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Introduction

When companies develop and use technology,
who is responsible for the moral implications
design during development and impacting stake-
holders during use can be contested. This entry
explains how we think about corporate responsi-
bility around the design, development, and use
of AL

Al and Corporate Responsibility

When a firm develops an Al program, that firm
makes value-laden decisions as to who is impor-
tant, who should be considered, and who can be
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ignored in a given decision. For example, in a
mortgage approval program, the computer scien-
tists train the algorithm on previous applicants
including who was approved and rejected over a
number of years. The AI program “learns” the
attributes of individuals who are more likely to
be approved. In any given data set, some people
will be well-represented with all the data filled out
and some will not have all their data included.
Some types of people will be completely missing
from the data. Data and computer scientists need
to decide how much to punish people who are not
represented or not well represented in the data. In
addition, these same data and computer scientists
make assumptions about missing data, how to
treat outliers or edge cases, and how morally
important it is to include more people in the
model. In other words, if the predictive mortgage
approval model does work well with certain peo-
ple, should we care? Does it matter? How much
should a bank care?

All this is to say that the firms that develop Al
programs make value-laden decisions during
design and development (Martin 2019). And that
these decisions have moral implications for the
firms that adopt the Al program and the users
who are subject to a particular Al program. This
runs counter to the mistaken belief that Al is
somehow neutral or operates outside human
involvement. In fact, these data and computer
scientists have to make value-laden decisions
throughout the development process.
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Training and Live Data. When algorithms are
developed from training data, who is
represented in the training data and how the
data is labeled directly impacts the creation of
the algorithm. For example, when facial recog-
nition is trained on primarily white men, the
result is an algorithm who identifies white men
moderately well but identifies black women
incorrectly the majority of the time
(Buolamwini and Gebru 2018). The model
that is developed on a specific training data
set may also be tailored to that training data
and ineffective when applied to live data, caus-
ing harms, breaking rules, and reinforcing
existing power dynamics.

Development of the Model. Computer scien-
tists make assumptions about the type of data,
how the data is distributed, whether data is
missing (and how bad is it for data to be miss-
ing), and whether the algorithm should care
about outliers (and how much should it care).
These are all value-laden decisions about
individuals.

Outcome Chosen. How does a particular out-
come favor certain groups of people and how
well does the outcome represent the phenome-
non of interest? For example, we use GPA as a
measurement for “good student in college”
sometimes, but that does not mean that the
GPA as an outcome is a good measurement of
the phenomena we are interested in.

Mistakes. All Al programs generate mistakes —
people are mischaracterized and misidentified.
Sometimes Al predicts someone will commit a
crime and they do not, which is a false positive.
Other times Al programs will predict someone
will not commit a crime and they do which is a
false negative. The types of mistakes (false
positives versus false negatives) vary across
decision contexts as well as which mistakes
are more preferable for a given decision. For
example, in the criminal justice system, we
prefer false negatives: we prefer in the United
States that someone be falsely set free rather
than falsely imprisoned. Not only do computer
scientists influence that types of mistakes that
are more common with a given Al program,
but they also influence whether or not the
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inevitable mistakes are able to be identified,
judged, and fixed by users of the Al program.
Al programs that are developed to be inscruta-
ble, e.g., declared proprietary or designed to
not be accessible by the firm that uses the Al
program, allow the inevitable mistakes to con-
tinue by not allowing users to identify, judge,
possibly fix mistakes

