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I As ARTIFICIAL INTELLIGENCE (Al) permeates
across social and economic life, its ethical and
governance implications have come to the fore-
front. Active debates surround Al's role in labor
displacement, autonomous vehicles, military, mis-
information, healthcare, education, and more. As
societies collectively grapple with these challenges,
new opportunities for Al to proactively contribute to
social good (AI4SG) and equity (Al4Eq) have also
been proposed [1], [2], such as Microsoft’s Al for
Earth program. These efforts highlight the potential
of Al to address global challenges and help achieve
targets like the United Nation’s sustainable develop-
ment goals (SDGs) [3]. Yet, whether Al efforts are
directed explicitly at social good and equity or not,
there are many barriers that stand between aspira-
tions to be responsible and the translation of these
aspirations into concrete practicalities.

In this article, we review the principles-to-prac-
tices gap, particularly in the context of corpora-
tions—the entities responsible for the majority of Al
development. We offer context on the current state
of responsible Al and then review six potential expla-
nations for the gap: 1) a misalignment of incentives;
2) the complexity of Al's impacts; 3) a disciplinary
divide; 4) the organizational distribution of respon-
sibilities; 5) the governance of knowledge; and 6)
challenges with identifying best practices. We offer
preliminary recommendations on what frameworks

Digital Object Identifier 10.1109/MTS.2021.3056286
Date of current version: 3 June 2021.

June 2021

Authorized licensed use limited to: Georgia Institute of Technology. Downloaded on June 04,2021 at 16:40:05 UTC from IEEE Xplore. Restrictions apply.

-Xxplaining the Principles
0 Practices Gap in Al

Anat Fanti
Bar-llan University, Ramat Gan 5290002, Israel

Michael Lennon
George Washington University, Washington,
DC 20052 USA

and practices are needed to help close the gap
and emphasize impact assessment as one promis-
ing strategy, which we discuss in the context of Al
used for forest ecosystem restoration. We argue that
stakeholders interested in realizing Al's potential for
good should attend to these issues when proposing
pathways forward.

Minding the gap: Principles without
practices

As of 2020, dozens of firms along with nongov-
ernmental organizations and governments [4] have
produced frameworks, principles, guidelines, and
policies related to the responsible development
and use of Al. These documents are a response to
the social and ethical issues that surround Al, rang-
ing from labor displacement and algorithmic bias
to privacy and human rights. Moreover, these doc-
uments are arguably a response to breaches of law
and the public trust that have continued in the last
few years, some associated directly with Al. In some
cases, companies have come under serious scru-
tiny, facing significant media attention, customer
criticism, and employee petitions, walkouts, and
resignations [5].

Each document typically addresses a set of social
and ethical concerns, proposes principles for ethical
(or responsible or trustworthy) Al in response, and
in some cases offers concrete reforms or internal
governance strategies. Importantly, a common focus
of the documents is the presentation of a set of high-
level ethical principles that guide an organization’s
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approach to responsible Al. For example, Google’s
Al principles include “Be socially beneficial,” “Avoid
creating or reinforcing Al bias,” “Be built and tested
for safety,” and “Be accountable to people,” among
other principles [6]. OpenAl discusses its focus on
“Broadly Distributed Benefits,” “Long-Term Safety,”
“Technical Leadership,” and its “Cooperative Ori-
entation” [7]. These high-level responsible Al prin-
ciples are often vague and may host a multitude of
possible interpretations.

Yet, some companies have established relatively
clear strategies following from their principles,
such as changes to training, hiring, algorithm devel-
opment frameworks and tools, and governance
strategies. For example, Vodafone's Al Framework
provides some detail on specific actions it will take,
such as adhering to its Code of Conduct and pri-
vacy commitments [8]. SAP proposes as part of its
Guiding Principles an Al Ethics Steering Committee
and an Al Ethics Advisory Panel [9]. IBM’s Everyday
Ethics for Al provides a set of recommended actions
and questions for its employees to address key con-
cerns [10]. In contrast, some principles are yet to
be accompanied by clear expressions of changes
to practice. For example, documents from Tieto,
Futurice, and Salesforce emphasize abstract princi-
ples and commitments.

The question then is why do aspirations not trans-
late straightforwardly into effective and responsible
practices? In fact, the process of translation is nei-
ther automatic nor obvious. According to Mittelstadt
[11], “norms and requirements can rarely be logi-
cally deduced... without accounting for specific ele-
ments of the technology, application, context of use,
or relevant local norms.” Barring practical guidance
and absent “empirically proven methods... in real-
world development contexts,” claims of responsible
Al may amount to no more just that—claims.

