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Algorithms shape high-stakes decisions across society. While
promising efficiency, algorithms also raise fairness concerns.
This article proposes that algorithmic fairness is best under-
stood as a human—technology interaction problem rather than
a purely technical challenge. Algorithms can reproduce
human biases, amplify them through feedback loops, or create
new forms of unfairness through objectives, proxies, and
seemingly neutral variables. Yet they can make decision
processes more explicit, disparities more visible, and actively
mitigate discrimination. Fairness depends not only on statis-
tical properties but also on how algorithms are designed, used
and experienced by those affected by their decisions. This
article therefore offers an interdisciplinary perspective that
integrates insights from social justice, psychology, computer
science, judgment and decision-making, and management.
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Introduction

Algorithms increasingly support or replace human
judgment in domains such as education, finance,
healthcare, human resources, and marketing. Consider
an organization that uses an algorithm to screen job
applicants and decide who should be invited for an
interview. Such a system promises efficiency and scal-
ability, consistency and predictive accuracy: it can pro-
cess large applicant pools, apply a consistent scoring
rule, and identify profiles associated with later job per-
formance. Yet its use also raises fundamental fairness
concerns. If the algorithm is trained on historical hiring
data, it may learn patterns that reflect earlier human
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biases, favoring applicants from certain groups, univer-
sities, or career paths that were previously over-
represented among successful hires. In doing so, it may
disadvantage already marginalized groups [1].

Public debate about algorithms often oscillates between
two incomplete views. One presents them as objective
tools that remove human subjectivity from decision-
making [2]. The other presents them as inherently
discriminatory technologies that automate inequality
[3]. Both views overlook a central point: algorithms are
not deployed into a vacuum [4]. They are embedded
within human institutions, historical inequalities, orga-
nizational incentives, and social values. These influence
directly or indirectly the design and use of algorithms.
This article therefore argues that algorithmic fairness is
best understood not as a purely technical property of a
model, but as a human—technology interaction problem
[5]. Figure 1 depicts this two-way relationship: Humans
shape technology through data, objectives, and gover-
nance choices, while at the same time, algorithms can
help increase fairness in society by enabling bias miti-
gation and making disparities explicit and visible.

This article first reviews how fairness has been
conceptualized in social justice and psychology and in
computer science. It then describes how algorithms can
both reduce or increase fairness depending on the
human-technology interactions. The article concludes
with implications for designing fairer algorithms.

What makes an algorithm fair?

Algorithmic fairness is difficult to define because fair-
ness is inherently multidimensional. It is typically
formalized as a comparison between groups defined by
one or multiple protected attributes: characteristics
such as gender, race, ethnicity, age, disability status, or
religion that are socially, ethically, or legally relevant
to discrimination.

Long before algorithmic fairness became a central
concern, social psychology and organizational justice
research showed that people evaluate fairness along
multiple dimensions. Early equity theory emphasized
distributive justice: whether outcomes are allocated in
proportion to one’s input or contributions [6]. Later
work on procedural justice showed that people also care
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Human-Technology Interaction View on Algorithmic Fairness

Figure 1. The figure illustrates that fairness emerges from interactions between humans and algorithms. Humans shape technology through data,
objectives, and governance choices. These choices lead to algorithms that reproduce, amplify, or create bias. At the same time, algorithms can help
increase fairness in society by enabling bias mitigation and making disparities explicit and visible.

about how decisions are made, including whether pro-
cedures are consistent, unbiased, accurate, correctable,
representative, and ethical [7]. One of the major find-
ings of this stream of research is that the procedure to
allocate outcomes has an influence on people’s judg-
ments of the fairness of a decision that is independent of
outcome favorability [8]. Subsequent research further
introduced the concept of interactional justice emphasizing
that individuals are sensitive to how procedures are
enacted and communicated [9]. In particular, mzerper-
sonal justice focuses on the extent to which individuals are
treated politely and respectfully, while mformational

justice focuses, among others, on whether the decision
makers provide an adequate justification: offering a
causal account for a decision is associated with stronger
perceptions of interactional fairness [10].

