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Abstract
Calls for Ethical AI have become urgent and pervasive, especially as ethical
issues surrounding AI products at tech companies are increasingly scrutinized
by the public. Yet even after a first wave of responses to these calls coalesced
around Ethical AI principles to guide decision-making and a second wave generated technical tools to mitigate specific ethical issues, multiple lines of evidence
indicate that these Ethical AI principles and technical tools have only a limited
impact on the daily practices of AI users and producers. In other words, there is a
big gap between what we publish in academic papers and what AI creators need
to generate AI products that reflect society’s values. Ethical AI is by no means
the only field to have this problem. However, when medical and ecology fields
documented similar gaps between their fields’ scientific discoveries and the practices and products that people actually use, they invested tremendous resources
into subfields that developed evidence about how to translate what was done in
the lab to adopted solutions. I argue in this commentary that it is our research
community’s moral duty to invest in our own subfield of “Translational Ethical
AI” that will determine how best to ensure AI practitioners can implement the
Ethical AI technical tools we publish in academic venues in production settings.
Further, I offer concrete steps for doing that, drawing on insights gleaned from
other translational fields. Closing the “Ethical AI Publication-to-Practice gap”
will be a considerable transdisciplinary challenge, but one of the AI research
community has the unique expertise, political leverage, and moral responsibility
to tackle.

INTRODUCTION
Many in the AI research community are invested in making sure that AI technology is used ethically. Members
demonstrate their social commitments through adhering
to community Ethical AI principles and generating technical strategies to help implement individual objectives
set by those principles. The community, as a whole, has
also taken specific steps to help researchers think about
ethical issues related to AI more thoroughly, including
holding top conferences dedicated to AI’s social impact

(like the Association for the Advancement of Artificial
Intelligence (AAAI)/Association for Computing Machinery (ACM) Conference on AI, Ethics, and Society and the
ACM Conference for Fairness, Accountability, and Transparency) and requiring or encouraging broader impact
statements at other top conferences (like the Conference
on Neural Information Processing Systems or AAAI’s
annual conference). Members of the AI community have
even put their careers on the line by publicly advocating for or against specific AI uses and practices (Belfield
2020). Other technology-heavy fields have their own
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ethical dilemmas but have not made as much demonstrable progress toward addressing their social impact, so the
efforts of the AI community to improve its overall positive
influence on society are commendable and encouraging.1
At the same time, it continues to be clear that the AI
field’s published Ethical AI principles and technical tools
have negligible impact on the AI products that are sold,
bought, and used in daily life (Schiff et al. 2020; Vakkuri
et al. 2020). I have grappled with this documented disconnect as a researcher creating technical Ethical AI methods
through our Moral AI lab at Duke University2 and as an
educator doing my best to prepare the next generation of
data scientists to use AI responsibly. The disconnect is
due to many interdependent factors that are not always
obvious. Some of these factors, like the current financial
ecosystem that prioritizes shareholders over citizens or the
power dynamics caused by the underrepresentation of vulnerable populations in the AI technology industry, have
already been discussed extensively elsewhere (Washington
and Kuo 2020; Kalluri 2020; Battersby 2021). My motivation for writing this commentary is that there is an equally
important contributing factor that has received comparatively little attention. Unlike solutions to the previously
mentioned issues that require input and action from AI
practitioners but are probably best analyzed through social
science and ethics, the solutions to the issue I aim to bring
to the fore require collaboration with social scientists and
ethicists, but must be led by those who are responsible for
the day-to-day creation and scaling of AI technology. The
issue I want to focus on here is that technical tools that
help mitigate AI-related ethical challenges are not used
or accessible by the people who create AI products and
put those products in the hands of consumers (Schiff et al.
2020; Vakkuri et al. 2020; Rakova et al. 2021).
Before continuing, let me be clear: technical tools are not
sufficient to close the Ethical AI Publication-to-Practice
gap, because they will not address all of the economic,
social, and psychological phenomena that contribute to
unethical uses of AI. However, I do assert they are a necessary part of any global Ethical AI solution. They are
also one of the most scalable and pragmatic mechanisms
for narrowing the Ethical AI Publication-to-Practice gap,
especially given the dramatic mismatch between the rapid
speed at which AI products are being made and slow pace
at which public policy mechanisms can be implemented.
Those who already dedicate much of their work to the
systemic investigation of AI and AI applications are in privileged positions to put processes and incentives in place
that will make technical Ethical AI tools more accessible
and effective. Therefore, my goals in this reflection are to
make this AI research community aware of some of the
hurdles that prevent published Ethical AI technical tools
from being “translated” to practice, offer concrete steps the

AI research community can take to measurably reduce the
Ethical AI technical publication-to-practice gap, and urge
the community to take those steps.

