S13, S15, S16, S17, S18, S19, S20, S21, S22, S23, S24, S25, S29, S30, 
S31, S32, S33, S34, S35, S36, S37, S38, S39, S41, S42

Ethical reasoning 20 Improved ability to analyze dilemmas S7, S12, S16, S17, S19, S21, S22, S23, S24, S25, S29, S31, S33, S34, S35, S37, 
S38, S39, S40, S42

Social impact 
assessment

18 Better evaluation of AI’s 
consequences

S8, S11, S12, S15, S17, S19, S22, S23, S24, S25, S29, S30, S31, S34, S36, S37, 
S41, S42

Understanding of 
principles

14 Enhanced knowledge of fairness, bias, 
and responsibility

S1, S6, S7, S10, S11, S12, S20, S23, S25, S30, S33, S34, S35, S39

Critical thinking 12 Strengthened analytic and reflective 
capacity

S1, S4, S19, S24, S30, S31, S33, S34, S35, S37, S41, S42

Table 11 
Population.

Outcome Category Frequency Representative Focus Study IDs

Computer Science / 
Engineering - 
Undergrad

26 Studies that reported participants who were 
undergraduate students in computer science and/or 
engineering (broadly)

S3, S4, S5, S6, S7, S8, S11, S12, S13, S16, S17, S18, 
S19, S20, S21, S23, S24, S25, S26, S29, S32, S33, S34, 
S36, S38, S39

Computer Science / 
Engineering - Graduate

17 Studies that reported participants who were graduate 
students in computer science and/or engineering 
(broadly)

S3, S4, S5, S8, S9, S10, S12, S15, S23, S25, S26, S27, 
S30, S32, S35, S41, S42

Non-computer science / 
Engineering - 
Undergrad

6 Studies that reported participants who were 
undergraduate students in non-computer-science 
disciplines (broadly)

S5, S24, S25, S33, S37, S43

Non-computer science / 
Engineering - Graduate

4 Studies that reported participants who were graduate 
students in non-computer-science disciplines (broadly)

S5, S25, S35, S43
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skew toward technical cohorts and earlier stages of training. This narrows how AI ethics learning is conceptualized, centering 
developer perspectives and classroom reflection over the ethics of use, oversight, and sector-specific practice. The result is curricular 
siloing that limits transfer across contexts and obscures how outcomes vary by disciplinary culture, prior expertise, and career 
orientation. External validity is also constrained when populations mirror a single learner profile, making it difficult to infer what 
works in law, business, health, or public policy classrooms.

2.9. Synthesis

The reviewed studies depict AI ethics education as an expanding domain characterized by diverse instructional and evaluative 
approaches. Across the corpus, studies more often emphasize exposure to ethical issues and self-reported learning than performance- 
based assessment, with surveys and reflective assignments predominating and few studies using validated instruments for moral 
reasoning or ethical decision-making. Limited use of standardized assessment approaches makes it difficult to compare outcomes 
across studies. In addition, the literature remains concentrated in technical contexts and earlier stages of training, which constrains 
what can be inferred about how AI ethics education functions across disciplinary settings and professional programs.

Most studies originated from computer science and engineering departments, and undergraduate learners accounted for the ma
jority of participants, with fewer initiatives reported at the graduate level. Fewer studies reported implementations in non-technical 
disciplines. This distribution indicates that the included literature disproportionately reflects AI ethics education as it is delivered 
within technical programs. Greater representation from additional disciplines could broaden the range of curricular approaches re
ported in the literature and support comparisons across different educational contexts.

3. Discussion

3.1. Course structure and content delivery

This review found a strong preference for embedding AI ethics education within technical courses, rather than teaching it as a 
standalone subject. Embedding ethics alongside technical content may help students encounter ethical issues in closer proximity to 
design and implementation contexts, but a key remaining concern is whether integration allows sufficient depth in ethical reasoning. 
Some articles suggested that embedded delivery can pique students’ interest in ethics and improve self-perceived ethical awareness 
and decision-making (Grosz et al., 2019; Kopec et al., 2023). A related challenge is ensuring instructors have the cross-domain 
knowledge and shared vocabulary needed for interdisciplinary teaching (Grosz et al., 2019). Targeted inquiry is needed to assess 
the strengths and limitations of embedded ethics more rigorously.