These dimensions contrast sharply with how algorithmic
fairness has been defined and operationalized in computer
science, where three main statistical fairness notions have
emerged. First, independence requires that favorable out-
comes, such as being invited for a job interview, occur at
similar rates across groups [11]. Second, separation requires
that error rates are similar across groups; for example,
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qualified applicants should be rejected at similar rates
regardless of gender or ethnicity [12]. Conceptually,
separation can be linked to the merit-based notion of
fairness central to distributive justice because it requires
similarly qualified individuals to be treated similarly across
groups. Third, calibration requires that the score an indi-
vidual gets assigned by the algorithm has the same
meaning across groups; for example, applicants who
receive the same predicted job-performance score should,
on average, show similar later job performance regardless
of gender or ethnicity [13]. These criteria cannot be
satisfied simultaneously [14]. Therefore, algorithm de-
signers and auditors must decide which to prioritize.
Unfortunately, little is known about which criterion
human recipients perceive as fairest. The social justice
literature has shown that people value distributive, pro-
cedural, interactional, and informational fairness differ-
ently [15], but little is known about how these concerns
map onto statistical criteria [16,17]. The next section
discusses the pathways through which the use of algo-
rithms in decision-making can either reduce or increase
fairness, drawing in particular on insights from justice
theory and computer science.

How algorithms can reduce fairness
Algorithms can reduce fairness in three main ways: they
can reproduce existing human biases, amplify those
biases, or create new forms of bias that would not arise in
the same way without algorithmic systems.

Reproducing existing bias

Algorithms are trained on data, often consisting of
observations of past human decisions and behavior.
They learn patterns in these data: how previous de-
cisions relate to variables that characterize the in-
dividuals for whom the decisions were made. In hiring,
for example, an algorithm may learn how recruiters’
past screening decisions relate to applicants’ educa-
tion, work experience, or demographic characteristics.
When those decisions reflect unequal treatment, the
algorithm may interpret biased patterns as valid pre-
dictive signals thereby reproducing existing socie-
tal biases.

In the well-known Amazon recruiting case, an experi-
mental screening tool was trained on résumés submitted
over a ten-year period, most of which came from men.
Consequently, it favored résumé patterns associated
with male applicants while penalizing terms such as
“women’s” [18]. As this example illustrates, historical
disparities in hiring decisions can be mechanically
incorporated into an algorithm’s recommendations. The
problem is further compounded by the fact that appli-
cants’ educational backgrounds, even before they enter
the labor market, may themselves reflect unequal op-
portunities arising from disparities in access to educa-
tion and other resources [19].

Similar mechanisms arise in marketing: psychographic
targeting algorithms trained on large text corpora may
learn gendered associations in language and use them to
shape which ads are shown to whom, influencing con-
sumers’ consideration sets and choices [20].

Amplifying existing bias

Algorithms do not simply reproduce human biases; they
may also amplify them. This phenomenon lead to
distrust and has fueled aversion toward algorithms [21].
Amplification is often caused by feedback loops: algo-
rithmic decisions affect the environment from which
future data are collected, thereby reinforcing the pat-
terns the algorithm has learned [22]. In the advertising
example above [20], show how targeted consumers can
amplify gender bias by responding affirmatively to ste-
reotyped ad offerings. A similar concern arises in crim-
inal justice. If a risk assessment tool such as the
Correctional Offender Management Profiling for Alter-
native Sanctions (COMPAS) algorithm, assigns higher
risk scores to people from already over-policed groups,
those scores may lead to closer monitoring and harsher
decisions. This can generate more recorded contact with
the justice system for those groups, reinforcing the
appearance that they are higher risk [23]. Feedback
loops can threaten both procedural and interactional
justice. In the COMPAS case, defendants had limited
ability to understand or contest the risk scores they
received, especially with the feedback loops at play.

Amplification is particularly likely when systems update
dynamically based on their interaction with humans,
because small differences in human response can be
converted into systematic disparities. This again shows
why algorithmic fairness is a human—technology inter-
action problem: bias is not located only in the model,
but can emerge from the loop between algorithmic de-
cisions, human responses, and the new data those re-
sponses generate.