WHAT DO I MEAN BY ETHICAL AI
TECHNICAL TOOLS?
The overall goal of Ethical AI is to create AI that has
impacts on individuals and societies that are consistent
with our moral values. Ethical AI technical tools, then,
are resources that can be leveraged during or after the
engineering process of building an AI system to make it
more likely that the system will perform in morally acceptable ways. These tools come in many different flavors,
are intended to be used at different parts of the AI engineering process, and try to address different individual
ethical issues. “Explainable AI” tools, for example, use
combinations of algorithms, visualizations, and automated
narratives to help AI teams understand and explain what
types of factors their AIs use to make their predictions.
Since many AIs function as “black boxes” that occlude
what characteristics of the data are being used to make
predictions, “explainable AI” tools aim to aid AI teams
and other stakeholders identify instances when AI models use ethically questionable features like race, gender,
or socioeconomic status to achieve their defined statistical
objectives. Ethical AI checklists take a different approach.
They aim to make it easier for AI technical teams to know
how and when to build discussions of ethical issues into
their work timelines by highlighting the ethical issues
most relevant to each part of the AI development process
and by suggesting discussion topics that can help AI teams
identify ways those issues manifest in their particular use
case. A third type of technical tool provides software to
modify AI algorithms so that they either directly incorporate moral considerations or are easier to audit for moral
principle violations. Other genres of Ethical AI tools aim
to preserve privacy, prevent users with nefarious intentions from accessing AI systems, or provide decision aids
to people who make decisions that affect life and death.
Some Ethical AI tools are meant to be used before the technology is created, some are applied during the technology
development process, and some are designed to monitor
the impacts of technology after it is deployed. The tools
have a wide range of production readiness, with some existing only at the initial theoretical stages and others already
implemented into freely available software packages. No
matter what level of development they are in, no single
technical Ethical AI tool is designed to address all the ethical concerns AI poses, and the tools often address very
narrow issues. Nonetheless, if some kind of technical Ethical AI tool were integrated into all AI systems, the net
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overall impact of AI on society would indubitably be more
ethically acceptable than it is now. More fundamentally,
as I will explain, all Ethical AI principles will have to be
translated into Ethical AI technical tools at some point if
they are going to achieve their goal of influencing the way
AI impacts society in real life3 .

TECHNICAL ETHICAL AI TOOLS ARE
NECESSARY, EVEN IF INSUFFICIENT,
FOR ADDRESSING THE ETHICAL ISSUES
AI POSES
Some people are wary of endeavors to develop Ethical AI
technical tools because they fear investing in such tools
will, at best, divert resources and attention away from grappling with systemic societal issues that underlie some of
AI’s negative impacts, and at worst, incorrectly imply that
all of AI’s ethical implications can be managed by technological tools which, in turn, empowers organizations to
“ethics whitewash,” or misleadingly claim their practices
are ethical solely by virtue of using Ethical AI technical tools. These fears are justified, and it is essential that
the social issues and poor organizational leadership that
contribute to AI’s negative impacts be addressed through
public policy, regulations, and research in tandem with the
proposals I am making here. At the same time, it is imperative that we don’t let such concerns cause us to neglect
the types of technical changes that are simultaneously
required to make Ethical AI a reality. Any instantiation
of the goal to create machines that act like humans will
require technology. All AI systems are built with software and hardware. All AI products, or systems of AI
software and hardware functioning together to achieve a
certain goal, are generated using the practical skills and
processes used to create other types of technological goods
and services (in addition to some AI-specific processes).
For Ethical AI concepts or regulations to impact AI in practice, they must be reflected at the nitty-gritty level of these
types of engineering skills and practices. Given the lateral,
team-driven decision-making frequently championed by
some technology companies, especially small companies,
even questions about what kinds of AI products should
be created need to be addressed through tools instantiated into everyday AI product-development practices, in
addition to through ethics and public policy.
To appreciate this fundamental point in a different way,
consider a country whose citizens need transportation to
get to work and who rely on gas-fueled transportation
because no other type of transportation is available to
them. Imagine that the country passes a law that makes
all gas-fueled cars illegal in an effort to control climate
change. As important as addressing climate change is, it
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seems obvious that the new law could not be followed without socio-economic catastrophe or rebellion unless quality
gas-independent technical advances, like electric cars, are
simultaneously available to all of the society’s members
and organizations without endangering their livelihood or
ability to exist. AI is predicted to increase the world economy by 13 trillion dollars by 2030 and one survey found
that 84% of worldwide respondents could be confirmed to
already use an AI-powered product or service on a regular basis (Bughin et al. 2018; Pegasystems 2017). Given
the prominence of AI in the world economy and our daily
lives, hopefully, it is apparent that—like transportation
changes—society will not give up the promise and convenience of AI products for moral ends unless alternative,
more ethical versions of the AI products are widely available. That’s why technical tools and methods need to be
part of any successful Ethical AI strategy. Until technical
Ethical AI tools are accessible and usable to everybody who
creates AI products society buys, the gap between Ethical
AI principles and AI in practice will persist, no matter what
regulations or social policies are put in place.

