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Abstract

While research on algorithmic decision-making has grown substantially,
little is known about people’s moral reactions to organizations’ artificial
intelligence (Al) orientation choices. Drawing on deonance theory, we
hypothesize that an organization’s choice between an algorithm maximizing
accuracy at the expense of fairness and one prioritizing fairness over accuracy
triggers distinct moral-emotional responses among third-party observers.
We conducted three vignette-based experiments comparing accuracy- and
fairness-oriented algorithms in hiring (Studies | and 3) and dismissal (Study 2),
with different degrees of accuracy loss (Study 3). Results indicate that moral
emotions (i.e., other-condemning and other-praising) mediate the effects of
this choice on observers’ behavioral responses (i.e., negative and positive
word-of-mouth) toward the organization. By highlighting how accuracy-
fairness trade-offs shape observers’ moral appraisals of organizations, this
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article advances management research on algorithmic decision-making and
extends deonance theory to algorithmic human resource management,
establishing Al orientation choices as a moral context informing observers’
approval or disapproval of organizations.

Keywords
algorithmic fairness, accuracy—fairness trade-off, moral emotions, ethical Al,
deonance theory

Introduction

Artificial intelligence (Al), defined as the use of algorithms that enable
machines to learn from data, reason, and act in ways that replicate or supple-
ment human intelligence (Russell & Norvig, 2021), is increasingly impacting
decision-making in organizations and society (Correani et al., 2020; van den
Broek et al., 2025). Al is used in employment (Hunkenschroer & Luetge,
2022), healthcare (Kaur et al., 2022), credit markets (Bansak & Paulson,
2024), law enforcement (Meijer et al., 2021), and the judicial system (Martin,
2019b), raising ecthical concerns in terms of fairness and discrimination
(Bankins et al.,2024; Chhillar & Aguilera, 2022; Kordzadeh & Ghasemaghaei,
2022). A well-known example is Amazon’s recruitment Al, which systemati-
cally disadvantaged female candidates after being trained on historical com-
pany data (Dastin, 2022), consistent with broader evidence that Al algorithms,
although designed for efficiency and accuracy, may both err and reproduce
societal biases and prejudices (Barocas et al., 2023; Martin, 2019a; Mehrabi
et al., 2022; Selbst et al., 2019).

In response to these concerns, research on algorithmic fairness has primar-
ily developed in computer science, notably around the accuracy—fairness
trade-off (Kleinberg et al., 2016; Menon & Williamson, 2018; Zhao &
Gordon, 2022) and algorithmic biases and discrimination (Mehrabi et al.,
2022; S. Mitchell et al., 2021). In parallel, management research has exam-
ined how individuals perceive and respond to algorithmic outcomes, mainly
by contrasting human and algorithmic decision-making in organizational
uses of selection algorithms (Bonezzi & Ostinelli, 2021; Kern et al., 2022;
Lee, 2018; Newman et al., 2020; Yan et al., 2024). However, this stream of
research has rarely considered how algorithms themselves may differ in the
values they embody (Martin, 2019a, 2019b; van den Broek et al., 2025), lim-
iting our understanding of how individuals evaluate algorithmic decision-
making, particularly when organizations face choices between alternative
algorithmic orientations with moral implications. Building on this stream of
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management research, our article extends this line of work by connecting the
accuracy—fairness trade-off with individuals’ responses to selection algo-
rithms, an area that remains largely unexplored (Yan et al., 2024).

To date, empirical management studies have yielded fragmented insights
into how individuals evaluate algorithmic decisions, often focusing on per-
formance or fairness in isolation (Bansak & Paulson, 2024). Research high-
lights that individuals may exhibit greater aversion toward accurate algorithms
than toward less accurate human counterparts (Dietvorst et al., 2015), often
resulting in lower trust and acceptance among users (Efendic¢ et al., 2020),
applicants (McGuire & De Cremer, 2023; Wesche et al., 2024), and the gen-
eral public (Lee, 2018; Yan et al., 2024). Regarding fairness, findings remain
mixed: algorithms are sometimes viewed as fairer due to their consistent
application of decision rules (e.g., Bonezzi & Ostinelli, 2021; Wesche et al.,
2024), less fair due to their limited sensitivity to context (e.g., Lee, 2018;
Newman et al., 2020; Yan et al., 2024), or not meaningfully different from
human decision-makers (e.g., Kern et al., 2022; Otting & Maier, 2018). While
this body of research advances our understanding of how individuals evalu-
ate algorithmic decisions, it offers only limited insight into the moral and
social implications of selection algorithms that embody different value orien-
tations, such as accuracy or fairness.

As Al progressively replaces human decision-making in organizations
(Lee, 2018; Moser et al., 2022), understanding reactions to such value-laden
algorithms becomes increasingly salient, particularly in human resource
management (HRM), where algorithmic selection affects employment-
related decisions (Martin, 2019a; McGuire & De Cremer, 2023; Wesche
et al., 2024). In this regard, our study moves beyond prior debates over
whether Al is more or less fair than humans by examining how individuals
respond when organizations adopt accuracy- versus fairness-oriented algo-
rithms in HRM decision-making.

To explain these reactions, we draw on deonance theory (Folger, 2001;
Folger & Glerum, 2015), which helps account for the moral emotions elicited
by actions that affirm or undermine fairness norms in response to organiza-
tions’ choices between algorithmic orientations. Moral emotions, which
Haidt (2003) characterizes as emotions that concern the common good of
society or the well-being of others, are a core motivational force of justice in
deonance theory shaping individual behavior (Folger & Shukla, 2019;
Greenbaum et al., 2020). This perspective aligns with a third-party observer
view, whereby individuals morally appraise organizational actions that affect
others rather than themselves (Lee, 2018; Yan et al., 2024).

Specifically, we advance that accuracy-oriented algorithms that prioritize
performance over fairness may evoke more negative other-condemning
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moral emotions, reducing people’s support for the organization through
expressions of disapproval, such as negative word-of-mouth. In contrast,
fairness-oriented algorithms that allocate outcomes (e.g., being hired) equita-
bly across demographic groups (e.g., by gender) may evoke more positive
other-praising moral emotions, thereby prompting positive word-of-mouth as
an expression of approval toward the organization. We therefore ask whether
organizations’ choices between accuracy- and fairness-oriented algorithms
elicit distinct moral emotions that translate into individuals’ approval or dis-
approval toward the organization.

Accordingly, we examine individual moral-emotional responses and sub-
sequent behavioral reactions to a company’s choices between alternative
algorithmic orientations in three vignette-based experiments. Consistent with
computer science research showing that accuracy and fairness rest on differ-
ent algorithmic constraints and cannot be simultaneously maximized
(Kleinberg et al., 2016; Menon & Williamson, 2018; Zhao & Gordon, 2022),
our three experiments contrasted an accurate but gender-biased algorithm
with a fair, unbiased yet less accurate algorithm across different contexts:
hiring in Studies 1 and 3 and dismissal in Study 2. Study 3 further varies the
accuracy—fairness trade-off across two contrasting accuracy levels of the
fairness-oriented algorithm (Kleinberg et al., 2016; Nussberger et al., 2022).

Our research makes three main contributions. First, we contribute to the
management literature on algorithmic decision-making from a psychological
perspective by extending deonance theory to the context of algorithmic HRM.
Specifically, we provide insights into how organizations’ choices between
alternative, value-laden algorithms constitute a moral context reflecting adher-
ence to or deviation from fairness-related norms, which elicit moral-emotional
responses from third-party observers. Second, we advance research on algo-
rithmic fairness by focusing on individuals’ moral evaluations of organizational
choices between accuracy- and fairness-oriented algorithms. We demonstrate
that such choices give rise to morally meaningful tensions and that approval of
fairness-oriented algorithms depends on the level of accuracy loss. Third, we
extend understanding of the organizational implications of algorithmic deci-
sion-making by linking moral appraisals of algorithmic orientation choices to
approval or disapproval toward the organization.

