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1 Introduction 1

1 Introduction
1.1 Motivation and relevance of the dissertation

Algorithmic decision-making (ADM) changes the way we work (Benlian et al.,
2022) and includes several application areas ranging from augmenting managerial decisions
(Meijerink & Bondarouk, 2023; Meijerink et al., 2021) to automating the supervision of
workers (Mohlmann et al., 2021). ADM refers to the use of advanced computational methods
that enable machines to automate decisions (Breidbach, 2024) and falls under the umbrella
term of artificial intelligence (Al; Haesevoets et al., 2024). A/ describes technologies that
are able to perform tasks that would conventionally require human cognition and decision-
making (Tambe et al., 2019), such as learning and problem-solving (Breidbach, 2024). Al
includes machine learning as a subfield, which refers to algorithms with the ability to learn
without the need for task-specific programming (Koenig et al., 2023).

Organizations are increasingly using ADM for a wide range of tasks. Companies
such as Uber or Upwork, which operate in the platform economy and connect stakeholders
via digital platforms (Benlian et al., 2022), rely entirely on ADM systems to control workers
and match them with clients (MShlmann et al., 2021). In these contexts, scholars refer to the
use of ADM for managerial tasks and decisions as algorithmic management (AM)'. Whereas
AM has historically been used in the platform economy, it is increasingly adopted in
traditional organizations, challenging reactions to managerial decisions (Hirsch et al., 2024).
The increasing use of these novel technologies is reflected in a global survey by McKinsey,
which reports that 78% of companies use Al- and ADM-based systems for at least one
business function, compared to 72% in 2024 and 55% in 2023 (McKinsey & Company,

2025). Organizations use ADM for various tasks, for example, in the human resource

! This dissertation primarily uses the term ADM, with occasional references to AM or Al depending on the
respective application area and literature stream.
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management (HRM) domain, where algorithms augment or automate tasks in the recruiting
process, such as resumé screening and interviews (Feldkamp et al., 2023; Kdochling &
Wehner, 2020).

Stakeholder reactions play a central role in the successful implementation of ADM
(Langer & Landers, 2021). Here, industry reports reveal that 70% of difficulties that arise
when adopting ADM or Al systems in organizations stem from people- or process-related
issues (Boston Consulting Group, 2024). Consequently, while organizations implement
ADM systems with the expectation of increasing accuracy, efficiency, and decreasing human
bias (Budhwar et al., 2022; Newman et al., 2020), these benefits can only be fully realized
if stakeholders perceive ADM as just and trustworthy, and ultimately accept ADM
(Hoddinghaus et al., 2021).

To understand stakeholder reactions to ADM, this dissertation draws on the stimulus-
organism-response (SOR) model (Mehrabian & Russell, 1974), and its extension by Jacoby
(2002). The SOR model proposes that external, environmental stimuli (S) affect internal,
cognitive and affective processes or states of individuals, called organisms (O), which in
turn impact their responses (R; Mehrabian & Russell, 1974). Within this model, the stimulus
describes external factors, which, in the context of ADM, can refer to the system itself,
system characteristics, as well as task and decision characteristics. The organism describes
the internal processing of information induced by the stimulus, such as perceptions and
cognitive evaluations. More broadly, the organism also refers to individual characteristics,
such as prior experiences or knowledge (Jacoby, 2002). Finally, the response refers to the
outcomes of these internal processes (Gazi et al., 2025), which may manifest as observable
behaviors, unobservable behaviors, or behavioral intentions. In the context of ADM,
responses can manifest, inter alia, as acceptance or (active) resistance to algorithmic systems.

Following this classification, external stimuli, such as the ADM system itself or interaction
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characteristics, impact stakeholders’ perceptions of ADM, which in turn impact subsequent
responses?.

In the research field of ADM, the SOR model has been widely applied to understand
technology adoption and user reactions (e.g., Dalvi-Esfahani et al., 2023; Kordzadeh &
Ghasemaghaei, 2021; Ochmann et al., 2024; Zheng & He, 2024). Here, stimuli are
commonly conceptualized as system characteristics (Kordzadeh & Ghasemaghaei, 2021),
whereas internal processes of organisms are often conceptualized as fairness and justice
perceptions® (Ochmann et al., 2024). Furthermore, researchers assess subsequent responses,
inter alia, as satisfaction with ADM systems (Ochmann et al., 2024) or decision adoption
(Dalvi-Esfahani et al., 2023). Empirical findings reveal that stakeholders’ perceptions of
ADM are mixed (Langer & Landers, 2021). On the one hand, ADM is often negatively
associated with fairness and justice (e.g., Kochling et al., 2025; Schlicker et al., 2021) as
well as trustworthiness and trust (Hoddinghaus et al., 2021). On the other hand, several
findings reflect trust in algorithmic decisions, for example, in the context of forecasting (You
et al., 2022) or when algorithmic decisions are modifiable (Dietvorst et al., 2018).

The literature describes these mixed results as algorithm aversion (Castelo et al.,
2019; Dietvorst et al., 2015) and algorithm appreciation (Logg et al., 2019). While algorithm
aversion describes the preference for human decision-making over ADM and often occurs
when humans see algorithms err (Dietvorst et al., 2015), algorithm appreciation refers to the
preference of ADM over human decision-making (Logg et al., 2019). Algorithm aversion

occurs when (1) tasks or decisions conducted by algorithms are associated with “human”

2 This dissertation uses the term perception to refer to internal processes of the organism (O) and response to
refer to outcomes of these perceptions (R), as distinguished in the SOR model (Mehrabian & Russell, 1974).
When referring to both perceptions and responses collectively, the term reaction is used.

3 These perceptions are discussed in detail in Essay 1.
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skills such as social or emotional skills (Lee, 2018), (2) decisions are automated rather than
augmented (De Cremer & McGuire, 2022), or (3) decisions made by algorithms have high
stakes for individuals (Langer & Landers, 2021). Conversely, individuals show algorithm
appreciation when (1) ADM is used for tasks associated with “mechanical” skills, for
example, forecasting (Logg et al., 2019), (2) ADM systems are considered transparent, for
example, by providing explanations (Langer et al., 2021; Schoeffer et al., 2022), and (3)
stakeholders are familiar with the functions and use of ADM (Mahmud et al., 2024).
Algorithm aversion and appreciation may also depend on further boundary
conditions, representing either external stimuli or internal processes of an organism, in
alignment with the SOR model (Jacoby, 2002; Mehrabian & Russell, 1974). External stimuli
include, for example, interaction characteristics, such as stakeholder types and their
respective roles in the decision-making process (Mahmud et al., 2022). For instance,
applicants confronted with ADM as part of an application process might perceive ADM
inherently differently from human resource managers using ADM systems to augment their
decision processes. In this example, algorithmic decisions can have substantial consequences
for applicants, and this stakeholder group has little control over ADM use, whereas, for
human resource managers, ADM use will typically have no direct personal consequences.
This asymmetry can lead to differences in the reactions of stakeholders. Here, Langer and
Landers (2021) distinguish between first, second, and third parties: first parties make
decisions using ADM, second parties are affected by ADM decisions, and third parties
observe ADM use but are not directly affected. Second parties may represent a particularly
relevant target group, as they are often unable to opt out and must adhere to ADM imposed
by organizational protocols (e.g., applicants subjected to automated resumé screening).
Furthermore, whether individuals experience algorithm aversion or appreciation may

also depend on their prior experiences, which represent part of the organism variable in the
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SOR model (Jacoby, 2002; Mehrabian & Russell, 1974). Following the model of justice
expectations, individuals use prior experiences to infer how justly they feel treated in the
workplace (Bell et al., 2004) and are more likely to confirm existing beliefs (Shapiro &
Kirkman, 2001; Snyder & Swann, 1978). In the context of ADM, prior experiences of
discrimination play an important role, as ADM is used with the intention of reducing human
biases and discriminatory behavior (Newman et al., 2020). At the same time, ADM is also
associated with perpetuating inequalities, for example due to underlying biased data
(Kellogg et al., 2020; Kordzadeh & Ghasemaghaei, 2021).

Consequently, depending on prior experiences of discrimination, individuals can be
more or less likely to experience algorithm aversion or appreciation. Here, research on
discrimination experiences demonstrates mixed findings. On the one hand, individuals
associate ADM systems with discriminatory decisions and bias (e.g., Kéchling & Wehner,
2020; Kordzadeh & Ghasemaghaei, 2021). On the other hand, in the context of HRM, studies
find individuals experience algorithm appreciation when they have experienced human
discrimination (Bedemariam & Wessel, 2023; Koch-Bayram et al., 2023). This indicates
that, although initially associated with discriminatory intent or the perpetuation of existing
inequalities, ADM systems might also be perceived as more consistent, thus reducing the
fear of experiencing discrimination again, which is observable in minority groups (Lima et
al., 2025).

According to the SOR model, perceptions of ADM, such as experiencing algorithm
aversion or appreciation, impact responses and thus have severe consequences for
organizations. Specifically, negative fairness and justice perceptions impact turnover
intentions positively (Kochling et al., 2025) and lead to decreased organizational
attractiveness and job pursuit intentions (Acikgoz et al., 2020). Additionally, beyond

experiencing algorithm aversion, individuals might take a further step by engaging in
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algoactivism. Algoactivism refers to individual or collective tactics aimed at influencing or
resisting AM systems (Kellogg et al., 2020), and can range from passive forms of resistance,
like voicing complaints about AM on online platforms (de Jong et al., 2025), to more active
tactics, for example, disabling GPS or phones to manipulate work assignments in ride-
hailing contexts (Jarrahi & Sutherland, 2019). Consequently, responses to ADM use can
severely harm organizational reputation and impact workflows when algorithmic decisions
are not accepted, underscoring the importance of understanding the boundary conditions that
impact algorithm aversion and appreciation.

Despite these initial findings on reactions to ADM and their boundary conditions,
four critical gaps remain unaddressed. First, the literature on reactions to ADM use is
scattered and findings are inconclusive (e.g., Jussupow et al., 2024; Kochling et al., 2025;
Loggetal., 2019). Furthermore, to understand ADM reactions, previous research uses a wide
range of theoretical frameworks and models, such as the organizational justice theory
(Colquitt, 2001), the affective response model (Zhang, 2013), or the integrative model of
organizational trust (Mayer et al., 1995). This leads to a scattered research landscape that
further complicates a common understanding of algorithm aversion and appreciation.
Additionally, research on boundary conditions impacting ADM reactions is mixed and,
while several qualitative reviews have examined ADM use in organizations (e.g., Bankins
et al., 2024; Basu et al., 2023; Budhwar et al., 2023; Bujold et al., 2024; Cheng & Hackett,
2021; Langer & Landers, 2021; Pan & Froese, 2023), there is currently no quantitative
synthesis or study-level comparison of boundary conditions. Thus, existing literature lacks
empirical and theoretical integration of boundary conditions, and it remains unclear how
stakeholders make sense of ADM systems across different settings and decision types.

From a theoretical perspective, the inconclusiveness of results and the use of different

theories and models lead to difficulties in generalizing findings, which ultimately hinders a
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thorough understanding of ADM reactions. From a practical perspective, given labor
shortages and the ongoing war for talent, organizations must understand how individuals
react to ADM systems, and whether these reactions can be positively impacted to manage
human capital effectively and to gain a competitive advantage (Black & van Esch, 2021).
Additionally, employees are more likely to accept and follow decisions they perceive as fair
(Bankins et al., 2022; Lind, 2001). Therefore, it is important to understand when algorithm
aversion may occur so that organizations can intervene accordingly.

Second, limited understanding and generalizability of research on reactions to ADM
systems result in limited understanding of interventions to address algorithm aversion.
Specifically, while research has found explainability and transparency of decision-making
processes to be of importance (e.g., Binns et al., 2018; Schoeffer et al., 2024; Schoeffer et
al., 2022), there is little understanding of how interventions need to be tailored depending
on decision favorability. Given that ADM reactions are task- and context-dependent (Lee,
2018; Mahmud et al., 2022), it is important to understand the circumstances in which
interventions are effective.

Third, although theoretical assumptions of justice perceptions suggest that
individuals’ prior experiences shape their justice perceptions (Bell et al., 2004; Shapiro &
Kirkman, 2001; Snyder & Swann, 1978), empirical research on how prior experiences
impact these perceptions in the context of ADM remains scarce. This is particularly
important given the tension inherent in ADM systems: while they are often expected to
deliver objective and consistent decisions (Bonezzi & Ostinelli, 2021), they also have the
potential to reproduce or even aggravate existing social inequalities (Kellogg et al., 2020).
Importantly, an individual may perceive discrimination from humans or ADM systems
differently. This could impact initial ADM perceptions, making prior discrimination

experiences a critical boundary condition. Additionally, it is particularly important to
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understand how justice evaluations are shaped as these determine decision acceptance (Lind,
2001) and relate to broader organizational consequences such as turnover intention and job
performance (Moon, 2017).

Fourth, although worker resistance is not a new phenomenon in management
literature (Cohen & Diamant, 2019; Hodson, 1995; Kelloway et al., 2010), the shift of
managerial decisions traditionally made by humans to ADM systems offers new means to
resist management practices (e.g., by engaging in algoactivism). However, the current
understanding of the circumstances in which algoactivism occurs, and of whether
assumptions drawn from human—human contexts are applicable, is limited. Nevertheless, a
theoretical understanding is particularly relevant as worker resistance is negatively
associated with both individual (e.g., worker well-being; Searle, 2022) and organizational
consequences (e.g., customer satisfaction or productivity; Carpenter et al., 2021),
representing a major risk for individuals and organizations.

To address these gaps, it is crucial to gain a deeper understanding of the perceptions
of ADM and their boundary conditions, including (1) interaction characteristics, (2)
interventions to address algorithm aversion, and (3) prior discrimination experiences, as well
as (4) subsequent responses, including algoactivism. The outlined gaps and associated
concerns lead to the overarching research question of this dissertation:

How do interaction characteristics, interventions, and prior discrimination
experiences shape stakeholders’ perceptions of and responses to algorithmic decision-
making in organizations?

Following the SOR model, this dissertation examines each of the three components
(i.e., external stimuli, internal processes of an organism, and responses; Mehrabian &
Russell, 1974) separately, along with relevant boundary conditions, to gain a deeper

understanding of how the reactions to ADM use in organizations are shaped. Depending on
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their characteristics, boundary conditions can represent both external stimuli (S) and internal
processes of an organism (O). External stimuli include (1) interaction characteristics, such
as the type of stakeholder, the type of interaction, and task and decision characteristics, and
(2) interventions, specifically transparency and a human-in-the-loop design. Internal
processes of an organism (O) include prior experiences, with a specific focus on prior human
and algorithmic discrimination experience. Further, this dissertation examines justice,
fairness, trustworthiness, trust, and affective reactions as ADM perceptions of organisms
(O), as well as algoactivism, pursuit intention, and organizational attractiveness as
subsequent responses to ADM (R). By examining the relationship between ADM use,
boundary conditions, perceptions, and responses, this dissertation makes four contributions
to the literature.

First, it advances theoretical understanding of ADM perceptions by addressing the
fragmented and inconclusive literature related to algorithm aversion and appreciation. By
systematically examining stakeholders’ perceptions of ADM use and the boundary
conditions impacting this relationship, this dissertation offers robust findings on which
reactions occur under which conditions. Prior research has largely considered these
conditions in isolation, while this dissertation thus provides a more integrated perspective
by examining boundary conditions across primary studies. Additionally, this dissertation
offers a theoretical understanding by proposing an overarching framework that links specific
boundary conditions to stakeholder reactions toward both the system itself and the
organization implementing it.

Second, this dissertation addresses the circumstances under which interventions
mitigate algorithm aversion. Specifically, it examines how interventions that address
algorithm aversion (i.e., transparency and a human-in-the-loop design) are more or less

effective depending on outcome favorability. This contributes to a theoretical understanding
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by challenging the assumption that interventions work universally and provides a direction
for organizations to implement ADM more effectively by aligning interventions with
outcome favorability.

Third, by examining the role of human and algorithmic discrimination experiences,
this dissertation contributes to research that has mainly focused on the impact of human
discrimination on reactions to ADM (e.g., Koch-Bayram et al., 2023; Schulte Steinberg &
Hohenberger, 2023). Comparing human and algorithmic discrimination experiences offers
an initial understanding of the tension between the expectation of ADM systems to reduce
human bias (Bonezzi & Ostinelli, 2021) and the potential of perpetuating inequalities
(Kellogg et al., 2020). Thus, this dissertation offers an understanding of how justice
evaluations of ADM are shaped.

Fourth, this dissertation examines the mechanisms underlying algoactivism and thus
offers a theoretical understanding of when workers engage in this form of resistance.
Drawing on the justice model of counterproductive work behavior (Cohen & Diamant,
2019), which states that individuals who feel treated unjustly are more likely to engage in
resistance behaviors, this dissertation investigates how perceived algorithmic discrimination,
justice expectations, and justice evaluations drive resistance behaviors. By extending
established theories of worker resistance to the context of ADM, this work contributes to a
more nuanced and context-sensitive understanding of algoactivism as a response to ADM
use.

Together, these contributions respond to theoretical and practical challenges arising
from the shift from human decision-making to ADM in organizational contexts. By
addressing these challenges, this dissertation advances theoretical understanding of

stakeholder reactions and provides this emergent research field with an overarching
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theoretical framework. Further, it underlines the practical implications of interventions that

increase trust in ADM and mitigate the consequences of algorithm aversion.

1.2 Research objectives and development of research questions

To address the overarching research question, this dissertation consists of four
essays, each represented in a separate chapter. Figure 1-1 illustrates the essays based on the
meta-theoretical model used in this dissertation, i.e., the SOR model (Mehrabian & Russell,

1974).
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Figure 1-1: Research model and overview of the four essays
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Essay I (chapter 2) presents a meta-analysis that synthesizes primary studies on
reactions to ADM use within the HRM domain, an area where ADM is frequently used
(Budhwar et al., 2022). To gain a deeper understanding of initial reactions to ADM in this
domain, Essay I differentiates between system-related reactions (those directly associated
with ADM systems, such as fairness, justice, trust, trustworthiness, and affective reactions)
and organization-related reactions (those that refer to reactions to organizations using ADM
systems, including organizational attractiveness and pursuit intention). Furthermore, the
meta-analysis examines the impact of boundary conditions on reactions to ADM. Here, the
meta-analysis includes the type of stakeholder, the type of interaction, the type of task, the
extent of decisions, and the personal impact of decisions. Accordingly, Essay I addresses the
following question:

Research question 1: How do individuals react to the use of ADM in the HRM
domain and which boundary conditions impact these reactions?

By addressing this research question, Essay I examines the relationship between
ADM as an external stimulus (S) and internal cognitive and affective perceptions of
organisms (O), as well as responses (R), as outlined in the SOR model (Mehrabian & Russell,
1974), and thus makes several contributions to the current literature. First, by analyzing 53
studies, published between 2019 and 2025, comprising 73 individual samples (n = 24,578),
the meta-analysis provides a quantitative synthesis of initial findings regarding reactions to
ADM and creates a consensus in this field. Second, the meta-analysis includes different
boundary conditions that impact system- and organization-related reactions to ADM use.
These are tested across primary studies and thus help develop a thorough understanding of
ADM reactions. Third, Essay I uses the computers-are-social-actors framework (CASA;
Nass & Moon, 2000; Nass et al., 1994) to reason why theories from human—human

interaction can also be utilized to understand human—algorithm interactions. The CASA
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framework postulates that humans interact with ADM systems like they do with other
humans, employing stereotypes, interactional rules, and norms. Consequently, we propose
that theories used to understand human—human interaction are applicable in the human—
algorithm context. Based on this argument, the meta-analysis provides an overarching
theoretical framework that includes reactions to ADM and their boundary conditions.

Essay II focuses on interventions (i.e., transparency and a human-in-the-loop design)
to increase trust in ADM in the recruiting context. Building on prior research on
interventions that increase trust (e.g., through explainability; Shulner-Tal et al., 2022), Essay
II proposes that these interventions depend on outcome favorability (i.e., whether applicants
are rejected or accepted). According to attribution theory (Weiner, 1985) and self-serving
bias (Zuckerman, 1979), individuals tend to attribute unfavorable decisions externally (i.e.,
to the decision entity), while taking personal credit for favorable outcomes. This attribution
bias can lead to discrepancies in the perception of trust, so that trust-building interventions
are impacted by outcome favorability. Thus, Essay II aims to answer the following research
question:

Research question 2: How does the outcome of a selection procedure (i.e.,
acceptance or rejection) impact trust in ADM and how effective are trust-building
interventions (i.e., transparency and human-in-the-loop) depending on outcome
Sfavorability?

To address this research question, Essay II employs an online between-subjects
vignette experiment (n = 483). Here, individuals are confronted with a favorable (i.e.,
acceptance) or unfavorable (i.e., rejection) decision outcome as a stimulus (S), which
impacts trust as a perception of an organism (O). This, in turn, impacts the individual’s
response (R) to the organization, namely organizational attractiveness. By employing

multigroup structural equation modeling, Essay II demonstrates that ADM use is negatively
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associated with trust when participants are rejected, which is not apparent when individuals
are accepted. Thus, Essay II contributes to prior research by demonstrating that transparency
and a human-in-the-loop design have different effects on trust perceptions depending on
outcome favorability. This challenges the current understanding that interventions
addressing algorithm aversion have similar effects across contexts.

Essay IIl examines the role of prior human and algorithmic discrimination
experiences as a boundary condition that impacts justice perceptions of ADM. To offer a
theoretical understanding, Essay III draws on the model of justice expectations by Bell et al.
(2004) and the idea of anticipatory injustice (Shapiro & Kirkman, 2001), which suggest that
prior experiences impact justice expectations and evaluations. Additionally, Essay III uses
qualitative open-ended questions to gain deeper insights into potential mechanisms
underlying the proposed relationships. Examining experiences of discrimination by both
humans and ADM systems allows a better understanding of how justice evaluations are
shaped in this context. Consequently, Essay III addresses the following research question:

Research question 3: How do prior experiences of human and algorithmic
discrimination impact the relationship between ADM use and justice perceptions?

To answer this research question, Essay III employs three vignette-based online
experiments (n; = 82, n> = 83, n3 = 216), which demonstrate that human and algorithmic
discrimination are perceived differently. Essay III extends prior research by examining the
mechanisms underlying these different perceptions. Qualitative open-ended responses
suggest that individuals associate algorithmic discrimination with indirect sources, such as
biased data, whereas human discrimination is linked directly to the decision-maker.
Consequently, Essay III proposes that the decontextualization often associated with ADM
systems (Newman et al., 2020) may act as a double-edged sword, lowering overall justice

evaluations while leading individuals to believe that algorithms lack discriminatory intent.
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Furthermore, Essay I1I contributes to research by extending the model of justice expectations
(Bell et al., 2004) from human—human to human-algorithm contexts and thus extends the
theoretical understanding of how justice perceptions are shaped. This also challenges the
prevailing focus in ADM research, which emphasizes situational factors (e.g., decision
transparency or stakes of a decision; Langer, Konig, & Papathanasiou, 2019; Schoeffer et
al., 2022), while largely neglecting the role of individuals’ prior experiences.

Finally, Essay IV examines counterproductive work behavior (i.e., algoactivism) as
a response to negative perceptions of ADM, specifically through experiences of algorithmic
discrimination. According to the SOR model (Mehrabian & Russell, 1974), perceptions of
an organism lead to (behavioral) responses. Apparent in Essay I, much research focused on
the perceptions of employees subject to ADM, such as trust (e.g., Hoddinghaus et al., 2021),
fairness (e.g., Lavanchy et al., 2023), and justice (e.g., Feldkamp et al., 2023), reflecting the
need for a better understanding of the subsequent responses. Here, Essay IV proposes that
discrimination experience lowers justice expectations and justice perceptions, which in turn
lead to algoactivism to counteract negative justice perceptions. Accordingly, Essay IV
addresses the following research question:

Research question 4: How do perceived algorithmic discrimination and justice
evaluations impact algoactivism within organizations using ADM?

To answer this research question, Essay IV includes a four-wave survey (n,; = 276,
ni2 =200, ni3 = 155, niy = 124) among workers who interact with ADM systems in their daily
work. By doing so, this essay offers several contributions to the existing literature. First, it
extends the justice model of counterproductive work behavior (Cohen & Diamant, 2019)
from a human-human context to a human—algorithm context, offering a theoretical
understanding of the mechanisms underlying algoactivism. Second, Essay IV uses a four-

wave survey design, extending prior research that primarily relies on cross-sectional or
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qualitative data, thus offering a more nuanced understanding of the mechanisms underlying
algoactivism. Third, Essay IV presents practical implications, such as establishing feedback
mechanisms when employees feel discriminated against, and avenues for future research.
In summary, the four essays contribute to an understanding of ADM perceptions in
organizational settings, the responses that result from these perceptions, and how these
relationships are impacted by boundary conditions. Table 1-1 provides an overview of the
research objectives, methods and samples, main results, and the current status of the

respective essay.
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Table 1-1: Characteristics of the four essays

Essay Research objectives = Method and  Main results Current status Conferences Share of
sample contributions

Essay I This study synthesizes Meta-analysis ADM is negatively 2nd Revision Presented at: J. M. Moritz
(chapter 2) reactions to ADM use  including associated with (moderate) in 23rd European 50%
A meta- and their boundary 73 samples in  system-related (i.e., = Human Resource  Academy of L. Pomrehn 30%
analysis on conditions in the 53 studies with justice, fairness, trust, Management Management H. Steinmetz
reactions to context of HRM. It n=24,578. trustworthiness) and  Review Conference, Dublin, 10%
algorithmic integrates theoretical organization-related Ireland, 2023. M. C. Wehner
decision- perspectives through the (i.e., organizational 83rd Annual Meeting 10%
making in CASA framework and attractiveness, job of the Academy of
human proposes an overarching pursuit intention) Management, Boston,
resource theoretical model. reactions, which USA, 2023.
management depend on boundary

conditions (i.e., type

of interaction, type of

decision).
Essay 11 This study investigates One vignette- Multigroup structural 2nd Revision Presented at: J. M. Moritz
(chapter 3) how outcome based between- equation modeling (major) in 84th Annual Meeting 70%
Rejected by an favorability impacts subject demonstrated that trust Communications of of the Academy of J. Witte 10%
algorithm? A trust in ADM and experiment in ADM is lower for  the Association for Management, M. C. Wehner
multigroup evaluates the impact of with n =483. rejected applicants,  Information Chicago, USA, 2024. 10%
analysis of two trust-building and that the impact of Systems N. R. Gier-
outcome- interventions (i.e., interventions differs Reinartz 10%

dependent trust transparency and

by outcome. A
human-in-the-loop
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Essay Research objectives =~ Method and Main results Current status Conferences Share of
sample contributions
in algorithmic human-in-the-loop) in design increases trust
decisions the recruiting context. after acceptance, while
transparency increases
trust after rejection.
Essay 111 This study investigates Three vignette- Prior human Under review at Presented at: J. M. Moritz
(chapter 4) prior discrimination based between- discrimination Business & 32nd European 90%
Justice experience as a subject experience decreases Information Conference on M. C. Wehner
evaluations of moderator of the experiments  algorithm aversion,  Systems Information Systems, 10%
algorithmic relationship between  with n1 = 82, n2> while prior Engineering Paphos, Cyprus, 2024.
management: ADM use and justice =83, n3 =216. algorithmic 84th Annual Meeting
The role of perceptions. discrimination has no of the Academy of
prior Additionally, it impact on the Management,
discrimination compares human and relationship between Chicago, USA, 2024.
experiences algorithmic ADM and justice.
discrimination Qualitative responses Awards:
experiences and their indicate that Best paper award
impact on justice attribution processes runner-up,
perceptions. might be an European Conference
explanatory on Information
mechanism underlying Systems 2024.
these perceptions.
Essay IV This study investigates Four-wave Perceived algorithmic Submitted to Accepted at: J. M. Moritz
(chapter 5) how perceived survey with discrimination was Journal of the 33rd European 100%
Understanding algorithmic ny =276, positively associated  Association for Conference on
worker discrimination impacts n,2 = 200, with algoactivism
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Essay Research objectives = Method and
sample

Main results Current status

Conferences Share of
contributions

resistance to  workers’ engagement in n;3 = 155,
algorithmic algoactivism by ny = 124.
management: examining the

The role of mediating roles of

perceived justice expectations and
algorithmic  justice evaluations.

discrimination

through the proposed Information
mediators justice Systems
expectations and

justice evaluations.

Information Systems,
Amman, Jordan, 2025.

Presented at:

22nd European
Congress of Work and
Organizational
Psychology, Prague,
Czech Republic, 2025.

Total contribution by Josephine Moritz

310%
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2 A meta-analysis on reactions to algorithmic decision-making in human

resource management (Essay I)*
Abstract

In this meta-analysis, we assess reactions to algorithmic decision-making (ADM) in
human resource management. Drawing on the computers-are-social-actors (CASA)
paradigm as a meta-theoretical framework, we offer an overarching theoretical framework
to explain the relationships between ADM and (1) system-related reactions (e.g., perceptions
of justice, trust) as well as between ADM and (2) organization-related reactions (e.g.,
organizational attractiveness, turnover intention). Based on our overarching theoretical
framework, we examine boundary conditions impacting these reactions. Our meta-analysis
includes 365 effect sizes from 73 samples in 53 studies (n = 24,578) and reveals that ADM
1s negatively associated with system-related (i.e., justice, fairness, trust, trustworthiness) and
organization-related (i.e., organizational attractiveness, job pursuit intention) reactions,
which depend on boundary conditions (i.e., type of interaction, extent of decision). Based on
our overarching theoretical model, we provide an empirical and theoretical synthesis of
primary studies and outline avenues for future research.
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2.1 Introduction

Organizations increasingly use algorithmic decision-making (ADM) to optimize and
accelerate the tasks of their human resource management (HRM; Chowdhury et al., 2023;
Meijerink & Bondarouk, 2023), specifically in recruitment and selection processes (Bankins
et al., 2022; Campion et al., 2024; Koenig et al., 2023), career development and training
(Kochling et al., 2025), and performance management of employees (Zhang & Amos, 2023).
ADM refers to systems that use advanced computational techniques and falls under the
umbrella term of artificial intelligence (AI; Langer & Landers, 2021; Meijerink et al., 2021).
Al refers to the ability of machines to analyze large datasets to make predictions and solve
problems within complex environments and includes machine learning (Koenig et al., 2023;
Prikshat et al., 2023). In this context, machine learning is a method through which systems
analyze large sets of data, learn patterns from it, and apply these patterns to make decisions
or predictions without being explicitly programmed for each task (Koenig et al., 2023).
ADM systems can benefit managers by augmenting or automating HRM tasks, such as
screening resumes or predicting employee turnover, thereby improving efficiency and
potentially reducing human bias in decision-making (Daugherty & Wilson, 2018).