CONTRIBUTORS TO THE ETHICAL AI
TECHNICAL
PUBLICATION-TO-PRACTICE GAP
A few overarching issues drive the separation between
published Ethical AI principles and technical tools from
the resources available to AI practitioners. First, many
technical Ethical AI tools are published as proofs of concept or prototypes without thorough instructions about
how to apply the tools to individual use cases (the next section will illustrate what I mean by this). Most organizations
that use or create AI products do not have staff members
with adequate expertise to translate these general proofs
of concept to the specific AI models in production (Hupfer
2020). AI teams may lack adequate technical skills, have
insufficient practice with ethical reasoning, be unaware of
social science research, or any combination thereof. Second, even when AI product teams know how to implement
Ethical AI technical approaches, organizational challenges
can get in their way. Managers may not approve the time or
financial resources necessary to bring technical Ethical AI
tools to fruition (Rakova et al. 2021), teams may not know
how to make their agile work processes compatible with an
ethical review (Strenge and Schack 2019), or organizational
cultures may make contributors fear that calling attention
to ethical issues will put their jobs in jeopardy (Rakova
et al. 2021), especially given highly publicized dismissals
of Ethical AI researchers, such as when Google’s Ethical AI co-leads Timnit Gebru and Margaret Mitchell were
fired because of controversy surrounding their resistance
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to Google’s censorship of their research on the possible
biases in AI-based language models (Schiffer 2021).
To some extent, these issues can be addressed through
educational efforts, investment in politico-economic
strategies that give organizational leaders committed to
Ethical AI a competitive advantage, and rigorous data
collection about how organizations and leaders who
are genuinely committed to Ethical AI can proactively
ensure their culture, processes, and structures facilitate
AI’s ethical uses (Schaich Borg 2021). The focus of this
commentary, though, is a third reason, which can be
related to the first two, but should be considered separately. This third reason is that there is a true knowledge
gap between what is currently published and what is
needed to deploy and test technical Ethical AI solutions,
even when you have ideal staffing and organizational
circumstances. Crossing this gap requires research, systematic experimentation, and scientific analysis specific
to each case. The US Census team learned this lesson
when they tried to deploy differential privacy to protect
the data publishing and mining of the US Census, but
encountered a host of unanticipated challenges even
though they were aided by the world’s differential privacy
experts (Garfinkel, Abowd, and Powazek 2018). The goal of
differential privacy is to allow valid statistical analysis of a
data set while preserving anonymity through the strategic
injection of statistical noise into the data. The challenges
the US Census team encountered when pursuing this
goal included the fact that differential privacy methods
had not yet been developed for the census team’s type
of population sampling (a scientific problem), there was
no established process for determining how a parameter
that determined the trade-off between privacy loss and
accuracy should be chosen (a conceptual and operational
problem), and census data users did not know how to
adjust their analyses to account for the noise differential
privacy injects into the data (a user problem), just to name
a few. Differential privacy is one of the more established
approaches within the Ethical AI umbrella, and yet as
researcher Ashwin Machanavajjhala said at an AI and
Ethics conference, “[Applying differential privacy] is
more of an art than a science. I think it can be made
into a science, but it just needs more work” (Machanavajjhala 2020). AI teams trying to implement Fair AI tools,
which aim to mitigate discrimination and bias in AI,
report similar gaps in knowledge and similar needs for
human judgment and experimentation, despite efforts by
Ethical AI contributors to make Fair AI tools universally
accessible (Holstein et al. 2019).
Those of us in teaching roles see the impact of these
knowledge gaps in our classes. Few (if any) Ethical AI
tools have complete outlines or procedures describing how
to implement them in real-life settings. Productive efforts

to make the procedures more straightforward are underway, including some of the ethical checklists I described
earlier, but even with these tools, there remains a considerable knowledge gap between what the tools offer and
what needs to be understood and accomplished in order
to implement them. The only way to fill this gap without additional information from the technology creators
is to use what I will call “applied data science problemsolving skills” to figure out what to do on a case-by-case
basis. These include communication skills that allow the
data scientist or AI engineer to learn from others enough
to understand the application problem deeply and get
advice from appropriate experts, creativity and thoughtfulness in how to design informative model inputs under
the practical and social constraints of the specific application context, and technical prowess in choosing the right
sequence of models and inputs to solve real-life problems,
which are very different from the idealized problems often
used in problem sets. It is widely acknowledged that these
applied data science skills are not adequately developed
in most statistics, math, or computer science curricula
(Börner et al. 2018; Gilliland et al. 2019). Trainees also
struggle to accept that these applied computational proficiencies are only moderately related to traditional math
and coding and are actually quite difficult to acquire.
Some trainees even resist investing energy in honing these
skills, because they view them as “soft.” The result of
the combined lack of technical tool development and
underdeveloped applied data science skills is that Ethical AI technical tools leave even mathematically advanced
trainees feeling lost and frustrated, especially if they have
not previously had the opportunity to think deeply about
the ethical concepts the tools are trying to address. I have
seen this outcome time and time again with my students,
and similar reports are documented in the industry.