In the best case, companies may still be in the
process of working out the details or may have
communicated their intended strategies in other
venues. Nevertheless, remaining at the “mission
statement” level and the lack of practical detail are
worrisome, and engaging in responsible Al is, in any
case, no simple task. The task of closing the princi-
ples-to-practices gap is critical for the future of Al,
worthy of attention by companies developing Al, by
governments that might procure and deploy Al sys-
tems, and by other stakeholders and the public more
broadly. To assist with this effort, this article reviews

possible explanations for the gap, depicted in
Figure 1, along with preliminary recommendations.
The six explanations we review are: 1) the incentives
dilemma; 2) the complexity of Al's impacts; 3) the
disciplinary divide; 4) the many hands problem; 5)
the governance of knowledge; and 6) the over-abun-
dance of tools.

The incentives dilemma

The first and perhaps most widely discussed expla-
nation is that the values, motivations, and incentives
that guide firms are not sufficiently aligned with
responsible uses of Al. The strongest criticisms deeply
impugn the motives of firms. For example, Greene
et al. [12] argue that companies attempt to shift
responsibility onto designers and experts to minimize
scrutiny of business decisions. On this account, com-
panies may be strategically promoting their principles
merely to ameliorate customer trust and reputational
concerns, thereby engaging in “ethics washing,” “eth-
ics shirking,” “ethics shopping,” or similar [13]. In this
way, firms can appear actively engaged regarding
Al's ethical risks in the public eye, but while framing
issues so as to minimize genuine accountability.

Alternatively, organizations need not have the
motives stated above, but may still be driven by an

to-Practices
Gap in
Responsible
Al

i

DISCIPLINARY
DIVIDE

Figure 1. Six explanations for the
principles-to-practices gap.
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economic or financial logic that places profitseek-
ing and the mitigation of legal risks above pro-social
concerns. When these motives shape the institutional
context, firms may simply lack the infrastructure, pro-
cesses, and culture to responsibly weigh social and
ethical concerns against economic ones. For exam-
ple, Hagendorff [14] argues that when companies are
driven by an economic logic, “engineers and devel-
opers are neither systematically educated about eth-
ical issues, nor are they empowered, for example by
organizational structures, to raise ethical concerns.”
While some of these deeper criticisms may be true
in part or for some organizations, we think a more
multifaceted and charitable interpretation [15], [16]
is both appropriate and likely to be beneficial toward
seeking positive change. Indeed, significant literature
has challenged the notion that firms or individuals
within firms are characterized by purely “rational”
economic behavior [17], [18]. We argue instead that
organizations are best understood not as monolithic
single actors, but as multiple coordinating and compet-
ing coalitions of individuals [19]. Individuals within a
single organization may have multiple and conflicting
preferences and roles. Organizational motives should
therefore be considered a complex composition of
genuine ethical concern, economic logic, signaling
and framing strategies, and efforts to promote change
both internally (i.e., within the firm) and externally
(e.g., in regulation and public opinion) [20].
Regardless, the tension between economic and
pro-social motives, and the incentive structure that
this produces should be taken seriously. A key ques-
tion then is what policies and practices can shape
and enable firms to weigh competing values in a
responsible way. There are many possible pathways
here, both internal and external to organizations:
industry collective self-regulation and formal gov-
ernmental regulation, shifts in public and societal
norms, changes to education and training of engi-
neers, and adoption of a broader focus on stake-
holder benefits along the lines on B Corps, benefit
corporations, and a triple bottom line orientation.
Organizations that already have a strong commit-
ment to social good can also consider “value levers”
[21] that facilitate responsible practice, as well as
some of the recommendations we suggest below.

The complexity of Al's impacts

A second explanation for the principles-to-prac-
ticesgapisthat Al'simpactsonwell-being—positive
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or negative—are more complex than is sometimes
assumed. Site-based research has identified that
engineers are often focused on single products
and the physical harm they may cause rather than
broader kinds of social, emotional, or economic
harms [22]. Even as conversations surrounding
responsible Al increase, most work centers around
a relatively small subset of issues, most often bias
[23] and transparency [24] in particular Al mod-
els. This approach involves exposing and then
attempting to mitigate bias in algorithms as well as
trying to improve interpretability or explainability
given the black-boxed nature of certain Al models
which can make decision-making processes and
their outcomes opaque. Other commonly empha-
sized issues include privacy, reliability, and safety.