Standalone courses may provide broader foundations in ethical theory but can risk abstraction if discussion is not connected to 
technical practice. This trade-off between breadth and contextual grounding may be mitigated by incorporating domain-specific 
principles, such as healthcare, which can anchor ethical reasoning in sector expectations that shape AI design and deployment 
(Guizzardi et al., 2023; Zuber et al., 2022).

Direct comparative studies of embedded versus standalone approaches in AI ethics education were not found. One relevant 
comparison was found outside of this review, in a study of postgraduate students enrolled in business ethics courses (Coldwell et al., 
2020), which demonstrated that both approaches positively influenced students’ moral reasoning and ethical decision-making, albeit 
in different ways. That study found no statistically significant difference in perceived effectiveness; qualitative responses suggested 
that standalone courses better developed theoretical reasoning, while embedded courses better supported practical ethical 
decision-making.

Future work should test these patterns within AI ethics education through comparative studies that use shared outcomes and 
analytic rubrics, track knowledge, skills, attitudes, and behaviors across time, while including interdisciplinary cohorts.

3.2. Curriculum content and themes

AI ethics education often centers on broad ethical literacy and established issues such as algorithmic bias, fairness, privacy, and 
social responsibility. In contrast, explainability, trust, and governance receive comparatively less attention in AI ethics curricula, 
despite their prominence in responsible AI discourse (Reuel, 2025). Explainability is often linked to system trustworthiness, and trust is 
commonly discussed as a condition for public acceptance and adoption of AI systems (Afroogh et al., 2024)Governance and regulatory 
frameworks were also underrepresented. Although governance features prominently in policy and ethics discourse (Jobin et al., 2019), 
limited curricular coverage may leave students less prepared to engage with legislation and policy as they move into professional or 
civic roles, One study made understanding frameworks and governance an explicit learning outcome, giving students tools to navigate 
policy expectations (Alam, 2023). Such designs show that governance can be taught as applied practice rather than background 
context.

Coordination between education and policymaking may strengthen alignment between competency expectations and program 
design by ensuring that what students are taught reflects evolving governance needs and professional responsibilities. In practice, this 
could involve shared competency frameworks that translate regulatory and ethical expectations into teachable and assessable learning 
outcomes, as well as mechanisms for updating curricula as policy guidance changes. A Canadian report on ethical tech innovation 
recommends collaboration among academia, government, and accrediting bodies (Love et al., 2021), which could support the 
development of common expectations for AI ethics competencies across programs. Such coordination may also improve comparability 
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across courses and institutions by encouraging consistent reporting of learning outcomes and assessment approaches, and by reducing 
disciplinary silos that limit students’ exposure to governance, oversight, and policy-relevant dimensions of responsible AI.

Future research should test whether adding modules on explainability, trust, and governance improves performance on scenario- 
based tasks and policy interpretation. Comparative studies can evaluate curricula with and without these components using shared 
outcomes and rubrics. Longitudinal designs should assess whether gains persist beyond the term, and interdisciplinary cohorts should 
examine how preparation differs across technical and non-technical programs.

3.3. Educational strategies

AI ethics instruction employed a wide range of strategies, from lectures and case studies to small-group discussions, role-playing, 
and applied activities. Lectures were the most frequently reported method, yet they rarely appeared in isolation. Authors typically 
combined them with active formats such as case-based learning or hands-on projects. This pattern suggested that educators already 
used blended approaches to engage students in ethical reasoning. Many of the instructional methods observed, such as real-world 
examples, role-play, and group work, align with established principles for ethics instruction that emphasize dialogical, participa
tory, and applied learning experiences (Bebeau, 2002; Hartman & Hartman, 2004). However, the wide variation in pedagogical 
strategy is not matched by an equally robust body of evaluative research.