AN ILLUSTRATIVE EXAMPLE: FAIR AI
We can use the “Fair AI” field to illustrate some of the types
of challenges users of Ethical AI tools must overcome. As
I mentioned earlier, the goal of “Fair AI” is to assess and
mitigate discrimination and bias in AI (usually machine
learning) models. A tremendous amount of energy from
inside and outside academia has been dedicated to figuring
out how to achieve this goal in a scalable fashion. The fruits
of this investment are multiple open-source technical software packages—including scikit-fairness (Vincent et al.
2019), IBM Fairness 360 (Bellamy et al. 2019), Aequitas
(Saleiro et al. 2018), Google What-if (Wexler et al. 2019),
and Fairlearn (Bird et al. 2020)—that were created to help
AI teams make their AI products fair. Despite this encouraging and tangible progress, recent investigations confirm
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that even AI experts are unsure of how to implement Fair
AI tools in real use cases (Andrus et al. 2021; Richardson
et al. 2021). So why do the AI teams struggle?
One of the most fundamental questions an AI product
team must answer when applying Fair AI tools is what definition of fairness to focus on. Since this is a challenging
conceptual issue to address even without having to get the
underlying math right, the goal of Fair AI software packages is to reduce the mathematical sophistication teams
who want to create “fair” AI products require by making
mathematically vetted algorithms representing different
types of fairness available to others who do not have a top
AI researcher on staff. Over twenty different mathematical
definitions spread across separate Fair AI software packages are available, and each definition-tool combination
has its own technical or statistical limitations (for example,
some software packages can only be used for binary predictions; Verma and Rubin 2018). One definition assumes
that an algorithm is fair if it is trained on data that omits
features tightly connected to groups to whom you want to
be fair. Using this approach, a model could be considered
fair if its predictions do not leverage race, gender, or sexual orientation labels or information. Another definition
assumes that an algorithm is fair if its prediction accuracy
is the same across all measured groups. By this definition,
a model could be considered fair if its error rate is the
same (by some chosen measure) across all tested racial,
gender, or sexual orientation groups. At this point, there
is no clear method for choosing between available fairness definitions, so the choice becomes part of the “art” of
implementing Ethical AI. AI teams report needing weeks
to months to understand the conceptual differences and
implications of the myriad of fairness definitions offered
(Lee and Singh 2021). A recent study concluded, “Practitioners without a thorough understanding of fairness
debates are unlikely to decipher which toolkit aligns with
their goals and the significance of the design choices on
their [use] scenario” (Lee and Singh 2021). In a concerning twist, nonexperts often misinterpret AI fairness metrics
(Saha et al. 2020), so teams without deep technical expertise may have even more trouble choosing an appropriate
fairness metric for their specific use case.
Choosing appropriate metrics is not the only problem. How should teams proceed when two or more
suitable fairness metrics conflict, as they often do? One
of the most publicized examples of this phenomenon
comes from the recidivism-prediction tool COMPAS (Correctional Offender Management Profiling for Alternative
Sanctions). A set of investigative journalists reported that
COMPAS was unfair to Black defendants according to a
false positive rate fairness definition (among defendants
who did not get rearrested, Black defendants were twice as
likely to be misclassified as high risk). However, the com-
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pany that created COMPAS retorted that the technology
was fair to Black defendants according to a positive predicted value fairness definition (among those called higher
risk, the proportion of defendants who got rearrested is
approximately the same regardless of race). Both claims
were true (even if you believe that AI-driven recidivism
prediction tools are unethical for other reasons). If an AI
team is held accountable for the results of their AI products being fair, how do they navigate these kinds of debates
from their technical positions—rather than political or
legal positions—within an organization? Little guidance
is available, and when advice is provided, it tends to be
vague and open-ended like “explore a number of different
options through different choices of models and parameters and use these options to motivate a conversation about
the program’s goals, philosophy, and constraints” (Foster
et al. 2020). This type of advice is correct as far as it goes,
but many (or, I might argue, most) technical experts do
not have adequate training in how to initiate and structure these conversations, how to figure out who should
be involved in them, or how to make the discussions culminate in a choice about which model to move forward
with, so this kind of advice isn’t very actionable. Further,
even if such conversations happen, most managers and
directors will be even less prepared than their AI teams to
understand the differences, implications, and conflicts of
fairness definitions, and will struggle even more with making decisions that successfully align with their intended
ethical or organizational fairness goals.
Another choice that AI teams need to make when implementing Fair AI tools is what groups of people they are
going to ensure are treated fairly. These groups are usually referred to as “protected” groups that are defined by
“sensitive” features, and many Fair AI tools require their
delineations to be explicit. Gender and race are common
sensitive features that legal teams ask AI teams to track,
but of course, many other groups—like people with a
particular health condition, education, or income level—
could be affected unfairly by an AI as well. Without any
tools or procedures for identifying which groups are likely
to be treated unfairly by a particular AI instantiation,
defining protected groups and their attributes becomes
another part of the “art” of implementing Ethical AI.
Unfortunately, it’s an art that is new to most AI experts. AI
teams report feeling deeply unqualified to identify at-risk
groups, and therefore often resort to trial and error. In one
interviewee’s words, “How do you know the unknowns
that you’re being unfair towards? [. . . ] You just have to put
your model out there, and then you’ll know if there’s fairness issues if someone raises hell online” (Holstein et al.
2019). A related complication is that AIs can be fair to very
broad categories, like race or gender, while simultaneously
being unfair to combinations or intersections of those same
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groups, like Black women. This tempts teams and the
entities that fund them to “fairness gerrymander,” or
choose whichever group definitions are most consistent
with their business goals as opposed to which definitions
have the best outcomes for society (Kearns et al. 2018).
Even if groups of people who need to be protected have
been identified, figuring out how to track those groups typically requires technical ingenuity that is not provided by
Fair AI software packages. For instance, Fair AI software
usually assumes that your data already have demographic
labels that distinguish the groups that need to be protected. In other words, if you want to make sure your
AI is fair to different genders, the packages assume that
you know which gender(s) is associated with each of
your data points. However, this is frequently not the case,
sometimes because the appropriate demographic information was not collected, sometimes because the appropriate
demographic information cannot be shared (due to privacy regulations or sharing agreements), and sometimes
because the request for relevant demographic information is not legal (in order to prevent discrimination in
credit-based decisions, for example, Andrus et al. 2021).
In such cases, AI teams must either find ways to collect
demographic information before and after an AI model
is deployed (first to choose the preferred model and then
to track whether it has the intended fair outcomes) or
develop other ways of inferring which demographic category each datum is associated with, a process that may be
plagued by its own bias and types of unfairness. The technical implementation of identifying and tracking sensitive
groups is rarely straightforward, and this is yet another
type of engineering process that has to be developed in
order to translate Fair AI software packages into real
implementations.
It is important to know that the issues I have discussed so
far represent just a small subset of the challenges that create the gap between what Fair AI technical tools offer and
what is needed to implement them. For readers who are
interested in more thorough discussions, I strongly recommend the research papers I cited earlier by Holstein et al.
(2019) and Lee and Singh (2021). Even armed with only this
subset, though, I hope the depth of issues Fair AI technical
tools leave unresolved is now more evident. Rest assured
that similar collections of issues plague other Ethical AI
technical approaches as well.