Theoretical Background and Research Hypotheses

Morality and Fairness of Algorithmic Decision-Making

Although ethical concerns related to the use of Al are not new, the rapid
development of Al in organizations and society is relatively recent, and
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research on its effects and risks remains relatively limited (Bigman & Gray,
2018; da Motta Veiga et al., 2023; Mehrabi et al., 2022). According to Martin
(2019a), two aspects of this development point to key issues related to ethical
Al, which has been defined as “the fair and just development, use, and man-
agement of Al technologies” (Bankins & Formosa, 2021, p. 60). First, the
replacement of human judgment with algorithmic decisions (McGuire & De
Cremer, 2023) is often accompanied by insufficient organizational reflection
on this substitution and on the governance of algorithmic decision-making
(Martin, 2019a; Moser et al., 2022). Second, the growing adoption by organi-
zations of algorithmic decision-making creates broader, potentially systemic
impacts on multiple stakeholders, such as employees, consumers, and society
at large (Bankins et al., 2024; Breidbach, 2024; Marabelli et al., 2021).

Against this backdrop, ethical AI emphasizes core issues associated with
algorithm governance, with a specific focus on accountability (responsibility
for algorithmic decisions) and fairness (mitigating discriminatory outcomes),
alongside other dimensions such as explainability (making algorithms under-
standable to stakeholders) and privacy (protecting individual data) (Bankins
& Formosa, 2021; Dignum, 2019; Kaur et al., 2022). Existing contributions
regarding the attribution of responsibility for algorithmic outcomes are
largely theoretical, highlighting that algorithms cannot make moral judg-
ments (Dignum, 2019; Martin, 2019a). Unlike humans, who can show empa-
thy and take values and context into account, algorithms simply follow
programmed rules and perform calculations (Moser et al., 2022; Russell &
Norvig, 2021). Therefore, delegating decisions with moral implications to
algorithms, including employment-related decisions (e.g., hiring, promotion,
and dismissal), raises questions about the moral responsibility of organiza-
tions adopting them (Chhillar & Aguilera, 2022; da Motta Veiga et al., 2023;
Moser et al., 2022). The few existing empirical studies corroborate this con-
cern, showing that people tend to perceive algorithmic decisions in moral
contexts as less fair and less legitimate compared with human decisions
(Bigman & Gray, 2018; McGuire & De Cremer, 2023). Overall, this supports
the view that choices about algorithms are not only technical but also moral,
shaping how organizations are judged by others (Yan et al., 2024).

A key moral challenge is that algorithmic outcomes can create unfairness
(S. Mitchell et al., 2021; Pessach & Shmueli, 2020). Since Al relies heavily
on data to train and make decisions, incomplete or biased data can yield less
accurate results for some groups and disadvantage people based on sensitive
attributes such as gender, ethnicity, age, or disability (Chhillar & Aguilera,
2022; Kleinberg et al., 2018; Mehrabi et al., 2022), leading to potential
restrictions of rights (Martin, 2019a). These impacts are pervasive, but they
are also more likely to be noticed and reported as awareness of the risks
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associated with Al failures and biases has increased (Bankins et al., 2024). In
HRM contexts, where decisions affect people’s careers and livelihoods, such
issues of (un)fairness are especially salient (McGuire & De Cremer, 2023;
Newman et al., 2020), contributing to the moral standing of organizations
that adopt algorithm-based decision systems (Kordzadeh & Ghasemaghaei,
2022).

Yet research findings on the use of algorithms in HRM remain contested.
On the one hand, some studies show that people may prioritize efficiency
over fairness (Bansak & Paulson, 2024) and value the consistency of algo-
rithmic rules that promise objectivity and accuracy (Bonezzi & Ostinelli,
2021; Kern et al., 2022). On the other hand, other studies suggest that algo-
rithmic decision-making is often perceived as less fair because it lacks sensi-
tivity to subjective and contextual factors (Lee, 2018; Newman et al., 2020).
Adding nuance, Yan et al. (2024) showed that unless algorithm adoption is
employee-oriented (i.e., motivated by fairness) rather than company-oriented
(i.e., motivated by efficiency), associated HRM decisions undermine deonto-
logical principles of respectful employee treatment. Taken together, these
findings highlight the need to examine how individuals respond when orga-
nizations adopt algorithms oriented toward either accuracy or fairness in
employment-related decisions.

The Accuracy—Fairness Trade-off

Fairness has been approached from the organizational justice perspective in
management research, emphasizing distributive, procedural, and interac-
tional dimensions (Colquitt et al., 2001). In computer science, by contrast,
scholars have advanced technical definitions of fairness grounded in different
mathematical formalisms and normative assumptions (Barocas et al., 2023;
Castelnovo et al., 2022; Pessach & Shmueli, 2020). In this tradition, fairness
is approached from the perspective of algorithmic bias (Kordzadeh &
Ghasemaghaei, 2022) and quantified by statistical measures such as “demo-
graphic parity,” which requires an algorithm to assign the same proportion of
positive outcomes (e.g., being hired, receiving a loan, or gaining access to
treatment) across demographic categories (e.g., gender, ethnicity, or age)
(Castelnovo et al., 2022; Corbett-Davies et al., 2024; van den Broek et al.,
2025). In line with our focus on accuracy- versus fairness-oriented algo-
rithms, we adopt the dominant definition in the algorithmic literature, which
conceptualizes fairness as the reduction of bias against protected groups, that
is, demographic groups recognized as vulnerable to discrimination (Barocas
et al., 2023; Castelnovo et al., 2022; Kleinberg et al., 2018; Pessach &
Shmueli, 2020).
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Within this literature, researchers have developed fairness-oriented algo-
rithms (also referred to as fairness-aware algorithms; Fabris et al., 2022),
defined as algorithms that explicitly integrate fairness criteria into their
design (Le Quy et al., 2022). Fairness can be integrated into algorithmic
design at different stages of the process: by adjusting the data before training
(pre-processing), by incorporating fairness constraints into the model during
training (in-processing), or by modifying the predictions after training (post-
processing) (Pessach & Shmueli, 2020). Fairness-oriented algorithms differ
from more standard accuracy-oriented algorithms that optimize performance
without explicitly considering fairness (Barocas et al., 2023; Green & Hu,
2018).

In practice, algorithmic performance is primarily assessed based on pre-
dictive accuracy, measured as the proportion of predictions that correctly
reflect actual outcomes (Hastie et al., 2001). Consequently, integrating fair-
ness into algorithm design often comes at the expense of accuracy because
ensuring equitable outcomes across groups (e.g., demographic parity)
requires relaxing the statistical criteria that typically maximize predictive
performance, which rely on real-world data that often reflect unbalanced dis-
tributions (Kleinberg et al., 2016; Zhao & Gordon, 2022). The accuracy loss
of incorporating fairness can vary in magnitude, meaning that fairness-ori-
ented choices may involve smaller or larger performance sacrifices (Menon
& Williamson, 2018).

As a result, organizations seeking to implement algorithmic decision-
making in their management practices may face difficult choices: prioritizing
fairness can not only reduce unequal access to opportunities but also under-
mine efficiency, while focusing on predictive accuracy risks reproducing
existing inequalities. Despite this dilemma, most research has conceptualized
the trade-off mathematically, with limited attention to its social and moral
implications (Barocas et al., 2023; Kleinberg et al., 2016). Scholars have
emphasized that the literature largely abstracts away from real-world settings
(Selbst et al., 2019) and provides little understanding of how such trade-offs
are perceived in practice, particularly in consequential employment decisions
(Kordzadeh & Ghasemaghaei, 2022).

With the increasing use of algorithms that can perpetuate or mitigate dis-
crimination in HRM decisions, it is therefore important to understand how
individuals react to organizations’ algorithmic choices. Individuals may
respond to algorithm design not only because it shapes their own work expe-
rience but also because it reflects the organization’s moral stance toward fair-
ness and its implications for others. Algorithmic biases are often framed in
relation to moral values and ethical standards; therefore, individuals’ moral
perceptions can inform the assessment of such biases (Kordzadeh &
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Ghasemaghaei, 2022). Yet little is known about how algorithm design choices
that prioritize either accuracy or fairness shape people’s moral responses
toward organizations (Yan et al., 2024). To address this gap in knowledge, we
draw on deonance theory (Folger, 2001; Folger & Glerum, 2015), which
helps account for how individuals react when organizational practices are
perceived as affirming or undermining moral norms.