Yet, these prominent issues most familiar to engi-
neers and dominant in Al ethics research constitute
only a subset of social and ethical risks and impacts
related to Al In place of such a narrow focus, Al
should be understood to impact a wide variety of
aspects of human and societal well-being, such as
human rights, inequality, human-human relation-
ships, social and political cohesion, psychological
health, and more. Al can also impact natural ecosys-
tems and animal life, impacts that are arguably both
intrinsically and instrumentally important.

Moreover, many of these harms do not arise in
a straightforward way from a single Al product, but
from many Al systems influencing human social and
economic life together over time. For example, algo-
rithms on social media designed to steer consumers
to entertaining video clips have also led to so-called
filter bubbles that may foster political polarization,
misinformation and propaganda, targeting of minor-
ity groups, and election interference [25]. Al as
instantiated in autonomous vehicles has potentially
massive implications for physical infrastructure,
energy and environment, traffic fatalities, work pro-
ductivity, urban design, and unemployment [26].

In short, addressing Al principles in full serious-
ness requires an expansive scope of attention to the
full set of issues influencing human well-being. This
requires looking well beyond a narrow set of topics
such as bias, transparency, privacy, or safety and
treating them as independent issues. Instead, the full
range of topics and their complex interdependen-
cies need to be understood. However, such a task
can be enormously difficult.
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The disciplinary divide

Another challenge related to Al's complexity is the
plurality of professional disciplines with roles to play
in shaping responsible Al, beyond engineers and
computer scientists. Indeed, discourse on respon-
sible Al has been advanced by ethicists, historians
and philosophers of technology, journalists, policy
analysts, political decision-makers, other social sci-
entists, members of the public, and more. Yet these
diverse stakeholders may differ in their technical
and ethical education, their framing of problems
and solutions, their attitudes and values toward
responsible Al, and their norms of communication.

Consider attempts to apply the principle of fair-
ness in attempting to minimize bias. Arguably,
a thoughtful Al engineer today might identify a
normative principle like “fairness,” specified in a
corporate responsible Al policy, pick a plausible
fairness metric to instantiate it (noting there are
ineliminable tradeoffs between different metrics
[27]), apply it, and communicate these decisions
transparently [28].

Yet approaching social issues like bias and fair-
ness too narrowly leads to what Selbst et al. (2018)
call category or abstraction errors [29]. Computer
scientists developing Al systems may fail to consider
how an Al system will be implemented in different
social contexts, influence human behavior in those
contexts, or lead to long-term ripple effects, all of
which can threaten the assumptions on which the Al
system is built. This is especially difficult as predict-
ing a technology’s usage and impact is known by his-
torians of science and technology to be difficult [30].

Consider an algorithm used to inform a judge’s
decision about criminal sentencing. An algorithm
designed and trained on test data from one jurisdic-
tion may translate poorly to another. It may influ-
ence the judge’s decisions in unexpected ways that
are not often accounted for [31], as a judge may
overtrust or undertrust the algorithm, or even hold
values contrary to those reflected in the algorithm.
The consequences for criminal justice outcomes
when such a system is used in complex contexts is
unclear, and may feed back in unexpected or prob-
lematic ways if an Al is trained on data the systems
has itself helped to generate. To reiterate, there
are many questions about responsible Al that can-
not be straightforwardly addressed with a narrow
technical lens.

On the other hand, social scientists may bring a
lens that faces an inverse problem to that faced by
engineers: frameworks for considering social and
ethical consequences of Al more in line with the
thinking of social scientists can be sufficiently broad
but also unhelpfully complex and vague, making
them difficult to translate into practices. For exam-
ple, ethicists recognize that concepts like justice are
complex, while political scientists know that values
surrounding justice are politically contested [32].
Yet Al engineers must define some measure of jus-
tice to implement it.

In addressing issues like inequality, social scien-
tists may propose large structural changes to eco-
nomic and social systems, some of which are difficult
to achieve (e.g., reforming the motives of corpora-
tions) and or even feel farfetched (e.g., changing
the structure of capitalism), changes which may be
significantly outside of the scope of control of Al engi-
neers. Conceptions of Al based on sweeping, overly
futuristic, or unrealistic generalizations may also be
unhelpful. In the best case, it is difficult to resolve the
awkwardness of attempting to apply purely technical
or social fixes to fundamentally sociotechnical prob-
lems. Something is lost in translation.