3.4. Evaluation of learning outcomes

Across the included studies, self-report methods were the most common approach to evaluating learning outcomes, especially 
surveys and student reflections. While these methods offer valuable insights into students’ perceived learning, engagement, and 
attitudinal shifts, they also present notable limitations. Self-assessment can be useful when measuring changes in attitudes, perceived 
competence, or learning gains, but its effectiveness varies depending on the context and the design of the tool, and making comparisons 
across studies or student populations can be challenging if the self-assessment instruments are not validated or standardized (Davis 
et al., 2023). Thus, it can be difficult to accurately assess actual improvements in ethical reasoning or decision-making skills using 
self-report alone.

Performance-based assessments appeared less frequently. When evaluation relied on course grades, ethics-specific learning criteria 
were not always clearly separable from other grading components in the reporting, which may limit interpretability. Digital hu
manities scholars have critiqued a broader drift toward “ethical compliance,” where ethics is treated as rule-following and thus easily 
graded, which can displace reflective, long-term internalization of ethical thinking (Proferes, 2021). This critique raises concerns about 
the suitability of grades as a primary indicator of ethics learning in AI contexts.

A major concern identified in this review is the prevalence of purported learning outcomes: claims about student learning outcomes 
that are presented without accompanying empirical evidence. Many papers outline expected outcomes, such as improved ethical 
awareness or critical thinking, but do not formally evaluate whether these outcomes are achieved. For example, Alam (2023) describes 
a course stating that students will “understand the technical capabilities and limitations of AI systems, as well as the potential impact of 
AI on society, including issues related to safety, fairness, privacy, and ethics”. However, the paper does not provide any empirical 
evaluation to support the claim that students actually learned or will learn this. This pattern was found across multiple studies, where 
positive outcomes are purported but not substantiated through structured assessment.

A central issue was the lack of empirical assessment across methods. Few studies tested whether specific educational strategies 
produced measurable gains in ethical understanding, reasoning, or behavior. As a result, it remains unclear which approaches are most 
effective for different learning goals or student populations. A systematic review that examined empirically reported studies on AI 
ethics education and interventions across K-12 and post-secondary settings reached similar conclusions (Wiese et al., 2025). It 
highlighted the need to further develop interdisciplinary AI ethics and to separate educational evaluation from research approaches so 
that claims about effectiveness rest on sound evidence.

Reporting detail about instruments, scoring, and analytic procedures was often limited, which constrains cross-study compara
bility. Few papers described how they analyzed results, which limited assessment of rigor and reliability and made comparisons across 
interventions difficult. More structured and transparent assessment frameworks are needed to move beyond self-report toward 
evidence-based claims. One option is to anchor outcomes in Bloom’s taxonomy, which distinguishes knowledge types and cognitive 
processes and can guide the selection of aligned measures (Krathwohl, 2002). A taxonomy-based approach makes the link explicit 
between activities, targeted outcomes, instruments, scoring, and analysis.

Based on the evaluation patterns synthesized in this review and recurring limitations in reporting and analytic transparency, we 
propose a set of assessment recommendations that may improve comparability across AI ethics courses and strengthen the inter
pretability of learning claims. These recommendations are offered as practical guidance for aligning outcomes, measures, and 
reporting, rather than as claims about the effectiveness of any single pedagogy. 

1. Learning outcomes should be stated in observable terms that match the claim being made, for example, knowledge, skills, attitudes, 
or applied judgment. In practice, this means avoiding broad outcomes such as “students will understand AI ethics” and instead 
specifying what learners will be able to do or demonstrate, such as identifying ethically salient features of an AI deployment 
scenario, articulating relevant stakeholders and potential harms, or applying a structured framework to justify a course of action. 
This is consistent with backward-design guidance that treats actionable outcomes as the basis for identifying appropriate “evi
dence” of learning (Tsunami et al., 2024). This level of specificity helps readers interpret whether the chosen measures plausibly 
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align with the stated outcomes and reduces ambiguity in claims about learning by making the intended evidence and its rela
tionship to the outcome more explicit.

2. When applied ethical reasoning or decision-making is an intended outcome, include at least one performance-based assessment in 
addition to self-report measures, because competence-like outcomes can look very different when measured by what students say 
versus what they do on an applied task (Davis et al., 2023). A feasible minimum is a scenario-based prompt in which students must 
identify ethically salient issues, weigh competing values, justify a recommendation, and acknowledge uncertainty or trade-offs, 
scored with an explicit rubric.