Contestability. While people like to think that
Al and related computer programing
approaches are inscrutable, computer scientist
Joshua Kroll notes that “inscrutability is not a
result of technical complexity but rather of
power dynamics in the choice of how to use
those tools” (Kroll 2018). In other words, mak-
ing a program difficult to use or making the
mistakes created by the program difficult to
identify, judge, and correct is a design decision.
In fact, developers of Al programs should
make their programs contestable (Mulligan
et al. 2020), where subjects of the Al program
are able to contest any decision made about
them. This would require a certain amount of
transparency and accountability in the design
depending on the context of the decision and
the types of users subjected to the program.
Assessment of AI. The computer scientist influ-
ences how the Al program is assessed that it
“works.” While we regularly, in the popular
press and in academia, claim that Al is “accu-
rate” or “efficient,” these measurements are
actually constructed in the design for many
programs. For example, one might need to
know for whom is the program accurate and
for whom is it not accurate. And, the efficiency
gains for a company implementing Al pro-
grams may also mean that a bad decision is
being made faster. We normally do not see
mere efficiency as a goal for decision making.
If we are hiring or arresting the wrong people,
making those types of decisions faster with the
aid of Al does not make the entire organization
more efficient and may offload some of the
work onto others. In fact, even the idea of
prioritizing claims of accuracy and efficiency
is a value-judgment that may work for the
developing firm but not for the firm adopting
and using the Al program.
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Why Firms Are Responsible for Al

While the data and computer scientists make
value-laden decisions in developing the Al pro-
gram, the firm that uses the program is responsible
for the ethical implications of their business deci-
sion. In other words, the bank is still responsible
for making mortgage decisions, insurance compa-
nies are still responsible for adjudicating insur-
ance claims, and firms are still responsible for
their hiring decisions even if they augment their
decision with an Al program. This places a dis-
tance between the moral decisions of develop-
ment and the ethical implications in use.

Hence, the introduction of Al to decision-
making increases what scholarship has called
moral distance. Scholars use this concept to
explain why individuals behave unethically
towards those who are not seen. With Al
decision-making, face-to-face interactions are
minimized, and decisions are part of a more
opaque process that humans do not always under-
stand. Therefore, the issue regarding Al and moral
distance is that firms miss the moral implications
of their decision, for which they are responsible,
being blinded behind the veil of Al (Villegas-
Galaviz and Martin 2022).

Firms are responsible for the development,
deployment, and use of Al in the same manner
these same firms are responsible for the many
business decisions they make about the products
they develop, the materials they purchase, and the
decisions about individuals that they make. Firms
are responsible for the products and services they
sell in that they have an obligation to not cause
harm, act in a manner that does not further disad-
vantage the less fortunate, abide by the values and
norms of society, and follow the law. Firms are
similarly responsible for the decisions, augmented
with Al, they make about individuals, employees,
and users in that they have an obligation to treat
people with dignity and respect, act as if individ-
uals are an end and not a mere means to be used
merely for the firms benefit, and to not create harm
or diminish rights. The introduction of Al into an
organization does not remove their responsibility
for their actions.

Approaches to Take Responsibility for Al

Our ethical concepts, traditions, theories, and
approaches can be seen as a way to close the gap
between those making value-laden decisions and
the ethical implications of those same decisions.
In other words, these theories and approaches help
the data and computer scientists understand better
the ethical implications of their work. And, for
firms adopting Al, these approaches provide a
roadmap of the types of questions one should
ask about the design and development and use of
a specific Al program. Here we focus on more
than mere consequentialism, which would only
ask firms to calculate the possible net benefits or
harms caused by the development, deployment,
and use of Al. Consequentialism has the same
deficits as an ethical tool when applied to Al
decisions: the harms to the few who are consid-
ered marginalized, without a voice, or “edge”
cases can be ignored in order to benefit the more
powerful. Instead, we focus on those ethical
approaches that would help firms take responsi-
bility for Al and decrease the moral distance exac-
erbated by the use of AL

1. Deontology

In the field of Al and business ethics, much
work has been done to find the right set of
principles or Al ethical guidelines. Deontol-
ogy, or principle-based ethics, bases the right-
ness of the action in that it follows the duty of
those who act. Hence, individuals should
decide according to their principles or rules
rather than considering the consequences or
context. These attempts within Al ethics usu-
ally follow the line to bring ethical frameworks
from other disciplines, especially the four
essential principles traditionally used in bio-
ethics: beneficence, nonmaleficence, auton-
omy, and justice. However, scholars have
brought out the fact that principles are not
sufficient to guarantee ethical Al and the limi-
tations of a principled approach to Al ethics
(Mittelstadt 2019).