Deonance Theory

According to deonance theory (Folger, 2001; Folger & Glerum, 2015; Folger
& Shukla, 2019), people have an innate tendency to make moral appraisals of
the actions of social actors (whether others or themselves) that either affirm
or undermine fairness-related norms (i.e., what is perceived as the right thing
to do). Such appraisals are typically made from an observer standpoint rather
than as a direct recipient of the actions, reflecting a disinterested concern for
fairness and the well-being of others (Folger, 2001; Haidt, 2003). As a result,
even when they are not directly affected, individuals experience positive or
negative moral emotions, such as other-praising or other-condemning emo-
tions, that motivate efforts to restore moral balance (Folger & Glerum, 2015).
Deonance theory builds on Haidt’s work on moral emotions, defined as
“emotions that are linked to the interests or welfare either of society as a
whole or at least of persons other than the judge or agent” (Haidt, 2003, p.
853). From this perspective, actions perceived as unjustifiably harming oth-
ers are seen as undermining moral norms related to fairness, whereas actions
that do good for others are viewed as affirming these norms (Folger & Shukla,
2019; Haidt, 2003).

Empirical studies drawing on deonance theory have thus far placed great
emphasis on negative moral emotions (Hericher & Bridoux, 2023; M. S.
Mitchell et al., 2015). Yet, management research shows that individuals also
respond positively to actors’ actions that benefit others and are perceived as
doing the right thing (Hericher et al., 2023; Rupp et al., 2006). Greenbaum
et al. (2020) classified moral emotions into four categories depending on
whether an observed action upholds or undermines moral norms, and whether
the target of moral judgment is the actor or the recipient of the action. These
four categories differ in their moral focus: other-condemning, self-condemn-
ing, and other-suffering emotions arise from perceived disregard of moral
norms, whereas other-praising emotions emerge when others’ actions uphold
such norms (Haidt, 2003).

Furthermore, deonance theory suggests that, because they stem from
moral emotions, behavioral responses to reprehensible actions are often
spontaneous and sometimes pursued as an end in themselves (Folger et al.,
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2005). The punitive reactions of individuals who observe a failure of fairness
are central to deonance theory (Colquitt & Zipay, 2015) and play an impor-
tant role in sustaining fairness-related norms and restoring moral balance
(Hericher & Bridoux, 2023). Conversely, when actors’ actions are perceived
as fulfilling fairness norms, individuals experience positive moral emotions
and feel motivated to endorse or support the actor responsible (Folger &
Glerum, 2015; Haidt, 2003).

Building on deonance theory, we argue that choices between value-laden
algorithmic orientations (i.e., accuracy vs. fairness) embody moral norms
concerning fair and respectful treatment of employees (Yan et al., 2024). In
this respect, prior research shows that algorithmic selection decisions can
elicit moral-emotional responses from observers, such as pride or anger, aris-
ing from perceptions of fair or unfair treatment (Lee, 2018). Accordingly,
extending deonance theory to the context of algorithmic HRM, we conceptu-
alize organizations’ choices between accuracy- and fairness-oriented algo-
rithms as forming a moral context for observers, reflecting adherence to or
deviation from fairness-related norms, with implications for moral emotions
and associated approval or disapproval toward the organization (i.e., positive
or negative word-of-mouth).

Accuracy- Versus Fairness-Oriented Algorithms and Moral
Emotions

Accuracy- and fairness-oriented algorithms have different implications for
individuals and society, notably regarding their moral significance in relation
to algorithmic bias and discrimination (Kordzadeh & Ghasemaghaei, 2022).
Accuracy-oriented algorithms can inadvertently reinforce existing inequali-
ties and prejudices, whereas fairness-oriented algorithms aim to mitigate
unequal treatment between demographic groups (Barocas et al., 2023; Martin,
2019a; Mehrabi et al., 2022; Selbst et al., 2019). Relatedly, recent work in the
psychology of algorithms, particularly in HRM and recruitment contexts,
shows that people interpret algorithmic decisions through moral and fairness-
related lenses (Bigman & Gray, 2018; Lee, 2018; Newman et al., 2020) and
assess their fairness depending on whether these decisions reflect concern for
how candidates and employees are treated rather than a focus on organiza-
tional efficiency (Yan et al., 2024). That is, organizational choices in algorith-
mic design, and especially the primacy given to accuracy or fairness, attest to
the values of the organization. Building on deonance theory (Folger, 2001),
we argue that when organizations delegate employment-related decisions
such as hiring or dismissal to accuracy- versus fairness-oriented algorithms,
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these choices either affirm or undermine fairness-related norms, thereby sig-
naling whether the organization fulfills its obligation to treat others fairly
(Yan et al., 2024).

When an actor’s actions fail to adhere to fairness-related norms, observers
experience other-condemning moral emotions (Greenbaum et al., 2020;
Haidt, 2003), characterized by negative moral feelings toward those who dis-
regard such norms. These emotions include anger, contempt, and disgust,
collectively referred to as the hostility triad (Rozin et al., 1999). Empirical
research shows that decisions made by selection algorithms, compared with
those made by humans, elicit stronger negative emotions such as anger, as
their computational nature typically lacks sensitivity to qualitative and con-
textual aspects (Lee, 2018; see also Newman et al., 2020). In line with this,
studies show that individuals morally condemn organizations when algorith-
mic decisions are perceived as unfair or discriminatory (McGuire & De
Cremer, 2023; Yan et al., 2024). Evidence also shows that observers hold
organizations accountable for adhering to fairness-related norms and experi-
ence other-condemning moral emotions when organizational actions cause
harm or negative consequences to others (Antonetti & Maklan, 2016;
Hericher & Bridoux, 2023). Thus, when organizations rely on accuracy-ori-
ented algorithms that disregard fairness principles to make decisions that
affect people’s lives, such as determining who is hired or who loses their job,
these choices are likely to provoke moral condemnation among observers.

Conversely, organizations that adopt fairness-oriented algorithms can be
viewed as fulfilling their moral obligation to do the right thing, which is
likely to evoke positive moral emotions toward them. Other-praising moral
emotions are the counterpart of other-condemning ones and refer to “positive
feelings that occur when another person upholds moral standards”
(Greenbaum et al., 2020, p. 96). These emotions, comprising gratitude and
elevation, arise when observers perceive others’ actions as fair and morally
appropriate. Empirical research highlights that witnessing positive or proso-
cial actions generates both feelings of gratitude (Ford et al., 2018; Xie et al.,
2015) and moral elevation (Hericher et al., 2023; Vianello et al., 2010).
Accordingly, when organizations adopt fairness-oriented algorithms in hiring
and dismissal decisions, they are likely to elicit other-praising moral emo-
tions among individuals, as this conveys the organization’s effort to counter
potential algorithmic bias and promote equitable treatment (Martin, 2019a;
Yan et al., 2024).

Hypothesis 1a: Accuracy-oriented algorithms elicit stronger other-con-
demning moral emotions than fairness-oriented algorithms.
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Hypothesis 1b: Fairness-oriented algorithms elicit stronger other-praising
moral emotions than accuracy-oriented algorithms.

From Moral Emotions to Behavioral Responses

A key characteristic of moral emotions is that they act as a motivational force
driving behavioral responses that reflect judgments about right and wrong
(Haidt, 2003). Deonance theory posits that moral emotions mediate the rela-
tionship between a situation and subsequent behaviors directed toward the
actor whose actions affirm or undermine fairness-related norms (Folger &
Shukla, 2019). Other-condemning emotions lead to reparative actions or
behaviors that express disapproval of perceived unfairness (Greenbaum
et al., 2020; Haidt, 2003). Prior research shows that experiencing negative
moral emotions toward an organization triggers reactions such as negative
word-of-mouth, that is, speaking unfavorably about the organization to oth-
ers (Hericher & Bridoux, 2023), as well as other behaviors that symbolically
sanction the organization, such as moral protest, reflecting disapproval and
the desire to restore fairness (Antonetti & Maklan, 2016).