3. When surveys are used, prioritize instruments with published validity evidence and documented measurement properties that fit 
the construct and context, since even widely used higher-education questionnaires can rest on weak-to-moderate and incomplete 
validity evidence, making uncritical score interpretation risky (O’Neill et al., 2023). Where study-specific items are necessary, 
report item origins, such as those derived from stated learning outcomes or a conceptual framework, response scales, and key 
limitations affecting interpretation or comparability. Even brief validity-related reporting would strengthen the credibility of 
conclusions drawn from survey results and support more meaningful cross-study comparison.

3.5. Reported learning outcomes

Across included studies, authors most commonly reported student’s gains in ethical awareness and their ability to recognize issues. 
It remained unclear, however, whether this awareness translated into deeper ethical reasoning or improved decision-making. Many 
papers reported heightened awareness or improved conceptual grasp of fairness and bias, but are missing whether students applied 
principles in practice. This gap points to a need to assess not only what students know, but how they use that knowledge in real or 
simulated contexts.

The findings raise a curricular question about whether awareness-focused instruction provides sufficient preparation for profes
sional contexts where practitioners must apply ethical principles to authentic challenges. Future work should test designs that 
deliberately build moral reasoning skills, make ethical commitments explicit, and require students to weigh competing values in 
ambiguous or high-stakes scenarios. Studies should compare alternative designs using shared outcomes and analytic rubrics, incor
porate performance-based tasks and reflective components, follow students longitudinally to assess durability, and include interdis
ciplinary cohorts to evaluate generalizability.

3.6. Direction of change and long-term impact

Across studies that reported outcomes, authors commonly described positive effects on ethical awareness and thinking. Limited 
reporting of neutral or negative findings raises the possibility of publication or reporting bias, which can distort judgments about 
which strategies are genuinely effective. In addition, many papers framed success in broad terms without testing the magnitude of 
change or the conditions under which it occurred. This pattern limits interpretability because outcomes are often reported as 
improvement without sufficient detail to assess degree, variation, or uncertainty. More granular evaluations are therefore needed, 
including attention to differences by student population, instructional strategy, and learning objectives. One practical option for 
reducing ambiguity is to specify intended learning using a taxonomy-based approach, such as Bloom’s taxonomy, which can support 
clearer alignment between outcome claims and assessment methods by distinguishing cognitive processes (Krathwohl, 2002).

A further limitation is that the literature provides little insight into long-term impact. Short-term assessments dominated the 
corpus, and we did not identify studies that followed students over time to examine whether ethical understanding is retained or 
whether reasoning transfers to later academic or professional contexts. This gap is consequential because AI is increasingly embedded 
in professional and civic settings where ethical judgment must be applied under constraints, including organizational incentives, 
limited information, and competing stakeholder demands. If the aim of AI ethics education includes preparing learners to navigate 
such conditions, then evidence is needed on whether learning persists beyond the course and supports application in realistic contexts. 
Relatedly, the “alignment problem” is often framed as aligning AI systems with human values (Ngo et al., 2022). A complementary 
challenge is aligning ethics education with the long-term goal of cultivating durable ethical reasoning that remains usable when 
learners face uncertainty, trade-offs, and institutional pressures. From this perspective, instruction should build immediate under
standing while also supporting the development of ongoing reflective capacities, judgment, and responsible action.

To strengthen the evidence base, future research should expand reporting beyond positive effects by including null and negative 
findings and by specifying the magnitude and distribution of change where quantitative designs are used. Where feasible, studies can 
preregister outcomes and analysis plans to reduce analytic flexibility and improve interpretability. Designs should also operationalize 
learning outcomes in ways that permit comparison across contexts, including taxonomy-aligned measures and rubric-scored perfor
mance tasks when applied judgment is an intended outcome. Finally, longitudinal designs are needed to examine durability and 
transfer, including follow-up measures or application-focused assessments linked to internships, capstones, or early professional roles. 
Comparative designs and interdisciplinary cohorts would further help clarify which instructional approaches support sustained ethical 
decision-making beyond the classroom.