While the rapid growth of ADM holds significant promise for HRM, its benefits can
only be fully realized if all stakeholders in the decision-making process accept and
effectively engage with the ADM technology (Langer & Landers, 2021). However, if
individuals respond negatively to ADM systems (e.g., with feelings of distrust or unfairness),
these individual reactions may negatively affect the entire organization, for example, by
diminishing organizational attractiveness or increasing turnover intentions (Koch-Bayram et
al., 2023; Kochling et al., 2025). In times of labor shortages and the ongoing war for talent,
it is crucial for organizations to understand how individual reactions to ADM emerge and

whether they are able to positively influence these reactions to effectively manage their
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human capital and achieve competitive advantages. Prior literature has subsumed negative
ADM reactions under the term algorithm aversion that is often applied when algorithms
make mistakes (Castelo et al., 2019; Dietvorst et al., 2015) and positive ADM reactions
under the term algorithm appreciation, which is often demonstrated for tasks such as
forecasting (Logg et al., 2019). In addition, these reactions depend on boundary conditions,
such as type of task (Lee, 2018) or included stakeholders (Langer & Landers, 2021).
Furthermore, although several empirical papers (e.g., Bedemariam & Wessel, 2023;
Kleinlogel et al., 2023) and qualitative reviews (e.g., Bankins et al., 2024; Basu et al., 2023;
Budhwar et al., 2023; Bujold et al., 2024; Cheng & Hackett, 2021; Langer & Landers, 2021;
Pan & Froese, 2023), depicted the landscape of ADM and Al use in organizations, the
theoretical basis to explain reactions to ADM is rather scattered.

Following a thorough literature review of studies on ADM use in the HRM domain,
we identified three gaps in this field. First, although research often highlights negative
reactions to ADM, findings from previous studies are controversial and inconclusive (e.g.,
Acikgoz, 2019; Feldkamp et al., 2023). On the one hand, prior research demonstrated
algorithm aversion when (1) the decision or task is expected to require social or emotional
skills (Castelo et al., 2019; Lee, 2018), (2) decisions are made by an algorithm with little or
no human interaction or human-in-the-loop (De Cremer & McGuire, 2022), and (3)
decisions involve high stakes for individuals (Langer, Konig, & Papathanasiou, 2019). On
the other hand, studies report algorithm appreciation when (1) ADM is used for tasks
considered mechanical (i.e., forecasting; Logg et al., 2019), (2) ADM is considered
transparent (Suen & Hung, 2023), or (3) participants experienced prior discrimination by
humans and hence prefer ADM (Koch-Bayram et al., 2023; Schulte Steinberg &
Hohenberger, 2023). From a theoretical point of view, this polarization hinders the

development of a coherent framework for understanding reactions to ADM, as inconsistent
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results make it difficult to establish generalizable mechanisms. Practically, this ambiguity
can complicate ADM implementation in organizations, especially when stakeholder
perceptions are not considered, thereby risking employee disengagement and reducing trust
in ADM and the organization itself. Addressing this ambiguity is essential for advancing the
research field and supporting organizations to implement ADM in a manner that is perceived
as fair and trustworthy by stakeholders.

Second, research on boundary conditions is mixed and there is no quantitative
synthesis to date, although several systematic and narrative reviews do examine the
consequences of Al and ADM use (e.g., Bankins et al., 2024; Basu et al., 2023; Budhwar et
al., 2023; Bujold et al., 2024; Cheng & Hackett, 2021; Langer & Landers, 2021; Pan &
Froese, 2023). Additionally, previous research on boundary conditions often focuses on
individual moderators (e.g., type of task, cultural differences; Lee, 2018; Kleinlogel et al.,
2023), but findings on study-specific moderators, such as type of interaction, are lacking
across primary studies. The lack of focus on study-specific moderators and absence of a
quantitative synthesis is concerning as it leaves critical boundary conditions underexplored,
yet these factors are essential for understanding how ADM reactions vary across contexts.
This gap hinders the ability to adapt ADM systems to specific stakeholder needs, which is
crucial for ensuring successful adoption.

Third, theoretical approaches used in previous literature lack a coherent foundation,
as prior studies focused on specific aspects of ADM reactions rather than making use of one
overarching theoretical framework (see Table 2-1). While existing theories such as the
computers-are-social-actors (CASA) framework (Nass & Moon, 2000; Reeves & Nass,
1996) address human—technology interactions, other theories emphasize specific variables,
for example, justice theory (Colquitt, 2001; Greenberg, 1987; Leventhal, 1980), Gilliland’s

(1993) model of applicant reactions, or Mayer et al.’s (1995) integrative model of



2 A meta-analysis on reactions to algorithmic decision-making in human resource management

(Essay I)

25

organizational trust. These different theoretical approaches could lead to various challenges,

such as difficulty in developing a unified understanding of reactions to ADM. Without such

understanding, researchers may struggle to identify patterns across studies, as inconsistent

use of theoretical constructs can undermine the validity of empirical research and complicate

efforts to build cumulative knowledge in this field.

Table 2-1: Overview of utilized theories to explain ADM reactions in HRM

Theories

Description/main argument

Articles

Theories to explain system-related reactions

Advice Response
Theory (ART; Feng &

People react to advice depending on the
message, the advisor, and the receiver.

Chacon et al. (2024)

MacGeorge, 2010)
Affective Response Sfjfrelzgr\l,sec;?slsz)n:z:h\l;ﬁlizrﬁ I:l ri?lceecs:f)esni tliE(:)T arzg Kochling et al. (2023), Pomrehn
Model (Zhang, 2013) action P ’ & & and Wehner (2025)
ﬁg fiifsg%igélbutlon- Job applicants interpret/attribute reasons behind

(Ployhart & Hgol d recruitment decisions and these interpretations Oostrom et al. (2023)

5 OOZ) ’ influence their reactions.
Automation Model Guides automation design by matching system Langer, Konig, and
(Parasuraman et al., functions with appropriate automation types and Papathanasiou (2019), Langer,
2000) levels. Konig, Sanchez, et al. (2019)
Attachment Theory Assumes that individuals internalize early

Mikulincer & Shaver, interactions with primary caregivers and that Deriu et al. (2024

primary g

2005) resulting emotions guide their social behavior.

CASA (Computers
Are Social Actors; Suggests that people tend to treat computers and Moritz and Schmidt (2024),

Nass & Moon, 2000) /
Social Response
Theory (Nass & Moon,
2000)

other technology as if they were human,
applying social norms to their interactions with
machines.

Moritz et al. (2024), Moritz et al.
(2025), Suen and Hung (2023),
Suen et al. (2019)

Explanation-for-Trust-
Theory (Pieters, 2011)

Transparent explanations for system behavior
can build trust in automated systems.

Suen and Hung (2023)

Exposure Theory
(Zajonc, 1968)

Repeated exposure to a stimulus increases an
individual’s preference for it.

Koch-Bayram et al. (2023)

Fairness Heuristics
Theory (Lind, 2001)

People rely on fairness heuristics to decide how
to respond to organizational decisions.

Bedemariam and Wessel (2023),
Choi and Chao (2024), Luo and
Zhang (2023)

Integrative Model of
Organizational Trust
(Mayer et al., 1995)

Defines trust as a willingness to be vulnerable to
another party, whereas trustworthiness includes
ability, benevolence, and integrity.

Hoddinghaus et al. (2021), Kares
et al. (2023), Lacroux and Martin-
Lacroux (2022), Langer et al.
(2023), Moritz and Schmidt
(2024), Moritz et al. (2024),
Sondern et al. (2025)

Media Richness Explains how  the  effectiveness of Kochling and Wehner (2023),
Theory (Daft & communication depends on the medium’s ability Langer, Konig and Hemsing
Lengel, 1986) to convey rich information. (2019), Suen et al. (2019)

Model of Applicants’ Acikgoz et al. (2024), Acikgoz et

Reactions to
Employment Selection
Systems (Gilliland,
1993)

Procedural and distributive justice impact
applicants’ fairness perceptions during selection.

al. (2020), Langer, Konig, and
Papathanasiou (2019), Langer,
Koénig, Sanchez et al. (2019),
Lavanchy et al. (2023), Noble et
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Theories

Description/main argument

Articles

al. (2021), Oostrom et al. (2023),
Suen and Hung (2023), Suen et al.
(2019)

Model of Justice
Expectation (Bell et
al., 2004)

Individuals form expectations about justice
based on prior experiences and adjust their
behavior according to  whether these
expectations are met.

Koch-Bayram et al. (2023),
Moritz and Schmidt (2024)

Model of Social
Validity (Schuler &
Stehle, 1983)

Information, participation, transparency, and
feedback are used to evaluate whether a
selection procedure is socially acceptable.

Koch-Bayram et al. (2023)

Organizational Justice
Theory
(Colquitt, 2001)

Justice comprises distributive, procedural,
interpersonal, and informational justice, which
impact workplace behavior.

Bankins et al. (2022),
Bedemariam and Wessel (2023),
Gonzalez et al. (2022), Koch-
Bayram et al. (2023), Kochling et
al. (2024), Kochling and Wehner
(2023), Lavanchy et al. (2023),
Moritz and Schmidt (2024),
Moritz et al. (2024), Moritz et al.
(2025), Nagtegaal (2021), Noble
et al. (2021), Oostrom et al.
(2023), Schlicker et al. (2021),
Zhang and Amos (2023)

Self-Determination
Theory (Deci & Ryan,
1985)

Suggests that motivation is driven by the
fulfillment of three basic needs: autonomy,
competence, and relatedness.

Gonzalez et al. (2022)

Social Exchange
Theory (Blau, 1964)

People assess relationships by weighing costs
and benefits in exchanges.

Dutta and Mishra
Oostrom et al. (2023)

(2024),

Social Information
Processing Theory
(Walther, 2011)

Individuals infer characteristics of other
individuals based on implicit and explicit cues.

Suen et al. (2019)

Social Interface
Theory (Long, 2003)

Humans interact with computer interfaces
similarly to human—human interaction.

Suen and Hung (2023), Suen et al.
(2019)

Social Monitoring
System (Pickett &
Gardner, 2005)

Individuals have a heightened sensitivity to
social cues when their belonging is threatened.

Lavanchy et al. (2023)

Stereotype Content
Model (Fiske et al.,
2002)

Individuals distinguish others according to
warmth and competence.

Sondern et al. (2025)

Stereotype Theory .

(Oakes & Turner, .Stgfef’éypfs are_cognitive IShO“;‘.“S that help o rehn et al. (2024)

1986) individuals categorize people or things.

iﬁselg_Te(%ILnrileoai};Flt Technology is used effectively when its , . (2024)

201 Z;Y ’ capabilities match the requirements of the task. & '

Technology Pe.rcelved ease of use and u.sefulness are the Choung et al. (2023), Suen and
Acceptance Model primary  factors influencing technology Hung (2023)

(Davis, 1989) adoption. g

Theory of Planned Behavioral intention is shaped by an individual’s

Behavior (Ajzen,
1991)

attitude towards the behavior, the influence of
social norms, and perceived control.

Mirowska (2020)

Three-Factor Theory
of Anthropomorphism
(Epley et al., 2007)

Anthropomorphism depends on anthropocentric
knowledge, motivation to explain and
understand the other agent, and desire for social
motivation.

Liu et al. (2023)

Trust in Automation
(Lee & See, 2004)

Trust in automation develops over time and
impacts human reliance on automated systems.

Lacroux and Martin-Lacroux

(2022)
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Theories Description/main argument Articles

People feel discomfort when a digital

representation appears almost human, creating a Suen and Hung (2023)
sense of eeriness.

Uncanny Valley
Theory (Mori, 1970)

Theories to explain organization-related reactions

HR Attribution Suggests that employees’ perceptions of HR
Framework (Nishii et  practices are influenced by the attributions they Koch-Bayram and Kaibel (2023)
al., 2008) make about the organization’s intentions.

Acikgoz et al. (2024), Acikgoz et
al. (2020), Bedemariam and
Wessel (2023), Gonzalez et al.
(2022), Keppeler (2023), Koch-

Explains how signals (such as qualifications or Bayram et al. (2023), Koch-

organizational practices) convey information in Bayram and Kaibel (2023),

situations of uncertainty. Kochling et al. (2023), Luo and
Zhang (2023), Mirowska (2020),
Moritz et al. (2025), Oostrom et
al. (2023), Suen and Hung (2023),
Yan et al. (2024)

Signaling Theory
(Spence, 1973)

Social Identity Theory
(Highhouse et al.,
2007)

Proposes that people derive part of their self-

concept from their membership in social groups. Keppeler (2023)

To address the aforementioned gaps, we conducted a meta-analysis of reactions to
the use of ADM in the HRM domain. We analyzed 53 studies consisting of 73 individual
samples (n = 24,578) published between 2019 and 2025. We offer three main contributions:

First, given the mixed results of previous research, this meta-analysis offers a
synthesis of initial findings. We differentiate two reactions to ADM: System-related
reactions include those reactions directly related to the system used for decision-making
(e.g., justice, fairness, trust, trustworthiness, affective reactions). Organization-related
reactions are linked to the respective organization which uses ADM systems (e.g.,
organizational attractiveness, job pursuit intention). By quantitatively synthesizing prior
research on ADM in HRM, we provide the most robust evidence to date on reactions to
ADM, thereby contributing to the creation of a new consensus in the field. This is a crucial
step towards understanding reactions to ADM due to the inevitable adoption of these systems
in organizations, as highlighted by Del Giudice et al. (2023).

Second, we follow the call by Colquitt et al. (2023) to provide evidence about

relevant boundary conditions of the effects of ADM in HRM. Thus, the present meta-
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analysis examines study-specific moderators as boundary conditions, which include type of
stakeholder (i.e., applicants, employees, and human resource [HR] professionals), type of
interaction (i.e., confrontation vs. collaboration), type of task (i.e., interviews vs. screening
applications vs. career development tasks), extent of decisions (i.e., automation vs.
augmentation) as well as personal impact concerning the decision (i.e., being personally
affected by the decision vs. others being affected by it). Figure 2-1 depicts our theoretical
framework.

Third, we adopt CASA (Nass & Moon, 2000; Reeves & Nass, 1996) as a meta-
theoretical framework to integrate and extend the diverse theories that have been applied in
ADM research within HRM. CASA posits that individuals apply social norms and
expectations to interactions with technology, including ADM systems, particularly when
these systems simulate human characteristics (Gambino et al., 2020; Nass & Moon, 2000).
This makes CASA well-suited to serve as a meta-theoretical framework: It allows us to build
bridges between theories developed in human—human contexts—such as justice theory
(Colquitt, 2001) or the integrative model of organizational trust (Mayer et al., 1995)—and
their application in human-—algorithm contexts. Table 2-1 illustrates the theoretical
heterogeneity in prior ADM research and underscores the lack of synthesis across studies.
By situating these constructs within CASA as a meta-theoretical framework, our overarching
theoretical framework advances the field by clarifying which types of reactions are most
relevant in ADM contexts and by specifying key boundary conditions, such as type of
stakeholder or type of task. In doing so, our framework helps reconcile previous theoretical

inconsistencies and outlines avenues for future research.
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Figure 2-1: Overarching theoretical framework and brief summary of results
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decision-making. The corresponding hypotheses are given in parentheses with an asterisk (*) if p < .05. For
direct effects on system-related and organization-related outcomes, we included the proposed positive or
negative direction of the hypotheses. H9—H13 include sub-hypotheses for (a) system-related and (b)
organization-related reactions; however, for brevity, only the main hypotheses are presented. (Potential)

employees include current employees and applicants. A high level of impact means that individuals are directly
affected by the decision, whereas a low level of impact means that they are not directly affected.

2.2 Current research, framework, and hypotheses development

2.2.1 Theoretical framework

Current literature on human—algorithm interaction is scattered, with studies drawing

on various theories to explain reactions to ADM use. Table 2-1 illustrates the fragmented

use of theories, which gives rise to several challenges. A central challenge lies in the fact

that most of the theories and frameworks were originally developed to understand human—

human interactions and are now being adapted to the context of ADM. Theories, such as

justice theory (Colquitt, 2001; Greenberg, 1987), social exchange theory (Blau, 1964), the

integrative model of organizational trust (Mayer et al., 1995), and signaling theory (Spence,

1973), assume interpersonal dynamics, yet are frequently used to understand reactions to
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ADM (e.g., Feldkamp et al., 2023; Schlicker et al., 2021). Even models intended for human—
computer interaction, such as Zhang’s (2013) affective response model, are rooted in
assumptions about emotional and social responses that originate from human—human
contexts.

We propose that the CASA framework (Nass & Moon, 2000; Reeves & Nass, 1996)
can be used as a meta-theoretical framework to explain the application of theories from
human-human contexts to human-algorithm contexts. Here, CASA suggests that
individuals perceive a computer as an independent entity, distinct from its programmer, and
as possessing its own source of information (Sundar & Nass, 2000). Following this, people
respond to technologies as they would to human beings, attributing human-like
characteristics to these systems (Gambino et al., 2020), which allows the application of
human—human theories in this context. By adopting CASA, we build a bridge between
theories from human—human contexts, extend these theories to the ADM field, and offer an
overarching theoretical framework for understanding how stakeholders react to ADM in
HRM settings (see Figure 2-1). This integration offers a comprehensive theoretical

foundation for analyzing how stakeholders perceive and engage with ADM systems in HRM.

2.2.2 System-related and organization-related reactions

System-related reactions reflect how individuals respond to ADM itself, based on
their expectations of human-like behaviors, such as accountability, transparency, and
responsiveness. We use system-related reactions as an umbrella term for all reactions
relating to the ADM system including justice, fairness, trust, trustworthiness, and affective
reactions. All of these specific variables are introduced separately as they offer a theoretical
lens (i.e., justice theory, model of applicant reactions to employment selection systems,
organizational trust, affective reactions; Colquitt, 2001; Gilliland, 1993; Greenberg, 1987;

Leventhal, 1980; Mayer et al., 1995; Zhang, 2013) through which they can be investigated.
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As ADM systems grow more interactive, expectations for human-like behaviors
increase (Chandra et al., 2022). However, key differences between human—human and
human—algorithm interactions remain. While ADM may offer advantages, such as increased
objectivity, availability, efficiency, and feedback (Campion & Campion, 2023), it can also
lead to unfulfilled social expectations (Glikson & Woolley, 2020). When individuals apply
inappropriate norms from human interactions, they may experience negative system-related
reactions to ADM, stemming from the system’s inability to fully replicate human-like
accountability and social responsiveness (Castelo et al., 2019; Zerilli et al., 2019). This gap
reflects current limitations in the capacity of ADM systems to meet these expectations.

Beyond system-related reactions, we propose that transferring HRM tasks from
humans to ADM can shape organization-related reactions. Drawing on signaling theory
(Spence, 1973), we argue that ADM use sends observable cues, ‘“signals,” about the
organization’s values, priorities, and work culture to stakeholders such as applicants,
employees, and HR professionals. For example, using ADM may signal innovation and
efficiency (van Esch & Black, 2019) or a lack of personal engagement (Bedemariam &
Wessel, 2023), impacting how stakeholders view the organization itself. In HRM, humans
typically signal aspects of the organization through their behavior and communication.
Based on the CASA framework (Nass & Moon, 2000), ADM becomes a “social actor” and
thus a representative of the organization. However, algorithms might fail to meet
expectations associated with human interaction, such as offering explanations or personal
interactions (Gambino et al., 2020; Glikson & Woolley, 2020; Gursoy et al., 2019). This can
result in a negative view on the organization, which might manifest in higher turnover
intention or decreased organizational attractiveness. These reactions extend beyond the
system itself, because ADM is perceived as a proxy for the organization (Acikgoz et al.,

2020; Kochling et al., 2024). Thus, signaling theory and CASA jointly explain why ADM
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may negatively affect both system-related and organization-related reactions. We thus
hypothesize:

Hypothesis 1: Compared to human decision-making (HDM), the use of ADM is
negatively associated with (a) system-related reactions (e.g., justice, trust) and (b)
organization-related  reactions (e.g., organizational  attractiveness, perceived
organizational support).
2.2.2.1 Justice and fairness

Within the organizational justice literature, justice is characterized as “the degree to
which one’s company [...] is perceived to act consistently, equitably, respectfully, and
truthfully in decision contexts” (Colquitt & Rodell, 2015, p. 188). Whereas scholars
oftentimes use the terms fairness and justice interchangeably (Beugré, 2009), Goldman and
Cropanzano (2015) distinguish between both terms by stating that justice rules precede
fairness perceptions. Hence, individuals draw on procedural, interactional (i.e., consisting of
interpersonal and informational justice), and distributive justice to determine whether they
feel fairly treated (Colquitt, 2001; Cropanzano et al., 2015; Goldman & Cropanzano, 2015).

Justice and fairness play a pivotal role in organizational decision-making because
higher levels of justice and fairness are associated with higher job performance (Cohen-
Charash & Spector, 2001). Additionally, individuals are more likely to follow a decision
when it is perceived to be fair (Lind, 2001), whereas low levels of justice and fairness are
associated with counterproductive work behaviors (Cohen-Charash & Spector, 2001).
Unlike HDM, ADM systems lack human intuition and the ability to assess an individual’s
social context, a critical factor in shaping perceptions of justice (Kochling et al., 2024; Lee,
2018; Suen et al., 2019). Wiblen and Marler (2021) highlighted that ADM systems may be
less effective when addressing subjective factors that cannot be objectively quantified. Thus,

drawing on organizational justice theory (Colquitt, 2001), we propose that ADM use in HRM
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is associated with lower justice evaluations and hence lower fairness perceptions. Due to
inappropriate social expectations (Nass & Moon, 2000), ADM is often viewed as lacking
transparency (Suen & Hung, 2023) or being less responsive to individual circumstances
(Glikson & Woolley, 2020). When ADM does not meet expectations for transparency (i.e.,
informational justice), personal and adequate treatment (i.e., interpersonal justice), and
consistent procedures (i.e., procedural justice), these limitations together lower perceptions
of justice and fairness. We thus hypothesize:

Hypothesis 2: Compared to HDM, the use of ADM is negatively associated with (a)
overall justice evaluations, (b) interactional justice, and (c) procedural justice.’

Hypothesis 3: Compared to HDM, the use of ADM is negatively associated with

perceived fairness.

2.2.2.2 Trust and trustworthiness

Trust is defined as the willingness to expose oneself to the actions of another party,
driven by the belief that “the other will carry out a specific action of importance to the
trusting party, regardless of the ability to observe or control that party” (Mayer et al., 1995,
p. 712). Mayer and colleagues (1995) suggest that trustworthiness precedes trust.
Trustworthiness refers to the qualities or attributes of the trustee that make them worthy of
trust and comprises three factors: ability, benevolence, and integrity (Mayer et al., 1995).
Cabiddu et al. (2022) propose that ADM may be perceived as more trustworthy due to higher
precision and objectivity, which has been supported by empirical evidence (Logg et al.,
2019; Wang & Benbasat, 2016). In the HRM context, however, the use of ADM might be
associated with lower perceived trustworthiness and trust compared to HDM due to the
nature of tasks and decisions, which are often associated with emotional or social skills, and

the perceived lack of high morals and values (i.e., integrity and benevolence; Lacroux &

3 Due to the limited availability of primary studies, we were unable to test for distributive justice.
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Martin-Lacroux, 2022; Langer et al., 2023). Additionally, Cabiddu et al. (2022) propose that
trust in algorithms will develop over time. However, the use of ADM systems in HRM is
still rather uncommon, which indicates that individuals might generally have lower trust
perceptions. Furthermore, prior research demonstrates ADM is associated with a lack of
human warmth (Lee, 2018), responsibility (Binns et al., 2018), and familiarity (Cabiddu et
al., 2022), resulting in lower perceived trustworthiness and trust by individuals. We thus
hypothesize:

Hypothesis 4: Compared to HDM, the use of ADM is negatively associated with
perceived trust.

Hypothesis 5: Compared to HDM, the use of ADM is negatively associated with

perceived trustworthiness.

2.2.2.3 Affective reactions

Extant research focused on emotional or affective responses as consequences of
ADM (e.g., Kochling et al., 2023; Langer, Konig, & Papathanasiou, 2019). Based on
Zhang’s (2013) affective response model, affective responses to technology, such as anxiety
or emotional creepiness, arise from (unconscious) evaluation processes. These evaluation
processes impact how individuals think about technology and shape their subsequent
behavior by prompting specific actions, such as engaging with or avoiding technology,
depending on whether the emotions are positive or negative (Zhang, 2013). One of the most
common measurements assessing affective responses to ADM is emotional creepiness
(Kochling & Wehner, 2023; Langer & Konig, 2018; Oostrom et al., 2023), referring to the
“potentially negative and uncomfortable emotional response paired with perceptions of
ambiguity toward a person, technology or even during a situation” (Langer & Konig, 2018,
p. 2). Emotional creepiness oftentimes occurs when individuals experience uncertainty or

unpredictability (Langer & Konig, 2018). Because ADM systems are relatively new to the
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HRM field, stakeholders might experience uncertainty and, hence, exhibit stronger negative
affective reactions towards ADM use. We thus hypothesize:
Hypothesis 6: Compared to HDM, the use of ADM is positively associated with

negative affective reactions (e.g., emotional creepiness, creepy ambiguity).

2.2.2.4 Organizational attractiveness and job pursuit intention

Drawing on signaling theory (Spence, 1973), ADM also impacts (potential)
employees’ and HR professionals’ perceptions of the organization, which we operationalize
with the most common measurements for organizational reactions within the ADM—HRM
field, namely organizational attractiveness and job pursuit intention (Qu et al., 2023). While
organizational attractiveness describes the general positive attitude or affect towards an
organization reflecting a desire to establish a relationship (Gomes & Neves, 2011;
Highhouse et al., 2003), job pursuit intention describes the “intention to pursue a job or to
remain in the applicant pool” (Chapman et al., 2005, p. 929). When organizations use ADM
systems for recruitment and selection processes, such as using asynchronous video
interviews evaluated by ADM systems, applicants may interpret this as a signal of what it is
like to work for the potential employer or how the organization will treat them in the future.
Here, individuals may perceive the company as modern, data-driven, and efficient.
Conversely, individuals could perceive this as an indication of being treated impersonally
(Hunkenschroer & Luetge, 2022; Lee, 2018), a violation of reciprocity norms (Oostrom et
al., 2023), and a signal of an organizational culture that devalues personal contact(Mirowska
& Mesnet, 2022). Both types of perceptions—positive and negative—ultimately impact
organizational attractiveness and job pursuit intention, as individuals use observable signals
(i.e., such as ADM use) to infer unobservable information about the potential employer.

Drawing on CASA, we suggest that reactions to ADM are more negative than those

of HDM, as individuals may sense an absence of interpersonal interaction and reasoning
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(Binns et al., 2018), potentially leading to feelings of dehumanization (Bankins et al., 2022).
For current employees and HR professionals, the use of ADM for career development
(Kochling et al., 2024) or performance measurements (Zhang & Amos, 2023) introduces
novel work dynamics. This shift may evoke a sense of continuous electronic surveillance,
dehumanization, or the assumption that evaluations by algorithms might be disadvantageous
(Bankins et al., 2022). We thus hypothesize:

Hypothesis 7: Compared to HDM, the use of ADM is negatively associated with
organizational attractiveness.

Hypothesis 8: Compared to HDM, the use of ADM is negatively associated with job

pursuit intention.

2.2.3 Boundary conditions affecting reactions to ADM

Following our meta-theoretical framework based on CASA (Nass & Moon, 2000),
we propose that the relationship between ADM usage and reactions is impacted by boundary
conditions. Based on theories and findings from human—human and human-algorithm
contexts, we differentiate between type of stakeholder (Langer & Landers, 2021), type of
interaction (Burton et al., 2020), as well as task and decision characteristics (i.e., type of
task, extent of decision, personal impact; Deci & Ryan, 1985; Hoddinghaus et al., 2021; Lee,
2018).°
2.2.3.1 Type of stakeholder

We propose that ADM usage involves different types of stakeholders (i.e., HR
professionals, line managers, and [potential and/or current] employees; adapted from the HR
triad; Jackson & Schuler, 2003) in the HRM context. The HR triad emphasizes the shared

responsibility of the involved stakeholders: HR professionals offer HR expertise (e.g.,

%We acknowledge that it was not possible to include all boundary conditions identified in the literature. Instead,
we focused on those conditions that could be empirically tested based on the available primary studies.
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training, bonus payments, and promotions; Budhwar et al., 2022), line managers implement
HR practices, and current employees actively participate in shaping their own development.
We also include potential employees (i.e., applicants from the labor market and current
employees applying for internal positions) because they represent key stakeholders who are
directly affected by ADM decisions but have limited influence over them.

