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ABSTRACT
Responsible Data Science (RDS) and Responsible AI (RAI) have
emerged as prominent areas of research and practice. Yet, educa-
tional materials and methodologies on this important subject still
lack. In this paper, I will recount my experience in developing,
teaching, and refining a technical course called “Responsible Data
Science”, which tackles the issues of ethics in AI, legal compliance,
data quality, algorithmic fairness and diversity, transparency of
data and algorithms, privacy, and data protection. I will also de-
scribe a public education course called “We are AI: Taking Control
of Technology” that brings these topics of AI ethics to the general
audience in a peer-learning setting. I made all course materials are
publicly available online, hoping to inspire others in the community
to come together to form a deeper understanding of the pedagogical
needs of RDS and RAI, and to develop and share the much-needed
concrete educational materials and methodologies.
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1 INTRODUCTION
Automated Decision Systems (ADS) process data about people,
some of which may be sensitive or proprietary, and help make deci-
sions that are consequential to people’s lives and livelihoods. These
systems are used every more broadly, and with their wide-spread
use comes the impetus to ensure that they are designed, developed
and deployed responsibly — in accordance with ethical norms, and
with legal and regulatory requirements. Current computer science
and data science students will soon become practising data sci-
entists, influencing how ADS are built, tested and deployed, and
more generally, how technology impacts society. And while these
students are increasingly aware of the potential societal risks of
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technology, few of them are equipped with responsible data science
skills and competencies.

In this paper, I will recount my experience in developing, teach-
ing, and refining a technical course on Responsible Data Science
(RDS), which tackles the issues of ethics in AI, legal compliance,
data quality, algorithmic fairness and diversity, transparency of
data and algorithms, privacy, and data protection. Although numer-
ous ethics courses are available, with many focusing specifically
on technology and computer ethics, pedagogical approaches used
in these courses rely exclusively on texts rather than on software
development or data analysis. For this reason, technical students
often consider these courses unimportant and a distraction from
the “real” material. How can we develop materials and instructional
methodologies that are thoughtful and engaging, and that help
students gain knowledge and skills useful in their future careers? I
believe that, to do this, we must strive for balance: between texts and
coding, between critique and solution, and between cutting-edge
research and practical applicability. Finding such balance is both
necessary and difficult in the nascent field of RDS, where we are
only just starting to understand how to interface between the intrin-
sically different methodologies of engineering and social sciences.
In Section 2, “Teaching Future Technologists,” I will speak about
my quest for such a balance.

An immediate realization is that RDS is not a purely technical
discipline, rather, it is socio-legal-technical. When thinking about
the responsible design of the central RDS artifact, an Automated
Decision System, we must consider not only its technical compo-
nents —the data and the model— but, first and foremost, its context
of use: What goals does the ADS aim to achieve? Who are the
stakeholders: individuals, groups or organizations whom the ADS
impacts, directly or indirectly? What are the benefits when the
ADS works well and who benefits? What are the risks, and the
actual or potential harms, and who is harmed? Who decides on the
appropriate balance between the benefits and the risks? And whose
responsibility is it to mitigate the harms?

By pondering these questions, we come to another immediate
realization, namely, that facilitating the responsible design, devel-
opment and use of ADS is everyone’s job. No single stakeholder
group, no matter how well-resourced or well-intentioned, can do
this alone. This realization has motivated me to developing educa-
tional materials and methodologies on Responsible Data Science
(RDS) and Responsible AI (RAI) for a variety of audiences. In Sec-
tion 3, “Teaching Members of the Public,” I will describe a public
education courseWe are AI: Taking Control of Technology that brings
these topics to the general audience in a peer-learning setting.

While I write this article in the first person, the work discussed
here would not have been possible without collaboration and input
frommany ofmy colleagues. Their names and specific contributions
are discussed in the Acknowledgments section.
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2 TEACHING FUTURE TECHNOLOGISTS
I have been developing and teaching Responsible Data Science
(RDS) courses at the Center for Data Science at New York Univer-
sity since Spring 2019. The graduate course is offered annually,
with a substantial increase in enrollment and an addition of an
undergraduate course in 2021. During the last 2 years, I have been
co-teaching RDS with George Wood. We have been collaborating
on making the course modular and scaling it up in response to
increasing demand.

Slightly different versions of the course are offered to under-
graduate and graduate students. Course structure, and most of the
materials and methodologies, are in common between the two audi-
ences, although the undergraduate course proceeds at a somewhat
slower pace and its assignments are somewhat less demanding. Be-
cause the commonalities are more substantial than the differences,
I will refer to different offerings collectively as “the course” in the
remainder of this section.