3.7. Population and disciplinary focus

The disciplinary concentration observed in this review, with most studies focused on computer science and engineering students, 
suggests that AI ethics education remains framed primarily as a technical concern. This framing prioritizes issues tied to development 
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and deployment while giving less attention to ethical challenges of use, oversight, and regulation in fields such as law, business, 
healthcare, design, and public policy. It also contributes to ethical “silos” within AI education, as Javed et al. (2023) note, curricula are 
frequently compartmentalized by discipline and topic, which limits opportunities for interdisciplinary integration. As AI shapes 
diverse sectors, a narrow disciplinary focus risks excluding the insights, priorities, and lived experiences of professionals who 
implement, regulate, and respond to the societal impacts of AI (Javed et al., 2023).

Broadening access to AI ethics education across disciplines is therefore essential. Doing so can cultivate more context-sensitive 
reasoning and build the cross-sector expertise needed for collaborative and inclusive AI governance. Future work should test inter
disciplinary models such as co-taught courses, mixed cohorts, and problem-based projects using shared outcomes and analytic rubrics. 
Studies should compare results across technical and non-technical programs, include longitudinal follow-ups to assess durability, and 
examine whether interdisciplinary designs reduce siloing while preserving conceptual depth and technical relevance.

3.8. Potential limitations

We used a Continuous Active Learning (CAL) system to prioritize title and abstract screening. The initial search retrieved 50 766 
records. Following developer guidance, screening paused when a screener encountered five consecutive batches of 100 records each 
with an inclusion rate below 5 percent. Using this stopping rule, we screened only 9 441 records rather than the full set. Because CAL 
continuously ranks records by predicted relevance, some relevant items can be pushed late in the queue and never reviewed once the 
yield threshold is reached. As a result, it is possible that eligible studies were missed due to the prioritization and stopping mechanism 
inherent to the CAL process.

Screening occurred in English only due to team capacity. Relevant studies published in other languages may have been missed, 
which could bias the corpus toward English-speaking regions and venues. Searches covered 2011 to July 2024. Earlier work and very 
recent publications outside this window were not assessed. Given the fast pace of AI pedagogy, findings may underrepresent the most 
recent instructional innovations. Although we searched multiple academic databases, we did not systematically retrieve grey literature 
such as course websites, syllabi repositories, or internal institutional reports. Excluding these sources may omit applied curricula and 
evaluations that are not formally published.

We categorized studies as primary, component, or peripheral to focus the synthesis. These labels depend on author reporting and 
reviewer judgment. Misclassification is possible where papers use overlapping terms for AI, data science, or computing ethics, which 
could shift counts at the margins. Included studies varied in outcome definitions, instruments, and analytic approaches. This het
erogeneity precludes effect-size estimation or formal cross-study comparisons and limits the strength of inferences about relative 
effectiveness.Most included studies focused on university contexts with undergraduate and graduate students. This skew may overlook 
insights from polytechnics, colleges, and other post-secondary institutes, limiting what can be inferred about AI ethics education 
outside university settings.

4. Concluding Remarks

As authors, we interpret the evidence presented in this review as a detailed portrayal of a field in rapid transformation. To fore
ground the contribution, we distill the synthesis into three core implications for instructional design and future research.

First, course positioning matters. Across the corpus, AI ethics instruction is most often embedded within technical courses (Section 
3.3; Table 5), yet the literature lacks comparison of embedded and standalone formats using shared outcomes or analytic rubrics. This 
gap matters because widely used curriculum and accreditation guidance frames ethical and professional responsibility as a core 
learning outcome for computing and engineering graduates, making it important to build an evidence base about how different 
instructional formats support that outcome (Joint Task Force on Computer Science Curricula, 2024; ABET, 2024).

Second, curricula tend to prioritize “teachable” topics, while governance-related competencies lag. Bias, fairness, and privacy 
dominate curricular attention in the reviewed studies, whereas governance, regulation, and explainability appear less frequently. This 
imbalance is notable in light of governance-oriented frameworks and emerging regulations that foreground accountability, trans
parency, and explainability as central expectations for trustworthy AI practice (NIST, 2023).