The many hands problem

It is clear that responsibly designing and applying
Al is therefore both a technical challenge and a social
one (implicating social, economic, and policy ques-
tions). For example, creating a facial recognition sys-
tem for policing that minimizes racial bias (by some
technical measure) is inseparable from questions on
the legitimacy of the use of that system in a particu-
lar social and policy setting. However, the question
of distributing accountability for addressing these
multi-faceted choices remains open and contested.

Engineers and computer scientists may see their
responsibility as focused on the quality and safety
of a particular product rather than on larger -scale
social issues and maybe unaware of this wider uni-
verse of implications [33]. Business managers and
companies may view themselves as having a primary
duty to shareholders which involves emphasizing
revenue generation above broader societal impacts.
This potentially creates holes in responsibility for
addressing the key impacts of Al.

In addition to uncertainty regarding one’s scope
of professional accountability, engineers and com-
puter scientists who focus on the design of systems
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may have limited influence within their organi-
zations, especially if they focus on a very narrow
aspect of Al system development. They may expect
top executives, liability officers, or corporate social
responsibility staff to assess broader social and ethi-
cal issues. Even social scientists and ethicists tapped
specifically for these issues may find themselves
similarly handicapped, perhaps in an external advi-
sory role without a real say. The result is the “many
hands” problem, where responsibility for managing
Al is distributed and muddled [34].

This question of responsibility is intimately tied
with how organizations structure job responsibili-
ties and workflow related to Al. A major concern is
that computer scientists and engineers may be func-
tionally separated from other staff roles likely to be
tasked with thinking about an Al system’s broader
implications—such as higher-level business manag-
ers, the Csuite, and corporate social responsibility
and compliance staff.

Such an organizational structure exacerbates the
disciplinary divide, as inevitably, functional sep-
aration of technical and nontechnical experts in
organizations limits the potential to communicate
effectively, understand issues robustly, and respond
to considerations of Al's impacts on well-being [21].
Note that such a problem may persist even for com-
panies that have proposed Al ethics advisory or gov-
ernance boards, if functional separation remains.
Figuring out how to distribute responsibility for Al's
impacts may involve challenging long held assump-
tions and re-envisioning organizational processes
and roles, no easy task.

The governance of knowledge

To that end, consideration of knowledge manage-
ment practices may constitute one avenue toward
reimagining organizational processes. An effective
knowledge management system requires the creation
of knowledge, its storage and retrieval, transfer of tacit
and explicit knowledge within organizations, and the
how-to of application itself [35]. When an organization
does not have a proper methodology for governing
knowledge about Al's possible ethical implications
along any of these dimensions, the likelihood of
responsible and effective Al practice decreases.

For example, organizations that fail to con-
sider the complexity of Al and its possible impacts
broadly enough are unlikely to create the knowl-
edge necessary to guide decision-making and action.
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Further, even if such knowledge is collected by some
individuals or teams within an organization, it must
be effectively stored (e.g., in documents, and organ-
izational memory) in a way that is easily retrievable
by the appropriate teams. Moreover, such knowledge
must be carefully translated during retrieval and trans-
fer, so that the teams that need to make decisions are
able to process the information and learn. The dis-
ciplinary divide suggests the transfer process cannot
be taken for granted. Finally, organizations need pro-
cesses for aggregating preferences and making deci-
sions using this information, as well as tools to guide
action, which we discuss in the next section.

Without these systems in place, various teams
within the organization and in different phases of
development may fail to become aware of possible
ethical dimensions or problems, and may be incapa-
ble of effective decision-making and informing appro-
priate stakeholders. For example, if there is no method
of “flagging” specific issues other than the “usual”
suspects in software development, such as bugs and
incomplete versions, various important questions
might be disregarded or simply left unasked.

The challenge of governing knowledge, therefore,
runs across organizational structure, culture, and
technology [36]. Structural elements include soft-
ware and engineering development processes [37],
their integration with larger business development
cycles, and organizational incentives and hierar-
chy. Organizational culture can be more intangible
and intractable, and is shaped by corporate vision,
employee interaction, and the values that permeate
business and engineering practices. Finally, technol-
ogy (construed broadly) addresses the tools used to
create, store, transfer, and apply knowledge. Care-
fully chosen tools must be in place to support each
process toward better governing knowledge.

Addressing these issues is a long-standing organ-
izational challenge, but it reinforces the need for
thinking holistically. An organizational statement
about Al ethics principles or a tool for mitigating
algorithmic bias may be a valuable starting point,
but these components must be conceived of and
incorporated into a broader organizational govern-
ance system. For example, new staff positions and
processes can be created that challenge traditional
disciplinary silos. Organizational leadership can
incentivize ethical concern and interdisciplinary
interaction to build a better culture, and the stages of
software engineering can be mapped to knowledge
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management practices [38] that are attuned explic-
itly to issues of responsible Al.