2.1 Course Overview
The RDS course is structured as a sequence of lectures, with supple-
mentary readings, labs, accompanying assignments, and a course
project. The course relies on classroom-based instruction. It ran
in hybrid mode during the COVID-19 pandemic but still followed
the same general methodology, with lectures and labs offered syn-
chronously to students over Zoom.

All course materials, including the syllabus, complete lecture
slides, lab assignments, and reading materials, are publicly available
on the course website.1 Homework assignments, with solutions
and grading rubrics, and a detailed description of the course project,
will be made available to instructors upon request. Instructional
materials and methodologies are discussed in Section 2.3.

Enrollment statistics. RDS is offered annually in the Spring semes-
ter. In Spring 2019 and 2020, the course enrolled 18 and 46 graduate
students, respectively. In Spring 2021, an undergraduate course
was added, and we enrolled around 60 students in each undergrad-
uate and graduate cohort (120 students in total). In Spring 2022,
there was, once again, substantial increase in demand, with around
90 students in the graduate course and 125 in the undergraduate.
Enrollment was capped at these class sizes, and every available
seat in both courses was filled. Notably, the undergraduate course
is among the degree requirements of the new Bachelors in data
science at NYU, while the graduate course serves as an elective for
several Masters and PhD programs.

Prerequisites. The course has Introduction to Data Science or In-
troduction to Computer Science as its only prerequisite. A machine
learning course is not a prerequisite for RDS. This is a deliberate
choice that reflects our goals to (1) educate data science students
on ethics and responsibility early in their program of study, and
(2) to enroll a diverse group of students, including those who may
not go on to take machine learning. Students are expected to have
basic familiarity with the python programming language, which is
used in labs and assignments.

1Responsible Data Science course website, https://dataresponsibly.github.io/courses/.

Figure 1: The transparency and interpretability module of
the Responsible Data Science course.

2.2 Course Organization
During this semester-long course, students complete several the-
matic modules, in which content is delivered through a combination
of case studies (often from the recent press), fundamental algorith-
mic techniques, and hands-on exercises with open-source datasets
and software libraries. The order of topics, the extent to which they
are covered, and their break-down into modules, has evolved over
the years, and is likely to continue to evolve as the field of RDS and
Responsible AI (RAI) develops and matures. Currently, the course
consists of 4 modules:

• Module 1: Algorithmic fairness (4 weeks)
• Module 2: The data science lifecycle (2 weeks)
• Module 3: Data protection (3 weeks)
• Module 4: Transparency and interpretability (4 weeks)

Figure 1 shows the structure of the Transparency and Inter-
pretability module on the course website, presenting the content of
a typical week. This GitHub page contains links to lecture slides, as-
signed reading, and Google Colaboratory notebooks for that week’s
hands-on lab, for each undergraduate and graduate course.

In selecting the topics to cover and in structuring them as mod-
ules, I started with the technical topics that have been the focus
of the Fairness, Accountability, Transparency, and Ethics (FATE)
community, as represented by the ACM FAccT conference and by
papers on relevant topics at major AI conferences like AAAI, IJCAI
and NeuRIPS. The initial set of topics included algorithimic fairness,
transparency, and interpretability. I then expanded this set to weave
in material on ethics, law and regulation, and data engineering, as
discussed below.

Module 1. This module begins with an introduction and overview
of the course, centering the conversation on automated decision sys-
tems (ADS, see Introduction), stakeholders (those who are impacted
by the operation of an ADS, directly or indirectly), benefits, and
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Figure 2: A sampling of educational comic books on respon-
sible data science and AI, available in multiple languages.

harms. We then dive into algorithmic fairness, going beyond classi-
fication and risk assessment, as is currently typical in this line of re-
search [4], to also include fairness in set selection and ranking [41],
to consider intersectional discrimination [39], and to make con-
nections between algorithmic fairness and diversity[8, 17, 38]. An
important component of this module is the introduction of equality
of opportunity doctrines from political philosophy [11, 12, 25, 27],
and novel content on the mapping between algorithmic fairness
and equality of opportunity [13–15, 41].

Module 2. This module takes a lifecycle view of responsible data
science, as a step towards a more holistic (rather than reductionist)
treatment of technology ethics [35]. Here, we make connections
between RDS and responsible data management and data engineer-
ing, emphasizing the importance of both (1) the data lifecycle, and
(2) the lifecycle of the design, development, deployment, and use of
ADS [29, 35]. Data engineering topics are often overlooked in data
science education in general, and have also received limited atten-
tion so far in RDS research. Yet, responsibility concerns, and impor-
tant decision points, arise in data sharing, annotation, acquisition,
curation, cleaning, and integration. Consequently, opportunities
for improving data quality and representativeness, controlling for
bias, and allowing humans to oversee the process, are missed if we
do not consider these earlier lifecycle stages [16, 18, 34].