In accordance with self-determination theory (Deci & Ryan, 1985), which posits that
individuals are motivated to grow when their basic psychological needs for autonomy,
competence, and relatedness are fulfilled, we argue that competence is an important factor
in differentiating stakeholder reactions to ADM. In particular, HR professionals may fulfill
their need for competence by learning new skills and overcoming challenges when using
ADM systems over time compared to (potential) employees who are more interested in
shaping their own development (Deepa et al., 2024). This aligns with the differentiation of
stakeholders related to the HR triad and the classification into first, second, and third parties
by Langer and Landers (2021), which highlights that stakeholders have distinct roles and
levels of involvement in HRM. Here, first parties use ADM to make decisions affecting
others (i.e., HR professionals), second parties are directly impacted by ADM (i.e., applicants,
employees), and third parties observe ADM use and may be indirectly affected in the near
future (Langer & Landers, 2021). Therefore, HR professionals can use ADM to enhance
decision-making and support daily tasks, whereas employees and applicants, focused on
personal outcomes, may feel more threatened by ADM, as its communication may fail to
meet expectations compared to human interaction. Specifically, in hiring, HR professionals
may value ADM for its efficiency in screening applicants, whereas applicants might perceive
automated decisions as impersonal or unfair. We thus hypothesize:

Hypothesis 9: Type of stakeholder moderates the relationship between the use of

ADM and (a) system-related reactions and (b) organization-related reactions, such that
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negative reactions to ADM usage are stronger for (potential) employees than for HR
professionals.”
2.2.3.2 Type of interaction

Our framework distinguishes stakeholders’ #ype of interaction, and we categorize
this as confrontation or collaboration. Confrontation refers to a type of interaction in which
individuals are subjected to decisions made by ADM systems without any opportunity to
provide input (e.g., applicants receiving a hiring decision). Collaboration means that
stakeholders are actively involved in decision-making (e.g., HR professionals using ADM
insights; Daugherty & Wilson, 2018). Following our distinction, the same task, for example,
automated CV screening, can involve both collaboration and confrontation, depending on
the individuals’ perspective. In our example, HR professionals could use automated CV
screening to decide who to invite for an interview (i.e., collaboration), whereas applicants
may be rejected by ADM based on CV screening (i.e., confrontation). When individuals are
confronted with ADM, they may perceive a lack of agency or control over the process, which
can increase negative reactions such as lower trust, frustration, or feelings of unfairness
(Burton et al., 2020). In contrast, collaborating with ADM systems allows individuals to
retain a sense of control and agency, as they are actively involved in the decision-making
process (Langer et al., 2025). This interaction can foster trust and acceptance, as the ADM
system is perceived as a tool that enhances, rather than replaces, human judgment (Burton
et al., 2020). We thus hypothesize:

Hypothesis 10: Type of interaction moderates the relationship between the use of

ADM and (a) system-related reactions and (b) organization-related reactions, such that

7' We were not able to include line managers here as none of the primary studies included line managers as a
stakeholder group.
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negative reactions are stronger when individuals are confronted with ADM than when they

collaborate with it.

2.2.3.3 Type of task

We argue that tasks that require tacit knowledge or social skills, such as interviews
or career development, could be perceived as less suitable for ADM and are likely to evoke
more negative reactions compared to mechanical tasks, such as resume screening or work
scheduling (Castelo et al., 2019; Lee, 2018). Following the cognitive psychology and human
factors literature, certain skills or types of knowledge, such as procedural and tacit
knowledge, are not suitable for programming in computer programming languages (Lee,
2018; Reber, 1989). These types of knowledge and respective skills are typically acquired
through experiences and practices, encompassing intuitive judgments and the understanding
of emotions (Lee, 2018). Consequently, ADM is often considered more appropriate for tasks
that are structured, quantifiable, and less dependent on human judgment, such as resume
screening or data analysis, where standardized processes are prioritized over interpersonal
interaction (Lee, 2018). We thus hypothesize:

Hypothesis 11: Type of task (interviews, screening, and career development)
moderates the relationship between the use of ADM and (a) system-related reactions and
(b) organization-related reactions, such that negative reactions to ADM usage are stronger

when it is used for interviews and career development compared to screening.

2.2.3.4 Extent of decision

Extent of decision comprises whether ADM automates or augments human decisions
(Langer & Landers, 2021). Here, researchers differentiate between ADM systems that
autonomously make decisions without human involvement (i.e., automation), and those that
serve as decision support, namely augmentation (Candrian & Scherer, 2022). ADM systems

that fully automate decisions may evoke more negative responses (e.g., reduced justice or
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trust) due to a perceived loss of autonomy (Deci & Ryan, 1985). In contrast, using ADM for
decision support—where human intervention is possible—may result in less negative
reactions (e.g., higher perceptions of justice or trust), because individuals perceive that a
human retains control over final decisions (Burton et al., 2020). We thus hypothesize:

Hypothesis 12: Extent of decision moderates the relationship between the use of
ADM and (a) system-related reactions and (b) organization-related reactions, such that
negative reactions to ADM usage are stronger when it is used for automation compared to
augmentation.
2.2.3.5 Level of personal impact

We argue that the level of personal impact can affect stakeholders’ reactions to
ADM. When individuals are directly affected by ADM decisions (e.g., applicants, second
parties), they may experience stronger negative reactions due to a perceived loss of control
by themselves or humans (Langer & Landers, 2021). These individuals might feel
psychologically closer to the situation as the outcomes of the decisions affect their lives
directly in the long run (e.g., getting a job or being laid off; Langer et al., 2019; Trope &
Liberman, 2010). In such contexts, individuals may evaluate the introduction of ADM more
critically as the decision process becomes more salient due to its potential impact on their
lives. In contrast, individuals who use ADM in the decision-making process (e.g., HR
professionals; first parties) may respond less negatively, because they feel less personally
connected to ADM and are less likely to be significantly impacted by its outcomes (Deci &
Ryan, 1985; Trope & Liberman, 2010). In turn, reactions from less affected stakeholders
could be more positive as they include a broader, rather distant decision rationale. We thus

hypothesize:
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Hypothesis 13: Level of personal impact moderates the relationship between the use
of ADM and (a) system-related reactions and (b) organization-related reactions, such that

negative reactions are stronger when personal impact is high compared to when it is low.

2.3 Method

2.3.1 Literature search and data extraction

We conducted a literature search of articles published between January 2010 and
March 2025. The search process consisted of four steps drawn from the PRISMA protocol
(preferred reporting items for systematic reviews and meta-analyses; Liberati et al., 2009;
Page et al., 2021): identification, screening, eligibility, and inclusion. A flow diagram of the
search process is provided in Appendix Al and an overview of included studies is provided
in Appendix A2.

As the first step (i.e., identification), the sample collection was based on two
complementary search strategies (i.e., database search and manual search). We used two
databases for our initial search, specifically, EBSCO Business Source Premier and Web of
Science (Social Sciences Citation Index). We applied search terms used in previous studies
(Hunkenschroer & Luetge, 2022; Kochling & Wehner, 2020) and extended these by adding
additional synonyms. We searched for articles by applying the following combination of

29 ¢¢

search terms: “algorithm,” “artificial intelligence,” or “algorithmic decision,” potential
reactions, such as “fairness” or “trust,” and our context “human resources” or “HRM,”
whereas we extended all search words with further terms and synonyms (i.e., fairness was
extended by justice terms). The initial search resulted in 8,790 studies. After eliminating

duplicates, we kept 8,107 unique studies for further evaluation. Additionally, following the

approach by Ravid et al. (2023), we applied an issue-by-issue search of journals and
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conference proceedings,® resulting in 34 additional articles for initial screening. We
identified relevant journals by using the FT50 ranking and by using those journals most
frequently represented in the initial database search. Further, we compared our findings with
samples from recently published reviews (Bankins et al., 2024; Basu et al., 2023; Budhwar
et al., 2023; Cheng & Hackett, 2021; Giermind]l et al., 2022; Kaushal et al., 2023; Kochling
& Wehner, 2020; Langer & Landers, 2021; Pan & Froese, 2023; Votto et al., 2021; Vrontis
et al., 2022) on the topic of ADM use in organizations. We identified one article from this
step of the search process. Discrepancies between our meta-analysis and the reviews were
often due to the methods used in the primary studies (e.g., qualitative approaches), but more
importantly, they resulted from differences in the context, as our analysis focused
specifically on the HRM context. As an additional step, we used Al-based tools, such as
Connectedpapers, ResearchRabbit, and Litmaps, to identify other articles that would fit our
inclusion criteria. However, no additional articles were identified through this process. We
contacted authors of papers already included for additional published and unpublished
articles, resulting in 15 additional articles. To complement our manual search, we conducted
a forward search for articles (i.e., screening articles that cited the articles included in the
analysis), resulting in three additional articles.

In the second step (i.e., screening), two of the authors independently examined titles,
key words, and abstracts of the identified studies and excluded all studies that did not fit into
the scope of the meta-analysis (i.e., studies not focused on HRM). Here, we used the tool
Rayyan (Ouzzani et al., 2016). While we did not use Rayyan’s automation features, we did

use it to conduct blinded and independent screening. Consistent with previous meta-

8 Academy of Management Journal, Academy of Management Proceedings, Big Data and Society, Computers
in Human Behavior, Human Resource Management, Information Systems Frontiers, Information Systems
Research, International Journal of Selection and Assessment, Journal of Applied Psychology, Journal of
Business Ethics, Journal of Management, Journal of Management Information Systems, Journal of
Management Studies, Management Information Systems Quarterly, Management Science, Organizational
Behavior and Human Decision Processes, Personnel Psychology, Research Policy, Technovation.
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analyses, we calculated intercoder agreement as a measurement for reliability (Ravid et al.,
2023). Initial intercoder agreement was 99.42%, corresponding to 47 disagreements among
8,107 articles. The authors discussed and resolved all disagreements collaboratively.

For the third and fourth step (i.e., eligibility and inclusion), two authors examined
the full text of the studies according to our a priori inclusion criteria: Included publications
should report (a) at least one quantitative study, (b) the reaction to ADM in comparison to
HDM, and (c) at least one correlation coefficient between the use of ADM and system-
related reactions (e.g., fairness, emotional creepiness) or organization-related reactions (e.g.,
organizational attractiveness, litigation intention, turnover intention). For this step, we read
84 full-text articles stemming from the initial database search and 53 articles stemming from
our manual search. The most common reason for article exclusion was that the studies did
not compare HDM to ADM but rather compared different ADM systems or assessed general
ADM reactions (e.g., Edwards et al., 2024). When studies fit our inclusion criteria but did
not report the data needed, we contacted authors to ask for further information. Studies were
excluded if the authors did not respond or were unable to provide the requested data. Our
final dataset consists of 53 studies and 73 samples (n = 24,578; 52.97% female, mean age =

34.32 years).

2.3.2 Included studies

As we required studies to compare ADM to HDM for the analysis, most of the
included studies used an experimental approach (except for Dutta & Mishra, 2024; Keppeler,
2023; Suen & Hung, 2023, who all employed field experiments). Typically, participants in
the experimental group were presented with a scenario—such as a job application—in which
an ADM-based system made a decision (e.g., regarding their hiring). Participants in the
control group were presented the same scenario with one difference: The decision was made

by a human entity (e.g., a HR professional). Consequently, the studies measured differences
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between the two groups in their reactions to the scenario. The effect sizes coded in each
study reflected the mean differences. We coded the correlation coefficient such that the
treatment (i.e., ADM) group was coded as 1 and the control (i.e., HDM) group was coded as
0 (HDM = 0, ADM = 1). A positive correlation coefficient indicated a higher mean in the
outcome variable for the ADM group versus the HDM group. We were not able to apply
Cohen’s d, an effect size measure traditionally used in meta-analyses, as most of the primary
studies did not provide sufficient information (e.g., missing information on standard

deviations).

2.3.3 Aggregation levels and coding

To address the heterogeneity of primary studies (Steel et al., 2021), we analyzed
different aggregation levels of the dependent variables. First, we aggregated all variables
subsumed under the main relationship (i.e., including both system-related and organization-
related constructs). Second, we grouped the effect sizes in two broad aggregates of system-
related and organization-related variables to understand and to address differences between
both types of reactions. Third, we grouped the effect sizes according to the specific
constructs, namely justice, fairness, trust, trustworthiness, affective reactions,
organizational attractiveness, and job pursuit intention. For justice, we were able to further
differentiate between procedural justice and interactional justice. Two of the authors
independently coded the 365 effect sizes of the first model according to the guidelines by
Steel et al. (2021). We calculated the intercoder agreement, which was 96.44% (13
disagreements) for all coded relationships. All disagreements were resolved through
discussions.
2.3.3.1 Coding of system-related and organization-related reactions and moderators

System-related reactions comprise all constructs that refer to reactions directly linked

to the system used for decision-making, such as perceived fairness or justice. For
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organization-related reactions, we grouped the effect sizes of variables that were related to
organizational parameters. To identify the respective correlations, we examined the research
model and the descriptions of the variables in the studies. In addition to the effect sizes
reported in the primary studies, we included study-level moderators. We used information
on stakeholders targeted in the respective primary study, type of interaction and type of task,
extent of decision, and personal impact. Here, we report on the first two levels of aggregation
(i.e., main relationships, system-related reactions, and organization-related reactions)
because the lowest aggregation level separated into specific constructs (e.g., justice, fairness)

did not allow meaningful investigation due to the low number of available samples.

2.3.4 Analytical procedure

To address multiple correlation coefficients per study and the inherent dependability
of effect sizes, we used three-level random and mixed effects models (Assink & Wibbelink,
2016; Cheung, 2019). A three-level model analysis has the advantage over a two-level
random effect model to add a third variance component to understand the differences in
correlation coefficients within the respective studies (Assink & Wibbelink, 2016; Hox et al.,
2017). Furthermore, this model acknowledges that the multiple correlation coefficients are
nested (within each primary study) and not statistically independent. Three-level models can
be used to create averages per study and—in contrast—enable the investigation of the extent
of heterogeneity within (and between) studies, while addressing nonindependence. The
random effects model is a simplified version of a regression model without predictors:

Yij = Bo+ u(2);j+ u@3);+ g;
with yjjrepresenting the correlation coefficient 1 in study j that, in our case, is the relationship
between the use of ADM and system-related or organization-related reactions. The intercept
Bo reflects the weighted correlation coefficient, Var(u(2)ij) = t%(2) reflects the true within-

study variance, Var(u(3);) = 72(3) represents the true between-study variance, and Var(g; i)
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reflects random sampling error. Following Aguinis et al.’s (2011) recommendations, we
report the square root of the two tau-squares, representing an estimate of the “true” (i.e.,
nonrandom) heterogeneity in the form of an easily interpretable standard deviation of the
effect size. We refer to the within-study heterogeneity as 7, and to the between-study
heterogeneity as 7.

When analyzing moderators (i.e., type of stakeholder, type of interaction, type of
task, extent of decision, personal impact), the model is expanded to a mixed effects
regression model by including these as predictors, potentially allowing the prediction of
portions of the between-study or within-study variance. In this model, one or several
predictors, xj, are added. When analyzing categorical moderators (e.g., type of task), we used
dummy coding. For these categorical moderators, we estimated the model as a mixed effects
model, excluding the intercept Bo. As a result, the reported coefficients of the model
represent the weighted average in each category of the moderator depicted by p. To
investigate differences across levels of the moderator, we report the result of an omnibus x*
test (i.e., the Qum test), which assesses whether significant differences exist in the average
effect sizes across the levels of the moderator, thereby indicating whether the moderator
explains variability in the respective effect size. A significant Qm value suggests that the
moderator contributes to differences in the observed relationships. For this test, the selection
of the reference category (determined by the first alphabetical occurrence) is
inconsequential, as the test examines differences across all included categories collectively.
The analyses were conducted with the open-source software R (R Core Team, 2020).
Packages used were tidyverse (Wickham et al., 2019) for data management, and metafor

(Viechtbauer, 2010) and metaSEM (Cheung, 2019) for the meta-analytical procedures.
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2.4 Results

2.4.1 Main relationships between ADM and reactions

Table 2-2 presents the results for the bivariate correlation analysis of the main effects.
Regarding the main relationship, findings reveal that ADM was perceived negatively,
including system-related and organization-related reactions (5 =—.13, p <.001). In addition,
ADM was negatively related to system-related reactions (p = —.12, p < .001), including
justice (p =—.17, p <.001), and more specifically, also to procedural (p = —.14, p <.001)
and interactional justice (p =—.21, p <.001), fairness (p =—.13, p =.002), trust (p =-.20, p
< .001), and trustworthiness (p = —.13, p = .033). We found no significant relationship
between ADM and negative affective reactions (p = .08, p = .099). Overall, our results
supported hypotheses la and 2 to 5, demonstrating a negative relationship between ADM
and system-related reactions, justice, fairness, trust, and trustworthiness, but did not support
hypothesis 6 related to negative affective reactions. Further, we found that ADM was
negatively related to organization-related reactions (p = —.15, p < .001), including
organizational attractiveness (p = —.16, p < .001) and job pursuit intention (p = —.12, p =

.003), supporting hypotheses 1b, 7, and 8.



2 A meta-analysis on reactions to algorithmic decision-making in human resource management (Essay I) 48

Table 2-2: Results of the bivariate meta-analysis

Dependent variable k m N ) SE  p-value 95% CI 7 (PPw) 5 (PP) Publication bias Outlier
Main relationship 73 365 24,578 .13 02 <.001 -16 —09 .19(66) .13(30) No Yes (Corr. p =—.14,
p <.001)
System-related 69 286 23,601 -—.12" 02 <.001 -16 -08 .22(75 .12(21) No Yes (Corr. p =—.13,
reactions p<.001)
Justice 29 88 7,015 —.17" 03 <.001 -23 -10 .16(57) .13(36) Yes(Corr. p=-15 Yes(Corr. p=—.14,
p <.001) p <.001)
Procedural 26 61 6,191 —.14™ 03 <.001 -20 -07 .16(58) .12(34) Yes(Corr.p=-.11, No
justice p <.001)
Interactional 12 23 2,993 21 .05 <.001 -32 —-11 .15(51) .14(42) No No
justice
Fairness 33 40 14,109 -.13* .04 002 -21 -05 .16(44) .17(52) No No
Trust 21 28 5,619 -20"" 06  <.001 -31 —-09 .15(35) .20(.60) No No
Trustworthiness 5 16 1,069 -.13" .06 033 -25 -01 .15(.68) .08(21) No No
Negative affective 16 38 6,811 .08 .05 099 -02 .18 .06(09) .20(.86) No Yes (Corr. p = .12,
reactions p<.001)
Organization- 34 79 11,230 —-.15™ 02 <.001 -19 -10 .04(.06) .13(.79) No No
related reactions
Organizational 22 39 5,572 —.16™ .03 <.001 -22 —11 .06(20) .11(.59) No No
attractiveness
Job pursuit intention 10 20 2,813 —12" .04 .003 -20 -.04 .07(26) .10(.56) No No

Note. ™ p <.001, ™ p < .01, " p < .05; k = number of independent samples; m = number of effect sizes; n = number of analyzed individuals; p = weighted average effect
size; SE = standard error; CI = confidence interval (lower and upper bound of a 95% CI given); 7,, and 7, = estimate (standard deviation) of the true heterogeneity within and
between studies; 7, and I°, = percentage of true heterogeneity in observed heterogeneity; Corr. = corrected. Whenever the estimate is zero, the random effects model was
reduced to a fixed effects model. Independent variable is HDM versus ADM for all relationships (HDM =0, ADM = 1).
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2.4.2 Moderator Analysis

2.4.2.1 Type of stakeholder and type of interaction

Results of the moderator analysis for type of stakeholder and type of interaction are
reported in Table 2-3. For type of stakeholder, we found a significant relationship between
ADM on the main relationship for applicants (p =—.14, p <.001) and employees (p =—.13,
p <.001), but not for HR professionals (5 =—.07, p =.222). Similarly, on the level of system-
related reactions, we found significant effects for applicants (p = —.12, p < .001) and
employees (p = —.13, p <.001), but not for HR professionals (p =—.08, p = .207). Results
showed a significant relationship between ADM and organization-related reactions for
applicants (p = —.17, p < .001) and for employees (p = —10, p = .012), but not for HR
professionals (p =—.19, p = .196). The difference tests showed no significant differences for
all aggregation levels; hence, we cannot confirm our hypothesis 9.

For type of interaction, results indicated that on the main relationship, confrontation
has significant effects (p = —.14, p <.001) compared to collaboration (p =—.04, p = .417). A
similar pattern emerges for system-related reactions (collaboration: p = —.04, p = .360;
confrontation: p = —.13, p <.001) and organization-related reactions (collaboration: p = —
.02, p = .881; confrontation: p = —.16, p <.001). The difference tests indicated significant
differences on the main relationship (°(1) = 4.64, p = .030), but not on the level of system-

related or organization-related reactions, leading us to reject our hypothesis 10.
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Table 2-3: Results of the bivariate meta-analysis including type of stakeholder and

type of interaction as moderators

Dependent kK m N p SE  p-value 95% CI oum(df)
variable

Main relationship

Type of stakeholder X2(2)=0.84, p = .660
Applicants 42 254 11,521 -.14™ 03 <.001 -18 -.09
Employees 22 91 7,736 —.13™" .04 <.001 -20 -.05
HR professionals 9 29 5,321 -.07 .06 222 —-19 .04

Type of interaction xX(1)=4.64", p=.030
Collaboration 14 63 7,405 —-.04 .04 417 -12 .05

Confrontation 55 294 16432 -.14 02 <.001 -18 -10

System-related reactions

Type of stakeholder x2(2)=0.50, p =780
Applicants 39 183 10,736 —.12" .03 <.001 -17 -07
Employees 2175 7,544 13" 04 <.001 -20 -.05
HR professionals 9 28 5,321 -.08 .06 207 =20 .04

Type of interaction x*(1)=3.28,p=.070
Collaboration 14 o6l 7,405 -.04 .04 360 —-13 .05

Confrontation 51 219 15455 -.13"" 02 <.001 -17 -.08

Organization-related reactions

Type of stakeholder X3(2)=2.18, p = 340
Applicants 21 62 5495 17 .03  <.001 -23 -12
Employees 12 16 5,530 —.10" .04 012 -18 -.02
HR professionals 1 1 205 -.19 15 196 —-48 .10

Type of interaction xA(1)=2.10,p=.150
Collaboration 2 2 1,384 -.02 .10 881 —-21 .18

Confrontation 31 75 9430 —-.16"" .02 <.001 -21 -11

Note. ™ p <.001, ™ p < .01, * p < .05; k = number of independent samples, m = number of effect sizes, N =
number of analyzed individuals; P = weighted average effect size; SE = standard error; CI = confidence interval

(lower and upper bound of a 95% CI given). Differences were tested with a Qu test, which is a y-test with the
depicted degrees of freedom. Independent variable is HDM versus ADM for all relationships (HDM = 0, ADM
=1).

2.4.2.2 Type of task, extent of decision, and personal impact

Table 2-4 summarizes the findings of the moderator analysis for type of task, extent
of decision, and personal impact. Regarding the type of task on the main relationship, ADM
was perceived negatively in interviews (p =—.17, p <.001), screening (p = —.15, p <.001),
and career development (o =—.18, p <.001). Similarly, for system-related reactions, results
indicated that ADM in interviews (p = —.15, p <.001), screening (p = —.14, p = .002), and

career development (p =—.18, p <.001) was perceived negatively. In terms of organization-
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related reactions, we could not confirm this relationship for career development (p =—.11, p
=.116), compared to interviews (p =—.26, p <.001) and screening (p =—.16, p =.004). The
difference tests were not significant; therefore, we reject our hypothesis 11.

For the extent of the decision, we found a significant relationship between ADM on
the main relationship when decisions were automated (p =—.16, p <.001) compared to when
decisions where augmented (p = —.04, p = .220). On the level of system-related reactions,
we found associations between ADM and automation (p =—.16, p <.001), but not between
ADM and augmentation (p =—.04, p = .217). Regarding organization-related reactions, the
relationships between ADM and automation (p = —.13, p <.001) as well as between ADM
and augmentation (p = —.16, p < .001) were significant. Our results revealed significant
differences for the main relationship and system-related reactions, but not for organization-
related reactions, thereby confirming H12a and rejecting H12b.

For the level of personal impact, our results indicated that ADM was perceived
negatively in high personal impact (p = —.14, p <.001) and low personal impact scenarios
(6 =-.09, p =.029) on the main relationship. Regarding system-related reactions, ADM was
significantly related to high personal impact (p = —.13, p < .001), but not to low personal
impact (p =—.06, p = .182). In terms of organization-related reactions, we found significant
associations between ADM and high personal impact (9 =—.13, p <.001) as well as between
ADM and low personal impact (p =—.26, p <.001). The difference tests suggested that there
are no significant differences between low or high levels of impact, leading us to reject

hypothesis 13.
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Table 2-4: Results of the bivariate meta-analysis including type of task, extent of

decision, and personal impact as moderators

Dependent k m N p SE p-value 95% CI  Owu(df)

variable

Main relationship

Type of task x*(3)=3.78,p =290
Interviews 18 86 3317 —-17™ .04 <.001 -24 -.09
Screening 18 64 8,006 —.15™" 04 <.001 -23 07
Career 8 34 3,111 —18™ 05 <.001 -28 -.07
development

Extent of decision X(2)=17.13",p=.030
Automation 48 201 17,276 —.16™" 02 <.001 -21 -11
Augmentation 21 137 6,171 -.04 .04 220 —-11 .03

Personal impact x*(1)=10.85,p=.360
High impact 55 299 17,473 —.14" .02 <.001 -18 -.09
Low impact 18 66 7,105 —.10 .04 029 -17 -.01

System-related reactions

Type of task X4(3)=4.00, p = 260
Interviews 17 71 3,133 —.15™ 04 <.001 -22 -.07
Screening 16 46 7,405 —.14" .04 <.001 -22 -.05
Career 8 28 3,111 —18™ 06 <.001 -29 -.07
development

Extent of decision 2A(2)=6.88", p=.030
Automation 44 164 16,299 —.16™" .03 <.001 -21 -11
Augmentation 20 104 6,270 —-.04 .03 217 =11 .03

Personal impact xA(1)=2.30,p=.130
High impact 53 228 16,947 -.13™ .02 <.001 -18 -.09
Low impact 16 58 6,654 —.06 .04 182 —14 .03

Organization-related reactions

Type of task Xz(?)) =4.46,p=.220
Interviews 7 15 1,735 —-26™ .05 <.001 -36 -.16
Screening 6 18 1,532 —-.16" .06 .004 -27 -.05
Career 4 6 2,146 —.11 .07 Jd16 24 .03
development

Extent of decision X*(2)=0.53,p=.770
Automation 19 37 6,579 —-.13™ .03 <.001 -20 -.07
Augmentation 11 33 3,742 —-16™" 04 <.001 -24 -.08

Personal impact xA(1)=2.69,p=.100
High impact 30 71 10,368 —.13™" .02 <.001 -18 -.09
Low impact 4 8 862 —26™" 07 <.001 -39 -12

Note. ™ p <.001, ™ p < .01, * p <.05; k = number of independent samples, m = number of effect sizes, N =

number of analyzed individuals; P = weighted average effect size; SE = standard error; CI = confidence interval

(lower and upper bound of a 95% CI given). Differences were tested with a Qu test, which is a y-test with the
depicted degrees of freedom. Independent variable is HDM versus ADM for all relationships (HDM = 0, ADM

=1).
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2.4.3 Robustness checks and assessment of study quality

To ensure robustness of our results, we tested for outliers and publication bias. For
the outlier analysis, we combined the studentized residuals and Cook’s distance to analyze
if outliers with a high leverage were present in the sample (Viechtbauer & Cheung, 2010).
When this was the case, the three-level model was re-estimated without the outlier, and the
resulting correlation coefficient and significance level are reported in Table 2-2.
Additionally, we analyzed publication bias by testing for funnel plot asymmetry by Egger et
al. (1997) and by conducting the rank test by Begg and Mazumdar (1994). If both tests
showed significance, we acknowledged the presence of publication bias. Similarly to the
outlier test, we used the trim-and-fill procedure and estimated a corrected correlation
coefficient (see Table 2-2). In summary, we found several instances of publication bias and
outliers, but these had no impact on the results’ significance or the study’s implications.

Furthermore, as a robustness check, we incorporated mean age (conceptualized by
the mean age of the participants in the study) and gender (conceptualized by the percentage
of female participants in the studies) in our bivariate meta-analysis to check for potential
effects. For the main relationship and the levels of system-related as well as organization-
related reactions, our results revealed no significant difference effects for mean age and
gender. In addition, we controlled for the terminology used in the scenarios regarding the
automated decision entity (i.e., Al, algorithm, automation). These results indicate that there
were no significant differences in reactions to the three terms across all aggregation levels.
We introduced the experimental approach (between vs. within designs) as a robustness
check, and again found no differences at any level of aggregation. Additionally, we used
country of origin as a robustness check. We operationalized country of origin based on the
country specified in the sample description. We found no significant differences for the main

relationship and system-related reactions. However, we did find significant differences
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between countries for organization-related reactions (y*(2) = 8.98, p = .010) with positive
reactions in India (p = .13, p = .276) compared to Germany (p =—.14, p <.001) and the U.S.
(p=-21,p<.001).

In addition, we controlled for study quality by analyzing both the journal quality as
well as the differences between study approaches (true experiments vs. quasi-experiments)
according to PRISMA guidelines (Page et al., 2021). Journal quality was assessed using the
Scientific Journal Ranking (SJR) from 2023. No significant differences were found between
higher ranked versus lower ranked journals neither for the main relationship nor for the
division into system-related and organization-related reactions. In terms of the differences
of the study approaches, two authors engaged in coding whether the included studies
randomized (or reported on randomizing) the allocation of participants to scenarios. Results
indicated that randomized or nonrandomized approaches did not differ significantly in terms
of the main relationship and on the level of system-related reactions. However, a significant
difference emerged at the level of organization-related reactions, as confirmed by the
difference test, indicating that careful interpretation of organization-related reactions is

needed.

2.5 Discussion

To advance the understanding of reactions to ADM usage in the HRM domain, we
conducted a meta-analysis on system-related and organization-related reactions and their
boundary conditions. Overall, we found significant negative reactions towards ADM use in
general, and particularly regarding system-related reactions (i.e., procedural, interactional,
and overall justice, fairness, trust, trustworthiness) and organization-related reactions (i.e.,
organizational attractiveness, job pursuit intention). In addition, we found differences in the
proposed relationships depending on certain boundary conditions, namely, the type of

interaction and the extent of decision. Specifically, negative effects occurred when
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individuals were confronted with ADM compared to HDM, but not when they collaborated
with the system. Similarly, ADM use led to more negative reactions when it automated rather
than augmented decisions. Although not significant in the difference test, our results indicate
that employees and applicants responded more negatively to ADM than HR professionals,
and reactions were more negative when individuals were personally affected by decisions.
We did not find differences regarding type of task, indicating that context sensitivity might
not be as pronounced as initially assumed (e.g., Lee, 2018). However, all included tasks
focused on the HRM domain due to the scope of this meta-analysis, so it is possible that the

tasks might have been too similar.