The abundance of tools

The final explanation for the principles-to-prac-
tices gap that we discuss is, ironically, the potential
over-proliferation of solutions. Indeed, an increasing
number of researchers who have noticed the princi-
plesto-practices gap have begun proposing strate-
gies [39], often aimed at Al practices within industry.
These proposals include changes to software mech-
anisms (such as audit trails), hardware mechanisms
(such as secure hardware enclaves), and institutional
mechanisms (such as red team exercises) [37]. This
work highlights that it is not only technical practices
that must adapt, but also organizational ones.

Among the most comprehensive work assessing
the principles-to-practices gap is the 2019 review by
Morley et al. [40], which systematically explores exist-
ing responsible Al tools and methodologies mapped
against seven components of the Al development
lifecycle: 1) business and use-case development; 2)
design phase; 3) training and test data procurement;
4) building; 5) testing; 6) deployment; and 7) mon-
itoring. They identify 106 tools and methodologies.

Some such methods are relatively narrower in
scope, such as those surrounding explainable Al
[41], bias [42], or procurement (e.g., the AIRFX
Procurement Framework). Other methodologies
adopt a broader scope of focus, including impact
assessments like the ISO 26000 Framework for
Social Responsibility [43] and the IEEE 7010 Rec-
ommended Practice for Assessing the Well-Being
Implications of Autonomous and Intelligent Systems
[44]. Still more relevant methods and approaches
proposed for responsible Al also come from out-
side of the Al domain and include privacy-by-design

Status Quo Challenges | Criteria for Change |

Broad

Subset of ethical issues in design

Abstract Operationalizable

—

Inaccessible * Guided & Flexible

One-and-done Iterative

Perspectives of designers only Participatory

Figure 2. Criteria of a framework for responsible Al
development.
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[45], valuesensitive design [46], the Responsible
Research and Innovation (RRI) approach [47], and
numerous others.

Yet while creating more and better such tools and
methodologies is a worthy pursuit, an over-abun-
dance problem makes it difficult for individuals to
sort through and assess the utility of a given tool, or
to weigh it against the many other available tools.
As a result, individuals and organizations may fail to
take advantage of the useful tools and methodolo-
gies that already exist. Even tools that do exist have
arguably not been tested sufficiently to demonstrate
which are most effective and in which contexts [11].
A further problem is that many tools and methodol-
ogies do not contain sufficient instructions to apply,
customize, or troubleshoot, much less in particular
organizational contexts and use cases [40].

Closing the principles-to-practices gap

Criteria of an effective framework for
responsible Al

Given the proposed explanations above, how can
we begin to close the principles-to-practices gap? We
think an overarching framework for responsible Al
development can help to streamline practice and lev-
erage existing tools and methodologies. What would
be the desiderata of such a framework for responsible
AI?! As a starting point and based on the identified
gaps, we suggest the following (see Figure 2):

+ Broad: 1t should consider Al's impacts expan-
sively, across many different ethical issues and
aspects of social and economic life.

+ Operationalizable: It should enable users to cast
conceptual principles and goals into specific
strategies that can be implemented in real-world
systems.

+ Flexible: It should be able to adapt to a wide vari-
ety of Al systems, use cases, implementation con-
texts, and organizational settings.

- lterative: 1t should be applied throughout the life-
cycle of an Al system and repeatedly.

« Guided: 1t should be easy to access and under-
stand, with sufficient documentation.

 Farticipatory: It should incorporate the perspec-
tives and input from stakeholders from a range of
disciplines as well as those that may be impacted
by the Al system, especially the public.

!Akin to what Dignum calls “Ethics in Design” [48].
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A framework that meets these criteria balances
the need for technical specificity with an equally
important need for conceiving of Al's impacts on
human well-being in their full breadth and complex-
ity, understanding we cannot fully predict all of Al's
possible ramifications. That is, while some promi-
nent strategies for responsible Al assume there are
only a small set of issues to address, such as bias,
transparency, and privacy, we have argued that Al's
impacts are more complex.