Creating new forms of bias

Algorithms may also create new forms of bias. Here,
unfairness does not simply come from biased historical
data or from amplifying existing disparities. It emerges
from how algorithmic systems translate the decision
problem into measurable objectives and proxies.

An algorithm learns patterns in the data that help
optimize a given objective. In advertising, for example,
this objective may be to deliver ads as cost-effectively as
possible. Research has shown that this objective can
result in women being underexposed to job advertise-
ments in science, technology, engineering, and mathe-
matics (STEM). This disparity arose not because
women were explicitly excluded, but because the ad
delivery system optimized exposure under cost con-
straints. Because women were more expensive to reach,
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the optimization process generated gendered differ-
ences in access to career information [24]. Bias can
therefore emerge from the objective itself, even when
the advertiser does not intend to discriminate.

Bias can also emerge from the proxies used to measure
what the algorithm is meant to predict [25]. Many
decision goals are difficult to observe directly. In
hiring, for example, applicants’ ability to perform well
on the job cannot be directly observed. In healthcare,
the relevant goal may be patients’ medical need, but
need is complex and not always directly measured in
administrative data. Designers may therefore use a
proxy, a measurable variable that stands in for the true
construct of interest. In the healthcare case studied by
Ref. [26], an algorithm used healthcare costs as a proxy
for health needs. However, because Black patients
historically received less care than equally sick White
patients, they generated lower costs at the same level
of illness. The algorithm therefore underestimated
their need for care.

Finally, new bias can also emerge when algorithms use
variables that seem neutral but are closely linked to
protected attributes. Removing gender, race, or
ethnicity from a model does not guarantee fairness,
because other variables may carry similar information.
ZIP code, for example, may partly reflect ethnicity or
income because residential patterns are socially strati-
fied. In one study of online Scholastic Assessment Test
(SAT) tutoring, prices varied by ZIP code, and Asian
residents were nearly twice as likely as non-Asian resi-
dents to live in areas offered higher prices [27].

How algorithms can increase fairness
The human—technology interactions that make algo-
rithms harmful can also make them valuable tools for
increase fairness, either by designing fairness-aware al-
gorithms or by enabling algorithm auditing [28].

Mitigating bias

Recent work in computer science offers opportunities
for designing fairer algorithms and reducing bias. First,
algorithm designers can change what the algorithm
learns from, for example by rebalancing training data so
that protected groups are adequately represented before
the model is estimated. In experimentation and
targeting, for instance, data collection can deliberately
include more observations from protected groups to
improve the algorithm’s ability to learn meaningful
response patterns for those groups [29]. Second, they
can change what the algorithm is asked to optimize by
integrating fairness constraints during model training, so
that the system does not maximize only accuracy or
profit [30]. Third, decision makers increase fairness
when translating algorithmic outputs into decisions. For
instance, predicted scores can be converted into binary

decisions using thresholds chosen to reduce unequal
error rates or unequal access across groups [12]. These
developments show that fairness can be built in the
system through human choices.

However, a major challenge in mitigating bias is deter-
mining which fairness definition to prioritize, as
improving one dimension may weaken another. Mitiga-
tion efforts should therefore be guided by the fairness
objective most appropriate to the context, which re-
quires understanding how contextual factors shape
fairness preferences. For example, independence may
be more appropriate when allocating access to broadly
beneficial opportunities, such as training programs,
whereas separation may be more appropriate in medical
diagnosis, where equally ill patients should face similar
risks of error across groups.

Revealing bias

Algorithms may also support fairer decision-making
because they lend themselves better to auditing than
humans [31]. Human judgments vary across decision
makers and contexts. For instance, recruiters may differ
in how they interpret the same résumé and their de-
cisions can be shaped by implicit judgments, influenced
by contextual cues, and justified after the fact.
Detecting discrimination by humans often requires
carefully designed field experiments or audit studies. By
contrast, once an algorithmic decision rule is specified,
its behavior can be tested systematically by applying it
to many cases and comparing outcomes across groups
[32]. Explainable Al can further enhance this advantage
by making the factors underlying algorithmic decisions
more transparent, thereby helping to identify biased
patterns and promote informational justice through
clearer and more meaningful explanations. Recent psy-
chological evidence even suggests that people may
recognize more bias in algorithmic decisions than in
their own judgments [33]. In other words, algorithms
may expose biases that were already present but hidden
within human judgment.