2.5.1 Theoretical implications

We expand the growing literature on reactions to ADM systems by (1) synthesizing
existing heterogeneous findings on ADM usage and related reactions, (2) explaining these
findings through an examination of boundary conditions that impact them, and (3) proposing
an overarching theoretical framework to account for these findings. Our initial synthesis
revealed that ADM is generally perceived negatively, confirming the presence of algorithm
aversion in the existing literature. However, our findings indicate that algorithm aversion is
not a static phenomenon, but rather depends on boundary conditions (e.g., extent of
decision).

First, our findings revealed negative associations between ADM usage and
perceptions of both fairness and justice. Notably, the negative relationship was stronger for
justice than for fairness, with the largest differences between interactional justice and
fairness perceptions, supporting organizational justice theory (Colquitt et al., 2001;
Greenberg, 1987). This posits that individuals apply justice rules to form their fairness
perceptions, emphasizing that justice and fairness are distinct concepts (Goldman &

Cropanzano, 2015). However, fairness and justice are often used interchangeably in primary
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studies; we thus urge researchers to clarify whether they are assessing rule-based justice or
subjective fairness perceptions. Notably, interactional justice showed the strongest negative
correlation with ADM usage, suggesting that such systems may particularly undermine
expectations of informational and interpersonal treatment (Binns et al., 2018). This
highlights the importance of analyzing justice dimensions separately to better understand
reactions to ADM.

Second, these main results vary according to specific boundary conditions as
proposed in our overarching theoretical framework. Even though our difference test did not
reveal significant differences across stakeholder types, our results suggested that applicants
and employees evaluated the introduction of ADM more negatively than HDM—a trend that
was not evident among HR professionals. This finding aligns with the differentiation
proposed by Langer and Landers (2021), who argue that HR professionals often occupy the
position of first parties (i.e., actively using ADM systems) whereas applicants and employees
are more likely to be positioned as second parties (i.e., individuals directly affected by
decisions) or third parties (i.e., external observers). As first parties, HR professionals may
possess greater familiarity with the system’s functionalities and potential benefits, which
could reduce skepticism and promote a more neutral or even positive evaluation of ADM
(Binns et al., 2018).

Third, drawing on CASA (Nass & Moon, 2000; Reeves & Nass, 1996), we offer an
overarching theoretical framework to clarify why theories from human—human contexts are
relevant in human—algorithm contexts, building a bridge between both contexts. Since
people often engage with ADM systems as if interacting with humans, we can apply theories,
such as organizational justice theory (Colquitt, 2001; Greenberg, 1987), to explain reactions
to ADM. However, CASA also suggests that ADM may prompt negative reactions when

human-like expectations remain unmet, which may be particularly strong in HR contexts
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that inherently imply human interactions. Focusing solely on the HRM domain, this could
also explain why we observed no task-specific effects. Additionally, we suggest that
considering the various boundary conditions affecting ADM reactions may help account for

prior inconsistent findings.

2.5.2 Practical implications

The results of this study provide several practical implications for organizations.
First, ADM might offer advantages from a business perspective (e.g., increased efficiency,
reduction of human bias). However, our study indicates that individuals tend to react
negatively to ADM usage. Here, the proposed boundary conditions of our overarching
theoretical framework might help to guide organizations. Specifically, individuals’ negative
perceptions were strengthened in cases where ADM was used as automation and when they
were confronted with ADM decisions and had no opportunity to interact with the system.
Taking this into consideration, organizations might introduce human oversight to facilitate
trust as well as fairness and justice perceptions. Additionally, organizations might increase
interactivity when incorporating ADM systems. However, the responsible decision-making
entity should be clearly defined in advance to prevent HR professionals from placing blame
on the algorithm for morally difficult decisions (Maasland & Weissmueller, 2022).
Furthermore, it is important to note that human-in-the-loop designs are not a panacea for all
concerns of ADM usage in this context, and several studies point out the difficulties of
combining HDM and ADM. Langer et al. (2025), for instance, suggest that humans need to
learn how to detect errors in ADM before intervening. Consequently, organizations are
challenged to train their employees to work with ADM systems efficiently. Additionally,
HRM should create clear guidelines to ensure that the introduction and application of ADM

work as intended.



2 A meta-analysis on reactions to algorithmic decision-making in human resource management 58
(Essay I)

Moreover, we found no significant negative relationships associated with HR
professionals interacting with ADM systems. This suggests that HR professionals may view
ADM systems as tools to enhance efficiency and decision quality. To support this potential
benefit, organizations could offer training to strengthen HR professionals’ competencies in
ADM usage.

Lastly, when individuals were not affected by a decision, they reacted more
positively to ADM use. Hence, current employees might not experience lower levels of
organizational attractiveness simply because their employer uses ADM. However, when
potential employees are targeted, organizations should introduce interventions to increase
positive reactions specifically for affected individuals, for example, by providing more

detailed information and transparency about the algorithm in use (Suen & Hung, 2023).

2.5.3 Future research avenues

We encourage scholars to explore the following research avenues:

2.5.3.1 Main Relationship

We found that ADM is negatively associated with system-related and organization-
related reactions. These negative reactions are typically measured by assessing fairness,
trust, or justice. However, some studies report that they found perceptions of unfairness or
distrust to be apparent (despite measuring fairness and trust), although previous literature
established that low levels of fairness or trust do not necessarily equate to unfairness or
distrust (Lewicki et al., 1998). Instead, previous studies suggest that, for example, trust and
distrust are independent constructs which need to be viewed separately (Kramer, 1999).
Future research could examine whether fairness, justice, and trust reactions are
distinguishable from constructs such as unfairness, injustice, or distrust, thus leading to our

first research avenue:
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Research avenue 1: What roles do constructs such as distrust, injustice, and
unfairness play in shaping responses to ADM? How are these constructs distinct from
negative perceptions of trust, justice, and/or fairness?
2.5.3.2 Type of Stakeholder

Primary studies have included HR professionals, current employees, and applicants
as participants, while generally overlooking other potential stakeholders. Line managers’
reactions to ADM remain underexplored, although they play a key role in implementing HR
practices as established by the HR triad (Jackson & Schuler, 2003). We argue that line
managers may act as both first and second parties in ADM-related HR decisions: they are
involved in making decisions, while also being affected by HR decisions in which ADM is
used, such as performance evaluations or promotions.

In addition, most scenarios for HR professionals have been framed from the
perspective of HR managers. We define HR professionals as all staff involved in developing
formal HR policies and processes (Jackson & Schuler, 2003), noting that while HR managers
are included, they also hold additional management responsibilities. Following this, we
propose that HR managers are more likely to occupy the role of first parties (i.e., individuals
using ADM and making decisions), whereas HR professionals may simultaneously serve as
both first and second parties (Langer & Landers, 2021) similar to line managers. Due to the
potentially overlapping roles, HR professionals and line managers may respond differently
than other stakeholders. Furthermore, we urge future research to empirically examine the
underlying mechanisms differentiating stakeholders (i.e., differing tasks according to the HR
triad, Jackson & Schuler, 2003; competence based on self-determination theory, Deci &
Ryan, 1985), as this area of research is currently underdeveloped. In addition, the dynamic
between HR managers and their subordinates introduces an important yet underexplored

influencing factor. Investigating how these groups jointly evaluate ADM implementation
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(e.g., dealing with conflicting interests) offers a promising avenue for future research. We
thus propose our second research avenue:

Research avenue 2: How do line managers/HR professionals (not on the
management level) react to ADM systems in comparison to other stakeholder groups (e.g.,
employees, applicants)? Which underlying mechanisms play a role in the differences in

stakeholder reactions?

2.5.3.3 Type of Interaction

We showed that the type of interaction (i.e., either collaboration or confrontation)
impacts ADM reactions. Building on this, researchers could examine how ADM reactions
might be improved when individuals are confronted with these decisions (i.e., second parties;
Langer & Landers, 2021). Therefore, we suggest our third research avenue:

Research avenue 3: How can organizations improve perceptions of ADM for
individuals that are confronted with algorithmic decisions? How can decision processes

become more interactive for second parties?

2.5.3.4 Type of Task
In terms of our moderator type of task, we were able to include a differentiation of
interviews, screening, and career development in ADM. However, other tasks, such as
payroll, remain underexplored. Therefore, we propose our fourth research avenue:
Research avenue 4: Which HR tasks beyond interviews, screening, and career
development may be suitable for ADM implementation? How do reactions differ between

these tasks?

2.5.3.5 Extent of Decision
We found differences between ADM used for automation versus augmentation.
However, it remains questionable whether human and ADM in collaboration yield better

results than HDM or ADM alone (Langer et al., 2025), as previous literature indicates that
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results could become more or less accurate depending on situational aspects (Vaccaro et al.,
2024). Furthermore, the factors that underpin successful collaboration remain unclear,
leading to our next research avenue:

Research avenue 5: How can successful human—ADM collaboration be achieved?
How can human—ADM collaboration create better results compared to HDM or ADM

alone?

2.5.3.6 Personal Impact

The level of personal impact was coded into two categories: low or high. However,
we argue that future studies could differentiate this further to understand the specific
differences arising from the proximity of the decision to the respective stakeholder. In
addition, we stress the importance of examining the subjective severity of decisions for
individuals (i.e., important vs. unimportant decisions).

Research avenue 6: How do different levels of personal impact affect reactions to
ADM? Which role does the subjective importance of the decision play for affected

stakeholders?

2.5.3.7 Country of Origin

While our meta-analysis included country of origin solely as a robustness check, we
see potential for future research in this area. Country of origin can act as a proxy for formal
and informal institutions (North, 1990) that shape how individuals perceive ADM. Formal
institutions (i.e., laws, regulations) such as the EU Al Act (European Commission, 2021) or
the U.S. Algorithmic Accountability Act (Mdkander et al., 2022), may foster trust and
perceived fairness or, when absent, raise concerns about bias and lack of control (Fessenko
& Jasperse, 2024; North, 1990). Informal institutions, including cultural norms and values
(North, 1990), might also impact ADM reactions. As prior research on informal institutions

is mixed (e.g., Kleinlogel et al., 2023; Mahmud et al., 2022), this might be a particularly
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relevant future research avenue. Given that most studies in our meta-analysis were conducted
in the U.S. and Germany, we encourage future research to explore ADM reactions in diverse
institutional contexts to broaden theoretical insights beyond Western perspectives. This
leads us to our final research avenue:

Research avenue 7: How do informal (e.g., norms, traditions) and formal (e.g.,
political standards, legislation, regulation) institutions in different countries shape reactions

to ADM?

2.5.4 Limitations

This meta-analysis has limitations in terms of study inclusion and methodology.
First, meta-analyses are always limited by the availability of primary studies. Due to the
absence of primary studies (in our case: studies including line managers’ reactions to ADM
and studies including severity of the decision), some effects could not be tested adequately
(k<3). Hence, the results need to be interpreted carefully. However, as Schmidt et al. (1985)
argued, even with a small number of studies and sample sizes, meta-analyses remain the
optimal method for synthesizing findings.

Second, most of the included primary studies tested their research models in
hypothetical experimental scenarios. This creates a dependency on the participants to be able
to realistically imagine themselves being evaluated by a human or an algorithm in the HRM
domain. Furthermore, it might be difficult to compare the studies and consequently the
reported effect sizes, as some scenarios were more realistic and sophisticated than others.
We therefore invite future researchers to investigate real-life scenarios or conduct field
experiments that analyze actual introductions of ADM in organizations. Further, one of our
inclusion criteria was to only include studies comparing HDM and ADM directly, a strategy
that contained the possibility of leaving out any studies that investigated differences between

two algorithms that differed in certain functionalities. Therefore, scholars could analyze
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differing reactions towards ADM in the future to clarify and synthesize the current research
landscape even further. This might be particularly important due to the proposed boundary

conditions that could be explored by comparing different ADM systems.
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Abstract

Algorithmic decision-making (ADM) is widely implemented in organizations and is
associated with higher efficiency, accuracy, and objectivity. However, research suggests that
stakeholders often perceive algorithmic decisions as untrustworthy. Using personnel
selection as a sample context, we show that reactions to ADM systems and interventions
aimed at building trust depend on decision outcomes (i.e., whether applicants are accepted
or rejected for a job). We examined transparency and a human-in-the-loop (HITL) design as
interventions to increase applicants’ trust. To test our hypotheses, we conducted an online
experiment (n = 483) and analyzed the data using multigroup structural equation modeling.
While our results show that ADM was trusted less in cases of negative decision outcomes
than in positive ones, this difference was not statistically significant. However, we observed
significant differences in the acceptance and rejection group regarding both interventions.
HITL was perceived with greater trust in positive decision outcomes compared to both ADM
and a human counterpart, whereas transparency enhanced trust only in unfavorable decision
outcome scenarios (i.e., being rejected). Consequently, these results demonstrate that the
effectiveness of trust-building interventions varies by decision outcomes.
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3.1 Introduction

Algorithmic decision-making (ADM) is one of the most influential technologies of
our time and reshapes the way we work (Kushwaha et al., 2022; Rigotti & Fosch-Villaronga,
2024). In organizations, the use of ADM systems is associated with higher efficiency
(Cabiddu et al., 2022), accuracy (Dietvorst et al., 2015), and objectivity (Kordzadeh &
Ghasemaghaei, 2021). Thus, ADM is being increasingly adopted by organizations, with 75%
expected to implement it by 2027 (Di Battista et al., 2023). Among other organizational
processes, ADM will increasingly play a central role in recruitment and selection, which
impact applicant reactions to digital assessments and selection decisions (Gonzalez et al.,
2019; Hunkenschroer & Luetge, 2022). These applicant reactions are the main drivers of
organizational attractiveness or job acceptance intentions (Chapman et al., 2005; Hausknecht
et al., 2004), and electronic word-of-mouth about potential employers (Evertz et al., 2019).
In turn, this has important implications for organizations aiming to attract and select the best
candidates for their job vacancies.

However, the integration of ADM challenges stakeholders’ trust in these systems and
the organizations deploying them (Glikson & Woolley, 2020; Lee, 2018). Trust in ADM
varies depending on the task (Lee, 2018) and the stakeholders involved (Langer & Landers,
2021; Park et al., 2022). For instance, ADM usage for tasks associated with “human” skills,
such as social or emotional skills, is perceived as less trustworthy, whereas this is not the
case if tasks are associated with mechanical skills (Lee, 2018; Mahmud et al., 2022). In
addition, Langer and Landers (2021) identified different reactions according to the
stakeholder types, which they referred to as first and second parties. First parties include
stakeholders who directly interact with ADM systems (e.g., recruiters using an ADM
system), while second parties include those stakeholders (e.g., applicants) who are affected

by ADM without control over the decision (Langer & Landers, 2021). As second parties are
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neither able to interact with the decision entities nor change the decisions made, they are
more likely to react negatively to ADM compared to first parties (Kochling et al., 2023;
Langer & Landers, 2021; Ochmann et al., 2024). Consequently, if algorithms take over tasks
typically associated with human skills (Lee, 2018), such as evaluating applicants’
performance during interviews or assessments, trust in both ADM and the organization may
be undermined. As organizations increasingly adopt ADM systems for selection, it is
essential to examine perceptions of trust among affected stakeholders and identify potential
interventions to address the needs of this stakeholder group.

In addition to trust, we propose that individuals attribute negative decisions
externally (i.e., to the decision entity), while taking personal credit for positive outcomes,
described as self-serving bias (Zuckerman, 1979). This attribution bias can lead to
discrepancies in the perception of trust, so that trust-building interventions are more effective
than others depending on the outcome. While unfavorable outcomes (e.g., rejection) are
associated with a decrease in perceived fairness (Wang et al., 2020) and procedural justice
(Bedemariam & Wessel, 2023), little is known about whether trust-building interventions
are equally effective across different outcome conditions. This is problematic because
existing intervention approaches, such as explanations (Schlicker et al., 2021; Schoeffer et
al., 2022) or human oversight (Langer et al., 2025), may not work universally. Instead, the
effectiveness of interventions may depend on whether individuals receive favorable or
unfavorable decisions. If this is the case, organizations risk implementing trust-building
strategies that are ineffective or even counterproductive.

To address this issue, we provide new insights into outcome-dependent trust
interventions and examine their effectiveness based on outcome conditions (i.e., acceptance
or rejection). Drawing on attribution theory and self-serving bias, we assume that individuals

attribute their experiences internally or externally. We examine this within the context of



3 Rejected by an algorithm? A multigroup analysis of outcome-dependent trust in algorithmic 67
decisions (Essay II)

personnel selection, where individuals face either favorable (i.e., job offer) or unfavorable
(i.e., rejection) decisions. This context is particularly relevant for two reasons. First,
applicants have limited information about organizations and therefore might make
assumptions about the organization based on the selection process and its outcome, as
suggested by signaling theory (Spence, 1973). Consequently, the use of technology, and
ADM in particular, can either enhance or diminish organizational attractiveness, ultimately
influencing the quality of the applicant pool. Second, applicants do not voluntarily choose
to be evaluated by an algorithm but are instead forced to follow corporate hiring processes.
Thus, unlike consumers, they are second parties and have no control over algorithmic
decisions (Czernietzki et al., 2023; Johnson et al., 2016), making it even more important to
increase their trust in these systems.

Building on this background and grounded in the stimulus-organism-response (SOR)
model (Mehrabian & Russell, 1974), we examine two widely recommended interventions to
increase trust in ADM: (1) a human-in-the-loop (HITL) design (De Cremer & McGuire,
2022; Middleton et al., 2022) and (2) transparency (Glikson & Woolley, 2020; Middleton et
al., 2022; Ochmann et al., 2024). When ADM is fully applied in a selection process,
applicants may perceive it as untrustworthy due to the associations with human skills during
the evaluation (Lee, 2018). Therefore, we assume that an HITL design could help mitigate
these negative perceptions because a human component is still part of the decision-making
process (Fiigener et al., 2021). Furthermore, we propose that the amount of information
individuals receive about algorithmic decisions should have a positive effect on their trust
perception because individuals should better understand decisions made by algorithms if
their decision criteria are transparent to them (Bitzer et al., 2023; Ochmann et al., 2024). We

thus address the following two research questions:
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Research question 1: How does the outcome of a selection procedure (i.e.,
acceptance or rejection) impact trust in ADM?

Research question 2: How effective are trust-building interventions (i.e., HITL and
transparency) depending on the outcome of a selection procedure?

To address these questions, our paper is structured as follows: Section 2 reviews
relevant literature from information systems, psychology, and human-computer interaction,
followed by the theoretical background and hypotheses development. Section 3 details the
experimental design (n = 483). Section 4 presents the main results, which are discussed in
Section 5, where we critically reflect on the (over)reliance on ADM systems. In addition,
Section 5 highlights the study’s theoretical and practical implications, along with its

limitations. Finally, Section 6 summarize our key findings.

3.2 Theoretical background and hypotheses development

3.2.1 Stimulus-organism-response model

To examine the effect of interventions on trust perceptions, we draw on the SOR
model (Mehrabian & Russell, 1974). This model posits that environmental, external stimuli
(S) impact internal psychological states of an organism (O), which, in turn, impact an
individual’s response (R; Mehrabian & Russell, 1974). Here, environmental stimuli refer to
external cues that impact individuals, while internal psychological states encompass
cognitive and affective processes, such as perceptions and beliefs. The resulting responses
can manifest as either internal (non-observable) or external responses. The SOR model has
been widely applied to understand technology adoption and user reactions (e.g., Kordzadeh
& Ghasemaghaei, 2021; Ochmann et al., 2024; Zheng & He, 2024). In the context of ADM
systems, stimuli have often been referred to as system characteristics (Kordzadeh &
Ghasemaghaei, 2021), whereas justice evaluations and fairness perceptions have been

assessed as internal psychological states (Ochmann et al., 2024). Building on this, we
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examine HITL design and transparency as environmental stimuli that impact trust
perceptions. Mediated by trust, we propose that the individuals’ responses in personnel
selection manifest in their reactions to organizations using ADM systems and related
interventions. Further, we extend the SOR model by arguing that outcome favorability
impacts both the individual’s perception of ADM usage and effectiveness of interventions.

The theoretical framework is depicted in Figure 3-1.

Figure 3-1: Theoretical framework

Outcome
Stimulus Organism Response
Internal Individual
Interventions )
HITL psychological responses
states Organizational
Transparency .
Trust attractiveness

To extend this theoretical framework to our research model, we first focus on
individuals’ trust perceptions and reactions, followed by an examination of the interventions

aimed at increasing trust.

3.2.2 Trust perceptions

Trust is defined as the willingness to be vulnerable to another party’s actions, based
on the expectation that “the other will perform a particular action important to the trustor,
irrespective of the ability to monitor or control that other party” (Mayer et al., 1995, p. 712).
You et al. (2022) extended this definition to algorithm-based systems, framing trust as “trust
in an advisor’s ability to make good predictions” (p. 339), such as selecting the best
candidate during recruitment. Given that trust is embedded in all kinds of social relationships
(Munnukka et al., 2022), it is a critical factor in determining user acceptance of emerging

technologies (Glikson & Woolley, 2020; Suen & Hung, 2023), including ADM.
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While some research suggests that ADM may be perceived as more trustworthy than
human decision-making (HDM) in terms of precision and objectivity (Cabiddu et al., 2022;
Loggetal.,2019; Wang & Benbasat, 2016; You et al., 2022), empirical findings in personnel
selection indicate the opposite, with ADM generally perceived as less trustworthy than HDM
(Feldkamp et al., 2023; Langer et al., 2023). This observation may be attributed to the nature
of this context, which is more likely to involve tasks and decisions associated with human
skills (Lacroux & Martin-Lacroux, 2022; Lee, 2018). Theoretically, these findings might be
explained by the computers are social actors (CASA) framework (Nass & Moon, 2000).
Drawing on the principles of media equation (Reeves & Nass, 1996), the framework assumes
that humans interact with computers and other technologies similarly to how they interact
with other humans (Xu et al., 2022). This includes applying social norms and stereotypes—
that is, interactional rules common to human—human interaction (Gambino et al., 2020).
However, the application of these interactional rules might be inappropriate for human—
algorithm interaction as interactions with computers or other technologies differ greatly from
human-human interaction (Jain et al., 2023; Reicherts et al., 2022). Following the CASA
framework, individuals may have certain expectations of interacting with technology that
may be unrealistic due to the differences between HDM and ADM. Failure to meet these
expectations, solely due to the nature of the decision-making entity, could lead to negative
perceptions of trust. For example, while humans are generally able to provide reasoning for
their decisions, algorithms do not inherently offer such rationales (Binns et al., 2018),
making ADM appear opaque and reducing trust perceptions. Based on this reasoning, we
hypothesize:

Hypothesis 1: Compared to HDM, ADM is negatively associated with trust.
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3.2.3 Organizational attractiveness

Organizational attractiveness is defined as an expressed general positive affect or
attitude towards an organization with the desire to initiate or strengthen a relationship
(Gomes & Neves, 2011). In personnel selection, perceptions of organizational attractiveness
are essential for effective candidate recruitment (Highhouse et al., 2009). Empirical findings
on the relationship between ADM usage and organizational attractiveness reveal negative
associations between ADM use in selection procedures and organizational attractiveness
(Acikgoz et al., 2020; Roulin et al., 2023), especially when used in later stages of the
selection process (Kochling & Wehner, 2023). This might be explained by signaling theory
(Spence, 1973), which suggests that when one party (i.e., an applicant) lacks information
about another party (i.e., the organization), the first party draws conclusions on missing
information from observable cues. Therefore, applicants might derive missing information
on the organization from the selection procedure. Hence, following signaling theory
(Spence, 1973), we assume that the use of ADM in personnel selection impacts trust
perceptions. These perceptions, in turn, impact how the organization using ADM is viewed.

Furthermore, according to the CASA framework, individuals may develop
unrealistic expectations regarding human—algorithm interactions. Since these interactions
differ from human-to-human interactions, ADM-based systems might fail to meet these
expectations, potentially leading to decreased trust. While perceptions of greater trust are
linked to the belief that the organization and its representatives act in a reliable and ethical
manner (Mayer et al., 1995; You et al., 2022), a lack of trust is likely to convey a negative
image of the organization. We assume that candidates base their perception of an
organization’s attractiveness on trust in the decision entity, as this entity represents the

organization during the selection process. We thus hypothesize:
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Hypothesis 2: Compared to HDM, ADM is negatively associated with
organizational attractiveness.
Hypothesis 3: Trust perceptions mediate the relationship between the decision entity

and organizational attractiveness.

3.2.4 Interventions to increase trust in algorithmic decision-making

3.2.4.1 Human-in-the-Loop

HITL as a term evolved around simulation and modeling, indicating the involvement
of humans in algorithmic systems (Grensund & Aanestad, 2020). This involvement can
include human feedback, exception handling, and taking over control of and responsibility
for a final decision (Sheridan, 1995). Fiigener et al. (2021) suggest that humans and ADM
systems complement each other, potentially leading to superior outcomes. This might be the
case due to the combination of the precision and objectivity of algorithms with the
accountability and transparency of humans (Middleton et al., 2022). Previous studies
indicate that humans prefer human—algorithm collaboration when humans (compared to
algorithms) lead the decision-making process (De Cremer & McGuire, 2022). This
preference might be explained by a lack of accountability and responsibility in systems that
are solely based on algorithms, resulting in perceptions of unfairness and untrustworthiness
(Binns et al., 2018; Lee, 2018). To mitigate negative ADM perceptions, a human component
might be able to account for responsibility and accountability. Consequently, we assume that
an HITL design is positively associated with perceptions of trust compared to the use of
ADM alone. Additionally, we assume that the combination of a human component (which
provides accountability and responsibility) and algorithms (associated with increased
objectivity and consistency) will lead to stronger trust perceptions compared to a human

counterpart. Thus, we hypothesize that:
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Hypothesis 4: Compared to (a) HDM and (b) ADM, an HITL design is positively

associated with trust perceptions.

3.24.2 Transparency

Algorithmic transparency refers to the disclosure of information about these systems,
enabling stakeholders to monitor, verify, and intervene as needed (Diakopoulos & Koliska,
2017). In general, algorithmic transparency can serve three purposes: (1) debugging models,
(2) detecting bias, and (3) building trust (Brennen, 2020), of which we will focus on the
latter. Bitzer et al. (2023) identify two distinct types of transparency. Accordingly,
“transparency as action” occurs when developers reveal information about the algorithm,
enabling transparency. In contrast, “transparency as perception” refers to the information or
level of transparency that stakeholders perceive, which is influenced not only by information
provided by developers but also by factors such as individuals’ knowledge of ADM.
Following the CASA framework (Nass & Moon, 2000) and the interactional rules of
algorithm interactions, humans often expect to understand the decisions and underlying
processes of ADM systems—a concept known as the interpretability of algorithmic
decisions (Weber et al., 2023). This interpretability can be achieved through transparent
decision-making processes (Weber et al., 2023). If transparency is lacking, algorithms may
be perceived as a “black box,” leading to a decrease in trust perceptions (von Eschenbach,
2021), whereas the presence of transparency might foster trust by providing stakeholders
with necessary information to make informed judgments (Liao & Sundar, 2021).
Consequently, humans might experience lower trust levels due to their inability to
comprehend decisions made with or by algorithms in cases of absent (perceived)
transparency (Bitzer et al., 2023; Ochmann et al., 2024). We therefore propose:

Hypothesis 5: Transparency is positively associated with trust perceptions.
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3.2.4.3 Decision outcome as a moderator

We propose that the stated hypotheses are moderated by the decision outcome of the
selection process. When applicants are rejected, they may perceive the entire selection
process—including ADM—differently than those who receive a job offer, a phenomenon
explained by attribution theory. According to Weiner (1985), individuals seek causes for
their successes and failures, attributing them to either internal factors (e.g., inability to solve
a work sample test) or external factors (e.g., an overly difficult selection process or an unfair
decision-making process). Self-serving bias describes that individuals tend to overestimate
themselves in such a way that they tend to attribute failure to external factors and success to
internal factors (Zuckerman, 1979). Thus, rejected applicants are likely to attribute their
rejection to the process rather than their own performance (Bedemariam & Wessel, 2023),
resulting in decreased trust in the representatives or the organization. Moreover, we assume
that the effects of the interventions— HITL design and transparency—are more pronounced
for rejected individuals. Such candidates may scrutinize the procedure more critically than
those who are offered a job. Regarding the HITL design, this could mitigate negative trust
perceptions as candidates might trust a dual-entity system (ADM and a human) more than
ADM only. As for transparency, knowing why they were rejected can be crucial for
candidates continuing their job search. Feedback on their performance during the selection
process can clarify the reasons for their rejection and indicate areas for improvement,
potentially leading to enhanced trust perceptions. Based on this reasoning, we propose:

Hypothesis 6: The effect of (a) ADM and (b) HITL on trust is stronger for the
rejection group compared to the acceptance group.

Hypothesis 7: The effect of transparency on trust is stronger for the rejection group

compared to the acceptance group.
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3.3 Method

To test the hypotheses and theoretical research model, we designed a 3 (decision
entity) x 2 (decision outcome) x 2 (transparency) between-subject online experiment. To test
the research model, we applied covariance-based multigroup structural equation modeling
(SEM) in RStudio (version: 2023.12.0+369) with the R-packages lavaan (Rosseel, 2012)

and semTools (Jorgensen et al., 2018).

3.3.1 Experimental procedure and sample

The online experiment simulated a fictitious digital assessment center with real-time
interaction, where participants applied for a trainee position at the fictitious company
“Marzeo AG.” We used this fictitious company, along with a corresponding URL
(www.marzeo.de), originally developed by Evertz et al. (2019), to ensure that participants
would not find contradictory information about the company online. Similar to other
experiments in this context (e.g., Kdchling et al., 2023; Ochmann et al., 2024), we did not
use an actual algorithm in this study but rather designed the study so participants believed
they were being evaluated by an algorithm (depending on their assigned condition).