Impact assessments are one promising strategy
toward achieving many of these criteria [49]. Impact
assessments have been used historically in human
rights [50], in regulatory contexts [51], and more
recently to study the impact of Al or algorithms [52],
[53]. Measuring impact has several benefits: it ena-
bles monitoring of risks, allows for a more secure envi-
ronment for investment, promotes accountability and
transparency, and overall enhances the prospects of
pro-social innovation [3].2 We focus on the recently
published IEEE 7010 standard as an exemplar [44],
[53] created specifically to assess Al's impacts on
human wellbeing? We argue below that impact
assessments like the well-being impact assessment
from the IEEE 7010 standard could be adopted by
companies pursuing responsible Al development as
well as incorporated into the institutions which train
future practitioners.

Impact assessments for responsible Al
According to the IEEE 7010 standard, a well-being
impact assessment is an iterative process that entails:
1) internal analysis; 2) user and stakeholder engage-
ment; and 3) data collection, among other activities
(see Figure 3). The internal analysis involves broadly
assessing the possible harms, risks, and intended and
unintended users and uses of an Al system. Here,
developers and managers of an Al system carefully
consider a wide range of an Al system’s potential
impacts on human well-being, not limited to prom-
inent issues like privacy, bias, or transparency.
Critically, assessing impacts requires not just specu-
lating about impacts, but also measuring them. There-
fore, the user and stakeholder engagement stages of
the assessment include learning from users of Al sys-
tems as well as others more indirectly impacted to
determine how the system impacts their well-being.

2 Also see [3] for a discussion of challenges with impact measurement.

3While the authors of this article were involved in helping to develop IEEE 7010,
this article reflects the individual views of the authors and not an official position
of the IEEE.
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Collect baseline and
post-use data on Al
system impacts

| Refine Al system design
to improve well-being

RITARIT|

Figure 3. Well-being impact assessment
process.

When developers have access to users, this may
include asking them about possible or actual psy-
chological impacts, economic impacts, changes to
relationships, work-life balance, or health. This is
again in contrast to strategies that focus solely on
technical fixes to issues like bias or privacy during
the design stage alone and fail to account for the
broader universe of well-being implications.

Beyond initial stakeholder engagement, data col-
lection based on the continuous assessment of the
identified possible impact areas is key. Data can be
collected through user surveys, focus, groups, pub-
licly-available data sources, or directly as system
outputs. In sum, we propose that adherence to—and
rigorous documentation of—impact assessments
can contribute to the continuous improvement of
Al systems by ensuring that organizations are better
able to understand and address Al's many impacts
on human well-being.

Importantly, not all tools entitled “impact assess-
ment” meet our definition. Many existing tools
consider only a small scope of possible impacts.
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Some fail to measure impacts at all, instead focus-
ing on anticipating impacts assumed to be impor-
tant and applying best practices to avoid associated
harms, such as bias. Inversely, some tools that are
not labeled “impact assessments” might be clas-
sified as such under our definition, such as the
European Commission’s Ethics Guidelines for Trust-
worthy Al [54]. Notably, some frameworks have
been proposed by the public sector (i.e., govern-
ments) and others by nongovernmental organiza-
tions and companies.

We are hopeful that more scholars and organiza-
tions focused on responsible uses of Al will adopt
an impact assessment approach or alternative frame-
works that meet the criteria identified above. A key
aspect of enabling effective impact assessment or
other frameworks is creating supportive structures,
such as by adopting new practices in institutions of
higher education as well as organizational changes
in firms. We turn to these issues briefly.

Supportive practices in higher education
and industry

Educational systems have undertaken meaning-
ful efforts aimed at increasing ethical sensitivity and
decision-making, but have not yet made the changes
needed to support responsible Al practice. Of around
200 Al/ML/data science courses reviewed by Saltz
et al. (2019), little more than 1 in 10 mentioned eth-
ics in their syllabus or course description. Those that
did focused overwhelmingly on bias, fairness, and
privacy [55]. Although courses focused specifically
on Al ethics cover a wider set of issues including
consequences of algorithms, technically tractable
issues like bias and privacy are still dominant [56].
We suggest that Al ethics education focus not solely
on a few prominent or technically tractable issues
nor on general awareness-building alone, but also
on impact assessment as an overarching framework
to understand Al's impacts on human well-being.
Further, educational institutions should seek to serve
diverse groups of students through coursework,
extracurricular clubs, and even contests to encour-
age cross-disciplinary learning and practice.