LEVERAGING TRANSLATIONAL
RESEARCH AND PRACTICE TO REDUCE
THE ETHICAL AI PUBLICATION-TOPRACTICE GAP
The frustrating end result of the Ethical AI publicationto-practice gap is that Ethical AI technology, despite good
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intentions and clever approaches, is not integrated into the
AI products society interacts with. Most experts who were
willing to provide their input to a survey collected by the
Pew Research Center and Elon University in 2020 agreed.
When 602 technology experts were asked, “By 2030, will
most of the AI systems being used by organizations of
all sorts employ ethical principles focused primarily on
the public good?,” 68% answered no. So, at least to some
extent, the Ethical AI publication-to-practice gap is an
acknowledged reality.
I propose that the gap does not need to be as wide as it
currently is. There are technical and nontechnical ways to
address Ethical AI’s translation issues. Our mandate now
is to cultivate the type of problem-solving and research that
will make translation more successful. In other words, we
need not only the type of Ethical AI research that leads
to the generation of tools like Fair AI software packages,
but also translational Ethical AI research that figures out
what needs to happen in order for those tools to be implemented in the production-level settings that generate the
AIs actively interacting with society.
Translational Ethical AI research will require collaboration with AI technology users, social scientists, and
ethicists, but it will also require sustained momentum
from within the AI technical community. Unfortunately,
right now such momentum is severely lacking because
the incentives in the AI Research community are not
well-aligned with translational work. Even though AI
researchers are actively encouraged to create new technical
Ethical AI tools or concepts, they are simultaneously discouraged from doing the research necessary to figure out
what feature, design, preprocessing, mathematical, and
political decisions must be made to implement their technical Ethical AI tools in production settings, or to monitor
them to ensure they are having the intended outcome once
they have been deployed. The “publish or perish” environment academic researchers function in disincentivizes
projects that do not result in traditional disciplinary publications in quantities proportionate to the time they require
to complete, and academic researchers are rewarded for
theory and proof-of-concept implementations more than
full-scale deployments, so there is little reward for studying Ethical AI problems past the prototype stage (Black
et al. 2020). Industry AI researchers who create Ethical
AI technical tools, on the other hand, have few, if any,
professional enticements or sources of support to create
tools that can be used by other groups (Rakova et al.
2021). Despite growing recognition of the importance of
Ethical AI for organizations’ success (McCormick 2021),
disseminating advice about how to implement Ethical AI
tools is not likely to be a strategic priority. The result is
a dearth of knowledge and methodology about how to
streamline the application of Ethical AI technical tools in
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production settings, especially when experts are not available to implement them.
This is a moral problem. If we as a research community truly want to make sure AI is used ethically, we must
invest in its implementation in production settings, not just
in generating ideas that we hope others will implement to
moral ends.
AI researchers may find some solace in learning that
Ethical AI is not alone in its battle with “translational”
work. Other fields, such as medicine and environmental
science, have recognized the difficulty of bringing work
from the lab to practice and community health (and back
again to refine the lab research being pursued) for well over
a decade. Despite much progress and investment, these
other fields still struggle with avoiding the infamous “valley of death” between publication (or discovery, in the case
of industrial research) and practice, and with ensuring the
benefits of basic research are fully reflected in people’s
daily lives (Butler 2008; Schlesinger 2010). Those familiar
with this literature would find it unsurprising that Ethical AI tools struggle to enter real implementation settings.
Translational work is notoriously hard, time-consuming,
unappreciated, and requires transdisciplinary teamwork
between people with a wide range of skill sets. The silver lining, though, is that the Ethical AI field can leverage
the lessons other translational disciplines have learned to
make progress more successfully. It is also worth pointing
out that the AI field is different from the natural sciences in
many critical ways, including some that will make its translational work both easier and faster. The key to achieving
tangible results will be to have humility about how difficult
translational problems are to solve.

WHAT WOULD TRANSLATIONAL
ETHICAL AI LOOK LIKE?
In the medical field, translational research is described as a
subset of applied research that requires a potential solution
to a specific medicine-related problem to be evaluated in,
and optimized for, real-life settings. Translational research
consists of multiple phases. The most simple model of
these phases depicts the first phase as “lab to bedside” and
the second phase as “bedside to community.” The lab-tobedside phase might lead to the development of a potential
intervention, like a medication for dementia or vaccine for
COVID-19. The bedside-to-community phase would not
only test whether the medication or vaccine works on people, but would also examine whether patients and doctors
want the medication or vaccine in the first place, and identify barriers to patients and doctors using the medication
or vaccine in a way that achieves the intended health outcome. Full “translation” of a potential intervention from
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laboratory to fruitful everyday practice requires many iterative cycles of modifying and testing the intervention and
how it is administered until the desired impact on medical practice or patient health is achieved at the population
level (National Center for Advancing Translational Sciences 2021b). Some modifications may require changes to
the intervention’s underlying technology, such as when
researchers adjust a medication to reduce side effects or
redesign a vaccine so that it does not need to be refrigerated, while other modifications require changes to how
the technology is made available and scaled, such as when
medications or vaccines are made available in community
barbershops so that they are accessible to people who are
wary of medical settings.
Borrowing these concepts, I propose that translational
Ethical AI is the research and work done to determine
whether Ethical AI tools are being used in practice with
their intended ethical impact and to determine how to
maximize their adoption. It represents the space between
technical Ethical AI proofs of concept and the AI products
that get used by society ethically. It emphasizes AI creators
and users over (but not to the exclusion of) general basic
scientific principles. My motivation for defining translational Ethical AI is not to distinguish it as its own field.
In fact, I am indifferent towards that prospect. Rather, I
offer a definition of translational Ethical AI to help catalyze bold enterprise in the research space the definition
describes. In doing so, I want to call attention to the fact
that progress in the later stages of translational AI requires
a different set of resources, skills, and knowledge than the
creation of research prototypes. I also think it is strategically important to acknowledge that the processes required
for translational AI to succeed are different than those
needed for more basic research. Traditional research often
prioritizes the cultivation of new theories and principles
and is evaluated according to experimental and statistical design ideals. It may indeed be helpful to uncover and
describe general principles that govern the adoption of AI
technology offerings, but pursuit of these principles should
not detract from the real-life implementation and evaluation translational Ethical AI must be grounded in, which
due to the complexities of real-life, require concessions in
how well experimental variables can be controlled. The
most effective ways to describe and analyze the principles that arise from these experiences and observations
will likely transcend traditional disciplinary boundaries
and should not be expected to advance theories from any
particular field. Further, since some of our assumptions
about how general principles apply to specific use cases
will always turn out to be wrong, translational Ethical
AI research will require iterative cycles that incorporate
feedback from different stakeholders, and should use concepts like adoption rates and performance in practice as
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primary evaluation metrics rather than academic publications or grant awards (which can also be used as metrics,
but should be considered secondary priorities).
The topics, processes, and goals of translational Ethical AI research will differ from other types of technical
Ethical AI research (or other types of philosophical or
social science research related to AI’s implications), and so
will the people implementing the research. Translational
research requires iterative feedback from, and partnership
with, nonresearch stakeholders. Neither the skills used to
identify and collaborate with these stakeholders nor the
technology adoption metrics that reflect the result of that
collaboration are typically taught or rewarded in technical
research environments. On the other hand, the technical
innovation and modification required to move iteration
cycles forward are not typically within the expertise of
disciplines with more experience gathering qualitative
information or navigating social and ethical issues. Thus,
unless—or until—a generation of researchers is trained
with all of the requisite background and skills to implement Translational Ethical AI research independently,
Translational Ethical AI research will require highly functioning teams of researchers with diverse backgrounds
and training in both highly technical and nontechnical
domains. Of note, productive multiple disciplinary teamwork is notoriously difficult to manifest, so managing such
teams represents a challenge unto itself that must draw on
yet another unique set of skills (Begerowski et al. 2021).
It has recently been acknowledged that there is very little
translational research being done in the field of computer
science as a whole (Abramson and Parashar 2019). I want
to bring attention to the fact that there is even less translational research being done in the realm of Ethical AI,
specifically. My claim is that this is one of the causes, not
just one of the symptoms, of the Ethical AI publicationto-practice gap. Fortunately, it is also a cause we can do
something about.