Module 3. This module tackles data protection and privacy, and
makes a connection between these topics and applied ethics. We
discuss reconstruction attacks (e.g., [23]), and then dive more deeply
into the fundamental law of information recovery [7] and differen-
tial privacy [9, 10], discussing both the guarantees provided by the
framework and the challenges that prevent its wide-spread adop-
tion [22]. Students work with privacy-preserving synthetic data
generators [21, 24, 42] to appreciate the trade-offs between privacy
and utility. We then discuss data protection concerns that go beyond

privacy, and move into a conversation about a principles-based ap-
proach to ethics in data-intensive research and practice [28].

Module 4. In the final course module, we take a broad view of
transparency and interpretability. We return to the conversation
about ADS stakeholders, and discuss methods for bring them “into
the loop” of automated decision-making based on their unique
needs, concerns, and responsibilities [32]. Technical topics include
feature-based explanations of black-box models [1, 6, 20, 26], dis-
crimination in online ad delivery [1, 5, 37], and nutritional labels
for public disclosure [30, 32, 33, 40]. Legal and regulatory frame-
works are also an important component of this module. Current
international and local regulatory efforts are used to ground the
discussion throughout the course, starting from the first lecture,
and are discussed in detail at the end of the course. To help ground
the course in current events in New York City, students are encour-
aged to attend public hearings of the New York City Committee
on Technology, particularly those pertaining to regulation of ADS,
and to reflect on these hearings during the discussion [36].

2.3 Instructional Materials and Methods
One of the challenges I faced when designing this course was the
lack of a text book that offers comprehensive coverage of Responsi-
ble Data Science, balancing case studies, fundamental concepts and
methodologies from the social sciences, and statistical and algorith-
mic techniques. The RDS course does not have a required textbook,
but each module is accompanies by a “reader” that consists primar-
ily of research papers but also sometimes includes articles from
the popular press. Important concepts from the assigned papers
are covered in class, and students are instructed on where to focus
their attention while reading the papers and which parts to skim or
skip. I have also been co-developing less traditional materials and
methods for RDS instructions, discussed next.

Scientific comics. Falaah Arif Khan and I have been developing
comic books on RDS and RAI.2 We have produced a 5-volume
general audience series called “We are AI” [31], and are working
on a scientific comic series called “Data, Responsibly”, of which 2
volumes have been published to date [2, 3]. We have been using
the RDS course to guide the content of the scientific comic series,
and use the published volumes as supplementary reading for the
course. Figure 2 shows a sampling for the comics, some of which are
available in French, Spanish, and Brazilian Portuguese in addition
to English.

External resources. I have been participating in the development
of a free online course called ‘AI Ethics: Global Perspectives”, where
the goal is to create a living repository of instructional materials
on RDS and RAI. This project is spearheaded by Stefaan Verhulst at
the NYU Governance Lab (The GovLab). The course repository is
currently comprised of 35 online modules — recorded lectures with
supplementary readings — by instructors from 20 countries around
the world, along with 4 webinars and 8 panels. Course materials
are available online. 3

I have been using materials from this course as part of RDS
assignments, selecting a handful of lectures for each homework, and
2Data, Responsibly andWe are AI comics: https://dataresponsibly.github.io/comics.
3AI Ethics: Global Perspectives course website, https://aiethicscourse.org.
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instructing students to write a brief memo reflecting on issues raised
in the lecture in response to specific prompts. In this way, students
improved their written communication skills, and were exposed to
a variety of important RDS and RAI themes that were not covered
in my course, including the impact of ADS on individuals with
disabilities, content moderation in social media, indigenous data
sovereignty, the ethics of autonomous driving, and data activism.

Project-based learning. The course project pursues the broad
learning goal of making ADS interpretable using the novel para-
digm of an object-to-interpret-with [19]. Adhering to constructivist
principles, students work in teams of 2 to audit an automated deci-
sion system (ADS) of their choice. Students are instructed to select
a system developed by others in response to a Kaggle competition,
but can also use other systems that are of interest to them.

As part of the project, students interrogate the assumptions be-
hind the ADS of their choice, to understand the purpose of the ADS,
its stated goals and any trade-offs that multiple goals may intro-
duce. They describe the data collection process and the statistical
properties of the data on which the ADS is trained and operates.
They go on to interrogate the implementation of the ADS, audit-
ing it for accuracy, fairness and robustness, and investigating the
features that are most important to the predictions. Finally, the
students come up with general recommendations regarding the
ADS, expressing their position on its performance and fitness for
use, and suggesting opportunities for improvement.