Third, the synthesis indicates that the field would benefit from shared assessment frameworks that enable a shift from justification 
to verification in claims about instructional impact. Evaluation practices in the included literature relied heavily on self-report 
measures and reflective artifacts, and many studies reported positive outcomes without providing sufficient detail to evaluate mea
surement validity, scoring procedures, or analytic rigor. Related reviews of ethics-education assessment similarly emphasize the 
limited use of valid and reliable instruments and the need for further instrument development and validation (Kim & Bairaktarova, 
2023). As a result, it remains difficult to determine which instructional strategies support particular forms of learning, and whether 
reported gains extend beyond short-term awareness to more durable reasoning or applied judgment. For future research, the impli
cation is that advances in pedagogy should be accompanied by advances in evaluation infrastructure, including clearer outcome 
specification, more transparent assessment reporting, and designs that support replication and cross-study comparison.

4.1. Pedagogical interpretation

The results in Section 3.3 and Table 6 show that ethics instruction in AI is most often embedded within technical courses. This 
model has the practical benefit of accessibility and curricular feasibility but also positions ethics as a secondary concern. Embedding 
provides context but can restrict the time and conceptual depth needed for genuine ethical deliberation. Standalone courses, which are 
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fewer in number, demonstrate richer opportunities for philosophical engagement, interdisciplinary dialogue, and reflection. We 
believe that future pedagogy should combine both approaches, embedding ethics within technical work while also creating dedicated 
spaces for theoretical and moral reasoning.

The thematic distribution in Section 3.4 and Table 7 show that bias, fairness, and privacy dominate curriculum content, while 
governance, regulation, and explainability appear less frequently. We interpret this as a reflection of pedagogical pragmatism. Topics 
such as bias and fairness are concrete, supported by abundant examples and open datasets, which make them easier to teach and 
evaluate. In contrast, governance and regulatory literacy require interdisciplinary coordination and familiarity with policy frameworks 
that few technical instructors possess. This imbalance highlights the need to invest in educator training and institutional partnerships 
that enable teachers to address both individual and systemic dimensions of AI ethics.

4.2. Interpretation of teaching and learning practices

The pedagogical methods presented in Section 3.5 and Table 8 reveal a strong reliance on lecture and case discussion. These 
methods are effective for foundational literacy but inadequate for developing ethical agency. We understand this as a structural 
challenge that reflects the composition of teaching teams rather than a lack of pedagogical imagination. Most instructors come from 
technical disciplines and are more comfortable delivering content than facilitating ethical dialogue or open reflection. Institutional 
incentives and resource limitations also make active learning more difficult to implement.

The dominance of self-reported evaluation methods described in Section 3.6 and Table 9 further demonstrates the need for vali
dated assessment tools. Surveys and reflective essays provide insight into student attitudes but not into their ability to reason ethically 
in practice. The field requires standardized instruments and shared rubrics that capture multiple dimensions of ethical learning, 
including analytical reasoning, empathy, and decision-making under uncertainty. To make this need actionable and comparable across 
studies, we summarize a minimum set of assessment recommendations in that specifies outcomes, performance tasks, scoring trans
parency, and durability checks.

The learning outcomes summarized in Section 3.7 and Table 10 show that most courses succeed in raising awareness but fall short 
of demonstrating behavioural change. This trend is consistent with the early stages of curricular innovation. Awareness and reflection 
are necessary first steps, but they must evolve into competence and accountability. We believe that longitudinal curriculum design can 
help link awareness to application by creating continuous opportunities for ethical engagement throughout the degree program.

4.3. Disciplinary and institutional implications

Section 3.8 shows that most AI ethics initiatives are housed within computing and engineering programs. This distribution reflects 
where public scrutiny and regulatory pressure are most intense. However, it also reinforces a narrow conception of ethics as a matter of 
technical compliance rather than human judgment. We believe that real progress will depend on interdisciplinary integration. Courses 
in law, philosophy, social sciences, business, and design should be co-developed with computing departments to reflect the socio
technical nature of AI systems. Institutions should encourage co-teaching arrangements and shared learning outcomes that make 
ethical reasoning a collective academic responsibility rather than a specialized elective.