WHAT SHOULD WE DO?
What are the first steps the AI research community should
take towards translational research that closes the Ethical
AI publication-to-practice gap? Here are my suggestions.

Incentivize translational Ethical AI
publications and reflection
One of the most straight-forward ways to incite motivation for production-level Ethical AI research is to cultivate
incentives for publishing translational technical work. To
begin, the AI community can organize more high-quality

archival conferences and journal issues dedicated to the
translation of Ethical AI technology, such as the Policy and
Practice Track at The Association for Computing Machinery’s Conference on Equity and Access in Algorithms,
Mechanisms, and Optimization or the brand new Translational Computer Science track in the journal Computing
in Science & Engineering. Top AI conferences could also
consider recommending that submissions include a section that outlines the steps required to apply the work
described in the paper to production settings (potentially
with page limit extensions; Abuhamad and Rheault 2020),
and provide awards for the best translation contributions
and open-source tools. AI journals could be called upon to
encourage Publication-to-Practice submissions. Even easier, top AI conferences could dedicate more panels and
training workshops to production-level translation of Ethical AI research that include participants from AI product
teams.

Create infrastructure to facilitate
tri-directional feedback between AI
researchers, AI practitioners, and
community members
Of course, researchers will struggle to take advantage of
these opportunities if there isn’t a simultaneous campaign to expose AI researchers to how “AI in the wild”
manifests and who implements it. The primary audience for AI research publications are other AI researchers
with PhDs. However, the primary audience for Ethical
AI applications are AI product teams who are comprised
of people who often do not have PhDs in computer science and who are functioning under powerful practical
and social constraints that are typically not discussed in
traditional computer science educational settings. The academic research community needs widespread access to
information about what AI product teams’ processes look
like and which aspects of those processes cause challenges
in implementing published Ethical AI research if we are
going to help overcome those challenges.
That said, AI practitioners are not the only people
impacted by the Ethical AI tools AI researchers create.
General community members are usually the ones who
have to live with the consequences of the AI technology
put into production, but typically only have opportunities to give feedback after an AI system is deployed (Black
et al. 2020). If community feedback was solicited much
earlier in the AI creation process, the chances that ethically problematic AI products could be intercepted before
they are implemented would greatly increase (as some
people argue should have been the case for AI-powered
criminal sentencing or military tools). Therefore, the next
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critical contribution the AI research community should
make is to cultivate a resource of AI practitioners and general community members who are willing to give Ethical
AI researchers high-quality feedback about their specific
research contributions. To avoid putting all the onus on
already overburdened researchers, we must also recruit
“cultural brokers” who can mentor AI researchers in how
to solicit and integrate that feedback (Matthews et al.
2018; Pinsoneault et al. 2019). Other translational fields
have found this infrastructure step to be critical, despite
obviously being resource-intensive (Jasny et al. 2021;
Rose, Evans, and Jarvis 2020; LeClair et al. 2020). Most
notably, many academic medical research institutions now
have dedicated translational groups who help individual basic researchers connect with clinicians and central
community-engagement groups who help researchers and
practitioners build working relationships with community
members impacted by their research (Heller and de MeloMartín 2009). The Translational Ecology and Sustainability fields have built translational infrastructure as well,
though they rely more heavily on “boundary-spanning”
organizations who facilitate channels of communication
between researchers and nonresearchers (Safford et al.
2017). Sometimes these organizations are attached to academic institutions, like the University of California Cooperative Extension that “serves as the bridge between local
issues and the power of UC research” (Division of Agriculture and Natural Resources), but more often they are run
as independent nonprofits or governmental agencies.
The AI research community could aim to create similar opportunities for feedback and collaboration with
practitioners and community members, and design the
opportunities as a central resource, drawing on lessons
from previous translational programs from other fields
(Nease et al. 2018; Fisher et al. 2019; Towfighi et al. 2020;
Lawson et al. 2017). Some aspects of the supporting infrastructure could reside within universities and piggyback off
of already-established mechanisms some academic institutions fund like service-based learning programs, education
“practitioner–researcher partnerships,” or translational
medicine initiatives. Other aspects of the infrastructure
could reside outside of universities in nonprofit or forprofit consulting settings, inspired by translational ecology
models. Initially these services would facilitate the process
of AI researchers learning what AI practitioners and users
need. After researchers have engaged in enough facilitated
feedback interactions or built their own relationships with
AI practitioners, they may be able to initiate and maintain
such efforts independently.
When creating this infrastructure, collaboration should
be solicited from disciplines and practitioners who incorporate and teach the suite of skills necessary to understand
different types of users and stakeholders. Design think-
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ing, empathy for other perspectives, usability testing, and
qualitative interviews are all critical for understanding
AI practitioners’ pain points, but very few technical AI
researchers develop these skills during their training.
Therefore, efforts to communicate what is needed “in the
AI wild” would be well-served by recruiting help from
people who have deep training in these skillsets.