By contrast, other-praising emotions lead to supportive behaviors toward
the actor or organization perceived as affirming fairness-related norms (Ford
et al.,, 2018; Greenbaum et al., 2020; Haidt, 2003; Vianello et al., 2010).
Research provides evidence that when observers experience other-praising
moral emotions in response to an organization’s actions, they are more likely to
engage in discretionary behaviors that express support for the organization,
such as positive word-of-mouth, a widespread and low-cost way for individu-
als to convey moral support, much like negative word-of-mouth expresses
moral disapproval (Antonetti & Maklan, 2016; Hericher & Bridoux, 2023).

Hypothesis 2a: Accuracy-oriented algorithms lead to stronger negative
word-of-mouth through other-condemning moral emotions than fairness-
oriented algorithms.

Hypothesis 2b: Fairness-oriented algorithms lead to stronger positive
word-of-mouth through other-praising moral emotions than accuracy-ori-
ented algorithms.

Research Design and Results

Following ethical clearance from our research institute’s ethics committee,
we tested our research hypotheses using three vignette-based experiments,
each conducted with an independent sample. Vignette-based experiments
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allow researchers to establish causal relationships by manipulating indepen-
dent variables in written scenarios to which participants are randomly and
evenly assigned (Atzmiiller & Steiner, 2010). This method is particularly
well suited for studies on ethics and morality, as it enables the quantitative
investigation of sensitive issues that are often difficult to examine in real-
world settings using other approaches, such as field surveys (Aguinis &
Bradley, 2014). Moreover, consistent with deonance theory, participants
evaluated organizational actions that affected others rather than themselves,
allowing us to capture moral emotions based on disinterested concern for oth-
ers (Lee, 2018; Yan et al., 2024). Accordingly, we used Prolific Academic, a
crowdsourcing research platform that provides access to a wider range of
participants and higher data quality compared to other online platforms (Peer
etal., 2017), to recruit a more diverse and thus theoretically appropriate sam-
ple for our study (Aguinis & Bradley, 2014).

Each vignette-based experiment tested all four research hypotheses.
Studies 1 and 2 examined participants’ moral emotions and subsequent
behavioral responses using a two-level manipulation of a company’s decision
to adopt either an accuracy-oriented algorithm (i.e., highly accurate but gen-
der-biased) or a fairness-oriented algorithm (i.e., unbiased but less accurate)
in the contexts of hiring and dismissal, respectively. In Study 1, the accuracy-
oriented algorithm accurately detected curricula vitae (CVs) matching the set
of skills required for the job but favored male over female candidates with
equal qualifications, whereas the fairness-oriented algorithm was less accu-
rate but ensured equal opportunities. Study 2 replicated the design of Study 1
in a dismissal context, and Study 3 extended it by testing whether an accu-
racy-oriented algorithm achieving 100% performance would elicit stronger
other-condemning and weaker other-praising emotional and behavioral
responses than a fairness-oriented algorithm performing at two empirically
representative and contrasting accuracy levels (90% and 60%; see Kleinberg
etal., 2016; Nussberger et al., 2022), within a four-level manipulation design.
Appendix A presents the experimental vignettes used in each study.

We selected scenarios from HRM focused on gender discrimination for
two main reasons. First, employment decisions such as hiring and dismissal
carry significant consequences for both individuals and society and have
been shown to perpetuate gender inequalities in access to opportunities
(Hunkenschroer & Luetge, 2022; Kordzadeh & Ghasemaghaei, 2022).
Second, research and practice have further shown that Al-driven biases are
especially acute in hiring, where algorithmic decision-making often repro-
duces or amplifies human biases against women and other minority groups
(Dastin, 2022; Mehrabi et al., 2022; Nyberg et al., 2025).
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We assessed the internal validity of all our manipulations by pretesting
each one on independent samples (Podsakoff & Podsakoft, 2019) prior to the
main studies (Studies 1-3). We conducted all analyses with R (version 4.4.0)
using two-tailed significance tests. The data and analysis scripts supporting
this article are publicly available. The dataset is available on Dataverse at
https://doi.org/10.14428/DVN/ZGDS5DR, and the analysis scripts are avail-
able on GitHub at https://github.com/cvandekerckh/flocos.git.

Study |
Method

Participants and Procedure. We recruited 140 participants online via Prolific
Academic, restricting eligibility to native English speakers born and residing
in the United Kingdom who had a high approval rate history on Prolific based
on prior researchers’ evaluations, to minimize the risk of low-quality
responses (Aguinis et al., 2021; Chandler et al., 2014). Participants received
an invitation to complete our questionnaire through the crowdsourcing plat-
form, read information about the study’s purpose and ethical approval, and
provided informed consent. After being randomly and evenly assigned to one
of the two experimental conditions, they read the scenario vignette and then
completed the questionnaire.

Prior to analysis, we screened for careless responses (Aguinis et al., 2021)
using an attention check and participants’ response time. The attention check
consisted of an open-ended question asking participants to recall the name of
the company mentioned in the vignette they had just read. We excluded
respondents who failed the attention check or had an average response time
below one second (Wood et al., 2017) or above 15seconds per item, which
likely indicates that they were busy with other tasks while responding
(Hericher & Bridoux, 2023), resulting in a final sample of 113 participants'.
This sample size is consistent with the recommendation of Lonati et al.
(2018), who identified 50 participants per condition as the minimum required
to avoid randomization failure in simple empirical settings.

Among the 113 participants, 50.4% identified as female, with a mean age
of 39.3years (SD=11.1) and an average work experience of 20.1 years
(SD=11.3). With respect to educational level, 35.3% had post-secondary
qualifications (i.e., A-levels), 42.5% held an undergraduate degree, and
22.2% a graduate degree or higher.

Design and manipulation. To test our hypotheses, Study 1 used a pretested,
between-subjects vignette-based experiment with two conditions, in which
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participants read that a company, named FloCos, calibrated its Al for hiring
by choosing between two options (Appendix A presents the full text of the
experimental vignettes):

With option A, the Al is very accurate at detecting good CVs. It reduces the risk
that FloCos hires candidates with a mismatching set of skills. However, at equal
skills, male candidates have more chances to be hired than other candidates.

With option B, the Al is less accurate at detecting good CVs than in option A. It
increases the risk that FloCos hires candidates with a mismatching set of skills.
However, at equal skills, male and female candidates have equal chances to be
hired.

We randomly assigned participants to one of the two scenarios in which
the company selected option A (accuracy-oriented algorithm) or option B
(fairness-oriented algorithm). They then completed randomized items of
moral emotions (other-praising and other-condemning), word-of-mouth
(positive and negative), and the control and demographic variables.

Measures. We measured other-praising moral emotions (Cronbach’s a=.93)
on a 6-item scale (Romani & Grappi, 2014), and other-condemning moral
emotions (a=.97) on a 9-item scale (Xie et al., 2015). We administered the
randomized items together with fillers to minimize potential biases. For
word-of-mouth, we used the 4-item negative word-of-mouth scale (a=.95)
by Hericher and Bridoux (2023), rephrasing the items in positive form to
measure positive word-of-mouth (a.=.93). To control for theoretically plau-
sible alternative explanations (Becker et al., 2016) of morality-based reac-
tions, we measured moral identity (oc=.79) using the 5-item scale by Aquino
and Reed (2002). Responses to all items were rated on a 7-point Likert-type
scale. Appendix B presents all scales’ items and anchors, including those for
the manipulation check described below, and Table 1 reports the descriptive
statistics and zero-order correlations among the study variables.

Results

Manipulation check. To assess the internal validity of our manipulation, we
pretested the scenarios (Podsakoff & Podsakoff, 2019) with an independent
sample of 70 participants recruited via Prolific Academic from the same pop-
ulation as in Study 1, applying the same filtering criteria, which resulted in a
final sample of 55 participants. We used two ad hoc items to measure Al
accuracy (“The option that FloCos chose is accurate at detecting good CVs”)
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and Al fairness (“The option that FloCos chose gives equal chances to male
and female candidates to be hired”).