The online experiment started with a general introduction to the study, followed by
a scenario description. In the scenario description, participants were told that they would
complete a digital assessment center online, with an interacting agent to guide them through
the process, providing them with feedback on their performance after each task. They were
also informed that their performance would be evaluated at the end to determine their
acceptance or rejection. Resulting from the decision entity (HDM vs. ADM vs. HITL),
decision outcome (acceptance vs. rejection), and whether participants received an
explanation of the decision parameters (no transparency vs. transparency), twelve
experimental conditions were created, to which participants were randomly assigned. In the

HDM scenarios, participants believed that a human resource manager, as interacting agent,
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evaluated candidates’ performance and made the hiring decision. Similarly, in the ADM
scenarios, they were led to believe that an ADM system, as interacting agent, evaluated
candidates’ performance and determined the outcome. In the HITL condition, an ADM
system was introduced as the interacting agent during the assessment center, but participants
were led to believe that a human resource manager made the final decision.

After participants confirmed that they had read the scenario description and were
ready to start the digital assessment center, a loading bar appeared, followed by a chat
introducing the interacting agent. The chat content was identical across all scenarios, with
only the name of the interacting agent and decision agent adjusted according to the respective
scenario. Designed as an interactive chat, this introduction aimed to mimic an online
interaction and replicate the real-time experience of a digital assessment center. However,
the chat was simulated and one-sided, meaning that participants could not respond to the
interacting agent. Thereafter, participants began working on 24 randomized cognitive tasks
(completing sequences of numbers and identifying words that do not fit into a series of
words), taken from a website offering training tasks for assessment centers
(Ausbildungspark Verlag, 2023). The tasks were pretested on a separate sample (n = 151,
Mage = 39.86; SDage = 11.43; male 62.25%) to ensure that they did not significantly differ in
difficulty and response times. After completion of each task, participants received
randomized feedback from the interacting agent in the form of chat messages, which was
either positive or negative (equally distributed across the 24 tasks). Examples of positive
feedback included “This was easy for you” or “You completed the task very quickly,” while
negative feedback included statements such as “This could have been done quicker” or “This
was not very easy for you.”

At the end of the assessment center, participants received the final decision outcome

from the decision entity, presented as a pre-programmed chat. Transparency was
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manipulated in the chat message by providing an additional explanation on how the
evaluation was executed, with participants in the “no transparency” group only informed
about whether they had passed this round of the selection process. The transparency group
did not receive individual performance information but rather information on the specific
evaluation criteria. The following message was displayed: “I have evaluated your tasks. For
the evaluation, I considered the following aspects: speed of response, accuracy of response,
number of positions available in the company, and your performance in relation to all other
applicants.” Two exemplary survey flows are depicted in Appendix B1 and Appendix B2.
Using a panel provider (ISO 20252:19 certified), we recruited an online, quota-based
sample of n = 531 participants, representative of the German working population. To ensure
a realistic simulation of the assessment scenario, we required that participants had prior
experience with a selection process and had used a personal computer to take part in the
study. We used boxplots to eliminate n = 48 outliers regarding the duration of the study,
leaving us with a final sample size of n = 483 (Mage =46.08; SDage =10.79; male = 50.52 %).
To test our treatments, we built dichotomous dummy variables for the ADM and
HITL groups, with HDM as the reference group. We then applied a multigroup SEM to
compare participants who were accepted (group A) with participants who were rejected
(group R). We used established multi-item measures to assess our constructs. We used the
trust scale by Hoddinghaus et al. (2021) and used an adapted version of the organizational
attractiveness scale by Highhouse et al. (2003). As a control variable, we included attitude
towards artificial intelligence (ATAI), which we assessed using the scale by Sindermann et
al. (2021). Cronbach’s alphas of all constructs exceed the .7 threshold in both groups
(Cortina, 1993), indicating the reliability of our scales (trustcrouwpa: @ =.97; trustcroupr:
a = .98; organizational attractivenessgroupa: o =.95; organizational attractivenesscroupR:

a=.94; ATAI Growa: a=.82; ATAI Gowr: a=.77). Additionally, we controlled for
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participants’ performance by calculating the average percentage of correct answers across
all tasks. Table 3-1 presents the means, standard deviations, and correlations of all our

variables.

Table 3-1: Means, standard deviations, and correlations

Variable M SD 1 2 3 4 5 6 7
1. Trust 3.32 1.80

2. Organizational attract. ~ 2.56  1.17 .69™

3. Transparency? .52 .50 .07 .06

4. Outcome® .50 .50 257 34" 01

5. ATAI 4.09 1.33 26" 28" -.05 A1°

6. Performance 0.80 011 -19" -26" -07 -07 —01

7. Age 46.08 10.79 -12" 10" .03 -02 -.08 .08

8. Gender® 0.49 0.50 -217 —19™ -.02 —137 —15™ 14" .03

Note. * 0 = no transparency, 1 = transparency. ® 0 = rejection, 1 = acceptance. ¢0 = male and 1 = female. M = mean, SD =
standard deviation, Organizational Attract. = organizational attractiveness. * Indicates p < .05. ™ indicates p < .01.

Furthermore, we conducted a confirmatory factor analysis (CFA) to verify several
validity criteria. The CFA fits the data well (y° = 46.55; df =26; y’/df=1.79; p < .001,
CFI=.99; RMSEA =.06; SRMR =.01; Hair et al., 2014). All factor loadings were
significant and above the cut-off criteria of .70 (Hair et al., 2014). The average variance
extracted for all constructs is above the .50 threshold for both groups (trustGroupa =.91;
trustGroupr = .93; organizational attractivenesscroupa = .84; organizational
attractivenesscroupr = .81), indicating convergent validity (Fornell & Larcker, 1981; Hair et
al., 2014). Composite reliabilities also exceeded the threshold of .6 (Bagozzi & Yi, 1988)
for all our constructs  (trustGroupa =.97;  trustcroupr =.98;  organizational
attractivenessgroupa = .95;  organizational  attractivenessgroupr =.94).  Additionally,
discriminant validity was confirmed for our constructs as the average variance extracted
exceeded the squared correlations with other constructs (Fornell & Larcker, 1981). We
randomized the rotation of the items of each scale to reduce common method bias. We

further addressed common method bias by implementing two approaches. First, Harman’s
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one-factor test showed that no single factor accounted for more than 50% of the total
variance. Nonetheless, Harman’s one-factor test has been criticized (Podsakoff et al., 2024).
Consequently, we also incorporated a theoretically unrelated marker variable (Lindell &
Whitney, 2001). After adjusting the correlation matrix based on this variable, the
significance of all correlations between the main constructs was maintained, suggesting that
the risk of common method bias in our data was effectively mitigated. Moreover, to ensure
comparability of both groups, we performed an analysis of variance to examine whether our
control variables ATAI as well as a performance score (i.e., the average percentage of correct
answers across all tasks) differed between the twelve groups. No significant differences were

found, allowing us to proceed with further analyses.

3.3.2 Measurement Invariance

To ensure accurate model specification and verify the prerequisites for group
comparisons, we first assessed measurement invariance before testing our multigroup SEM.
Based on our grouping variable outcome, we divided the dataset into one acceptance and
one rejection group utilizing the lavaan (Rosseel, 2012) and the semTools (Jorgensen et al.,
2018) packages in R. We evaluated configural, metric, scalar, and strict invariance, using
the comparative fit index (CFI) to determine if measurement invariance was achieved.
According to Cheung and Rensvold (2002), the CFIs of two nested models should not differ
by more than .01 when assessing measurement invariance. The results of our measurement
invariance analysis are presented in Table 3-2. The CFI of all models did not differ by more

than .01, indicating that measurement invariance was established.
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Table 3-2: Measurement invariance

Model xldf CFI RMSEA SRMR ACFI
1. Configural invariance 1.337 992 .037 .018
2. Metric invariance 1.314 992 .036 .019 .000
3. Scalar invariance 1.316 991 .036 .020 —-.001
4. Strict invariance 1.541 983 .047 .020 —-.008

Note. y° = chi-square test, df = degrees of freedom, CFI = comparative fit index, RMSEA = root mean square
error of approximation, SRMR = standardized root mean square residual.

3.4 Results

To test our hypotheses, we calculated one SEM including all participants
independently of their assigned outcomes and one multigroup SEM using outcome
(acceptance vs. rejection) as the grouping variable. We tested all indirect effects of the
decision entities on our mediator trust using 500 bootstrapping samples. Both the general
SEM (° = 71.70; df = 39; /df = 1.84; p <. 001; CF1=.99; RMSEA = .04; SRMR = .01),
and the multigroup SEM (y° =124.32; df=83; x’/df=1.50; p <. 002; CFI=.99;
RMSEA = .05; SRMR = .02) demonstrated a good model fit (Hair et al., 2014). Figure 3-2
illustrates the results of the general SEM, while the results of the multigroup SEM are
depicted in Figure 3-3.

Regarding the general model, we found trust was negatively associated with ADM
(B=-.11; p=.026) and positively associated with HITL (B =.13; p =.015). The effect of
transparency on trust was not significant (f =.07; p =.097). Furthermore, organizational
attractiveness was positively associated with trust (f =.68; p <.001). However, we did not
find significant effects for both ADM and HITL regarding organizational attractiveness.
Both indirect effects of ADM (B =-.07; p=.028) and HITL (B=.09; p=.014) on
organizational attractiveness via our mediator trust were significant. Consequently, we
support hypotheses H1, H3, H4, while rejecting H2 and HS5. Regarding our control variables,

we found a positive relationship between ATAI and trust (B =.27; p <.001) as well as
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organizational attractiveness (B =.09; p =.013). Performance was negatively associated

with trust (B =—.20; p <.001) and organizational attractiveness (f =—.13; p <.001).

Figure 3-2: General SEM results

ADM T
— o Organizational
s T attractiveness
HITL -
=07
|
Transparency

Note. Reference group ADM and HITL: human decision—making (= 0), Reference group transparency: no
transparency (= 0). Control variables: attitude towards Al, performance.
* Indicates p < .05. ™ indicates p < .01.

Regarding the results of our multigroup SEM, we found that ADM usage was
negatively associated with trust in both groups; however, this was only statistically
significant in the rejection group (p=-.17; p=.018). An HITL design was positively
associated with trust in the acceptance group (B = .20; p = .007), with no significant effects
for the rejection group. In the acceptance group, transparency did not have a significant effect
on trust, whereas it positively impacted trust in the rejection group (B =.17; p = .011). We
did not find significant effects of the decision entities on organizational attractiveness in
either group. Additionally, we found a significant relationship between trust and
organizational attractiveness in both groups (acceptance group: B =.69; p <.001; rejection
group: B=.63; p <.001). Furthermore, in the acceptance group, we found a significant
indirect effect of HITL on organizational attractiveness via trust (f =.14; p =.007), and in
the rejection group, ADM had a significant indirect effect on organizational attractiveness
via our mediator trust (f =—.10; p =.032).

To determine statistically significant differences between groups, we compared the

coefficients using chi-square difference tests. We compared a model with freely estimated
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coefficients (our multigroup SEM) to a model where the regression weights were constrained
to be equal across groups. The chi-square difference test allowed us to examine the
difference between these two models and determine whether the constraint of equal
regression coefficients significantly worsens model fit, indicating a moderation by our
grouping variable. For the relationship between ADM and trust, the chi-square difference
test revealed no significant difference between the constrained model and our multigroup
SEM (Ay’ = 0.86, Adf =1, p = 0.354); leading us to reject H6a. Regarding HITL, the chi-
square difference test revealed a significant (p < .10) difference (Ay? = 3.80, Adf = 1,p =
0.051), indicating that the effect in the acceptance group was stronger than in the rejection
group. Given that we hypothesized the opposite, we also had to reject H6b. Finally, when
testing the relationship of transparency and trust between the acceptance and rejection group,
we found a significant (p < .10) difference (Ay? = 2.72, Adf =1, p = 0.099), supporting H7.

The results are depicted in Figure 3-3 and Table 3-3.

Figure 3-3: Multigroup SEM results

Group: Acceptance/ Rejection

ADM

0717 Organizational

—.69".63"* .
attractiveness

HITL 207004

-.Olf.ll T

Transparency

Note. Reference group ADM and HITL: human decision-making (= 0), Reference group transparency: no
transparency (= 0). Control variables: attitude towards Al, performance.
* Indicates p < .05. ™ indicates p < .01.
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Table 3-3: Multigroup SEM results

Path Acceptance Rejection
Hypothesized effects B SE B P B SE B P
ADM — Trust -16 .16 —.07 328 -37 17 -17° 018
HITL — Trust 47 .18 20" .007 10 .16 .04 551
Transparency — Trust -01 .14 -01 925 35 .13 177 011
Trust — Organizational attractiveness 93 .10 .69 <.001 .87 .11 .63™ <.001
ADM — Organizational attractiveness .02 .18 .01 904 30 .18 .10 122
HITL— Organizational attractiveness -17 .17 -.06 312 -26 .19 -.09 174
ADM — Trust — Organizational attractiveness  —.15 .15 —.05 333 -32 .15 —10"  .032
HITL — Trust — Organizational attractiveness 44 17 14° 007 .08 .14 .03 557
Control effects

ATAI — Trust 23 .06 29" <.001 18 .06 22" .001
ATAI — Organizational attractiveness A1 .06 .10 .064 .10 .06 .08  .137
Performance — Trust -2.04 .75 =21 .005 -1.75 .79 -17°  .041
Performance — Organizational attractiveness -1.61 .50 —.12™ .003 -1.94 78 —.13" .008

Note. The ADM and HITL groups were not evaluated by actual algorithms; rather, participants perceived they
were being evaluated by ADM or HITL. B = unstandardized effect, SE = standard error, = standardized
effect, ATAI = attitude towards Al * indicates p < .05. ™ indicates p < .01.

3.5 Discussion and implications

3.5.1 General discussion and theoretical implications

Our research provides new and distinctive insights into how stakeholders directly
affected by ADM perceive its use and trust-building interventions depending on the
outcome. Overall, the results align with SOR model (Mehrabian & Russell, 1974),
supporting the notion that external (system) characteristics can be classified as stimuli
impacting individuals’ psychological states (i.e., their trust perceptions), which, in turn,
shape their reactions—such as their assessment of organizational attractiveness.
Furthermore, the findings extend prior applications of SOR model (e.g., Ochmann et al.,
2024) by demonstrating that outcome favorability moderates internal psychological states.
Here, we found that individuals tend to perceive trust-building interventions differently

depending on whether the outcome is positive (i.e., acceptance) or negative (i.e., rejection).
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First, we found that when individuals are confronted with a positive outcome (i.e.,
acceptance), they are less likely to question the selection process and organizational
representatives compared to individuals who are rejected. Following, in the acceptance
group, ADM did not negatively impact trust perceptions, which appears contrary to prior
research findings at first glance (Feldkamp et al., 2023). In the rejection group, ADM was
negatively associated with trust perceptions, aligning with attribution theory (Weiner, 1985)
and self-serving bias (Zuckerman, 1979), which suggest that failures are more likely to be
attributed externally (e.g., to the selection procedure or the organizational representative).
Thus, negative ADM perceptions might also be explained by external attribution. However,
given that we did not find statistically significant differences among our two outcome groups
concerning the ADM-trust relationship, we are cautious to conclude that applicant reactions
differ substantially based on the decision outcome. Instead, our results suggest that ADM
without human oversight is generally trusted less than human recruiters and evaluators alone.

Second, an HITL design increased trust compared to both ADM and HDM in the
acceptance group, and this effect was significantly stronger than in the rejection group. Here,
the HITL design might reflect the perceived benefits of both ADM and HDM, indicating
high relevance in this specific context. Participants’ expectations about the objectivity and
presumed consistency of an ADM-based system during task performance, in combination
with the perceived higher levels of social skills, accountability, and responsibility of a
human, might have led to this positive applicant reaction. Moreover, individuals who were
accepted might have felt more confident in this decision as it was made by both ADM and a
human decision entity. Regarding transparency, we found no effect on trust in the acceptance
group, indicating that accepted individuals are less likely to question the application process.
According to attribution theory, they might attribute the success to their own abilities, with

no need for an external explanation of why they were offered a job. This finding is also
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supported by existing research indicating that—in addition to transparency and
interpretability—trust in ADM might be influenced by the outcome of the decision process
rather than the process itself (Ahn et al., 2024; Hidalgo et al., 2021).

Third, we found positive effects of transparency on trust in the rejection group, and
this effect was significantly stronger than in the acceptance group. Thus, transparent
decisions seem to be considered more trustworthy, a notion that is supported empirically
(Grimmelikhuijsen, 2023), but explanations seem to be more important to individuals who
are confronted with negative outcomes (i.e., rejection). This might be because rejected
individuals might question the selection procedure by attributing the cause externally
(Weiner, 1985), which increases their need for more transparency. Thus, the effect of
transparency on trust seems to depend on conditional criteria, a finding that is in line with
previous research (Kizilcec, 2016). Moreover, this finding could be important for rejected
applicants and their (electronic) word-of-mouth behavior (Evertz et al., 2019) as transparent
communication with rejected applicants might reduce the possibility that they provide
negative employer reviews. In turn, these rejected candidates may be less likely to harm the
organization’s future applicant pool, despite their rejection.

Fourth, we found that an HITL design had positive indirect effects on organizational
attractiveness in the acceptance group, while ADM had negative indirect effects on
organizational attractiveness in the rejection group both mediated by trust. Consequently,
the use of HITL and ADM impacts organizational attractiveness, mediated by trust and
dependent on the decision outcome, which is aligned with signaling theory (Spence, 1973).

Interestingly, the control variable performance was negatively associated with both
trust and organizational attractiveness. This suggests that high-performing applicants are
more likely to question (Al-based) selection procedures compared to low-performing

applicants. This finding aligns with prior research suggesting that the use of Al in personnel
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selection may reduce individuals’ perceived opportunity to perform (Kdchling et al., 2023),
which might explain why specifically high-performing individuals showed more negative

reactions here.

3.5.2 Practical implications

The findings of this study provide valuable insights for organizations implementing
ADM-based systems in their personnel selection procedures. First, our general model, which
includes all participants, indicates that solely using ADM can lead to negative trust
perceptions and negatively impact organizational attractiveness through the mediator trust.
This effect may be attributed to the context of personnel selection, which often involves
social or emotional skills that have historically been associated with perceptions of
untrustworthiness and unfairness (Lee, 2018). Therefore, organizations should carefully
consider the task context when implementing ADM. The HITL design enhanced trust
perceptions, and this intervention can be employed to mitigate trust concerns and maintain
organizational attractiveness by organizations wishing to use ADM systems for tasks
involving social or emotional skills. As ADM perceptions are context-dependent (Lee,
2018), we suggest that the results of the present study are particularly relevant in contexts
where individuals are confronted with ADM (i.e., second parties; Langer & Landers, 2021)
and in high-stakes decision-making processes.

Further, several other factors such as ADM modality or user expectations as well as
external factors may influence the way in which organizations (can) use Al-based and ADM
systems in the future. For example, proposals for Al regulation, such as mandatory human
supervision (European Commission, 2021), could restrict the use of ADM to a support role.
Another potential aspect influencing the perception and use of ADM is habituation.
Specifically, as the usage of algorithms in selection procedures is quite new and trust

typically develops over time (Cabiddu et al., 2022), trust might also increase as the use of
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ADM in selection becomes more ubiquitous. Currently, however, relying on an HITL design
and transparency may help overcome potential negative perceptions.

Although the present study demonstrates that HITL approaches are associated with
higher levels of trust, HITL should not be presented as a panacea for all concerns about the
use of algorithms in personnel selection. One reason for this caution is that the use of human
oversight as a complementary approach to ADM assumes individuals can effectively
supervise ADM (Green, 2022). However, Green (2022) found that humans are frequently
not able to fulfill oversight functions, because they may expect algorithmic decisions to be
less biased compared to HDM (Bonezzi & Ostinelli, 2021). Here, it is important that the
involved humans have the capacity to identify false decisions (Schoeffer et al., 2024).
Additionally, human oversight may even be used to exploit algorithmic decisions. For
instance, Kriigel et al. (2023) examined human supervision of ADM regarding moral
decision-making and found that humans do not correct but instead exploit unethical
decisions made by algorithms. Thus, while HITL might be a helpful approach to increase
the trust perceptions of those affected by ADM, there is a need to integrate human oversight
in a meaningful manner (Langer et al., 2025).

Additionally, since we simulated the decision-making process rather than
incorporating an actual ADM system, we argue that trust perceptions are shaped by
individuals’ beliefs about whether they are being evaluated by algorithms or humans, rather
than the actual decision-making process itself. This distinction is important, as organizations
may choose not to disclose ADM usage to avoid resistance, which has already led to
discussions about mandatory disclosure to increase transparency of decision-making
processes (Renieris et al., 2024). Furthermore, humans may deflect responsibility onto
algorithms to justify (unethical) decisions (Kriigel et al., 2023). Both practices bear the risk

of undermining trust and damaging the organization’s image, but this mainly raises ethical
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concerns that should be critically examined by both organizations and policymakers
(Renieris et al., 2024).

When examining trust in ADM, the question arises to what extent reliance on ADM
systems is appropriate and in which cases stakeholders uncritically accept algorithmic
decisions and thus employ blind faith in systems. This is particularly concerning as ADM
systems are increasingly applied in high-stake contexts, such as personnel selection (Konig
& Langer, 2022) or even medical diagnosis (Park & Han, 2018), and by the fact that several
studies demonstrate the overreliance of individuals on algorithmic decisions (Klingbeil et
al., 2024). As stated above, organizations should carefully examine how to meaningfully
integrate ADM systems and HDM. This includes organizational measures to help individuals
detect errors in algorithmic decisions (Jussupow et al., 2021; Langer et al., 2025) and to
foster calibrated trust, where stakeholders appropriately adjust their level of trust to the
reliability of the system (Muir, 1994). Here, organizations could encourage stakeholders to
trust ADM systems while maintaining a critical awareness of their limitations.

Our results indicate that reactions to ADM are indeed impacted by the outcomes of
decision-making processes, and the interventions to increase trust in ADM function
differently depending on these outcomes. Specifically, negative trust perceptions were
observed when ADM was used for decisions resulting in unfavorable outcomes. We hence
advise practitioners to exercise caution when communicating negative outcomes made with
or by algorithms. As transparency significantly contributed to trust perceptions, this might
mitigate negative perceptions of ADM usage. From a managerial perspective, this is
important for organizations even when rejecting applicants, because the negative perception
of selection procedures can lead to adverse word-of-mouth, ultimately affecting the quality
of the organization’s applicant pool (Stockman et al., 2020). Practitioners should therefore

tailor interventions based on decision outcomes. Furthermore, even though we used
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personnel selection as a sample context, there are several other organizational contexts,
where customers, employees, or other stakeholders might be confronted with an algorithmic
decision that might be unfavorable. Our findings could thus be beneficial for other areas

where second parties are affected by ADM.

3.5.3 Limitations and future research avenues

Three primary limitations should be considered when interpreting our findings. First,
the study was conducted in the context of personnel selection, which involves certain
boundary conditions. Specifically, we focused on applicant reactions, excluding other key
stakeholder groups such as managers and employees. Additionally, high-stakes decision-
making contexts such as personnel selection may lead to stronger trust or fairness concerns
compared to other domains. Research has demonstrated that reactions to ADM depend on
the specific context or task (Araujo et al., 2020; Lee, 2018; Mahmud et al., 2022). Therefore,
while our findings contribute valuable insights within the realm of personnel selection, they
may not fully capture the broader range of decision-making tasks that ADM systems are
used for in this context. Furthermore, within personnel selection, ADM can be implemented
using different modalities, such as video-based systems (e.g., Su et al., 2021), which could
yield very different trust-related outcomes compared to the approach used in our study. Thus,
we cannot generalize our findings but instead encourage researchers to assess perceptions in
different contexts and for different tasks. It would be valuable to gain insights into whether
the effects we found in the present study are consistent when using another task or context,
and whether transparency and an HITL design generally help to mitigate negative trust
perceptions. Further, as our study included a German sample, cross-cultural differences
could not be addressed, thereby limiting the generalizability of our results.

Second, there are methodological limitations to our study. Participants were asked to

imagine they had applied for a trainee position, potentially undermining the external validity



3 Rejected by an algorithm? A multigroup analysis of outcome-dependent trust in algorithmic 90
decisions (Essay II)

of the results. Older participants might not have identified with the scenario, as trainee
positions are usually intended for younger applicants. Additionally, participants had no
actual stakes in the task, limiting the generalizability to real-world situations. However, we
implemented an interactive design with the intention to create a more realistic setting. In
doing so, we kept the design as close as possible to a real application process by
incorporating tasks and providing feedback. Nevertheless, the experiment still simulated an
online assessment center, making participants believe that they were being evaluated by an
algorithm or a human. In future research, field experiments might provide more insights
regarding behavioral outcomes of applicants, increasing validity. Moreover, employing field
experiments could potentially address the challenge faced in the current study, where
feedback was provided randomly to control for participant performance in each group.
Consequently, the feedback was not contingent on actual performance, potentially leading
to confusion among participants regarding the evaluation rationale. However, in all
scenarios, we informed participants before starting the assessment center that their feedback
also depended on the performance of other participants, so that participants were not able to
predict their actual performance. Additionally, in real-world application processes,
applicants may also feel they performed well yet still receive negative feedback. In this
sense, the experimental design may still reflect realistic applicant experiences.

Finally, as transparency impacted trust depending on the decision outcome, the
design of interaction and communication between ADM systems and recipients is of great
importance. Here, the present study did not explore all relevant research questions regarding
this aspect, such as type of explanation or prior knowledge on ADM systems (Bitzer et al.,
2023). Specifically for ADM systems, further research should assess additional antecedents

of transparency to gain a deeper understanding of their perceptions. From a theoretical point
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of view, this study serves as a starting point for examining the mechanisms underlying the

relationship between decision outcomes and trust-building interventions.

3.6 Conclusion

Although ADM systems are increasingly utilized within organizations and are
associated with numerous benefits, stakeholders, particularly second parties (Langer &
Landers, 2021), often perceive their use as untrustworthy (Lee, 2018). Our study
demonstrates that these trust perceptions are not solely dependent on the type of task, as
previous empirical research has shown (Lee, 2018; Mahmud et al., 2022), but might also be
impacted by the decision outcome. Our general model corroborated prior findings, indicating
that ADM is negatively associated with trust, while HITL systems are positively associated
with trust, subsequently affecting organizational attractiveness. In terms of decision
outcome, ADM usage is perceived with less trust when applicants are rejected, and
transparency positively impacts trust. Conversely, accepted applicants did not exhibit
negative reactions to ADM usage, and HITL even increased trust. Transparency had no
effect on these stakeholders, indicating that both the source and explanation might be less
critical when the outcomes are favorable. In conclusion, the results of our study demonstrate
that the effect of trust-building interventions varies by decision outcome. We hope this
research model inspires future investigations into additional antecedents and mechanisms to

further explore the factors underlying trust perceptions of ADM systems.
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4 Justice evaluations of algorithmic management: The role of prior

discrimination experience (Essay I11)!°

Abstract

Algorithmic management (AM) is increasingly used and offers several benefits to
organizations, such as increased efficiency of processes and greater accuracy. However,
employees oftentimes associate AM use negatively with justice. To understand how justice
evaluations of AM are shaped, this study investigated the impact of prior human and
algorithmic discrimination experience on this relationship. Three online experiments (n; =
82, n> = 83, n3 = 216) demonstrated that AM use is negatively associated with justice
evaluations. Study 1 shows that the negative effect of AM use on justice evaluations was
weakened if participants had prior human discrimination experience. Study 2 does not show
a moderating effect of prior algorithmic discrimination experience on the relationship
between AM use and justice evaluations. Study 3 replicates these findings by demonstrating
that algorithmic discrimination is perceived less negatively compared to human
discrimination. The qualitative responses show that individuals associated algorithmic
discrimination with biased data and opacity, whereas human discrimination was associated
with favoritism and increased human bias. These findings suggest that justice evaluations of
AM systems are shaped by individuals’ prior experiences. Understanding these patterns can

help organizations design and implement AM systems that promote justice.
Keywords:

Algorithmic Management; Discrimination; Justice; Anticipatory Injustice

10 Authors: Moritz, J. M. & Wehner, M. C.

Under review at Business & Information Systems Engineering

A similar version of this manuscript was presented at the following conferences:
= 32nd European Conference on Information Systems, Paphos, Cyprus, 2024
= 84th Annual Meeting of the Academy of Management, Chicago, US, 2024

Awarded best paper runner-up, European Conference on Information Systems 2024



4 Justice evaluations of algorithmic management: The role of prior discrimination experience 93
(Essay III)

4.1 Introduction

The recent growth in the use of algorithms and artificial intelligence (Al)-based
systems in organizations is altering the future of work (Kadolkar et al., 2024). One specific
form of Al-based systems, algorithmic management (AM), describes the delegation of
coordination and control functions traditionally performed by managers to AM systems
(Mohlmann et al., 2021). AM relies on large data models (Mdhlmann et al., 2021) and is
currently used primarily by digital labor platforms, with Uber, Airbnb, and Upwork as
prominent examples (Benlian et al., 2022). However, with the increasing datafication of
organizational processes, AM is now being adopted in traditional organizations to manage
permanent employees (Hirsch et al., 2024). As such, understanding reactions to AM use in
traditional organizations is becoming increasingly important.