Companies developing or deploying Al should
move toward the integration of technical and non-
technical teams rather than functional separation of
roles, for reasons discussed previously. These inte-
grated teams could include technical developers
as well as other individuals tasked with considering

impacts of an Al system who may have social sci-
ence, humanities, business, law, or ethics expertise,
or who can represent user and stakeholder interests
effectively. Such a change requires establishing new
organizational and knowledge management prac-
tices that are integrated with traditional engineer-
ing and software lifecycles. Already, organizations
have proposed including a residential nontechnical
thinker tasked with responsible Al—an “ethics engi-
neer” or “responsible Al champion” [57]. Organi-
zations could also engage in interdisciplinary and
interdepartmental cross-training, using red team
exercises [37] or hypothetical case studies that draw
on the impact assessment approach.

In summary, we have argued that impact assess-
ments are a promising strategy to address the gaps
between principles and effective practices for
responsible Al. However, applying an impact assess-
ment might feel like an abstract exercise to those
who have not done it. To demonstrate how clos-
ing the principles-to-practices gaps with an impact
assessment might occur, we move now to a demon-
strative example case study.

Case study: Impact assessments
to support responsible Al for forest
ecosystem restoration

This section provides an example case study of
Al's use in forest ecosystem restoration efforts to
demonstrate the ideas and approach proposed in
this article. Further, it helps to highlight future work
needed for practical adoption of impact assessments
or similar responsible Al frameworks.

Case study background

Forest ecosystem restoration is essential for many
reasons. Forests have the most species diversity on
the planet, with some 80% of land-based species.
Forests also reduce the risk of natural disasters such
as floods, droughts, and landslides and help protect
watersheds [58]. Further, forests are critical for mit-
igating land-based carbon emissions by increasing
carbon sequestration, critical for climate change
prevention goals [59]. Project Drawdown, for exam-
ple, has calculated that the restoration and protec-
tion of tropical forests could lead to 61.23 gigatons of
carbon reduction by 2050 [60].

Achieving these goals requires the restoration of for-
est ecosystems through the cultivation of trees, known
as afforestation [61]. Applied afforestation projects
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typically involve three stages - planning, execution,
and monitoring of ecosystem restoration. Several Al
technologies have been used in afforestation efforts
and their use is increasing. During planning, Al systems
have been used to predict forest carbon sequestration
potential through the use of satellite and drone image
data [62], [63]. Al can also facilitate execution of
afforestation through computer vision algorithms used
in identifying appropriate planting sites, monitoring
plant health, and analyzing trends [64]. Lastly, in the
monitoring stage of restoration projects, Al can be used
to identify where deforestation may have been con-
ducted illegally [65], [66], as well as assess risks due to
fire, disease, insects, or other causes [67].

Current challenges

According to international governance -efforts
like the UN SDGs, the UN Forum on Forests, Agenda
21, and the Future We Want (the outcome document
of the Rio+20 Conference) there is a need for holis-
tic, multi-stakeholder engagement to address forest
ecosystem restoration adequately [68], [69]. This is
due to the existence of multiple groups with critical
interests in forest ecosystems. For example, local
communities and businesses may engage in harvest-
ing timber and farming as part of the local economy,
while natives living off the land may depend on
hunting animals and harvesting plants, and policy-
makers must also worry about carbon sequestration
and climate change efforts.

Though the goals of these groups are not always
in conflict, they can bring different perspectives
and have competing priorities. Therefore, Al-driven
systems used for afforestation that do not take into
account these “multiple ecological, economic,
social and cultural roles” important to various
stakeholders [58] may lead to blind spots and unin-
tended harms. For example, an Al system that uses
imaging data to determine carbon sequestration
potential could optimize climate change goals in
a narrow sense, but fail to account for social-eco-
logical aspects of the land important to indigenous
groups, or ignore endangered species important to
conservationists.

As a result, carbon sequestration targets opti-
mized in the short term could fall short in the long
term as afforestation progress fails to translate into
a sustainably managed multi-stakeholder effort. Fail-
ing to develop and implement Al systems for eco-
system restoration in a participatory fashion is thus

June 2021

an example of how the laudable goal of improving
environmental well-being can fail to translate into
responsible and effective practices.

Applying impact assessment

AsRolnick et al. [70] state, that “Each stakeholder has
different interests, and each often has access to a differ-
ent portion of the data that would be useful for impactful
[machine learning] applications. Interfacing between
these different stakeholders is a practical challenge for
meaningful work in this area.” Therefore, stakeholders,
such as landowners, policymakers, local communities,
and others need to have a voice in the application of Al
to forest ecosystemn restoration. Impact assessment can
help address this gap (see Figure 4).