Advocate for translational infrastructure
funding
How would we help pay for this proposed infrastructure?
That’s where our AI community’s advocacy would come
in. We should petition federal agencies, private partners,
and foundations to sponsor these types of infrastructure
initiatives, as well as sponsor grants and awards that will
support the research and the administrative investment
necessary to make the infrastructure successful.
Although that may initially sound prohibitively daunting, the National Institutes of Health have already set a
precedent for making this kind of substantial infrastructure investment. For over a decade, the National Center
for Advancing Translational Sciences (NCATS) has funded
multimillion dollar Clinical and Translational Sciences
Awards (CTSA) that require (and support) awarded institutions to have community engagement cores that nourish
long-term bidirectional relationships between CTSA institutions and affected community members (Holzer and
Kass 2014; National Institutes of Health 2007; National
Institutes of Health 2021). The NCATS budget has been
between $400 and over $700 million a year (Liverman
et al. 2013; National Center for Advancing Translational
Sciences 2021a), and has led to the creation of core
facilities and consulting services in over 60 academic institutions that support researcher–clinician engagement and
researcher–community engagement (Pelfrey et al. 2017;
National Center for Advancing Translational Sciences
2021a). Not only do these cores accelerate the translation
of basic science research to treatments clinicians use and
patients accept (Berg 2020), they also increase high-impact
scholarly output as measured by publications (Llewellyn
et al. 2018; Llewellyn et al. 2020).
It would be reasonable to advocate for the NIH to
allocate some of these translational infrastructure funds
to creating cores that support practitioner and community
engagement with medical uses of AI. In fact, their recent
announcement of the Bridge to Artificial Intelligence
(Bridge2AI) program signals that federal institutes may
be receptive to calls to do so. The NIH could also advise
and work with the National Science Foundation (NSF)
to add a community–engagement track within the NSF
Computer and Information Science and Engineering
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(CISE) Community Research Infrastructure (CCRI)
awards that currently have a budget of around 25 million
dollars.
Beyond federal funding, the AI research community
should urge foundations and corporations to sponsor
the expansion of “boundary-spanning” organizations that
facilitate tri-directional feedback between researchers,
practitioners, and community members. Organizations
like OpenAI, the AI Now Institute, or the Future of Life
Institute have taken the first step towards encouraging
these types of tri-directional interactions, but much more
funding and investment will be required for feedback to be
solicited about individual Ethical AI research projects or to
disseminate results of these discussions to AI researchers
more broadly.

Improve professional recognition
Advocating for translational funding is one of the research
community’s imperatives, but it cannot be pursued in
isolation. Another one of our essential tasks will be to
insist that research institutions and departments value
translational Ethical AI work in professional evaluations,
including promotion packages and press coverage (Marrero et al. 2013). As a field, we must also recognize that
engagement work takes longer to implement and requires
more transdisciplinary teamwork than many other types
of AI research (Black et al. 2020; Teufel-Shone 2011; Fam
et al. 2020). That means publications may be more infrequent, have longer author lists, and may even need to
appear in different venues than other types of AI research.
Fundamentally, we must make sure our peers within
the AI research field assign appropriate value to this
kind of translational Ethical AI work and appreciate the
unique kinds of skills and investments it requires. Previous translational efforts make clear that these cultural
and administrative changes are absolutely essential for
empowering AI academic researchers, especially junior
researchers, to dedicate time and energy into closing the
Ethical AI Publication-to-Practice gap in a way that is compatible with their career goals (Littell, Terando, and Morelli
2017; Raynor 2019; Vogel et al. 2019). Notably, it will be
easier to convince academic institutions to value translational work if we follow-through with providing more
high-quality opportunities for researchers to publish it, as
I suggested earlier.

Prepare future AI contributors
Moving forward, we should also do better at preparing
technical trainees to implement Ethical AI tools. Figuring