To check the manipulation, we conducted independent-samples #-tests
using the R package “psych” (Revelle, 2024), which applies Welch’s ¢-tests
when the assumption of equal variances across groups is not met. Participants
in the accuracy-oriented condition rated the Al as significantly more accurate
(M=6.11, SD=1.15) than those in the fairness-oriented condition (M=3.00,
SD=1.31, 15, 55,=9.37, p<.001, Cohen’s d=2.52). Conversely, participants
in the fairness-oriented condition rated the Al as significantly fairer (M=6.36,
SD=1.16) than those in the accuracy-oriented condition (M=1.59, SD=1.37,
1(5) 01y=13.91, p<.001, 4=3.83). These results indicate that the manipulation
was successful.

Measurement Model. We conducted confirmatory factor analyses (CFAs) to
assess the hypothesized measurement model and the distinctiveness of five
latent constructs: other-praising moral emotions, other-condemning moral
emotions, positive word-of-mouth, negative word-of-mouth, and moral iden-
tity. The goodness of fit was assessed using cutoff values of 0.90 (or higher)
for the comparative fit index (CFI) and Tucker—Lewis index (TLI), and 0.08
(or lower) for the standardized root mean square residual (SRMR) (Marsh
et al., 2004). The five-factor measurement model demonstrated a good fit
(X2(340)=610.05, TLI=.92, CFI=.91, SRMR=.07) and yielded a significantly
better fit than a one-factor model in which all items loaded on a single factor
(Ay*/Adf=1248.78/10, p<.001; X2(350): 1858.83, TLI=.54, CFI=.50,
SRMR=.17), supporting both the convergent and discriminant validity of the
study’s variables. We report additional model fit analyses based on hierarchi-
cal models in Table C1 of Appendix C.

Hypothesis testing. To test the hypothesized direct effects of the company’s
choice of algorithmic orientation on other-condemning (Hla) and other-
praising (H1b) moral emotions, we conducted independent-samples #-tests
using the R package “psych.” The main effect means reported in Figure 1
show that participants reported significantly higher other-condemning moral
emotions when the company adopted the accuracy-oriented (M=2.58,
SD=1.70) rather than the fairness-oriented algorithm (M=1.74, SD=1.02,
los40)=3-19, p<<.01, d=0.60), supporting Hla. In contrast, participants
reported significantly higher other-praising moral emotions in the fairness-
oriented (M=2.32, SD=1.48) than in the accuracy-oriented condition
(M=1.73, SD=0.90, 145 ,5,=2.53, p <.05, d=0.49), supporting H1b.

Then, we tested the hypothesized indirect effects of the company’s choice of
algorithmic orientation on (H2a) negative word-of-mouth via other-condemning
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Figure |. Study I: Direct Effects of Algorithm Choice on Moral Emotions.

moral emotions, and (H2b) positive word-of-mouth via other-praising moral
emotions. We conducted structural equation modeling (SEM) using the R
package “lavaan” (Rosseel, 2012) with 10,000 bootstrap resamples to estimate
confidence intervals (Cls). In support of H2a, we find positive and significant
effects between the choice of accuracy-oriented algorithm and other-con-
demning (3=.94, SE=.27, p <.001) and between other-condemning and neg-
ative word-of-mouth ($=.77, SE=.08, p<<.001). When the company
prioritized accuracy, participants reported greater negative word-of-mouth via
other-condemning moral emotions (indirect effect=0.72, SE=0.21, 95% CI
[0.33, 1.09]).

Similarly, we find positive and significant effects between the choice of
fairness-oriented algorithm and other-praising (f=.54, SE=.24, p <.05)
and between other-praising and positive word-of-mouth (f=.54, SE=.11,
p<.001). When the company prioritized fairness, participants reported
significantly greater positive word-of-mouth via other-praising moral
emotions (indirect effect=0.30, SE=0.13, 95% CI [0.04, 0.57]), support-
ing H2b. Taken together, these results provide preliminary evidence that
organizations’ algorithmic orientation choices are interpreted through a
moral lens, eliciting divergent moral-emotional responses toward the
organization.
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Study 2
Method

Participants. We followed the same procedure and applied the same eligi-
bility criteria as in Study 1 to recruit 140 new participants on Prolific Aca-
demic. After screening for careless responding using the same attention
check and response-time data as in Study 1, we obtained 110 valid responses
for analysis.! The final sample consisted of 48.2% female participants, with
a mean age of 38.9years (SD=11.1) and an average of 19.0years of work
experience (SD=11.2). Additionally, 27.1% reported a post-secondary
qualification, 50.9% held an undergraduate degree, and 20.0% a graduate
degree or higher.

Manipulation. Study 2 replicated the design of Study 1 using a pretested,
between-subjects vignette experiment with two conditions. We only modified
the HRM context: while Study 1 focused on hiring decisions, Study 2
addressed dismissal decisions. The vignette presented a company, FloCos,
that relied on Al to analyze employees’ performance reviews and suggest
whether to retain or dismiss them. To calibrate the Al, the company had to
choose between two options (Appendix A presents the full text of the
vignettes):

With option A, the Al is very accurate at detecting lower performing employees.
However, at equal performance reviews, male employees have more chances to
keep their job than other employees.

With option B, the Al is less accurate at detecting lower performing employees
than in option A. However, at equal performance reviews, male and female
employees have equal chances to keep their job.

As in Study 1, we randomly assigned participants to one of the two sce-
narios in which the company chose option A (accuracy-oriented algorithm) or
option B (fairness-oriented algorithm). After reading the vignette, partici-
pants completed randomized items measuring moral emotions and word-of-
mouth, followed by control and demographic variables.

Measures. We used the same measures and scale anchors as in Study 1 for all
variables (see Appendix B), namely other-praising moral emotions (o.=.94),
other-condemning moral emotions (a=.98), positive word-of-mouth
(a=.92), negative word-of-mouth (o.=.94), and moral identity (a=.87).
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Results

Manipulation check. We checked the internal validity of our manipulation by
pretesting the scenarios with 70 participants recruited on Prolific Academic
from the same population as in the main studies (i.e., Studies 1 and 2). We
randomly assigned participants to the two conditions and applied the same
filtering criteria as the main studies, resulting in a final sample of 60 partici-
pants. Study 2 used the same two ad hoc items as in Study 1 to assess Al
accuracy and fairness (see Appendix B).

Independent-samples #-tests confirmed the success of the manipulation.

Participants in the accuracy-oriented condition rated the Al as significantly
more accurate (M=5.50, SD=1.94) than those in the fairness-oriented condi-
tion (M=3.10, SD=1.75, t5;4,,=5.03, p<.001, d=1.32). Conversely, par-
ticipants in the fairness-oriented condition rated the Al as significantly fairer
(M=6.23,SD=1.38) than those in the accuracy-oriented condition (M=1.63,
SD=1.27, 15761,-13.41, p<.001, d=3.52).
Measurement model. We estimated the latent measurement model using
CFAs. The five-factor model showed a good fit (3’ 3,,,=569.50, TLI=.93,
CFI=.93, SRMR=.06) and fit the data significantly better than a one-factor
model (Ay*/Adf=1363.17/10, p<.001; %2(350): 1932.67, TLI=.53, CFI=.50,
SRMR=21), supporting the convergent and discriminant validity of the mea-
sures. We report the hierarchical models in Table C2 of Appendix C.

Hypothesis testing. Supporting Hla, independent-samples #-tests show that
participants reported significantly higher other-condemning moral emotions
when the company opted for the accuracy-oriented algorithm (M=2.87,
SD=1.65) rather than the fairness-oriented algorithm (M=2.16, SD=1.58,
Los34=2-33,p <.05, d=.70). Consistent with H1b, participants reported sig-
nificantly higher other-praising moral emotions in the fairness-oriented con-
dition (M=2.40, SD=1.48) than in the accuracy-oriented condition (M=1.57,
SD=.79, t(sg_sz):3~72>17 <.001, d=.70). These findings in the context of dis-
missal decisions replicate the pattern observed in Study 1 in the context of
hiring decisions. We plot the main effect means in Figure 2.