Designing fair Human—Technology
systems

A central goal of this article was to demonstrate the
bidirectional nature of the human—technology rela-
tionship in the context of algorithmic fairness. Con-
sumer psychology has largely studied humans as
recipients of technology, examining how they perceive
artificial intelligence [34] and how recommendation
systems shape human judgment and behavior [35]. This
article complements that perspective by emphasizing
humans as actors who also shape technology.

Past cases of algorithmic bias illustrate that scandals
rarely originate from technology alone. They often arise
from human decisions and institutional conditions,
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including both errors of commission—such as selecting
inappropriate objectives or data—and errors of omission,
such as failing to examine data quality or monitor group-
level outcomes [36]. Future research should therefore
investigate how these errors can be reduced and how
awareness of the mechanisms through which algorithmic
bias emerges can be strengthened [37]. It should also
clarify how responsibility should be distributed among
the actors involved in designing, using and overseeing
algorithms [2,38]. More systematic auditing procedures
are an important part of this agenda. Regulators may
help reduce errors of omission by requiring organizations
to evaluate algorithms and to monitor their effects
across groups. Yet meaningful audit standards cannot be
developed without a clearer understanding of what
affected individuals regard as fair. More research is
needed on how people’s attention to different aspects of
fairness might shape which statistical criteria people
consider most legitimate across domains such as hiring,
healthcare, lending, and marketing, and why these
preferences differ across contexts. It should also inves-
tigate how organizations should explain choices made in
the design of algorithms, reflecting concerns about
interactional justice, and how algorithmic predictions
are translated into decisions, reflecting concerns about
procedural justice. These questions underscore the
need for interdisciplinary research. Advancing algo-
rithmic fairness requires insights from psychology and
social sciences, domain knowledge from management
and other applied fields, and technical expertise from
computer science, statistics, and econometrics. No
single discipline can adequately address the algorithmic
fairness challenge.
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Across five studies, the authors show that learning about candi-
dates’ socioeconomic advantages and disadvantages reduces the
perceived fairness of merit-based selection and increases support
for socioeconomic diversity initiatives. This study is important
because it demonstrates that fairness judgments depend not only
on qualifications and outcomes, but also on how those qualifica-
tions were produced.

. The authors show that including more predictors does not

necessarily improve risk assessment when algorithms are trained
on biased proxy outcomes. They derive conditions under which
excluding variables can improve predictions of the true outcome,
demonstrating why conventional “kitchen sink” modeling may
amplify label bias. This study is important because it identifies a
precise mechanism through which seemingly reasonable design
choices can generate unfair predictions.

. This review argues that responsible Al research should more

systematically incorporate psychological and social-scientific in-
sights into the study of algorithmic bias. Through the lens of the 3-
D Dependable Al Framework, the review explores how social
science can contribute to identifying and mitigating bias at the
Design, Develop, and Deploy stages of the Al life cycle.

. The authors find that people perceive more bias in algorithms

trained on their decisions than in their own judgments, partly
because of the bias blind spot. This greater recognition of bias
also makes people more willing to correct decisions attributed to
algorithms. The study is important because it shows that algo-
rithms can make existing human biases more visible and poten-
tially more open to correction.

. This piece investigates how Al failures occur distinguishing be-

tween omission and commission errors in the inputs to the Al
system, the processing logic, and the outputs from the Al system.
Based on this framework, it determines corrective action.

This systematic review develops a four-stage framework covering
training-data generation, model training, testing, and deployment,
and identifies sources of bias and mitigation options at each
stage. It is especially important because it integrates organiza-
tional, legal, computer-science, and data-science perspectives
while distinguishing mitigation methods that are both empirically
effective and legal.
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