The emphasis on undergraduate education also suggests that many initiatives are reactive to institutional mandates or accredi
tation requirements. Graduate and professional programs remain comparatively underdeveloped. Yet it is precisely in these advanced 
stages of training that ethical reasoning must mature into professional accountability. Expanding the reach of AI ethics education 
beyond introductory courses will ensure continuity and depth in ethical development.

4.3.1. Implications for educators and instructional design
For educators designing AI ethics instruction in higher education, the synthesis suggests three practical priorities. First, because 

embedded delivery dominates the literature, instructors integrating ethics into technical courses should make ethics outcomes explicit 
and protect time for structured ethical reasoning rather than treating ethics as an add-on. Second, because curricular coverage clusters 
around bias/fairness and privacy, courses should consider adding structured exposure to governance and regulation, transparency and 
explainability, and trust and oversight to better reflect the breadth of responsible AI concerns. Third, because evaluation is often based 
on self-report, instructors can strengthen evidentiary claims by pairing self-report with at least one performance-based activity (for 
example, a scenario-based task scored with a rubric) that captures applied ethical judgment.

4.3.2. Implications for policymakers and accrediting bodies
For policymakers, professional bodies, and accrediting organizations seeking to strengthen responsible AI capacity, the findings 

indicate that clearer competency expectations and reporting norms would improve comparability across educational initiatives. Field- 
level guidance that specifies minimum competencies (for example, ethical issue recognition, applied reasoning, and governance lit
eracy) and encourages transparent evaluation reporting (instruments, scoring procedures, and analytic approach) could help shift the 
evidence base from descriptive accounts toward cumulative knowledge. In addition, incentives that support interdisciplinary teaching 
and shared assessment infrastructure may reduce disciplinary siloing and strengthen alignment between educational practice and 
emerging governance expectations.
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4.4. Methodological and theoretical implications

The studies reviewed in Section 3 underline that pedagogical creativity has not yet been matched by theoretical coherence. Many 
instructors introduce innovative learning activities but seldom relate them to established theories of moral or experiential learning. As 
authors, we consider this a missed opportunity. Integrating frameworks from education and moral psychology could help explain how 
ethical understanding is acquired, practiced, and retained. Building on reflective and transformative learning theories can also clarify 
how students internalize ethical principles and apply them under real constraints. Aligning pedagogy with theory will strengthen the 
epistemic foundations of AI ethics education and elevate it from an experimental phase to a research-based field.

4.5. Limitations and future directions

We acknowledge several limitations that parallel those observed in the reviewed literature and detailed in The focus on English- 
language and peer-reviewed publications may have excluded innovative practices from other linguistic or informal educational 
contexts. Many studies provided limited methodological detail, which restricted our ability to evaluate the quality of evidence. 
Because this is a scoping review, we did not conduct a formal critical appraisal or statistical power assessment across included studies. 
These limitations reflect broader structural issues in how AI ethics education research is conducted and reported.

Looking ahead, we believe that future research should prioritize longitudinal and comparative designs that assess how ethical 
learning is retained and applied beyond the classroom. Studies should follow students into professional environments to examine how 
ethical reasoning influences real decision-making. Comparative analyses across institutions and teaching methods can help identify 
which pedagogical strategies are most effective for specific learning outcomes. Collaboration among educators, evaluators, and pol
icymakers will be crucial for building a more cumulative and reliable evidence base.

Reflecting on these findings, we believe that AI ethics education has reached an important threshold. The field has succeeded in 
establishing visibility and legitimacy across higher education, but it now faces the challenge of depth, coherence, and sustainability. 
Our synthesis of the literature shows that awareness-raising initiatives have paved the way for a more deliberate phase of curriculum 
design, one that requires stronger theoretical grounding and empirical validation.

We see this as a pivotal moment for both research and practice. The potential of AI ethics education lies in its ability to move beyond 
declarative knowledge toward genuine ethical competence. Achieving this will require interdisciplinary collaboration, shared stan
dards for assessment, and institutional support that recognizes ethical reasoning as a professional skill. By coordinating efforts to 
identify field-level research priorities, there is greater potential for collective societal impact. If pursued with rigor and inclusivity, AI 
ethics education can become not only a safeguard against technological harm but also a catalyst for cultivating reflective, responsible, 
and socially engaged practitioners of AI.
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