In support of H2a, results from SEM using the R package “lavaan” show
positive and significant effects between the choice of accuracy-oriented algo-
rithm and other-condemning (=.81, SE=.37, p<.05) and between other-
condemning and negative word-of-mouth (f=.58, SE=.05, p<.001). When
the company prioritized accuracy, participants reported greater negative
word-of-mouth via other-condemning moral emotions (indirect effect=0.47,
SE=0.19, 95% CI1[0.31, 0.85]).



20 Business & Society 00(0)

7
6
5

M Accuracy-oriented

algorithm choice (vs. fairness-

4 oriented)

71 Fairness-oriented algorithm
’ choice (vs. accuracy-oriented)
2
1

Other-praising moral Other-condemning moral
emotions emotions

Figure 2. Study 2: Direct Effects of Algorithm Choice on Moral Emotions.

We also found support for H2b, with positive and significant effects
between the choice of fairness-oriented algorithm and other-praising (f=.61,
SE=.18, p<<.001) and between other-praising and positive word-of-mouth
(B=.84, SE=.18, p<<.001). When the company prioritized fairness, partici-
pants reported greater positive word-of-mouth via other-praising moral emo-
tions (indirect effect=0.52, SE=0.14, 95% CI [0.30, 0.69]). Consistent with
Study 1, these findings indicate that algorithmic orientation choices in a dis-
missal context elicit similar moral emotions and corresponding approval or
disapproval toward organizations.

Study 3
Method

Participants. The purpose of Study 3 was to replicate and extend Study 1
through a two-scenario design comparing an accuracy-oriented algorithm
described as achieving 100% performance with a fairness-oriented algorithm
displaying either 90% (Scenario 1) or 60% accuracy (Scenario 2). We
recruited 300 participants through Prolific Academic to address the four
experimental conditions, using the same procedure and eligibility criteria as
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in Studies 1 and 2. After screening, we obtained 261 valid responses for anal-
ysis.! Participants were 49.4% female, with a mean age of 38.2years
(SD=10.0) and an average of 18.6years of work experience (SD=10.0).
Regarding education, 35.6% had post-secondary qualifications, 41.0% an
undergraduate degree, and 23.4% a graduate or higher degree.

Manipulations. Study 3 replicated the two-level design of Study 1 and added
a second manipulation whereby the fairness-oriented algorithm was described
as achieving 90% accuracy in Scenario 1 and 60% in Scenario 2. The accu-
racy-oriented algorithm was described as always accurate (i.e., 100%) in both
scenarios. Consistent with the notion of classification accuracy (Hastie et al.,
2001), the percentages presented in the vignettes indicated the proportion of
hired candidates possessing the required job skills (e.g., 90% accuracy means
that 9 out of 10 hired candidates have the required skills).

We randomly assigned participants to four experimental groups (N="75 per
condition). In Scenario 1, the company “FloCos” decided between the accu-
racy-oriented (option 1A) and the 90%-accuracy fairness-oriented algorithm
(option 1B). In Scenario 2, there was a greater trade-off between the accu-
racy-oriented (option 2A) and the 60%-accuracy fairness-oriented algorithm
(option 2B). As in Studies 1 and 2, participants read the vignette and then
completed randomized items assessing moral emotions and word-of-mouth,
followed by control and demographic variables. Appendix A provides the full
vignette scenarios for each condition.

Measures. We used the same measures and scale anchors as in Studies 1 and
2 for all variables (see Appendix B): other-praising moral emotions (a.=.95),
other-condemning moral emotions (a=.96), positive word-of-mouth
(a=.92), negative word-of-mouth (o.=.95), and moral identity (a.=.74).

Results

Manipulation check. Following the procedure adopted in Studies 1 and 2, we
pretested the vignette scenarios for Study 3 with 200 participants randomly
assigned to each of the four conditions, resulting in 181 eligible responses.
Study 3 used the same two ad hoc items as in Studies 1 and 2 to assess Al
accuracy and fairness in all four conditions (see Appendix B).
Independent-samples #-tests confirmed the effectiveness of all manipula-
tions. In Scenario 1, participants in the 90%-accuracy fairness-oriented con-
dition rated the Al as significantly less accurate (M=4.67, SD=1.13) and
fairer (M=5.82, SD=1.76) than those in the accuracy-oriented condition

(accuracy M=6.29, SD=1.10, t(85'35)=6.35, p<<.001, d=1.35; fairness
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M=2.02, SD=1.44, Lsa60)= 11.21, p<.001, d=2.39). Similarly, in Scenario
2, the 60%-accuracy fairness-oriented condition was rated as significantly
less accurate (M=3.47, SD=1.40) and fairer (M=5.92, SD=1.51) than the
accuracy-oriented condition (accuracy: M=6.19, SD=1.22, L83.99)=9-92,
p<.001, d=2.09; fairness: M=2.14, SD=1.51, 144, =11.90, p<<.001,
d=2.53).

We found no significant differences between the accuracy-oriented algo-
rithm conditions across Scenarios 1 and 2 for either accuracy (f, 4,=0.40,
p=.69,d=0.09) or fairness (f; 45, =0.38, p=.70, d=—.08). Similarly, partici-
pants in the 90%-accuracy condition rated the Al as significantly more accu-
rate (M=4.67,SD=1.31) than those in the 60%-accuracy condition (M=3.47,
SD=1.40, t(91'96):4.28,p <.001, d=0.89). Furthermore, we found no signifi-
cant difference in fairness between the 90%- and 60%-accuracy fairness-
oriented conditions (fg,,,,=0.29, p=.78, d=-0.06). We thus successfully
manipulated the accuracy of the fairness-oriented algorithm across scenarios
while holding fairness constant.

Measurement model. The hypothesized five-factor model fit the data well
(x2(340):770.43, TLI=.94, CFI=.93, SRMR=.006), significantly better than a
one-factor model (Ay*/Adf=3002.57/10, p <.001; 12(350):3773.00, TLI= 51,
CFI=.47, SRMR=.18), supporting the convergent and discriminant validity
of the measures. Tables C3 and C4 in Appendix C provide the hierarchical
models.

Hypothesis testing. Results from independent-samples ¢-tests are consistent
with those of Studies 1 and 2 and support Hla and H1b. In both scenarios,
participants reported significantly higher other-condemning moral emotions
in the accuracy-oriented condition (Scenario 1: M=2.27, SD=1.45; Scenario
2: M=2.33, SD=1.50) than in the fairness-oriented condition (Scenario 1:
M=1.43, SD=0.96, 1,5,5=3.95, p<.001, d=0.69; Scenario 2: M=1.75,
SD=1.10, 1,335 =2.54, p<.05, d=0.45).

Conversely, participants reported higher other-praising moral emotions in
the fairness-oriented condition (Scenario 1: M=2.73, SD=1.7; Scenario 2:
M=2.23, SD=1.48) than in the accuracy-oriented condition (Scenario 1:
M=1.74, SD=1.11, t(106'90)23.91, p<.001, d=0.69; Scenario 2: M=1.83,
SD=1.12, L125.09)= 1.81, p<.10,d=0.45). The effect in Scenario 2 is weaker,
as it reaches significance only at the 10% level (p=.07). Figure 3 shows the
main effect means.

The mediation analysis results are in line with the pattern observed in
Studies 1 and 2, but only partially support H2a and H2b. Participants reported
significantly greater negative word-of-mouth via other-condemning moral
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Figure 3. Study 3: Direct Effects of Algorithm Choice on Moral Emotions.

emotions in the accuracy-oriented condition, both in Scenario 1 (indirect
effect=0.60, SE=0.17, 95% CI [0.27, 0.92]) and in Scenario 2 (indirect
effect=0.42, SE=0.17, 95% CI [0.12, 0.77]). However, participants reported
greater positive word-of-mouth via other-praising moral emotions in Scenario
1 (indirect effect=0.38, SE=0.13, 95% CI [0.15, 0.69]) but not in Scenario 2
(indirect effect=0.14, SE=0.07, 95% CI [—0.02, 0.28]). In contrast to the
direct effect on other-praising, the indirect effect in Scenario 2 (which com-
pared the accuracy-oriented condition to the 60%-accuracy fairness-oriented
condition) remains nonsignificant at the 10% level (90% CI [—0.0005, 0.25]).
Figure 3 shows the main effect means. Findings from Study 3 suggest that
while fairness-oriented algorithmic choices elicit positive moral-emotional
responses aligned with fairness-related norms, these responses are contingent
on the algorithm’s level of accuracy.