Although AM systems offer several benefits to organizations, such as greater
accuracy and increased efficiency (Daugherty & Wilson, 2018), interactions with humans is
a major challenge in the development and implementation of AM (Glikson & Woolley,
2020). While some studies have found insignificant or positive effects regarding justice
evaluations of AM in comparison to human management (HM; Lee, 2018; Logg et al., 2019),
research has mostly revealed negative justice perceptions of AM (Langer & Landers, 2021).
In the literature, negative reactions to AM, which often occur when individuals see
algorithms err, are subsumed under the term algorithm aversion (Castelo et al., 2019;
Dietvorst et al., 2015). AM has been negatively associated with justice perceptions (McGuire
& De Cremer, 2023) and more specifically with interpersonal (Langer & Landers, 2021) and
procedural justice when used for complex rather than simple tasks (Nagtegaal, 2021).
Negative justice perceptions, in turn, have been related to decreased worker well-being

(Kinowska & Sienkiewicz, 2022), decreased decision acceptance (Lind, 2001), and a more



4 Justice evaluations of algorithmic management: The role of prior discrimination experience 94
(Essay III)

negative reputation of the organization using AM systems (Klopper & Messer, 2025;
McGuire & De Cremer, 2023).

While the relationship between justice evaluations and AM is well established, few
studies have examined how prior experiences shape justice evaluations. However, in human—
human contexts, theoretical assumptions, such as the model of justice expectations (Bell et
al., 2004), suggest that individuals use their prior experiences to infer how justly they will
be treated in the future. Thus, we examine the impact of prior discrimination experiences to
understand how justice evaluations of AM are shaped.

In the context of recruiting, prior discrimination experiences by humans led to a
decrease in algorithm aversion (Flei3 et al., 2024; Koch-Bayram et al., 2023; Pethig &
Kroenung, 2022; Schulte Steinberg & Hohenberger, 2023). However, these studies have
relied predominantly on personal characteristics such as gender as indirect indicators of
discrimination experiences (e.g., Pethig & Kroenung, 2022). Besides this methodological
consideration, it is noteworthy that, to date, these investigations have largely been limited to
recruitment settings, raising the question of whether such findings can be generalized to
broader applications of AM. Additionally, while prior research considers discrimination by
human decision-makers, the effects of prior discrimination by AM systems remain largely
unexplored. We propose that it is highly relevant to account for the source of discrimination
and examine both human and algorithmic discrimination for three reasons.

First, from a theoretical standpoint, individuals may attribute human-like
intentionality and moral agency to AM systems. This may be explained by the computers-
are-social-actors (CASA) framework (Nass & Moon, 2000; Nass et al., 1994), which states
that individuals treat computers, and by extension other technologies (Gambino et al., 2020),
similarly to other humans. Consequently, they employ similar interactional rules and

expectations when interacting with AM systems. If previous human experiences of
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discrimination impact AM reactions as shown in prior literature (e.g., Fleil} et al., 2024;
Koch-Bayram et al., 2023), then algorithmic discrimination, which is processed similarly,
can be expected to have comparable effects. Without theorizing this possibility, existing
models of justice evaluations in algorithmic contexts remain conceptually incomplete.

Second, prior research demonstrates that the attribution of decisions to
discrimination increases when a decision itself and its underlying processes are opaque or
ambiguous. In human—human contexts, this is referred to as attributional ambiguity, whereby
stigmatized or stereotyped individuals attribute decisions differently (i.e., to discrimination
or prejudice) compared to individuals with no stigmatization or stereotyping experiences
(Crocker et al., 1991). This may be transferable to human—algorithm contexts, wherein the
opacity (Cobonpue et al., 2024) and lack of reasoning (Binns et al., 2018) often associated
with AM systems may drive the association between algorithmic decisions and
discrimination.

Third, examining discrimination experiences not only by humans but also by AM
systems enables a better understanding of how justice evaluations of AM are shaped. This is
particularly relevant as justice evaluations impact several organizational outcomes, such as
organizational commitment, productivity (Viswesvaran & Ones, 2002), organizational
attractiveness (Kochling et al., 2025), and turnover intention (Acikgoz et al., 2020), and thus
determine organizational success. Besides organizational outcomes, workers and employees
may face negative consequences, such as reduced well-being (Kinowska & Sienkiewicz,
2022). As understanding the source of perceived injustice can inform targeted interventions
to mitigate negative effects, there is a need to understand how justice evaluations are shaped.
To address these concerns, we ask the following:

Research question: How do prior experiences of (1) human discrimination and (2)

algorithmic discrimination impact the relationship between AM and justice evaluations?
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To offer a theoretical understanding, we draw on the model of justice expectations
by Bell et al. (2004) and the idea of anticipatory injustice (Shapiro & Kirkman, 2001) to
theorize why human and algorithmic discrimination impact justice evaluations. In doing so,
first, we extend both theories from human—human contexts to human—algorithm contexts.
Second, we provide empirical insights by having conducted three experimental studies that
examined the effect of (1) prior human discrimination, (2) prior algorithmic discrimination,
and (3) the experimental comparison of both types of discrimination experience. To further
advance our understanding, we used open-ended qualitative questions to gain deeper insight
into potential mechanisms underlying the proposed relationships. Third, based on the
qualitative responses, we identify future research avenues and derive practical implications.
In doing so, we contribute to a deeper understanding of the role prior discrimination

experience plays in shaping the relationship between AM use and justice perceptions.

4.2 Theoretical background

4.2.1 Justice perceptions of algorithmic management

Justice can be defined as “the degree to which one’s company or top management is
perceived to act consistently, equitably, respectfully, and truthfully in decision contexts”
(Colquitt & Rodell, 2015, p. 188) and is categorized into distributive, informational,
interpersonal, and procedural justice (Colquitt, 2001). While distributive justice describes
justice evaluations of an outcome, informational justice concerns the information and
explanations provided for a decision (Colquitt, 2001). Interpersonal justice refers to the
quality of interpersonal treatment, and, finally, procedural justice refers to whether a
procedure followed to make a decision is perceived as just (Colquitt & Rodell, 2015). In the
present paper, we focus on the perceived interaction between AM and individuals as well as
the procedures followed to make a decision. Thus, we include informational, interpersonal,

and procedural justice.
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Workers’ justice evaluations are essential to organizations. Here, prior research
demonstrates that justice evaluations are negatively related to turnover intention and
positively to performance (Moon, 2017) as well as job satisfaction and effort (Bankins et al.,
2022; Lind, 2001). Additionally, decisions perceived as just are more likely to be accepted
by workers (Lind, 2001). These are important organizational consequences, especially when
considering the increasing use of AM. However, most research reveals that AM is negatively
associated with justice evaluations, especially when used for tasks associated with social or
emotional skills (Lee, 2018) and when tasks are considered complex rather than simple
(Nagtegaal, 2021).

Theoretically, this may be explained by the CASA framework (Nass & Moon, 2000;
Nass et al., 1994), which postulates that individuals use the same interactional rules known
from human—human contexts when interacting with technology. Consequently, individuals
apply stereotypes and assign personality traits and norms to computers and, by extension,
other technologies, such as algorithmic systems (Gambino et al., 2020). However, human—
human interactions differ from human—computer interactions; for example, algorithms do
not naturally provide explanations for their decisions (Binns et al., 2018). Here, expectations
regarding transparency (i.e., informational justice), personal and adequate treatment (i.e.,
interpersonal justice), and the procedures followed to make a decision (i.e., procedural
justice) may not be met, resulting in weaker justice perceptions. Consequently, a mismatch
between expectations and the outcome of human—algorithm interaction can negatively affect
justice.

Further, we assume that the expectations and interactional rules proposed in the
CASA framework are especially relevant when computers or algorithms perform tasks
typically undertaken by humans as is the case for most tasks conducted by AM systems.

Employees may perceive AM systems as less capable of understanding and responding to
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their social and emotional needs compared to human counterparts, leading to feelings of
being treated unjustly or impersonally (Binns et al., 2018; Langer & Landers, 2021; Lee,
2018). Consequently, we propose the following:

Hypothesis 1: Compared to HM, the use of AM is negatively associated with (a)

informational justice, (b) interpersonal justice, and (c) procedural justice.

4.2.2 Prior human discrimination experience

According to Allport et al. (1954), discrimination describes the denial of equal
treatment to individuals or groups. Victims of discrimination at work often ruminate and
seek explanations for what happened (Snape & Redman, 2003), making them more sensitive
to injustice and vigilant to future violations (Dipboye & Colella, 2013). Several negative
organizational consequences can follow when individuals feel discriminated against. For
example, employees are more likely to engage in counterproductive work behavior (Follmer
et al., 2023), whereas organizations often face increased turnover rates and damage to their
reputation (Dipboye & Colella, 2013).

The role of prior discrimination regarding justice evaluations may be explained by
the justice expectations model (Bell et al., 2004) and the concept of anticipatory injustice
(Shapiro and Kirkman 2001). Bell et al. (2004) argue that individuals develop expectations
about justice based on their previous experiences of organizational treatment. These
expectations, in turn, influence how they evaluate future interactions. This aligns with
Shapiro and Kirkman’s (2001) idea of anticipatory injustice, which posits that individuals
who have experienced unjust treatment in the past are more likely to anticipate and interpret
future encounters similarly. Consequently, in cases in which individuals have been
discriminated against by human supervisors, we propose that they prefer AM systems over
a human counterpart. This preference may stem from perceiving AM as being objective and

consistent (Chamorro-Premuzic & Ahmetoglu, 2016) in contrast to a human manager, who
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may be seen as potentially biased and unjust, especially considering past treatment. Thus,
we propose the following:

Hypothesis 2: Prior human discrimination experience moderates the relationship
between AM and (a) informational justice, (b) interpersonal justice, and (c) procedural
Justice, such that the negative impact of AM use on justice evaluations is reduced for those

individuals who have experienced human discrimination.

4.2.3 Prior algorithmic discrimination experience

Besides human discrimination, individuals can experience discrimination through
AM systems (Kellogg et al., 2020; Kordzadeh & Ghasemaghaei, 2021). Here, algorithmic
discrimination can emerge from various sources, such as in the software development phase,
when, for example, organizations define goals that purposely exclude specific groups
(Garcia et al., 2024). Besides this, algorithmic discrimination could occur during the data
processing phase, specifically when biased data or sampling methods are used, or during the
development phase, and discrimination may be apparent depending on how the systems’
results are used in an organization (Garcia et al., 2024).

In the context of AM, algorithmic discrimination may be particularly important, as
workers may have limited opportunities to address perceived discrimination from AM
systems (Kellogg et al., 2020). According to the CASA framework, individuals apply
interactional norms and expectations from human—human interactions to their interactions
with technology, including AM systems. Therefore, theories developed in human—human
contexts, such as the model of justice expectations (Bell et al., 2004) and the idea of
anticipatory injustice (Shapiro & Kirkman, 2001), may also extend to human—algorithm
interactions. As a result, individuals who have experienced discrimination by AM systems

in the past may cognitively process these events similarly to human discrimination
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experiences, leading them to expect to be treated unjustly again, which leads to negative
justice evaluations. We thus propose the following:

Hypothesis 3: Prior algorithmic discrimination experience moderates the
relationship between AM and (a) informational justice, (b) interpersonal justice, and (c)
procedural justice, such that the negative impact of AM use on justice is strengthened for

those individuals who have experienced algorithmic discrimination.

4.3 Overview of studies

We conducted three experimental studies to test our research model (Figure 4-1). In
Study 1, we experimentally manipulated the management entity (HM versus AM) to
examine differences in justice evaluations and to investigate the proposed moderating effect
of prior human discrimination experience and thus examined hypotheses 1 and 2. In Study
2, we replicated this experiment, but we examined the moderating effect of prior algorithmic
discrimination experience on the relationship between AM and justice evaluations, testing
hypothesis 1 and 3. Given that we relied on the prior experiences of discrimination of our
respondents in Study 1 and Study 2, we conducted a follow-up study (Study 3a) to
manipulate discrimination experience and replicate our findings. Afterward, we analyzed the
same respondents’ answers to qualitative, open-ended questions to explore potential

mechanisms underlying our findings (Study 3b).
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Figure 4-1: Research model

Prior human discrimination {Study 1)
Prior algorithmic discrimination (Study 2)
Experimental human and algorithmic discrimination

(Study 3)
Informational
justice

Algorithmic . [nterpersonal
management justice

Procedural
justice

Note. Reference group, algorithmic management: human management (= 0).
4.4 Study1

We conducted a single-factor between-subjects experiment to test the theoretical
research model (Figure 4-1) and applied covariance-based structural equation modeling

(SEM) with the R-package lavaan (Rosseel, 2012).
4.4.1 Methods

4.4.1.1 Experimental procedure and sample

Within the experiment, each participant was randomly assigned to one of two written
scenarios. The scenarios were fictitious situations from everyday working life in which
participants were asked to imagine they worked for a company and were given feedback in
the course of annual performance review meetings by either HM or an AM system
(depending on the assigned scenario). We used the fictional company “Marzeo AG” and
corresponding URL (www.marzeo.de) developed by Evertz et al. (2019). This allowed us to
rule out that the participants would find contradictory information about the company online.

Scenario descriptions for all three studies are presented in the Appendix C1-C3.
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We recruited an online sample with n = 86 German participants. All participants had
to have working experience in order to take part in the survey. None of the participants failed
the manipulation checks. Because we assessed perceived discrimination by a (former)
supervisor, we had to exclude four participants, as they indicated they did not have a
supervisor before, leaving us with a final sample size of n = 82 (Muge = 34.82; SDyge = 14.95;

male = 32.92%) participants.

4.4.1.2 Measures

We used established multi-item measures to measure all our constructs and adapted
the items that measured justice dimensions according to the respective scenario. We
measured informational, interpersonal, and procedural justice with an adapted version of the
organizational justice scale by Colquitt (2001), which was translated to German and
validated by Maier et al. (2007). A sample item for interpersonal justice measured in the HM
scenario is “My manager treated me with respect.” A sample item for informational justice
1s “My manager tailored the feedback to my individual needs” and, for procedural justice, “I
have been able to express my views and feelings during the performance review meeting.”
We assessed prior human discrimination experience using an adapted version of the
discrimination scale by Snape and Redman (2003). We modified the scale to assess all kinds
of discrimination experience at work and to assess discrimination by a (former) supervisor.
A sample item is “A supervisor has treated me less favorably than other workers.” We used
experience with Al as a control variable. We assessed all items using a 7-point Likert scale
ranging from “strongly disagree” to “strongly agree.” Cronbach’s alphas of all constructs
exceed the threshold of 0.70 (Cortina, 1993), indicating the reliability of our scales
(informational justice: o = 0.84; interpersonal justice: a = 0.92; procedural justice: a = 0.85;
prior discrimination experience: a = 0.88; experience with Al: o = 0.85). To test our

treatments, we applied dummy coding to dichotomize the scenarios (AM = 1, HM = 0).
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Although we randomly assigned participants to the scenarios, we calculated an
analysis of variance (ANOVA) before testing our hypotheses. This was done to ensure that
demographic variables and prior human discrimination experience did not significantly
differ between groups, and no significant differences were found.

We used confirmatory factor analysis (CFA) to verify several validity criteria. The
CFA demonstrated a satisfactory fit (° = 60.31; df = 32; y°/df = 1.88; p <.001; CFI = .93;
RMSEA = .10; SRMR = 0.05; Hair et al., 2014). All factor loadings were significant and
ranged between .61 and .97. Average variance extracted for all constructs is above the
threshold of .50 (informational justice: .58; interpersonal justice: .84; procedural justice:
.68), indicating convergent validity (Fornell & Larcker, 1981; Hair et al., 2014), and
composite reliabilities are above the threshold of .60 (Bagozzi & Yi, 1988) for all our
constructs (informational justice: .84; interpersonal justice: .94; procedural justice: .87).
Additionally, discriminant validity is demonstrated for all constructs, as the average variance
extracted exceeded squared correlations with other constructs (Fornell & Larcker 1981).

We addressed common method bias with the use of a marker variable that was
theoretically uncorrelated with the focal constructs (Lindell & Whitney, 2001). After
correction of the correlation matrix for correlations with the marker variable, all correlations
between focal constructs remained significant. Hence, the threat of common method bias is
minimized within our data. We used demographic variables (i.e., age, gender) and
experience with Al as control variables. We dummy-coded gender and used males as a
reference group. Table 4-1 shows the means, standard deviations, and correlations of our

study variables.
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Table 4-1: Means, standard deviations, and correlations for variables in Study 1

Variable M SD 1 2 3 4 5 6 7
1. Algorithmic management 0.49 0.50

2. Informational justice 492 136 —497

3. Interpersonal justice 519 144 —67" 60"

4. Procedural justice 427 155 717 68"  .70™

5. Prior human discrimination ~ 4.13 1.69 20 -18  —-17 -10

6. Age 3482 1495 .09 -25 =27 -7 .09

7. Gender 0.67 0.47 .01 25" .08 .01 —18 -37"

8. Experience with Al 4.81 145 -.00 .02 .10 .00 .06 —57" 15

Note. M and SD are used to represent mean and standard deviation, respectively. Reference group, algorithmic
management: human management (= 0). Reference group, gender: males (= 0). * indicates p <.05; ™ indicates
p <.01.

4.4.2 SEM results

Due to our relatively small sample size, we applied the Swain correction (Boomsma
& Herzog, 2013) to adjust for small-sample bias in the SEM fit indices, and our model
showed a satisfactory fit (y° = 115.15; df = 74; y°/df = 1.56; p = .002; CFI = .93; RMSEA =
.08; SRMR = .06; Hair et al. 2014). The results demonstrate that, compared to HM, AM is
negatively associated with informational (B = —.54; p <.001), interpersonal ( = —.65; p
<.001), and procedural (B =—.76; p <.001) justice, supporting hypotheses 1a, 1b, and 1c. We
found a moderating effect of prior human discrimination on the relationship between AM
and both informational (B =.27; p =.030) and procedural (f =.32; p =.007) justice, whereas
this moderating effect on the relationship between AM and interpersonal justice was
significant only at a 10% p-level (B = .19; p = .066). This supports hypotheses 2a and 2c.
Regarding our control variables, we found a significant effect of age on interpersonal justice

(B=-.28; p=.012). The SEM results are depicted in Figure 4-2 and Table 4-2.
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Table 4-2: SEM results, Study 1

Path B SE B )4
Hypothesized effects

AM — Informational justice -1.45 (28)" -.54 <.001
AM — Interpersonal justice -1.93 (29" —.65 <.001
AM — Procedural justice -2.55 (5D -.76 <.001
Prior human discrimination — Informational justice -.25 (.13)1 - 19 .055
Prior human discrimination — Interpersonal justice =22 (12)f -.15 .075
Prior human discrimination — Procedural justice -.32 avl - 19 .055
AM x Prior human discrimination — Informational justice .56 (:26)" 27 .030
AM x Prior human discrimination — Interpersonal justice 44 (24)1 .19 .066
AM x Prior human discrimination — Procedural justice .81 (.30)™ 32 .007
Control effects

Age — Informational justice -.02 oD - 19 .104
Age — Interpersonal justice -.03 onH™ .28 012
Age — Procedural justice -.02 oD -.14 241
Gender — Informational justice .55 (.32)1 .19 .090
Gender — Interpersonal justice -.07 (:30) -.02 .825
Gender — Procedural justice =21 (.36) -.06 557
Experience with Al — Informational justice -13 (-10) -.14 198
Experience with Al — Interpersonal justice -.02 (.10) -.02 855
Experience with Al — Procedural justice -.10 (-10) -.09 315

Note. B = unstandardized effect; SE = standard error; f = standardized effect. Reference group, algorithmic
management: human management (= 0). Reference group, gender: males (= 0). T indicates p <.10; " indicates

p <.05; ™ indicates p <.01.

Figure 4-2: SEM results, Study 1

Prior human
discrimination

Algorithmic
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Note. Reference group, algorithmic management: human management (= 0). Control variables (not depicted):

(1) age, (2) gender, (3) experience with Al T indicates p <.10; * indicates p <.05; ™ indicates p <.01.



4 Justice evaluations of algorithmic management: The role of prior discrimination experience 106
(Essay III)

To provide a better understanding of the interactions, we illustrate the effects of
human discrimination experience (operationalized using a median split) on the relationship

between AM use and justice evaluations in Figures 4-3, 4-4, and 4-5.

Figure 4-3: Interaction effect of prior human discrimination on informational justice
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Note. HM = human management; AM = algorithmic management.

Figure 4-4: Interaction effect of prior human discrimination on interpersonal justice
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Note. HM = human management; AM = algorithmic management.
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Figure 4-5: Interaction effect of prior human discrimination on procedural justice
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Note. HM = human management; AM = algorithmic management.

4.4.3 Brief discussion of Study 1

Study 1 demonstrates that individuals with higher levels of prior human
discrimination experience perceive AM as less unjust compared to those with lower levels
of such experience. This is aligned with findings in the recruiting context (e.g., Koch-
Bayram et al., 2023; Schulte Steinberg & Hohenberger, 2023) and may be explained by the
association of AM systems with being more consistent and objective (Koch-Bayram et al.,
2023), two aspects that are particularly important regarding discrimination experiences. To
compare the impact of prior human discrimination and prior algorithmic discrimination, we
examined whether the moderating impact of prior discrimination is also apparent regarding

algorithmic discrimination in Study 2.
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4.5 Study?2

4.5.1 Methods

4.5.1.1 Experimental procedure and sample

In Study 2, we used the exact same experimental procedure and measurements. To
examine the impact of prior algorithmic discrimination, we used Prolific Academic to recruit
individuals who were frequently exposed to AM systems (i.e., gig workers). To ensure that
only gig workers took part in the study, we employed a screening process whereby
individuals were asked to describe their current job and the role of the AM system. All
individuals were paid for taking part in the screening survey, but only those with AM
exposure were invited to take part in the main study. We recruited an online sample with n
= 89 German participants. Six participants were excluded for indicating that they faced a
human manager although they were in the AM group and vice versa, leaving us with a final

sample of n = 83 (Muge=31.57; SDuge=9.42; male = 56.62%) participants.

4.5.1.2 Measures

We used the same measures as in Study 1. To assess prior algorithmic discrimination,
we adapted the scale used in Study 1 to refer only to AM systems. A sample item is “The
algorithmic management system has treated me less favorably than other workers.”
Cronbach’s alphas of all constructs exceed the threshold of .70 (Cortina, 1993), indicating
the reliability of our scales (informational justice: a = .91; interpersonal justice: o = .95;
procedural justice: a = .84; prior algorithmic discrimination: o = .94; experience with Al: a
= .81). To test our treatments, we applied dummy coding to dichotomize the scenarios (AM
=1,HM =0).

Similarly to the procedure of Study 1, we calculated an ANOVA and found no
differences in the demographic variables or prior algorithmic discrimination experiences

between our two groups.
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To verify validity criteria, we calculated a CFA. The CFA fits the data well (x> =
42.92; df = 32; ¥*/df = 1.34; p = .094; CFI = .98; RMSEA = .06; SRMR = .03; Hair et al.,
2014). All factor loadings are significant and range between .74 and .98. The average
variance extracted for all constructs is above the threshold of .50 (informational justice: .74;
interpersonal justice: .88; procedural justice: .64), indicating that the convergent validity
(Fornell & Larcker, 1981; Hair et al., 2014) and composite reliabilities are above the
threshold of .60 (Bagozzi & Yi, 1988) for all our constructs (informational justice: .91;
interpersonal justice: .96; procedural justice: .84). Additionally, discriminant validity is
demonstrated for all constructs, as the average variance extracted exceeds squared
correlations with other constructs (Fornell & Larcker, 1981). We followed the same
procedure as in Study 1 to address common methods bias, used the same control variables,
and dummy-coded gender (reference group = males and others). Table 4-3 shows the means,

standard deviations, and correlations of our study variables.

Table 4-3: Means, standard deviations, and correlations of variables in Study 2

Variable M SD 1 2 3 4 5 6 7
1. Algorithmic management  0.49  0.50

2. Informational justice 512 133 —-51"

3. Interpersonal justice 513 144 477 84"

4. Procedural justice 395 154  —46" 58" 537

5. Prior algo. discrimination ~ 3.06 1.84 —-.09 —-.09 -.15 A3

6. Age 31.57 9.42 02 -14 -08 -.04 20

7. Gender 041 049 -.04 .16 18 =01 =10 .16

8. Experience with Al 581 1.15 —.11 .08 .04 .06 —.00 .01 -.09

Note. Algo. = algorithmic. M and SD are used to represent mean and standard deviation, respectively. Reference
group, algorithmic management: human management (= 0). Reference group, gender: males and others (= 0).
* indicates p <.05; ™ indicates p <.01.

4.5.2 SEM results
Due to our relatively small sample size, we applied the Swain correction (Boomsma
& Herzog, 2013) to adjust for small-sample bias in the SEM fit indices, and our model

showed a good fit (° = 87.16; df = 74; y’/df = 1.18; p = .141; CFI = .98; RMSEA = .05;
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SRMR = .04; Hair et al. 2014). The results demonstrate that, compared to HM, AM is
negatively associated with informational (fp = —.52; p <.001), interpersonal (f = —.45; p
<.001), and procedural (f = —.53; p <.001) justice, which replicates the findings of Study 1
and supports hypotheses 1a, 1b, and 1c. None of the hypothesized moderating effects of prior
algorithmic discrimination affected the relationship between AM and justice. Thus, we have
to reject hypothesis 3. Regarding our control variables, we found a significant effect of
gender on informational (f = —.17; p =.024), and interpersonal (f = —.19; p =.028) justice.

The SEM results are depicted in Figure 4-6 and Table 4-4.

Table 4-4: SEM results, Study 2

Path B SE B P
Hypothesized effects

AM — Informational justice -1.28 2N -.52 <.001
AM — Interpersonal justice —-1.04 (271" —45 <001
AM — Procedural justice -1.27 (32" =53 <001
Prior algo. discrimination — Informational justice -.14 (.15) -11 356
Prior algo. discrimination — Interpersonal justice —.18 (:13) —-.15 179
Prior algo. discrimination — Procedural justice .00 (.17) .00 .984
AM x Prior algo. discrimination — Informational justice .04 (:30) .02 .890
AM x Prior algo. discrimination — Interpersonal justice -.02 (:27) -.01 928
AM x Prior algo. discrimination — Procedural justice 21 (:28) A2 447
Control effects

Age — Informational justice -.02 (0D —-.14 122
Age — Interpersonal justice —-.00 (.01) -.03 713
Age — Procedural justice -.00 (.0D) -.04 745
Gender — Informational justice -39 (.18) -.17 .024
Gender — Interpersonal justice —42 (.19)° —-.19 .028
Gender — Procedural justice -.04 (.22) -.02 .852
Experience with Al — Informational justice -.06 (.10) —-.05 .585
Experience with AI — Interpersonal justice -02 (-10) -.02 .856
Experience with Al — Procedural justice .04 (.1D) .04 722

Note. Algo. = algorithmic; B = unstandardized effect; SE = standard error; B = standardized effect. Reference
group, algorithmic management: human management (= 0). Reference group, gender: males (= 0). T indicates
p <.10; " indicates p <.05; ** indicates p <.01.
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Figure 4-6: SEM results, Study 2
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Note. Reference group, algorithmic management: human management (= 0). Control variables (not depicted):
(1) age, (2) gender, (3) experience with Al  indicates p <.05; ™ indicates p <.01.

4.5.3 Brief discussion of Study 2

Study 2 demonstrates that individuals with high algorithmic discrimination
experience do not react more aversely to AM systems compared to individuals with low
algorithmic discrimination experience. The findings of Studies 1 and 2 thus indicate that
discrimination by humans and algorithms is perceived differently. It follows that, although
the CASA framework (Nass et al., 1994) postulates that there are several similarities between
human-human and human-algorithm interactions, that framework may not be applicable
here. Instead, different attributional processes may be apparent. Bonezzi and Ostinelli (2021)
postulate that people believe algorithms neglect individual characteristics (which may lead
to discriminatory decisions) and instead blindly apply rules to make decisions. This
reasoning may explain why we found different moderating effects of discrimination in Study
1 and Study 2. However, we did not directly compare both discrimination experiences and
were unable to control for the type and extent of discrimination. Thus, Study 3
experimentally manipulated discrimination experience and compared discrimination by

humans and AM systems directly.
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4.6 Study 3a

4.6.1 Methods

4.6.1.1 Experimental procedure and sample

Within the experiment, each participant was randomly assigned to one of four written
scenarios. Similarly to Study 1 and Study 2, we manipulated type of management (HM
versus AM). Additionally, we experimentally manipulated discrimination experience (no
discrimination versus discrimination). In the discrimination scenario, participants received
the general introduction that they worked for the Marzeo AG and were assigned tasks and
got feedback from either a human manager or an AM system (depending on their assigned
scenario). This general introduction was shown to all participants.

For the manipulation of discrimination, participants in the treatment groups read the
following information (AM condition in parentheses): “Later this week, you read a report
that reveals troubling patterns in the management practices (algorithmic management
system) at Marzeo AG, including the manager (management system) that manages you and
your team. The report shows that employees from certain demographic groups tend to
receive more prestigious and challenging assignments. You notice that, despite your
excellent track record, you are consistently assigned fewer challenging tasks compared to
others, and this pattern aligns with the findings in the report. You begin to wonder whether
the decisions of your manager (algorithmic management system) are biased.”

In the follow-up, participants answered the study measures first and were then asked
open-ended qualitative questions (see Study 3b). We debriefed the participants after the
survey, indicating that the scenarios were entirely fictitious and that Marzeo AG was not a
real company. The study protocol was reviewed and approved by the Ethics Committee of

the German Association for Experimental Economic Research.
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We recruited an online sample with » =216 participants from the American working
population. We used Prolific Academic to recruit our sample and directly screened out
participants who failed our manipulation or attention checks and thus proceeded with a final
sample size of n = 216 (Muge = 36.13; SDyge = 13.17; male = 51.85%; diverse = .01%)

participants.

4.6.1.2 Measures

For informational, interpersonal, and procedural justice, we used the same measures
that were used in Study 1. We controlled for attitude toward Al (Sindermann et al., 2021).
Cronbach’s alphas of all constructs exceed the threshold of .70 (Cortina, 1993), indicating
the reliability of our scales (informational justice: o = .92; interpersonal justice: o = .96;
procedural justice: a = .86; attitude towards Al: a =.78). To test our treatments, we applied
dummy coding to dichotomize the scenarios (AM = 1, HM = 0; discrimination = 1, no
discrimination = 0). Additionally, we dichotomized ethnic background to be able to include
this variable in our analysis, following the approach of Koch-Bayram et al. (2023). We hence
operationalized ethnic background as a dummy variable, with participants who selected
“white” as their ethnic background as a reference group (= 0) compared to all other ethnic
groups (e.g., Hispanic, Black, Asian = 1).