As discussed in the “Disciplinary divide” sec-
tion, the impact assessment process involves a
broad internal analysis by the organizations devel-
oping Al systems for forest ecosystem restoration.
For an Al developer engaged in forest ecosystem
restoration, this would involve trying to understand
the variety of possible stakeholders and intended
or unintended impacts of their products. A com-
pany that develops Al to identify target areas for
afforestation given carbon sequestration potential
might begin to identify previously unrecognized
impacts on species diversity, the local economy,
and the well-being of native groups.

To have a more accurate understanding of
broader impacts—as well as to build consensus
among stakeholders—the company would then
begin the user and stakeholder engagement process.
Critically, this would involve soliciting the input of

How to apply well-being impact
assessment approach to Al in
forest ecosystem restoration?

Participatory methods

Measuring ecological aspects of land area

over total land area

But also measuring aspects of
social and economic well-being
relation to GDP

between all stakeholders:

Businesses, government officials, native

Iterative/ongoing engagement

Operationalizing broad set of principles as impacts

SDG 15.1.1: Forest area as a proportion of total

land SDG 15.3.1: Proportion of land that is degraded

SDG 3.3.5: Number of people requiring
interventions against neglected tropical diseases

SDG 1.5.2: Direct disaster economic loss in

Open and transparent participation SDG 11.3.2: Proportion of cities with direct
participation structure of civil society in urban
planning and management that operate
populations, landowners, conservationists regularly and democratically

Figure 4. Applying impact assessment to
Al in forest ecosystem restoration.
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the numerous stakeholders, such as conservation
groups, landowners, scientists, government officials,
local businesses, and native populations. A method
like participatory action research or other participa-
tory design methods [71] could be used to facilitate
this engagement.

This process, which should be ongoing and iterative
throughout the management of the forest ecosystem,
should surface a number of clear concerns about pos-
sible implications of the afforestation efforts. For exam-
ple, the company may have originally been optimizing
a target through their Al system such as SDG indicators
15.1.1, “Forest area as a proportion of total land area,”
or 15.3.1, “Proportion of land that is degraded over
total land area.” However, the impact assessment pro-
cess should lead to the flexible identification of new
indicators critical to having a broader understanding
of the relevant social, economic, and ecological con-
text, such as SDG indicators 3.3.5, “Number of peo-
ple requiring interventions against neglected tropical
diseases,” or 1.5.2, “Direct disaster economic loss in
relation to global gross domestic product.” These new
indicators would therefore operationalize possible
dimensions and impacts of the forest ecosystem man-
agement effort such as diseases and natural disasters as
specific measurable indicators.

Finally, the company would have new ways to
apply their deeper understanding of the well-being
implications of their Al system. One such approach
could be embedding expert domain knowledge
garnered from the participatory process into the
architecture of the Al system itself [72]. For exam-
ple, an Al system that previously optimized carbon
sequestration potential as part of its objective func-
tion could incorporate new data regarding tropical
diseases or natural disasters as additional constraints
or targets in the optimization of its model. Finally,
though the impact assessment process and identifi-
cation of solutions could initially feel unfamiliar and
complex, the company would gradually develop
best practices and guidance toward a more respon-
sible application of its Al system for forest ecosystem
restoration.

Though this case study—the use of Al for forest
ecosystem restoration—is based on real uses of
Al and associated real-world challenges, the spe-
cific actions taken by the company and indicators
suggested are hypothetical, and the impact assess-
ment only responds to some of the possible chal-
lenges faced. We do not mean to suggest that there

are not companies or governments already taking
thoughtful approaches to multistakeholder gov-
ernance in this area. However, to the best of the
authors’ knowledge, current sustainability efforts
have not yet incorporated impact assessments of
Al-driven technological solutions applied to eco-
system restoration. We hope this case study helps
to demonstrate how impact assessments are a
promising tool to close the principles-to-practices
gap toward responsible Al.

IN THIS ARTICLE, we reviewed and synthesized
explanations for the gap between high-level respon-
sible Al principles and the capacity to implement
those principles in practice. These explanations are
neither mutually exclusive nor exhaustive. Scholars
should continue to probe—conceptually and empir-
ically—what barriers stand in the way of responsi-
ble Al practice within organizations. We suggest
this research agenda will benefit from collaboration
between computing, engineering, organizational,
business, and other scholars. As the Al community
moves forward in its ambitions to promote socially
responsible Al, attention to the nature of the princi-
ples-to-practices gap can help guide the identifica-
tion of best practices and promising solutions such
as impact assessment. [
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