Discussion

Interpretation of Findings

Our research examines how individuals respond to organizations’ Al orienta-
tion choices regarding accuracy versus fairness, thereby addressing the lim-
ited research attention devoted to how observers perceive algorithmic
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decision-making in organizations and society (Lee, 2018; Yan et al., 2024).
Drawing on deonance theory, we conceptualize organizations’ Al orientation
choices as value-laden decisions with moral implications. Consistent with
our predictions, the results provide empirical evidence for arguments central
to current debates on the ethics of Al (Bankins & Formosa, 2021; Dignum,
2019; Martin, 2019a), demonstrating that individuals do not perceive such
choices as morally neutral, thereby extending emerging work suggesting that
algorithmic HRM decisions motivated by organizational efficiency may be
viewed as conflicting with principles of respectful employee treatment (Yan
et al., 2024). More specifically, across our studies, our findings establish that
organizational choices between distinct algorithmic orientations—accuracy
versus fairness—elicit other-condemning and other-praising moral emotions,
respectively leading to expressions of disapproval or approval toward the
organization, consistent with prior work on moral protest and endorsement
(Antonetti & Maklan, 2016; Hericher et al., 2023).

Importantly, results from Study 3 refine these insights by showing that the
positive moral-emotional and behavioral responses observed in Studies 1 and
2 held when the fairness-oriented algorithm achieved high accuracy (90%),
but not when its accuracy was substantially lower (60%). Conversely, the
negative responses associated with prioritizing accuracy over fairness proved
robust regardless of the fairness-oriented algorithm’s level of accuracy.
Consistent with deonance theory, these results suggest that people morally
value fairness-oriented choices as long as they do not entail an excessive
compromise on performance. That is, fairness and accuracy may be co-con-
stitutive of perceived morality, as previous research emphasizing the consis-
tency of algorithmic rules has alluded to (Bonezzi & Ostinelli, 2021; Kern
et al., 2022; Wesche et al., 2024). When accuracy decreases substantially, the
same fairness-oriented decision no longer elicits other-praising emotions
strong enough to motivate supportive behavior. Even though the indirect
effect was not statistically significant, Study 3 indicates that when organiza-
tions adopt fairness-oriented algorithms with substantially reduced predictive
accuracy, the moral significance of such choices diminishes. Overall, these
findings advance understanding of how moral approval for fairness-oriented
algorithms is shaped, showing that people weigh both fairness and effective-
ness in their moral appraisals.

Altogether, the three studies therefore affirm that algorithmic orientation
is not a mere technical choice (Martin, 2019a; Selbst et al., 2019), and people
do not construe the accuracy—fairness trade-off in binary terms. People appear
willing to tolerate some loss of algorithmic accuracy when it reflects fair
treatment in HRM, but their willingness to praise the organization for it
diminishes when the loss becomes too substantial. These findings indicate
that moral appraisals of fairness-oriented algorithms may rest on a threshold
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of acceptable accuracy, below which fairness no longer offsets the loss in
performance. In the context of our research question, these results show how
moral emotions shape approval or disapproval of organizations’ algorithmic
choices in HRM decision-making.

Theoretical Contributions

Our study advances understanding of how individuals morally evaluate orga-
nizations’ Al orientation choices in HRM and makes three contributions to
theory and research. First, we contribute to the management literature on
algorithmic decision-making from a psychological perspective by extending
deonance theory to the context of algorithmic HRM, revealing how value-
laden algorithms may affirm or undermine fairness-related norms and thereby
elicit moral reactions toward organizations that adopt them. Previous man-
agement research has mainly compared algorithmic and human decision-
making, but has rarely examined how people respond to different algorithmic
orientations (Bansak & Paulson, 2024). By conceptualizing an organization’s
choice of algorithmic orientation as a normatively charged context, our study
extends deonance theory to people’s moral reactions to organizational deci-
sions involving algorithms that affect others. Our findings support this theo-
retical argument by indicating that organizational efforts to prioritize fairness
through algorithmic choices, even at some cost to accuracy, foster moral
approval from third-party observers. In doing so, we highlight how algorith-
mic orientation constitutes a moral context through which organizations are
perceived as adhering to or deviating from fairness-related norms.

Second, we advance research on algorithmic fairness by providing insight
into the accuracy—fairness trade-off (Kleinberg et al., 2016; Zhao & Gordon,
2022), demonstrating that the choice between accuracy and fairness consti-
tutes a moral tension. While prior research has established this trade-off as a
technical property of algorithms (Menon & Williamson, 2018), we move
beyond this technical focus by highlighting that individuals morally balance
fairness with acceptable levels of accuracy loss. This indicates that accuracy,
and not only fairness, matters for moral appraisal, revealing that the trade-off
is socially and morally co-constituted. The moral significance of fairness-
oriented choices thus depends on their level of accuracy, as they elicit moral
approval only when the associated accuracy loss is not perceived as exces-
sive. We thereby refine the understanding of the accuracy—fairness trade-off
by showing that it bears moral relevance (Martin, 2019a; Selbst et al., 2019),
and moral approval for fairness-oriented algorithms is contingent on the
magnitude of the accuracy loss observers deem acceptable.

Third, we contribute to linking deonance theory with research on how
moral perceptions of algorithmic practices shape third-party behavioral
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intentions toward the organization (Lee, 2018; Yan et al., 2024). Specifically,
we extend understanding of the organizational implications of algorithmic
decision-making by showing that moral appraisals of algorithmic choices
translate into approval or disapproval toward the organization. This is sup-
ported by our findings, which demonstrate that other-condemning and other-
praising moral emotions elicited by an organization’s choice of algorithmic
orientation are associated with negative or positive word-of-mouth, respec-
tively. In doing so, we highlight that these choices embody values that shape
external moral appraisals of organizations, thereby subjecting them to moral
endorsement or sanctioning.

Conclusion

This research demonstrates that people, as third-party observers, do not
interpret organizations’ algorithmic choices as morally neutral. Across three
vignette-based experiments in hiring and dismissal contexts, we found that
an accurate but gender-biased algorithm elicits other-condemning moral
emotions and behaviors, whereas a less accurate but unbiased algorithm
elicits other-praising moral emotions and behaviors. However, people’s
moral approval of fairness-oriented algorithmic choices also depends on
algorithmic performance, revealing a tension between fairness and accuracy
goals. Organizations should therefore approach algorithmic governance
responsibly to find the right trade-off between accuracy and fairness, thereby
fostering both effectiveness and equality in significant employment deci-
sions, which ultimately reflect how they balance technological progress with
moral responsibility.

Managerial Implications

Our findings have distinct managerial and practical implications, depending
on whether observers are internal or external to the organization. For internal
observers such as employees, organizations that choose a fairness-oriented
algorithm can foster moral emotions toward the organization, thereby pro-
moting constructive behaviors. When individuals perceive that fairness is
prioritized in HRM decision-making processes, they are more likely to
exhibit behaviors such as cooperation, trust, and commitment to organiza-
tional goals (Armstrong et al., 2010). These positive social dynamics can
enhance team cohesion, productivity, and overall organizational effective-
ness. In the context of dismissal, reducing the risk of discrimination against
employees by using fairness-oriented algorithms could also help foster a
stronger sense of fairness among surviving employees, limiting their nega-
tive reactions toward the organization (Skarlicki et al., 1998).
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For external observers such as job applicants, customers, and the general
public, the implications of algorithmic orientation are more closely related to
the organization’s perceived ethicality and legitimacy. When organizations
prioritize fairness and inclusivity in their algorithmic design choices, they are
more likely to be seen as ethical, which can earn them the approval of exter-
nal stakeholders (Heath et al., 2023). Moreover, such choices can help shield
them from reputational threats arising from potential discrimination scandals
that standard accuracy-oriented algorithms may trigger (Hunkenschroer &
Luetge, 2022). By contrast, organizations that maximize efficiency at the
expense of fairness run a greater risk of public backlash, as illustrated by
Amazon’s experience with its Al recruitment tool, which triggered wide-
spread moral disapproval and sanctioning (Dastin, 2022).