Although we randomly assigned participants to the scenarios, we calculated an
ANOVA to examine differences regarding demographic variables and the four groups. We
found significant differences regarding age (F(3, 212) =3.18; p =.025), such that individuals
in the AM x discrimination group were slightly younger (n = 50; M = 32.20; SD = 11.20)
compared to those in the AM x no discrimination group (n = 49; M = 39.98; SD = 13.57).
We also found significant differences regarding ethnic background (F(3, 212) = 4.46, p
<.01), such that there were fewer individuals who identified as “white” in the AM X no

discrimination scenario (n = 49; M = .76; SD = .43) compared to those in the AM x
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discrimination scenario (n = 50; M = .44; SD = .50). We did not find differences between
the four groups regarding gender or attitude towards Al

Again, we used CFA to verify several validity criteria. The CFA fits the data well (y°
=44.52; df = 32; Y’/df = 1.39; p = .070; CFI = .99; RMSEA = .04; SRMR = .03; Hair et al.,
2014). All factor loadings are significant and range between .81 and .96. The average
variance extracted for all constructs is above the threshold of .50 (informational justice: .76;
interpersonal justice: .90; procedural justice: .68), indicating convergent validity (Fornell &
Larcker, 1981; Hair et al., 2014), and composite reliabilities are above the threshold of .60
(Bagozzi & Yi, 1988) for all our constructs (informational justice: .93; interpersonal justice:
.97; procedural justice: .87). Additionally, discriminant validity is demonstrated for all
constructs, as the average variance extracted exceeds squared correlations with other
constructs (Fornell & Larcker, 1981).

We followed the same procedure used in Study 1 and Study 2 to address common
method bias. Additionally, we used demographic variables (age, gender, ethnic background,
and attitude towards Al) as control variables to examine the impact of discrimination
experience beyond these characteristics. We dummy-coded gender and used males and
others as a reference group. Table 4-5 shows the means, standard deviations, and correlations

of our study variables.
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Table 4-5: Means, standard deviations, and correlations of variables in Study 3

Variable M SD 1 2 3 4 5 6 7 8
1. Algorithmic management 0.46 0.50

2. Experimental discrimination 0.54 0.50 —-.07

3. Informational justice 457 1.58 —-03 —-51"

4. Interpersonal justice 487 172 .00 -50" .81™

5. Procedural justice 401 1.64 —02 -37" 78" 69"

6. Age 36.13 13.17 —-.01 —-17° .02 .03 —-.05

7. Gender 0.48 050 —-.00 —.09 .07 .03 .01 15"

8. Ethnic background 0.54 050 .11 —.18™ .05 .04 —-05 32" .12

9. Attitude towards Al 333 081 —.06 .10 .07 .09 07 -07 -13 -a7

Note. M and SD are used to represent mean and standard deviation, respectively. Reference group, algorithmic
management: human management (= 0). Reference group, experimental discrimination: No discrimination
(=0). Reference group, ethnic background: individuals who identify themselves as “white” (= 0). Reference
group, gender: males and others (= 0). * indicates p <.05; ** indicates p <.01.

4.6.2 SEM results

To test our research model, we calculated an SEM, and the overall model
demonstrated a good fit (y* = 100.58; df = 81; y°/df = 1.24; p = .069; CFI = .99; RMSEA =
.03; SRMR = .02; Hair et al. 2014). The results demonstrate that, compared to HM, AM was
negatively associated with informational (B = —.27; p <.001), interpersonal (B = —.15; p =
.021), and procedural (B = —.38; p <.001) justice. We found a moderating effect of
experimental discrimination on the relationship between AM and informational (§ = .33; p
=.001), interpersonal (f = .20; p =.032), and procedural ( = .54; p <.001) justice. The
moderating effects reflect that although all individuals perceived discrimination as less just,
this effect was weaker in the AM scenarios. We found no significant effects of our control
variables. The SEM results are depicted in Table 4-6 and Figure 4-7. The moderating effects

are depicted in Figures 4-8, 4-9, and 4-10.
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Table 4-6: SEM results, Study 3

Path B SE B )4
Hypothesized effects

AM — Informational justice —-.67 (an™ =27 <001
AM — Interpersonal justice -37 (.16)" -.15 .021
AM — Procedural justice -.92 (200" -38 <001
Experimental discrimination — Informational justice -1.80 2n™ =73 <.001
Experimental discrimination — Interpersonal justice -1.53 (19" —.64 <.001
Experimental discrimination — Procedural justice -1.73 2™ =73 <.001
AM x experimental discrimination — Informational justice .98 (.30)™ 33 .001
AM x experimental discrimination — Interpersonal justice .58 27" .20 .032
AM x experimental discrimination — Procedural justice 1.52 (.33)” .54 <.001
Control effects

Age — Informational justice —-.01 (.01) —.05 365
Age — Interpersonal justice -.00 (.01) -.03 .569
Age — Procedural justice —-.01 (.01) -.07 325
Gender — Informational justice .10 (.15) .04 .504
Gender — Interpersonal justice .00 (.14) .00 1.000
Gender — Procedural justice .00 (.16) .00 .989
Ethnic background — Informational justice .04 (.16) .02 .800
Ethnic background — Interpersonal justice -.01 (.14) -.01 935
Ethnic background — Procedural justice —.14 (.17) —.06 385
Attitude towards Al — Informational justice 17 (.10) 1 .072
Attitude towards Al — Interpersonal justice 18 (-10) A3 .056
Attitude towards Al — Procedural justice .10 (.10) .07 .308

Note. B = unstandardized effect; SE = standard error; f = standardized effect. Reference group, algorithmic
management: human management (= 0). Reference group, experimental discrimination: No discrimination (=
0). Reference group, ethnic background: individuals who identify themselves as “white” (= 0). Reference

group, gender: males and others (= 0). * indicates p <.05; ** indicates p <.01.
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Figure 4-7: SEM results, Study 3
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Note. Reference group, discrimination: no experimental discrimination experience (= 0). Reference group,
algorithmic management: human management (= 0). Control variables (not depicted): (1) age, (2) gender, (3)
ethnic background, (4) attitude toward Al * indicates p <.05; ™ indicates p <.01.

Figure 4-8: Interaction effect of experimental discrimination on informational
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Figure 4-9: Interaction effect of experimental discrimination on interpersonal justice
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Figure 4-10: Interaction effect of experimental discrimination on procedural justice
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Note. HM = human management; AM = algorithmic management.
4.6.3 Brief discussion of Study 3a

Study 3a directly compared human and algorithmic discrimination experiences. The
results demonstrate that human discrimination evokes more negative justice perceptions

compared to discrimination by AM systems. Consistent with the findings of Studies 1 and
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2, this shows that individuals seem to perceive human discrimination as worse than
algorithmic discrimination. Bigman et al. (2023) suggest that algorithmic discrimination
causes less moral outrage than human discrimination due to individuals being less likely to
attribute prejudicial motivation to algorithms. Our findings may also be explained by the fact
that algorithmic discrimination could be attributed to various sources, such as the developers
or the organization using these systems (Garcia et al., 2024). To investigate the mechanisms

underlying these results, we examined open-ended survey responses in Study 3b.

4.7 Study 3b

4.7.1 Qualitative analysis of open-ended survey responses

We followed the approach of Bankins et al. (2022) and asked participants several
open-ended qualitative questions at the end of our online experiment. Specifically, we asked
participants what they liked or disliked about the management type presented in their
assigned scenario, and how their perceptions related to other types of management (AM or
HM, depending on the scenario). Figure 4-11 depicts illustrative quotes from respondents

(R) by experimental group.
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Figure 4-11: Sample quotes per experimental group

Condition

No Discrimination

Discrimination

Human

Management

“[...] For example, a human supervisor can
understand sickness and childcare. They are able
to reason and feel compassion and empathy for
human situations.” (R131),

“Being managed by a human supervisor is more
humanizing. I feel like it opens the floor for
communication, which isn’t possible with
automated supervision.” (R204),

“I’d like that an algorithmic management system
could provide fairer, more consistent decisions
based on data, but I’d miss personal touch and
understanding that a human supervisor offers,
especially in handling emotions or unique
situations.” (R212)

“With a human manager I feel like they
are more judgmental and biased and pick
and choose who they like and dislike and
can make the job harder.” (R94).

“Human managers can introduce issues
related to bias, inconsistency, and
emotional influence, while algorithmic
systems may struggle with lack of
emotional understanding, rigidity, and
data bias. Both systems have strengths
and weaknesses, and the ideal
management approach might involve a
balance between human judgment and
algorithmic support.” (R76)

Algorithmic

Management

“I would like to be managed by an algorithmic
management system because as a female, I’ve
experienced some discriminations at work. [...]
my experiences with some supervisors haven’t
been favourable or fair at all which has shaped my
decision here.” (R21),

“The system doesn’t play favorites, and you get
feedback that’s based on your actual performance,
not just what someone else thinks about you. It’s
also kind of nice to know exactly what tasks you
have coming up without any ambiguity.” (R96),

“A human has the potential to be persuaded about
a topic or situation. An algorithm doesn’t have
human aspects to appeal to.” (R125)

“I would like it if an algorithmic
management system acted based on
logic and data when assigning tasks and
giving feedback. [ am, however, worried
about the transparency of the algorithmic
management system.” (R2),

“Despite being designed to be objective,
an algorithm could still be biased if the
data it’s using reflects past biases.”
(R187),

“It [the algorithmic management system]|
gives everyone tasks based on clear
rules, so it feels like there’s less chance
of bias.” (R192)

Note. Respondents were randomly assigned to one of the four scenarios and answered the following question:
“What did you (dis-)like about the management type presented in the scenario?”

Regarding algorithmic discrimination, participants expressed two main concerns: (1)

the lack of transparency in AM systems and (2) the potential inflexibility of algorithms.
Here, one respondent stated, “I would like it if an algorithmic management system acted
based on logic and data when assigning tasks and giving feedback. I am, however, worried
about the transparency of the algorithmic management system. I think that employees must
be able to see and access the parameters of the algorithm at any time so that potential biases
can be identified and fixed to avoid something like the bias in the scenario from happening”
(R2). Additionally, individuals expected that AM systems were inflexible and might not

account for all circumstances when assigning work: “While they are efficient, algorithms
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might not account for individual circumstances or nuances, leading to mismanagement or
unfair task assignments” (R4). Additionally, when discriminated against by AM systems,
individuals often referred to AM systems as perpetuating inequalities, which may indicate
that they do not necessarily attribute the discrimination to the AM system itself but rather to
biased data stemming from humans. Here, R117 stated, “If the data that was used to train
the algorithm is biased due to societal prejudices, the system would further strengthen these
biases and amplify them.” Interestingly, even in the group that faced discrimination by AM
systems, respondents still described algorithms as more consistent and objective compared
to humans. Issues associated with AM systems referred rather to inflexibility, opacity, and
impersonal interactions.

Individuals in the HM discrimination groups described AM systems as more
objective and less biased, particularly in contexts where discrimination has historically been
more prevalent. As one respondent stated, “It [the AM system] would in a broad sense be
far less likely to be biased or discriminatory based off multiple factors, like race, religion,
gender, sexual orientation [...] especially for minorities or marginalized members of society
or the workforce” (R108). Regarding human discrimination, many respondents referred to
subconscious bias, noting, “I associate human managers with explicit and implicit bias that
could be conscious or subconscious decisions. It allows certain groups to benefit, but other
groups to suffer” (R145), reflecting that human managers may not be aware of
discriminatory practices. Additionally, respondents often reported fears of bias, favoritism,
inconsistencies, and emotional factors impacting work processes and decision-making. One
respondent stated, “With humans I’'m always going to associate bias, bad decision making,
[and] favoritism” (R142). Similarly, another responded stated, “Human managers may be
influenced by personal preferences, unconscious biases, or emotions” (R156). Additionally,

some respondents reasoned why human managers might discriminate: “Human managers
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can bring emotions into their decisions, which might lead to biases, such as favoring
individuals from their own ethnic group” (R69).

In summary, the qualitative responses revealed that individuals interpret
discriminatory behavior differently depending on whether it originates in human or
algorithmic management. Discrimination by human managers was often seen as stemming
from personal biases directed toward the individual, whereas discrimination by AM systems
was generally perceived as impersonal and group based. One respondent stated, “A human
can have a bias against you. An algorithm is just data. No more or less” (R45). This reflects
the idea that, even if AM and HM discriminate similarly, people may believe that humans
do so intentionally or because they have something against a specific person, whereas
algorithms do not do so intentionally. Further, themes such as favoritism or (unconscious)
“emotional” decisions are likely to be associated with issues deriving from HM, whereas

issues deriving from AM were rather associated with biased data, opacity, and inflexibility.

4.8 Discussion

4.8.1 Main findings and theoretical contributions

The overarching goal of this research was to advance our understanding of how prior
discrimination experiences shape justice perceptions of AM. Consistent with previous
research, we generally found negative relationships between AM use and informational,
interpersonal, and procedural justice (e.g., Hoddinghaus et al., 2021; Lee, 2018).
Furthermore, we found significant interaction effects for prior discrimination experiences,
such that the negative effect of AM use on justice was mitigated if participants had
previously experienced human discrimination. Thus, our results reveal that employees’ prior
discrimination experiences by human managers impacted their justice evaluations, whereas
individuals who had not experienced discrimination before consistently preferred HM. This

may be explained by the model of justice expectations (Bell et al., 2004) and the idea of
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anticipatory injustice (Shapiro & Kirkman, 2001), wherein individuals draw on past
experiences to infer how justly they will be treated in the future, which in turn impacts their
justice evaluations. Our results align with research findings in the context of recruiting, in
which individuals with discrimination experience were more likely to perceive AM
positively (Fleif3 et al., 2024; Koch-Bayram et al., 2023; Schulte Steinberg & Hohenberger,
2023). This may be the case because individuals who have experienced discrimination by a
supervisor in the past may prefer an algorithm’s objectivity and precision (Wang &
Benbasat, 2016; You et al., 2022), leading to the belief that algorithms are less likely to
discriminate compared to a human counterpart.

Interestingly, we did not find the above-described moderating effect regarding prior
algorithmic discrimination. Specifically, in Study 2, individuals who felt discriminated
against by AM systems did not show stronger algorithm aversion. This was replicated, as
Study 3 demonstrates that while discrimination always led to more negative justice
evaluations, this effect was stronger when humans discriminated compared to AM systems.
Consequently, our assumption that, based on the CASA framework (Nass et al., 1994),
discrimination experiences shape justice perceptions independently of the management type,
was not applicable, thus challenging the current understanding and wide applicability of
CASA.

Instead, these results may be explained by different attribution processes regarding
the source of discrimination as reflected in our qualitative data. First, individuals may not
associate algorithmic discrimination solely with the AM system itself but may also consider
other sources of discrimination, such as biased data stemming from humans. Second, most
respondents reflected that they believed AM systems to be more consistent, whereas humans
were believed to “play favorites” (R96) and “be persuaded about a topic” (R125).

Additionally, individuals associated human discrimination with intentional processes and
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seemed to take the discrimination more personally, whereas algorithmic discrimination was
generally believed to be unintentional. This may further be strengthened as individuals often
ruminate after experiencing discrimination to understand why they were treated unjustly
(Crocker et al., 1991). Here, Bigman et al. (2023) suggest that algorithms are often perceived
to possess no motivation to discriminate, because algorithms may be perceived as lacking a
mind compared to humans. Thus, individuals may perceive algorithmic discrimination as
less driven by prejudice, whereas prejudice is more readily assumed when humans
discriminate (Bigman et al., 2023), leading to differing perceptions of discrimination
depending on the source. Overall, this suggests that attribution of intention plays a central
role in how individuals with discrimination experience form justice perceptions.

The finding that algorithmic discrimination was perceived as less severe than human
discrimination may also be explained by the decontextualization associated with algorithms.
Although prior research shows that decontextualization is a driver of negative justice
perceptions regarding algorithmic decision-making (Newman et al., 2020), the perception
that algorithms make decisions without being able to integrate contextual factors, such as
personal characteristics, may lead to the belief that they are not able to discriminate
intentionally (Bonezzi & Ostinelli, 2021). Thus, decontextualization may act as a double-
edged sword: it lowers overall justice evaluations, yet it may also lead individuals to believe

that algorithms lack discriminatory intent.

4.8.2 Practical implications

The results of this study provide several implications for organizations. First, while
the use of AM offers several advantages for organizations, Studies 1 and 2 demonstrate that
algorithm aversion prevails. Organizations should thus thoroughly review which tasks can
be managed by AM and which should remain under human oversight or be conducted by a

human counterpart to minimize potential backlash from employees, such as algoactivism
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(Kellogg et al., 2020). This is particularly relevant for organizations, as employees are less
likely to follow decisions perceived as unjust (Bankins et al., 2022; Lind, 2001).

Second, we found that prior human discrimination experience mitigates negative
justice evaluations of AM. This is a significant insight, as it implies that novel technologies
such as AM may be instrumental in reducing fears of experiencing discrimination again. By
providing a more consistent and objective decision-making process, AM has the potential to
create a workplace environment perceived as more impartial and just. This could be
particularly impactful in settings where human biases have previously led to unequal
treatment.

Third, our results demonstrate that while discrimination experience always led to
negative justice perceptions, individuals perceived human discrimination as worse compared
to algorithmic discrimination. Interestingly, our qualitative responses revealed that even in
the experimental group that faced discrimination by AM systems, respondents still described
AM systems as more consistent and objective than humans. Nevertheless, it is important to
approach this with caution. While AM systems can reduce the subjectivity associated with
human decision-making, they are not immune to biases, especially those that may be
inadvertently embedded in their algorithms (Bonezzi & Ostinelli, 2021). Therefore, the
design and implementation of these technologies must be carefully monitored and regularly
audited for fairness and impartiality. Additionally, the fact that algorithmic discrimination
was perceived as less severe than human discrimination carries the risk that people may not
perceive algorithmic discrimination at all and that the supposed neutrality and objectivity of
algorithms may obscure underlying biases and reduce people’s motivation to question or
challenge unfair outcomes.

Fourth, our findings suggest that discrimination experiences negatively impact

justice perceptions. This highlights the need for organizations to address discrimination
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proactively through clear antidiscrimination policies, transparency in decision-making
processes (including algorithmic systems), and accessible channels for employees to voice
concerns. Such measures can mitigate negative perceptions and rebuild trust, which is
particularly important as our findings show that individuals draw on past experiences to

evaluate justice.

4.8.3 Limitations and future research avenues

Three primary limitations should be considered when interpreting our results. First,
we used experimental approaches that may have led to methodological limitations.
Specifically, we asked participants to imagine that they were facing the scenarios presented
in the studies, potentially undermining external validity. Nevertheless, experimental designs
allow the manipulation of individual variables and measure respective reactions to them
(Aguinis & Bradley, 2014), which would have been difficult to carry out in a field
experiment. Further, as the use of AM in traditional organizations is currently rather
uncommon, it may have been difficult to assess field data at all. However, with an increasing
use of AM systems, field experiments should be conducted in the future to increase external
validity.

Second, in the present paper, we focus solely on prior discrimination experience by
human managers or AM systems. Hence, we did not distinguish different types of
discrimination. Future research could thus focus on different kinds of discrimination, such
as gender discrimination (Schulte Steinberg & Hohenberger, 2023), age discrimination
(Snape & Redman, 2003), or discrimination outside the workplace.

Finally, the three experiments did not empirically test the mechanisms underlying
the observed moderating effects. However, based on our qualitative data, we propose
potential mechanisms that future research could investigate. Specifically, future studies

could examine whether individuals attribute discrimination by humans and algorithms
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differently. This question is particularly relevant, as algorithmic discrimination is often seen
as a byproduct of biased training data or flawed system design (Garcia et al., 2024), factors
perceived as external to the algorithm itself. In contrast, discrimination by human managers
may be viewed as more intentional and less open to reinterpretation. This difference in
attribution could influence how individuals evaluate justice and respond to the respective
forms of discrimination. Additionally, some respondents reasoned that human managers may
discriminate by favoring individuals from their own ethnic or social group, reflecting a form
of in-group favoritism. This perception may help explain why discrimination by AM systems
was viewed as less severe, as AM systems are not perceived as capable of forming such in-
group biases. Future research could explore whether the absence of perceived in-group
favoritism in AM contributes to greater tolerance or less negative reactions to algorithmic

discrimination.

4.9 Conclusion

Our work provides valuable insights for both research and practice regarding
justice perceptions of AM in light of prior discrimination experiences. First, we found that
the implementation of AM is associated negatively with informational, interpersonal, and
procedural justice among employees. This underscores the importance of carefully
considering how such technologies are introduced and managed in the workplace.
Organizations need to be aware of the potential issues that may arise and proactively address
them through transparent communication and inclusive decision-making processes. Second,
our findings reveal that prior human discrimination experiences moderate the relationship
between AM use and justice perceptions. This finding points to the nuanced nature of how
different groups of employees may perceive AM, depending on their past experiences. Third,
as we did not find this moderating effect regarding algorithmic discrimination, the two types

of discrimination seem to be perceived differently. Our qualitative results shed light on
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potential mechanisms by implying that individuals associated human discrimination with
personal issues and favoritism, whereas algorithmic discrimination was perceived as

discriminatory against whole groups, without targeting single individuals.
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Abstract

Algorithmic management (AM) is increasingly adopted in organizations. While AM
can enhance efficiency and accuracy, prior research shows that workers often associate AM
use with reduced autonomy, diminished well-being, and discriminatory decision-making. In
response, some individuals may engage in resistance behaviors (i.e., algoactivism), such as
actively manipulating AM systems. Drawing on the justice model of counterproductive work
behavior and the model of justice expectations, we propose that individuals who have
experienced injustice (i.e., perceived algorithmic discrimination) are more likely to engage
in algoactivism as a way to counteract anticipated future injustices. To test our hypotheses,
we conducted a four-wave survey (n; =276, n> = 200, n3 = 155, ny = 124). The results show
that perceived algorithmic discrimination is positively associated with algoactivism, and that
this relationship is fully mediated by justice expectations and justice evaluations. These
findings underscore the importance of understanding the antecedents of resistance behaviors
in AM contexts and have implications for both worker well-being and organizational
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5.1 Introduction

The use of algorithms within organizations is altering how workers are managed.
Here, algorithmic management (AM) refers to the transfer of coordination and control
functions, traditionally handled by managers, to algorithmic systems (Mohlmann et al.,
2021). AM is a central feature of the platform economy, used primarily to control and match
workers with clients (Benlian et al., 2022). However, the application of AM is increasingly
being extended to traditional organizations (Hirsch et al., 2024), broadening its scope and
impact. While AM offers potential advantages for organizations, such as increased efficiency
and accuracy (Benlian et al., 2022; Kellogg et al., 2020), it is frequently associated with
negative perceptions. These include physical and mental health risks (Deng & Galliers,
2024) and reduced autonomy (Kinowska & Sienkiewicz, 2022). Prior research also shows
that AM systems are often perceived as unjust (e.g., Bankins et al., 2022; Deng & Galliers,
2024; Langer & Landers, 2021). One reason for this may be the presence of discriminatory
practices or biases embedded in algorithmic systems (Kordzadeh & Ghasemaghaei, 2021),
which contribute to the belief that AM systems may perpetuate existing inequalities (Kellogg
et al., 2020).

In response to perceived injustice, workers may engage in resistance behaviors such
as algoactivism, which refers to tactics aimed at influencing or resisting AM systems
(Kellogg et al., 2020). Algoactivism can range from passive forms of resistance, such as
voicing complaints about AM on online platforms (de Jong et al., 2025), to more active
tactics, such as disabling GPS or phones to manipulate work assignments, for example, in
ride-hailing contexts (Jarrahi & Sutherland, 2019). Although worker resistance is not a new
phenomenon in the literature (e.g., Cohen & Diamant, 2019; Hodson, 1995; Kelloway et al.,
2010), findings on counterproductive work behavior in human—human contexts may not

fully apply to AM systems. Specifically, individuals working under AM, especially in the
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platform economy, may not perceive themselves as being directly monitored by a supervisor.
Instead, they may experience a sense of autonomy or see themselves as self-employed (Deng
& Galliers, 2024), which could foster the perception that engaging in algoactivism carries
minimal risk or oversight. Furthermore, AM systems are often characterized by opacity
(Jarrahi et al., 2021; Mohlmann et al., 2023), which may prompt workers to make sense of
how algorithms function. This understanding, in turn, enables them to engage in
algoactivism, as it requires at least some knowledge of the algorithm’s functionalities
(Cobonpue et al., 2024).

While prior research has focused on examining AM characteristics and workers’
sensemaking of AM systems (e.g., Jarrahi et al., 2021; Jarrahi & Sutherland, 2019;
Mohlmann et al., 2023), as well as describing algoactivism (e.g., Cobonpue et al., 2024), the
mechanisms underlying algoactivism have yet to be empirically tested. Examining the
motivations behind algoactivism is particularly important, as a lack of theoretical
understanding risks fragmenting the research landscape and makes it difficult to compare
empirical findings across studies. This gap is especially significant given the novel dynamics
of worker resistance in AM contexts and the uncertainty over whether traditional theories of
resistance, developed in human-human contexts, are applicable to human—algorithm
interactions. To address this gap, we examine the relationship between prior experiences of
injustice (i.e., feeling discriminated against), justice expectations, justice evaluations, and
their impact on algoactivism.

Second, from a practical perspective, when organizations fail to understand the
motivations behind resistance behaviors, they struggle to address the root causes. Moreover,
resistance behaviors often spread within and across organizations, altering prevailing values,
norms, and behaviors (Searle, 2022). In the case of algoactivism, this spread is already

observable on several online platforms, where, for instance, ride-hailing drivers express
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complaints about AM systems and share tips on how to manipulate them (de Jong et al.,
2025), potentially encouraging others to adopt similar behaviors. Given the serious
consequences of algoactivism for organizations, such as reputational damage when
customers are mistreated, or the risks posed by active manipulation of algorithms (Cobonpue
et al., 2024), it is critical to understand the conditions under which algoactivism occurs.

Third, examining the mechanisms underlying algoactivism is essential because these
practices are associated with negative outcomes for both workers and organizations. At the
individual level, worker resistance is linked to decreased well-being and increased burnout
symptoms (Searle, 2022), which are themselves associated with lower job performance
(Corbeanu et al., 2023). At the organizational level, worker resistance is positively
associated with turnover intention and negatively associated with productivity, profit, and
customer satisfaction (Carpenter et al., 2021). By understanding the drivers of algoactivism,
organizations can develop mitigation strategies to reduce its occurrence and associated
harms. In sum, resistance behaviors have detrimental effects at both the individual and
organizational levels, making it essential to understand what drives such behaviors in
human—algorithm contexts. This need is particularly urgent given the expanding use of AM
beyond platform-based companies into traditional organizations. Only by understanding
why individuals engage in algoactivism can we develop both theoretical insights and
practical recommendations for addressing it. To address these concerns, we ask:

Research question: How do perceived algorithmic discrimination, justice
expectations, and justice evaluations impact algoactivism within organizations?

To offer a theoretical understanding of algoactivism, we draw on the justice model
of counterproductive work behavior (Cohen & Diamant, 2019), which is rooted in equity
theory (Adams, 1963). This model provides a framework for understanding how perceptions

of workplace mistreatment, such as ostracism or discrimination, can lead to resistance
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behaviors like sabotage or theft, or in the context of AM, to algoactivism. The justice model
of counterproductive work behavior is particularly relevant to our study, as it highlights the
role of justice expectations in shaping worker behavior, suggesting that individuals are more
likely to resist when they expect or perceive unjust treatment based on prior experiences of
injustice (Kim et al., 2023). In our study, we conceptualize perceived algorithmic
discrimination as a specific and salient form of injustice. Given that AM systems have
previously been associated with discriminatory practices (Kellogg et al., 2020), we thus
examine perceived algorithmic discrimination as a key experience that shapes individuals’
justice expectations and evaluations, which in turn influence their resistance behaviors. To
investigate these relationships, we conducted a four-wave survey among workers who
regularly interact with AM systems in their daily work. In doing so, we offer three main
contributions.

First, we offer a theoretical understanding of the mechanisms underlying
algoactivism. Drawing on the justice model of counterproductive work behavior (Cohen &
Diamant, 2019), we theorize and test perceived algorithmic discrimination, justice
expectations, and subsequent justice evaluations as factors impacting algoactivism. In doing
so, we extend traditional theories of worker resistance, developed in human—human contexts,
to the emerging human—algorithm context. Second, we provide empirical insights by
conducting a four-wave survey among workers who regularly interact with AM systems. By
leveraging a four-wave survey design, we capture how workers’ justice expectations and
evaluations evolve over time and how these perceptions shape their resistance behaviors.
Our study thus moves beyond prior research that primarily relies on cross-sectional or
qualitative data, offering a more nuanced understanding of the mechanisms underlying
algoactivism. Third, we highlight the practical implications of algoactivism for

organizations. Our findings indicate that worker resistance in algorithmic contexts is driven
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not only by perceived injustices but also by evolving justice perceptions. By understanding
the mechanisms underlying algoactivism, organizations can develop targeted mitigation
strategies. Specifically, enhancing algorithmic transparency, ensuring fairness in algorithmic
decision-making, and involving workers in the design of AM systems may help reduce

resistance behaviors and their negative effects.

5.2 Theoretical background and hypotheses development

5.2.1 Algoactivism

Algoactivism refers to tactics aimed at exercising individual or collective resistance
against AM systems (Kellogg et al., 2020). Although organizations are familiar with non-
cooperation and other forms of resistance, workers may engage in resistance behaviors
differently when interacting with AM systems rather than a human manager. In the context
of AM, algoactivism can be divided into four categories: (1) individual practical action, (2)
platform organization, (3) discursive framing, and (4) legal mobilization (Kellogg et al.,
2020). Prior research demonstrates that workers may actively manipulate AM systems by
observing the inputs and outputs of the algorithm. Based on this knowledge, individuals may
adjust their behavior to improve outcomes (Jarrahi & Sutherland, 2019). In ride-hailing
contexts, for instance, workers might avoid algorithmic tracking by logging off to prevent
long journeys (Kellogg et al., 2020), influence customers to give them higher ratings
(Cobonpue et al., 2024), or decline poorly paid jobs (Deng & Galliers, 2024).