3 TEACHING MEMBERS OF THE PUBLIC
In collaboration with Peer-to-Peer University (P2PU), an open-
education non-profit, and with the Queens Public Library (QPL)
New York City, I have been developing and teaching a public edu-
cation course called We are AI. The course was offered for the first
time in Spring 2022, in person. A precursor to this offering was a
series of online workshops with QPL’s Jobs and Business Academy
in the Queensbridge housing project in Fall 2020 [36], and an online
pilot of We are AI with a group of QPL librarians in Summer 2021.

3.1 Course Overview
The course is structures as a learning circle, an facilitated study
group where participants learn about topic of common interest
together. A learning circle is a peer-learning modality: There are
no teachers or students and everyone learns the material together.
That being said, one of the participants is designated as a facilitator,
who decides the meeting schedule, keeps the group on task during
meetings, and supports individual learners’ participation and goals.

In slight violation of learning circle protocol, I co-facilitated the
course during its initial in-person offering in Spring 2022, together
with Lucius Bynum and Lucas Rosenblatt, who also helped refine
and simplify presentation. We plan to facilitate or co-facilitate sev-
eral future iterations of the course to have an opportunity to reflect
on the material, and further refine it.

The overarching idea behind this course is that technology and
ethics are deeply intertwined, and that people must step up to
control how technology is used. Therefore, the course interleaves
technical and ethical concepts, and reinforces the importance of
human agency, as summarized in the course description:

Figure 3: The landing page of We are AI, stating the goals of
the course and giving an outline of the modules.

[...] Because of how important AI is in our lives, we should un-
derstand how it works so that we can control it together! The goal
of this 5-week learning circle course is to introduce the basics of AI,
discuss some of the social and ethical dimensions of the use of AI in
modern life, and empower individuals to engage with how AI is used
and governed.”

The course is available for adoption by other public libraries
in the US and internationally through the P2PU platform4 and
directly on the course website5. Figure 3 shows the landing page of
the course website, with a verbal and visual statement of the goals
of the course.

3.2 Course Organization and Materials
The course is organized as a collection of modules. Course partici-
pants meet in person to discuss each module in a focused 90-minute
session. In our Spring 2022, these meetings were on a weekly basis,
but they can also be condensed to take part over 1 or 2 weeks. The
course website presents complete content for each module, with a
simple and consistent navigation structure. Each module consists
of a brief instructional video, individual and discussion-based exer-
cises, and embeds notes and tips for the course facilitator. There is
no homework (only optional supplemental readings) so all work
takes place during the meeting. Modules are outlined below.

• Module 1: What is AI
• Module 2: Learning from data
• Module 3: Who lives, who dies, who decides

4P2PU website, https://learningcircles.p2pu.org/en/course/962/.
5We are AI course website, https://dataresponsibly.github.io/we-are-ai/.
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Figure 4: Amodule of the public education course. All course
modules follow a consistent structure.

• Module 4: All about that bias
• Module 5: We are AI

All course materials, discussion prompts, and activities needed
to run a group with minimal preparation on the part of the facilita-
tor, are incorporated into the course and available on the website.
The intention is to enable anyone to use this online material to
facilitate a learning group or educate themselves on AI. No math,
programming skills, or existing understanding of AI is required.

The course website also contains a glossary of terms and an
extensive facilitator guide, describing the rationale behind course
design and giving specific guidance on the content. We expect that
the content of the course, the glossary, and the facilitator guide will
continue to evolve as we iterate to improve presentation and make
course material more accessible.

The We are AI comic book series was designed specifically as
supplementary reading for this course, with one volume per module.
We are preparing to release a Spanish-language version of this series,
and are working on improving accessibility of the comic and of the
course over-all for a range of abilities and levels of expertise.

4 NEXT STEPS
In this paper I described two ongoing education efforts, where the
goal is to teach Responsible Data Science (RDS) and Responsible
AI (RAI) to future data scientists (Section 2) and to members of the
public (Section 3). I made all course materials are publicly available,
hoping to inspire others in the community to come together to form
a deeper understanding of the pedagogical needs of RDS and RAI,

and to develop and share the much-needed concrete educational
materials and methodologies.

Much work remains on addressing the educational and training
needs of current and future data scientists, decision makers who
use ADS, policy makers, auditors, and the public at large. And there
is a need to rigorously evaluate the effectiveness of educational
methodologies for these audiences. Both these directions are part
of my ongoing and future work, and I hope that many others will
join me in this quest for balance between research and practice.
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