2. Justice and Fairness

Fairness and Al has become almost synon-
ymous with ethical Al, primarily when Al has
been used to sort individuals, the program



reinforces existing injustices captured in the
data. For fairness and justice approaches to
Al, initial works focused on how algorithmic
decision-making processes do not lead to more
objective and or more fair decisions than those
by humans, who are seen as influenced by
prejudice or emotions. In fact, Al has the
potential to exacerbate issues regarding dis-
crimination, bias, and fairness. In applying
fairness approaches, best practice is to distin-
guish questions about discrimination and ques-
tions about justice. Fairness and justice
theories highlight how being predicted or cat-
egorized should not be more likely for partic-
ular groups of people and that the system of
allocating goods (the Al program) should not
harm the less fortunate. Other approaches
focus on equity, parity merit, and even the
appropriateness of using particular attributes
of individuals for a decision (Martin 2019).
Discrimination law, on the other hand, focuses
on ensuring the individuals are not treated or
impacted differently based solely on a pro-
tected attribute (nationality, race, ethnicity,
sexual orientation, gender, religion, etc.), and
problems of discrimination are best examined
throughout the process of design, develop-
ment, and use of Al (Barocas and Selbst 2016).
. Virtue Ethics

Within virtue ethics approaches to under-
standing Al, the character traits of the agent
or subject/user is the focus. Shannon Vallor’s
proposals lead the way to bring virtue ethics to
answer the critical ethical questions of the cur-
rent era. In her book Technology and the Vir-
tues (2016), Vallor proposed a virtue-driven
approach to the ethics of emerging technolo-
gies, such as Al, and a kind of ethical strategy
for promoting the moral character needed for
the challenges of recent times. In her frame-
work, she adapted Aristotelian, Confucian, and
Buddhist ethical reflections to create a set of
what she calls are the technomoral virtues
needed for the twenty-first century. The
technomoral virtues framework is proposed
to specify how humans should act to flourish
in an uncertain future, where the uncertainty
comes from the changing nature of emerging
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technologies. There, in search of a techno-
moral wisdom, the framework proposes an
adaptation of 12 virtues to the new techno-
social environment, in there are virtues like
honesty, self-control, humility, or civility.

. Ethics of Care

More recently, the ethics of care has been
used to better understand the moral implica-
tions of Al. The ethics of care is a contextual-
ized moral theory focuses on interdependent
relationships, individuals’ vulnerabilities, cir-
cumstances, and the voice of the other in eth-
ical decision-making. In Al ethics, the
contribution of the ethics of care comes in
line with the understanding of how Al models
may marginalize those who do not fit within
the pattern created and used by those who
develop and deploy Al In its critical aspects,
the ethics of care can help in the comprehen-
sion of how algorithm decision-making can
create harm and ignore the needs of individ-
uals, especially the most marginalized groups
(Villegas-Galaviz 2022).

. Critical Approaches

Critical theories attempt to understand the
power dynamics and seeks to question not only
the presumed objectivity and neutrality of ana-
lytics (Johnson n.d.) but also the power dynam-
ics at play in building the algorithm, collecting
and using the data, and deploying Al and ana-
lytics. Critical approaches seek to understand
who gains and who is marginalized by the
status quo. Langdon Winner (1980) is perhaps
the most well-known scholar to take this
approach to technology more broadly. Winner
argues that technology, designed and used by
society, has politics or “arrangements of power
and authority in human associations.” In
regards to Al, critical approaches examine the
development and use of Al through the lens of
power — who retains power and who is margin-
alized — and usually makes the case for the
lifting or emancipation of those who are
being undermined by the use of Al

Conclusion
When considering the ethical implications of
development or use of Al to augment decisions,
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business practitioners and business ethics scholars
have the tools to better understand how Al can be
developed and used within the given values of the
firm. Al does not fundamentally change how we
think about ethics and responsibility.
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