Limitations and Future Research

Although our research employed vignette-based experiments to investigate
the impact of algorithmic orientation choices on observers’ moral-emotional
responses, it is important to acknowledge the inherent constraints of this
methodology. Vignette-based experiments have proven useful in the study of
moral issues in causal designs (Aguinis & Bradley, 2014), but the use of spe-
cific vignettes may limit the generalizability of our findings to particular
cases of algorithm use in hiring and dismissal contexts. Future research could
examine how accuracy- versus fairness-oriented algorithms shape moral
reactions in other managerial decisions and test whether our findings general-
ize beyond hiring and dismissal contexts.

Finally, our research focused on observers rather than direct recipients of
algorithmic decisions. Although examining observers’ moral responses to algo-
rithmic decision-making provided valuable insights, their perspectives may not
fully capture the nuanced experiences and moral reactions of specific stakehold-
ers directly affected by organizational choices. Future research could address
this limitation by studying specific stakeholder groups who experience algorith-
mic decisions firsthand, thereby enriching our understanding of the moral impli-
cations of algorithm use from the perspective of those most directly affected by
algorithmic decisions. For instance, examining direct recipients’ responses to
accuracy- versus fairness-oriented algorithms in hiring and dismissal situations
could deepen understanding of how such technologies satisfy or undermine
employees’ instrumental and moral needs (Cropanzano et al., 2001).
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Appendix A: Experimental Vignettes
Study |

Introduction. FloCos is a company that needs to recruit new employees to
sustain its business. It received numerous CVs from potential candidates
interested by its current openings. Among the candidates, half are male and
half are female.

FloCos decides to rely on artificial intelligence to filter the CVs. For each
CV, the artificial intelligence suggests a decision “hire” or “do not hire.”

To calibrate this artificial intelligence, FloCos has to choose between two
possibilities, option A and option B.
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e With option A, the artificial intelligence is very accurate at detecting
good CVs. It reduces the risk that FloCos hires candidates with a mis-
matching set of skills. However, at equal skills, male candidates have
more chances to be hired than other candidates.

e With option B, the artificial intelligence is less accurate at detecting
good CVs than in option A. It increases the risk that FloCos hires can-
didates with a mismatching set of skills. However, at equal skills, male
and female candidates have equal chances to be hired.

Accuracy-oriented algorithm choice condition. FloCos chooses option A.

Fairness-oriented algorithm choice condition. FloCos chooses option B.

Study 2

Introduction. FloCos is a company that needs to fire employees to sustain its
business. It collected performance reviews for all its employees over the past
years. Among the employees, half are male and half are female.

FloCos decides to rely on artificial intelligence to analyze the performance
reviews. For each employee, the artificial intelligence suggests a decision
“fire” or “do not fire.”

To calibrate this artificial intelligence, FloCos has to choose between two
possibilities, option A and option B.

e With option A, the artificial intelligence is very accurate at detecting
lower performing employees. However, at equal performance reviews,
male employees have more chances to keep their job than other
employees.

e With option B, the artificial intelligence is less accurate at detecting
lower performing employees than in option A. However, at equal per-
formance reviews, male and female employees have equal chances to
keep their job.

Accuracy-oriented algorithm choice condition. FloCos chooses option A.
Fairness-oriented algorithm choice condition. FloCos chooses option B.

Study 3

Introduction (accuracy-oriented vs. fairness-oriented algorithms with 90% accu-
racy). FloCos is a company that needs to recruit 100 new employees to
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sustain its business. It received numerous CVs from potential candidates
interested by its current openings. Among the candidates, half are male and
half are female.

FloCos decides to rely on artificial intelligence to filter the CVs. For each
CV, the artificial intelligence suggests a decision “hire” or “do not hire.”

To calibrate this artificial intelligence, FloCos has to choose between two
possibilities, option A and option B.

o With option A, the artificial intelligence is always accurate at detect-
ing good CVs: the 100 candidates hired have the required set of skills.
However, at equal skills, male candidates have more chances to be
hired than other candidates.

e With option B, the artificial intelligence is less accurate at detecting
good CVs: of the 100 candidates hired, 90 have the required set of
skills. However, at equal skills, all candidates have equal chances to be
hired.

Accuracy-oriented algorithm choice condition. FloCos chooses option A.
Fairness-oriented algorithm choice condition. FloCos chooses option A.

Introduction  (accuracy-oriented vs. fairness-oriented algorithms with 60%
accuracy). FloCos is a company that needs to recruit 100 new employees to sus-
tain its business. It received numerous CVs from potential candidates interested
by its current openings. Among the candidates, half are male and half are female.

FloCos decides to rely on artificial intelligence to filter the CVs. For each
CV, the artificial intelligence suggests a decision “hire” or “do not hire.”

To calibrate this artificial intelligence, FloCos has to choose between two
possibilities, option A and option B.

o With option A, the artificial intelligence is always accurate at detect-
ing good CVs: the 100 candidates hired have the required set of skills.
However, at equal skills, male candidates have more chances to be
hired than other candidates.

e With option B, the artificial intelligence is less accurate at detecting
good CVs: of the 100 candidates hired, 60 have the required set of skills.
However, at equal skills, all candidates have equal chances to be hired.

Accuracy-oriented algorithm choice condition. FloCos chooses option A.

Fairness-oriented algorithm choice condition. FloCos chooses option B.
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Appendix B: Scales for Studies | to 3
Pretest Studies | and 3

Manipulation items. The option that FloCos chose: (1 =Not at all; 7=Very much)

1) Is accurate at detecting good CVs.
2) Gives equal chances to male and female candidates to be hired.

Pretest Study 2

Manipulation items. The option that FloCos chose: (1 =Not at all; 7=Very much)

1) Is accurate at detecting lower performing employees.
2) Gives equal chances to male and female employees to keep their job.

Items for Study I, Study 2, and Study 3

Emotions. Thinking about FloCos’ choice, I feel (1=Not at all; 7=Very much):
Other-praising moral emotions (Romani & Grappi, 2014)

1) Touched.

2) Inspired.

3) Moved.

4) Thankful.

5) Grateful.

6) Appreciative.

Other-condemning moral emotions (Xie et al., 2015)

1) Angry.

2) Mad.

3) Very annoyed.

4) Contemptuous.

5) Scornful.

6) Disdainful.

7) Disgust.

8) Feelings of distaste.
9) Feelings of revulsion.

Filler items

1) Indifferent.
2) Like I don’t care.
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3) Nothing at all.
4) Not interested.
5) Remorseful.
6) Guilty.

7) Regretful.

Behaviors. Thinking about FloCos’ choice... (1=Strongly disagree;
7=Strongly agree)
Negative word-of-mouth (Hericher & Bridoux, 2023)

1) I would warn my friends and relatives not to work for or buy from
FloCos.

2) I would complain to my friends and relatives about FloCos’ choice.

3) I would say negative things about FloCos to other people.

4) I would speak negatively about FloCos to others around me.

Positive word-of-mouth (Hericher & Bridoux, 2023)

1) If I bought products from FloCos, I would make sure that others know
it.

2) I would recommend FloCos to others.

3) I would say positive things about FloCos to other people.

4) I would speak positively about FloCos to others around me.

Control variable. Moral identity (Aquino & Reed, 2002)

Listed below are some characteristics that might describe a person: car-
ing, compassionate, fair, friendly, generous, helpful, hardworking, hon-
est, and kind.

The person with these characteristics could be you or it could be someone
else. For a moment, visualize in your mind the kind of person who has these
characteristics. Imagine how that person would think, feel, and act. When
you have a clear image of what this person would be like, answer the follow-
ing questions.

1) It would make me feel good to be a person who has these
characteristics.

2) Being someone who has these characteristics is an important part of
who [ am.

3) I would be ashamed to be a person who had these characteristics.
(reverse coded)

4) Having these characteristics is not really important to me. (reverse
coded)

5) I strongly desire to have these characteristics.
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