303

out how to do this in already over-packed computer science and data science curriculums will not be easy, but
it is a challenge we have an obligation to tackle. Rather
than focusing on ethics in general or technical Ethical AI
tools in particular throughout training programs, a more
manageable and sustainable strategy might be to focus
on cultivating applied data science skills more broadly,
and then incorporate opportunities to practice applying
those skills to technical problems that have ethical considerations that can be mitigated with Ethical AI tools.
More specifically, we should revise AI and data science
curriculums to include training in identifying and talking to stakeholders, and to offer classes and experiences
dedicated to teaching students how AI is developed and
implemented in practice. We must make sure that students gain appreciation for how scientific judgment and
experimentation is often needed to apply mathematical
concepts to real problems, and how nonmathematical
factors learned about through listening to stakeholders
influence what types of technical solutions are possible
or justifiable. We must also instill in trainees that part
of their job as AI technology producers is to monitor the
impact their work has on others, and care whether their
research, especially their Ethical AI research, can be used
by AI practitioners. These applied skills and experiences
will make the process of navigating Ethical AI publicationto-practice gaps much easier and more familiar, even as
available tools change. In addition, we should continue
testing the best way to expose technical students to the
types of social science evidence and ethical thinking that
motivate and impact implementations of Ethical AI technical tools. The recent enthusiasm for embedding ethical
modules throughout technical training programs seems
very promising (Grosz et al. 2019), but evidence is still lacking for whether such efforts succeed at preparing students
adequately for the types of ethical issues they encounter
in their applied work or that are relevant to implementing
Ethical AI tools.
It is important to acknowledge again that the steps
I have proposed here are neither definitive nor comprehensive. For example, they will not address all of
the systemic or organizational issues that prevent Ethical AI tools from being implemented, nor will they
make all organizations that use AI prioritize ethics. A
successful Ethical AI strategy will require many parallel initiatives, including regulation, policy, organizational
guidance, education, and community engagement. The
steps I have proposed here, though, need to be part
of the strategy. Ethical AI requires effective technical
tools as well as effective social and ethical tools, and we
must make sure that Ethical AI technology is available
and usable to the majority of AI creators. The reason I
have made this plea in AI Magazine is because the AI
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research community is in the best position to make this
happen.

THE ETHICAL AI PUBLICATION-TOPRACTICE GAP IS OUR RESPONSIBILITY
It can be tempting to declare that the challenges that
currently prevent Ethical AI tools from being used in production settings require organizational solutions rather
than technical solutions, so the AI technical research community should not have to bear the pain of solving them.
After all, as some have pleaded, “we are just engineers”
or “just researchers” (Dignum 2018; Hutson 2018). But we
must reject such reasoning, as relieving as it would be to
be absolved of moral responsibility. First, it seems somewhat obvious to point out that such claims seem ironic
and insincere when they come from a discipline whose
raison d’être is to use technology to mimic human-level
intelligent behavior and decision-making. The AI field
nourishes subfields dedicated to group decisions, artificial
social intelligence, and decisions made in organizational
contexts. It will be increasingly difficult for society to trust
AI researchers’ intentions if we continue to encourage
these subfields while simultaneously claiming that the particular set of organizational decisions that prevent our
AI technology from being used happen to be outside our
field’s purview.
Second, and much more fundamentally, we are not
absolved from moral responsibility just because we don’t
currently know how to solve a problem or just because our
contributions to the morally unacceptable consequences of
our work are indirect. The AI community has pledged to
maximize AI’s positive influences on society and to minimize its harms, as I believe it should. The AAAI Code of
Professional Ethics and Conduct also clarifies that AI professionals are obliged to undo or mitigate the harms our
technology causes, even if that harm is unintended, and
that designing processes that lead to those harms through
negligence is ethically objectionable (AAAI 2019). As a
field, then, we have agreed that is unacceptable for us to
ignore the mounting evidence that we are not yet succeeding at preventing the documented unethical consequences
of much of our field’s technology. If we know that there is a
gap between Ethical AI research and what is needed for AI
to be used in a way that does not harm society, it is our ethical and professional responsibility not just to document
that gap, but to close it.
The author of a recent New Yorker article titled “Who
Should Stop Unethical A.I.?” wrote, “For now, A.I.
research is mostly self-regulated—a matter of norms, not
rules” (Hutson 2021). Especially while this remains true,
the AI research community is responsible for setting expec-
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tations that Ethical AI research not be considered complete
until it is implemented in practice. Humans are motivated
(unconsciously and consciously) to avoid information in
moral situations that interferes with our convenience or
self-interest (Rabin 1995). Let’s not fall prey to that dynamic
by ignoring the evidence that part of the reason AI technology is having negative impacts on society is because our
Ethical AI technical efforts are not functionally accessible
to AI practitioners. We have the means to make changes
within the research community and to solicit financial and
institutional support from outside of the research community to minimize the Ethical AI publication-to-practice
gap. My entreaty to the AI research community is that we
make those investments so that we don’t look back and
regret our inaction, and so that AI research realizes its
potential to enrich human life in the way that inspired so
many in this field to dedicate their scientific efforts to the
promise of computer intelligence.
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ENDNOTES
1

For example, consider my original disciplinary field of neuroscience. It is widely acknowledged that neuroscience-based technologies can impact society in both profoundly positive and negative
ways, but most neuroscience publishing venues do not have a
requirement, or even a good mechanism, for requiring neuroscience
researchers to consider the potential negative impacts of their work.
Further, whereas the Association for the Advancement of Artificial Intelligence Code of Professional Ethics and Conduct states
explicitly that “An essential aim of AI professionals is to minimize
negative consequences of computing, including threats to health,
safety, personal security, and privacy” and “AI professionals should
consider whether the results of their efforts will respect diversity,
will be used in socially responsible ways, will meet social needs,
and will be broadly accessible,” the Society for Neuroscience Ethics
Policy makes no comparable commitment to minimizing harm and
ensuring the benefits of neuroscience research are broadly accessible. The Society for Neuroscience Ethics Policy focuses only on
the importance of reporting data accurately, attributing authorship truthfully, reporting conflicts of interest, treating humans
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and animals humanely, and preventing harassment between
colleagues.
2
The Duke Moral AI lab draws on multiple disciplines to develop
strategies and principles for building ethics into artificial intelligence. The lab is co-directed by Walter Sinnott-Armstrong (a
philosopher), Vincent Conitzer (a computer scientist), and myself
(a neuroscientist co-opted by data scientists).
3
Unless you hold the uncommon opinion that Ethical AI principles
dictate society should prohibit the use of all types of AI for any
purpose.
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