Cobonpue et al. (2024) describe four “triggers” for algoactivism in the context of
platform organizations. First, work environment tensions, such as conflicts between job
autonomy and supervision, may increase the likelihood of engaging in algoactivism. Second,
tensions between transparency and opacity may also prompt resistance, as workers may feel
exploited when algorithmic rewards or punishments are opaque or incomprehensible. Third,

customer conflicts and economic triggers, such as low piece rates, can drive workers toward
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resistance behaviors. Fourth, the transfer of risks traditionally borne by employers, for
example, health risks during the COVID-19 pandemic, is increasingly shifted onto workers,
which may further drive algoactivism. Although these triggers may be specific to the
platform economy, the broader notion that certain management practices can provoke
worker resistance has also been documented in traditional organizations (Carpenter et al.,
2021).

Theoretically, these patterns can be explained by workers’ perceptions of such
triggers. The justice model of counterproductive work behavior (Cohen & Diamant, 2019)
suggests that individuals are more likely to engage in resistance behaviors in response to
perceived injustice. These responses are often attempts to restore equity (Adams, 1963;
Cohen & Diamant, 2019), a concept supported both meta-analytically (Colquitt et al., 2013)
and empirically, as studies show that perceived injustice predicts counterproductive work
behavior (Priesemuth et al., 2013). Building on these findings, we propose that algoactivism
may be a consequence of perceived injustice in the workplace, particularly in the form of
algorithmic discrimination. This aligns with the idea that specific management practices can
trigger algoactivism (Cobonpue et al., 2024). We suggest that these triggers may lead
workers to feel unjustly treated and, as a result, to engage in algoactivism as a means of

restoring equity and guarding against future violations.

5.2.2 Discrimination experiences

Discrimination refers to the unequal treatment of individuals or groups based on
prejudice (Allport et al., 1954). This behavior often stems from both explicit and implicit
biases that target characteristics such as race, gender, age, religion, sexual orientation, or
disability. In the workplace, discrimination can have detrimental consequences for both
employees and organizations (Sanchez & Brock, 1996). Perceived discrimination is

positively associated with feelings of powerlessness, stress, health problems, and turnover
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intentions (Dipboye & Colella, 2013). Furthermore, victims of discrimination often seek to
understand the reasons behind their experiences (Snape & Redman, 2003), which can further
increase emotional and cognitive stress. At the organizational level, perceived discrimination
may lead to greater resistance behaviors (Follmer et al., 2023; Sanchez & Brock, 1996)
ultimately affecting organizational outcomes.

In the context of AM, workers may experience a form of discrimination that
originates from the systems themselves (Kellogg et al., 2020). This type of discrimination
can manifest, among other ways, through gender or racial stereotyping embedded in
algorithmic processes (Kellogg et al., 2020). Such discrimination may stem from multiple
sources, including biased training data, organizational specifications, and sampling methods
used during the algorithm’s development (Garcia et al., 2024). Importantly, workers often
have limited avenues to challenge or correct these perceived injustices, which can further
motivate forms of resistance like algoactivism (Kellogg et al., 2020).

To better understand this phenomenon, it is important to distinguish the sources of
perceived discrimination. Workers may attribute discrimination to several factors: the
system’s developers, the organization implementing the system, human biases embedded in
training data (Garcia et al., 2024), or the AM system itself. In this study, we define perceived
algorithmic discrimination as the belief that an algorithmic system denies equal treatment to
a person or group. Specifically, it refers to a form of discrimination in which individuals
view the AM system itself—rather than human bias, developers, or the organization—as the
primary source of discriminatory treatment.

According to the justice model of counterproductive work behavior (Cohen &
Diamant, 2019), individuals compare their inputs to the outputs they receive compared to
others. Here, perceived imbalance might lead to feeling treated unjustly. This perceived

injustice can, in turn, lead to resistance behaviors aimed at restoring equity or retaliating
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against anticipated future mistreatment (Cohen & Diamant, 2019). In the context of AM,
this restoration of justice may manifest as resistance behaviors like algoactivism. By
engaging in algoactivism, individuals may attempt to correct perceived imbalances, thereby
re-establishing a sense of justice. We thus hypothesize:

Hypothesis 1: Perceived algorithmic discrimination is positively associated with

algoactivism.

5.2.3 Justice and anticipatory injustice

In organizational settings, justice is defined as “the degree to which one’s company
or top management is perceived to act consistently, equitably, respectfully, and truthfully in
decision contexts” (Colquitt & Rodell, 2015, p. 188) and is commonly categorized into
distributive, procedural, informational, and interpersonal justice (Colquitt, 2001). For
organizations, justice is of high importance, as it is associated with severe consequences.
Specifically, workers are more likely to accept and comply with decisions they perceive as
fair (Lind, 2001), and perceptions of justice are associated with important organizational
outcomes such as turnover and job performance (Moon, 2017).

The model of justice expectations (Bell et al., 2004) and the concept of anticipatory
injustice (Shapiro & Kirkman, 2001) help explain how justice evaluations are formed in
organizational contexts. According to Bell et al. (2004), individuals develop justice
expectations based on past treatment, which in turn shape how they evaluate justice in future
interactions. This aligns with Shapiro and Kirkman’s (2001) idea of anticipatory injustice,
which suggests that individuals who have experienced unjust treatment in the past are more
likely to expect and perceive similar treatment in the future. This process is grounded in
confirmatory bias (Snyder & Swann, 1978), which posits that people tend to interpret new
information in ways that confirm their existing beliefs. Supporting this view, Sanchez and

Brock (1996) empirically showed that individuals who have experienced workplace
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discrimination are more likely to anticipate and detect discriminatory treatment than those
without such prior experiences.

When individuals have perceived discrimination in the past, they may develop
expectations of future unjust or discriminatory treatment. These expectations can persist
regardless of the actual actions or intentions of supervisors, organizations, or, by extension,
algorithms. Drawing on theories originally developed in human—human contexts, we argue
that these dynamics also apply to human—algorithm interactions. The computers-are-social-
actors (CASA) framework (Nass & Moon, 2000; Nass et al., 1994) suggests that individuals
tend to interact with technologies, such as AM systems, as if they were interacting with
human agents (Gambino et al., 2020). According to this perspective, people unconsciously
apply the same social norms and interactional expectations to technology that they do in
human relationships. As a result, individuals may project expectations of injustice onto
algorithms, treating them as social actors capable of discriminatory behavior. We therefore
propose that individuals form justice expectations based on prior experiences of perceived
algorithmic discrimination and use these expectations to evaluate how justly they believe
they will be treated. If individuals have felt discriminated against in the past, we suggest they
are more likely to expect unjust treatment again. Hence, we propose:

Hypothesis 2: Perceived algorithmic discrimination is negatively associated with
Jjustice expectations.

Furthermore, we propose that justice expectations impact justice evaluations.
Consistent with confirmatory bias (Snyder & Swann, 1978) and the concept of anticipatory
injustice (Shapiro & Kirkman, 2001), individuals are more likely to interpret experiences in
ways that confirm their existing (justice) expectations. Accordingly, if individuals expect to
be treated justly, they may be more likely to interpret outcomes as just. We thus propose:

Hypothesis 3: Justice expectations are positively associated with justice evaluations.
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According to the justice model of counterproductive work behavior (Cohen &
Diamant, 2019), individuals seek to restore balance when they perceive disparities between
their inputs (e.g., effort, compliance) and outputs (e.g., rewards, opportunities). In the
context of AM, such imbalances can trigger resistance behaviors, including algoactivism.
Specifically, individuals may engage in tactics such as withholding data, manipulating
algorithmic inputs, or voicing complaints on online platforms to regain a sense of justice
(Cobonpue et al., 2024; de Jong et al., 2025). Negative justice evaluations thus function as a
psychological mechanism that motivates workers to push back against AM systems.
Conversely, when individuals feel they have been treated justly, there is little or no need to
counteract future violations or restore equity, making them less likely to engage in
algoactivism. We therefore propose:

Hypothesis 4: Justice evaluations are negatively associated with algoactivism.

Based on the model of justice expectations (Bell et al., 2004) and the concept of
anticipatory injustice (Shapiro & Kirkman, 2001), we propose that both justice expectations
and justice evaluations mediate the relationship between perceived algorithmic
discrimination and algoactivism. Individuals who have experienced injustice in the past,
specifically through encounters with algorithmic discrimination, are likely to develop lower
justice expectations based on these experiences, which in turn reduce their justice
evaluations. Decreased justice expectations and evaluations may then drive resistance
behaviors as individuals attempt to counteract potential future violations and restore a sense
of justice (Cohen & Diamant, 2019). We thus propose the following hypothesis:

Hypothesis 5: (a) Justice expectations and (b) justice evaluations mediate the
relationship between perceived algorithmic discrimination and algoactivism.

The research model and hypotheses are depicted in Figure 5-1.
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Figure 5-1: Research model
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Note. Control variables (not depicted): Age, gender, ethnic background, social desirability.

5.3 Method
To test our research model (Figure 5-1), we collected data across four waves and
analyzed it using covariance-based structural equation modeling (SEM) with the lavaan

package in R (Rosseel, 2012).

5.3.1 Data collection and sample

We collected data from the U.S. working population using Prolific Academic, an
online platform for participant recruitment. To include only participants with experience
using AM systems, we followed the approach of Becker (2025) and Alizadeh et al. (2023),
using a screening item to assess whether participants were exposed to AM systems; only
those who confirmed exposure were allowed to proceed with the survey. Before data
collection began, we provided each participant with a definition of AM systems along with
examples. This ensured a shared understanding, even when AM systems were referred to
differently in participants’ respective workplaces. We also informed participants that the
survey focused on their personal experiences with AM systems.

To mitigate common method bias (Podsakoff et al., 2003), we collected data at four
separate time points, allowing us to assess all variables over time. Participants were

contacted for subsequent survey waves at five-day intervals. We used participants’ unique
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Prolific IDs to contact them and anonymously match their responses across all waves.
Perceived algorithmic discrimination, control variables, and demographic information were
assessed at ti; justice expectations at tp; justice evaluations at t3; and algoactivism at ts. We
directly excluded all participants that failed any of the attention checks. In total, 276
participants completed the first questionnaire, 200 completed the second, 155 completed the
third, and 124 completed the fourth. Following the approach of Edwards et al. (2024), we
used full-information maximum likelihood (FIML) to address attrition across data collection
points. FIML leverages all available data, enhancing statistical power, reducing bias in
parameter estimates, and lowering Type I error rates compared to listwise deletion (Enders
& Bandalos, 2001). Accordingly, our final analysis included all 276 participants
(Muge = 37.28, SDuge = 11.37; female = 52.54%, other = 0.01%)).

To assess potential effects related to attrition, we conducted z-tests to compare
demographic variables between participants who completed all four waves and those who
only participated in the first wave. We found no significant differences in gender, education,
income, or ethnic background. However, we did find a significant difference in age, (F(1,
274)=5.41, p=.02), with participants who only completed the first wave (n=77;
M =34.66, SD=11.27) being younger than those who completed at least two waves
(n=199; M =38.30, SD = 11.78). Accordingly, we included age as a control variable in all

subsequent analyses.

5.3.2 Measures

We used multi-item scales to assess our constructs. To measure perceived
algorithmic discrimination, we adapted the perceived personal discrimination scale
developed by Schulte Steinberg and Hohenberger (2023), modifying the items to specifically
address discrimination by AM systems. A sample item is: “Prejudice against specific groups

has affected me personally due to the actions or decisions of an automated management
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system.” To measure justice expectations and justice evaluations, we used a scale developed
by Wang et al. (2023), adapting the items to consistently refer to “automated management
system.” A sample item for justice expectations is: “I expect that decisions made by the
automated management system are applied consistently.” The same items were used to
assess justice evaluations, with the phrase “I expect that” removed. We operationalized
algoactivism using the active resistance subdimension of the algorithmic resistance scale
developed by de Jong et al. (2024). A sample item is: “I deliberately change my behavior to
make sure the automated management system does not punish me.”

We included age, gender, and ethnic background as control variables to examine the
impact of perceived algorithmic discrimination beyond these personal characteristics.
Following Koch-Bayram et al. (2023), we operationalized ethnic background as a dummy
variable, using participants who identified as “White” as the reference group in comparison
to other ethnic groups (e.g., Hispanic, Black, Asian). We also controlled for social
desirability, as individuals scoring high on this trait may be less likely to report engagement
in algoactivism. To assess this, we used the short version of the Marlowe-Crowne Social
Desirability Scale (Strahan & Gerbasi, 1972). All of our scales exceeded the Cronbach’s
alpha threshold of .70 (Cortina, 1993; perceived algorithmic discrimination: o = .95; justice
expectations: a = .90; justice evaluations: a = .87; algoactivism: a = .95; social desirability:
o=.72).

To confirm validity criteria, we conducted a confirmatory factor analysis. The results
indicated a satisfactory fit (> =288.51, df=224, y’/df=129, p < .001, CFI=.97,
RMSEA = .03, SRMR =.05; Hair et al., 2014). The average variance extracted (AVE) for
all constructs exceeded the recommended threshold of .50 (perceived algorithmic
discrimination = .84, justice expectations = .67, justice evaluations = .58,

algoactivism = .69; Fornell & Larcker, 1981). Composite reliabilities are above .50
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(perceived algorithmic discrimination = .95; justice expectations = .91; justice evaluations =
.87, algoactivism = .95; Bagozzi & Y1, 1988). Discriminant validity is given for all constructs
as the average variance extracted exceeds squared correlations with other constructs (Fornell
& Larcker, 1981). Table 5-1 presents the means, standard deviations, and correlations among

all study variables.

Table 5-1: Means, standard deviations, and correlations

Variable M SD 1 2 3 4 5 6 7
2. Justice Expectations 6.07 1.04 27"

3. Justice Evaluations 5.38 112 -26" 50"

4. Algoactivism 2.68 1.51 23" 17 28"

5. Age 37.28 11.73 .00 .05 -18" -.06

6. Gender 0.53 0.50 -.10 15" -.07 -.18" .09

7. Ethnic Background 0.50 0.50 -.09 .03 -.04 -.03 A1 .04

8. Social Desirability 4.40 096 -21" 13 200 =227 .03 -.03 —-15

Note. M and SD represent mean and standard deviation, respectively. Reference group, Gender: male (= 0).
Reference group, ethnic background: individuals who identify themselves as “white” (= 0). * Indicates p < .05.
** indicates p < .01.

5.4 Results

5.4.1 SEM results

In order to test hypothesis 1, we conducted a structural equation model (SEM)
examining the relationship between perceived algorithmic discrimination and algoactivism,
including all control variables. The model showed a good fit (°=136.79, df=112,
1ldf=122,p<.001, CFI = .98, RMSEA = .03, SRMR = .06; Hair et al., 2014). The results
demonstrated a significant positive relationship between perceived algorithmic
discrimination and algoactivism ( = .23, p =.036), supporting hypothesis 1. None of the
control variables were significantly associated with algoactivism.

We then calculated a second SEM, including justice expectations and justice

evaluations as mediators to test the full serial mediation depicted in Figure 5-2. This model
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also demonstrated satisfactory fit (> =422.12, df'= 306, x°/df=1.38, p < .001, CFI = .95,
RMSEA = .04, SRMR =.07; Hair et al., 2014). We found a significant negative effect of
perceived algorithmic discrimination on justice expectations ( = —.28, p = .002), supporting
hypothesis 2. Additionally, justice expectations were positively associated with justice
evaluations (= .56, p < .001), supporting Hypothesis 3. Justice evaluations, in turn, were
negatively associated with algoactivism (f =—.27, p = .014), supporting hypothesis 4.
Regarding indirect effects, perceived algorithmic discrimination negatively affected
justice evaluations via justice expectations (f=—.16, p =.007). Justice expectations also
negatively impacted algoactivism via justice evaluations (p=—.15, p =.014). The serial
mediation from perceived algorithmic discrimination to algoactivism through justice
expectations and justice evaluations was also significant (B =.04, p =.048), supporting
hypotheses 5a and 5b. After including the mediators, the direct relationship between
perceived algorithmic discrimination and algoactivism was insignificant (B = .16, p = .150),
indicating full mediation. In summary, all hypotheses were supported. Regarding control
variables, we found that gender significantly predicted justice expectations (f=.14,
p =.049) and justice evaluations (B=—.17, p=.019). Age was negatively associated with
justice evaluations (B =—.21, p =.008). Ethnic background and social desirability did not

show any significant effects. The results are depicted in Table 5-2 and Figure 5-2.
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Table 5-2: SEM results

Path

Hypothesized effects B SE B p
Algorithmic discrimination — Algoactivism 17 (.12) .16 150
Algorithmic discrimination — Justice expectations =30 (10" -28 .002
Justice expectations — Justice evaluations .67 (12)” 56 <001
Justice evaluations — Algoactivism -.23 (10" =27 .014
Algorithmic discrimination — Justice expectations — justice =20 (07" —.16 .007
evaluations

Justice expectations — Justice evaluations — Algoactivism —.16 (06)"  —15 .014
Algorithmic discrimination — Justice expectations — Justice .05 (.02) .04 .048

evaluations — Algoactivism

Control effects

Age — Justice expectations .00 (.01) .04 578
Age — Justice evaluations -.02 on™ =21 .008
Age — Algoactivism —-.01 .0o1) -.09 362
Gender — Justice expectations .30 (.15)" 14 .049
Gender — Justice evaluations —44 (.19)" -17 .019
Gender — Algoactivism =37 (.19) —17 .051
Ethnic Background — Justice expectations .04 (.15) .02 796
Ethnic Background — Justice evaluations .01 (.20) .01 953
Ethnic Background — Algoactivism -.03 (.20) -.02 .875
Social Desirability — Justice expectations A1 (.08) 10 181
Social Desirability — Justice evaluations .20 (.11) 15 .072
Social Desirability — Algoactivism -17 (.10) —15 .090

Note. B =unstandardized effect, SE = standard error, § = standardized effect. Reference group, Gender: male (=
0). Reference group, ethnic background: individuals who identify themselves as “white” (= 0)." Indicates p < .05.
" indicates p < .01.

Figure 5-2: SEM results

Justice
evaluations

Justice
expectations

-.28" -27

Perceived
algorithmic
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Note. Control variables (not depicted): Age, gender, ethnic background, social desirability. * indicates p < .01,
" indicates p < .05.
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5.5 Discussion

5.5.1 Main findings and theoretical contributions

Our research advances the understanding of the antecedents of algoactivism. The
findings demonstrate that individuals who have experienced algorithmic discrimination are
more likely to engage in algoactivism, and that this relationship is fully mediated by the
proposed mediators justice expectations and justice evaluations. These findings align with
the model of justice expectations (Bell et al., 2004) and the concept of anticipatory injustice
(Shapiro & Kirkman, 2001), which suggest that individuals who have encountered unjust
treatment in the past—such as discrimination—use these experiences to infer how justly they
will be treated in the future. In line with Shapiro and Kirkman’s (2001) notion of anticipatory
injustice, individuals who expect to be treated unjustly again are more likely to perceive and
detect future violations. This is evidenced in the present study by the significant negative
relationship between prior experiences of algorithmic discrimination and expectations of
justice. These findings challenge previous research, which often overlooks the role of
individuals’ past experiences and expectations in shaping justice evaluations of AM systems
or related behavioral responses such as algoactivism. By demonstrating that previous
experiences and justice-related expectations shape justice evaluations, our research
contributes to the literature by emphasizing the importance of temporally embedded
perceptions in understanding how individuals respond to AM.

Interestingly, the model of justice expectations (Bell et al., 2004) and the concept of
anticipatory injustice (Shapiro & Kirkman, 2001), originally developed in the context of
human—human interactions, also appear to apply to interactions with AM systems. This
finding is consistent with the CASA framework, which suggests that humans apply the same
interactional rules used in interpersonal relationships to their interactions with computers

and algorithms (Gambino et al., 2020; Nass & Moon, 2000; Reeves & Nass, 1996). As such,
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the CASA framework provides a theoretical rationale for why expectations and perceptions
shaped in human—human contexts may similarly influence engagement with AM systems.
Accordingly, individuals may not only anticipate discriminatory behavior from human
supervisors but may also project similar expectations onto algorithmic systems, perceiving
them as capable of unjust or biased decision-making.

Regarding algoactivism, we found both a direct positive relationship between
perceived algorithmic discrimination and algoactivism, as well as an indirect relationship
mediated by justice expectations and justice evaluations. The direct relationship can be
explained by the justice model of counterproductive work behavior (Cohen & Diamant,
2019), which suggests that individuals who feel treated unjustly, such as through
discrimination, engage in behaviors aimed at restoring justice or taking revenge. In terms of
the indirect effects, experiences of discrimination may reduce individuals’ expectations of
being treated justly in the future, which in turn influences their justice evaluations. This is
consistent with the concept of anticipatory injustice (Shapiro & Kirkman, 2001), whereby
individuals who expect future mistreatment are more likely to interpret subsequent
interactions as unjust. As a result, they may engage in algoactivism to preemptively
counteract expected future violations.

Taken together, our findings demonstrate that individuals who perceive algorithmic
discrimination are more likely to engage in algoactivism as a means of restoring justice. This
pattern aligns with the justice model of counterproductive work behavior (Cohen & Diamant,
2019), the model of justice expectations (Bell et al., 2004), and the concept of anticipatory
injustice (Shapiro & Kirkman, 2001). Notably, although these theories were originally
developed in human-human contexts, our results support their applicability in human—

algorithm interactions.
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5.5.2 Practical implications

Our results reveal several important practical implications for organizations. First,
when discrimination is apparent, it is essential to identify its source. Workers may experience
discrimination because the AM systems in use are in fact discriminatory, for example, due
to historical data that reflects biased patterns (Kellogg et al., 2020). In such cases,
organizations must take proactive steps to identify and address perceived algorithmic
discrimination. This can be achieved through regular audits of AM systems to ensure fairness
and eliminate biases, particularly those involving sensitive data.

Second, workers may perceive discrimination because they attribute algorithmic
decisions to biased treatment, even when the systems themselves are not explicitly
discriminatory. This may occur when individuals have experienced discrimination in the past
and, consistent with anticipatory injustice (Shapiro & Kirkman, 2001), expect to be treated
unjustly again. Such attribution is more likely when algorithmic decisions are ambiguous or
difficult to interpret. This aligns with the triggers of algoactivism proposed by Cobonpue et
al. (2024), who argue that tensions between transparency and opacity in AM systems can
drive resistance. When decisions lack transparency, individuals may be more likely to infer
discriminatory intent. Increasing the transparency of algorithmic evaluation processes can
therefore help mitigate these misattributions. Transparent systems can reduce the likelihood
that employees feel unjustly treated, which in turn may reduce the engagement in resistance
behaviors such as algoactivism.

Third, given that perceived injustice leads to resistance, organizations should
implement strategies to restore justice. This includes creating formal channels for employees
to provide input and feedback on algorithmic decision-making processes and ensuring that
concerns about discriminatory practices are addressed promptly and transparently. In

practice, workers have already begun forming platforms to share information about AM
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systems, their functions, and resistance behaviors (de Jong et al., 2024). Organizations and
system developers can benefit by engaging with these discussions and incorporating
employee feedback into system design. Doing so may help reduce algoactivism, benefiting

both organizational performance and employee well-being.

5.5.3 Limitations and future research avenues

Four primary limitations should be considered when interpreting our results. First,
one limitation of our study lies in the potential impact of social desirability bias on self-
reported data. As shown in Table 5-1, several study constructs were significantly correlated
with social desirability. Specifically, we found a negative association between social
desirability and prior algorithmic discrimination experience, suggesting that individuals high
in social desirability may be less inclined to report experiences of discrimination. This may
be because disclosing such experiences could reflect negatively on their employer or the AM
system in place. Similarly, social desirability was negatively correlated with algoactivism
and positively correlated with justice evaluations, implying that those higher in social
desirability may report higher justice perceptions and lower engagement in resistance
behaviors. These patterns indicate that social desirability may distort the accuracy of self-
reported data on sensitive topics such as justice, perceived algorithmic discrimination, and
resistance behaviors. To address this limitation, future research should consider alternative
data collection methods that mitigate the effects of social desirability bias. For example,
behavioral or observational data on algoactivism may yield more objective insights into
resistance practices.

Second, we focused on perceived algorithmic discrimination in general and did not
distinguish between specific types, such as gender-based discrimination (Schulte Steinberg
& Hohenberger, 2023) or age-based discrimination (Snape & Redman, 2003). Future

research should explore how different forms of discrimination, as well as demographic
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variables, impact justice expectations and evaluations, and consequently, resistance
behaviors like algoactivism. Similarly, we assessed justice expectations and evaluations as
single, global constructs and did not differentiate between the four established
subdimensions of organizational justice (i.e., interpersonal, informational, procedural, and
distributive justice; Colquitt, 2001). Future research could examine whether specific justice
subdimensions act as mediators in the relationship between perceived algorithmic
discrimination and resistance. With knowledge on specific subdimensions, it might be easier
for organizations to target injustice specifically, for example by increasing transparency
when negative evaluations of informational justice are apparent. Additionally, while our
analysis focused on individual-level algoactivism, collective resistance practices, such as
coordinated strikes or organized algorithmic manipulation via worker forums, are well-
documented (Cobonpue et al., 2024; Kellogg et al., 2020). Given that algorithmic
discrimination often disproportionately affects marginalized groups (e.g., through biased
rating systems), future research should examine how collective sensemaking and group-
based resistance interact with systemic algorithmic biases.

Third, although we recruited participants from the U.S. working population who
reported experience with AM systems, we relied on self-reports collected via an online
survey. While we did include several screening and open-ended questions to confirm AM
exposure (e.g., job type, management structure), we cannot fully guarantee the comparability
of participants’ experiences with AM systems. Future studies could strengthen internal
validity by conducting field research to verify AM exposure and ensure consistent
experience among participants. Nonetheless, the diversity of our sample and the consistent
support for all hypotheses may suggest a degree of generalizability compared to using a

sample from workers of a single company.
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Fourth, the study did not explore whether any variables moderated the proposed
relationships. As a result, we were unable to assess variables that may strengthen or weaken
the associations between perceived algorithmic discrimination, justice mechanisms, and
algoactivism. However, research from human-human contexts has identified several
relevant moderators of resistance behaviors that may be applicable in human—algorithm
contexts as well. For instance, personality traits may play a role; prior research has shown
that conscientiousness is negatively associated with resistance behaviors (Jensen & Patel,
2011). This presents an avenue for future studies to explore. Notably, our results showed a
negative relationship between female gender and reported algoactivism. Since prior research
has found that women tend to score higher in conscientiousness than men (e.g., Keiser et al.,
2016; Vianello et al., 2013), it is possible that personality traits such as conscientiousness
may already be reflected in our findings. Further research is needed to explore such

moderating effects directly.

5.6 Conclusion

Our findings highlight the detrimental effects of perceived discrimination in the
workplace, particularly its potential to trigger resistance behaviors such as algoactivism.
Specifically, individuals who have experienced algorithmic discrimination are more likely
to engage in algoactivism, a relationship driven by diminished justice expectations and
justice evaluations. These results demonstrate that justice expectations and norms, originally
developed in the context of human—human interactions, are also applicable in human—
algorithm contexts. This study contributes to the growing literature on algorithmic
management by identifying the psychological mechanisms that underlie the relationship
between perceived algorithmic discrimination and resistance behavior. In doing so, it
extends established organizational justice theories into the domain of human—algorithm

interaction. From a practical perspective, our findings underscore the importance of
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increasing algorithmic transparency, ensuring fairness in algorithmic decision-making
processes, and establishing effective communication channels for employees to voice
concerns. Addressing these areas may help organizations reduce perceived injustice and
mitigate resistance behaviors such as algoactivism. While this study provides a robust
foundation, future research should address its limitations, particularly by examining different
dimensions of justice, to deepen our understanding of the drivers and dynamics of

algoactivism.
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6 Conclusion of the dissertation

This dissertation presented four essays aiming for a deeper understanding of the
perceptions of ADM and their boundary conditions, including (1) interaction characteristics,
(2) interventions to address algorithm aversion, and (3) prior discrimination experiences, as
well as (4) subsequent responses, including algoactivism. Based on the SOR model
(Mehrabian & Russell, 1974), the presented essays explored the perceptions of ADM (i.e.,
justice, fairness, trust, trustworthiness, affective reactions) and the subsequent responses
(i.e., algoactivism, pursuit intention, organizational attractiveness). Through a meta-analysis
(Essay 1), four vignette-based experiments (Essays Il and III), and a four-wave survey (Essay

IV), this dissertation contributes to a nuanced understanding of these relationships.

6.1 Summary of the research findings

Essay I presented a meta-analysis on reactions to ADM use in the HRM domain and
proposed an overarching theoretical model to explain these reactions and their boundary
conditions. Comprising 53 studies with 73 samples (n = 24,578), the results indicated that
ADM use was negatively associated with system-related reactions (i.e., justice, fairness,
trust, trustworthiness) and organization-related reactions (i.e., organizational attractiveness,
pursuit intention), demonstrating that algorithm aversion is more prevalent in the HRM
context. Moreover, findings on boundary conditions suggested that negative reactions were
more likely to occur when decisions are automated, than when decisions are augmented. The
results indicated that individuals also reacted more negatively when they were confronted
with ADM decisions than when they collaborated with ADM systems. Based on the CASA
framework (Nass & Moon, 2000; Reeves & Nass, 1996), Essay I reasons that theories
originally used in human—human contexts can also be applied in human—algorithm contexts,
as humans interact with algorithms as if they engage with other humans. From the meta-

analytical synthesis and the overarching theoretical model, Essay I concludes several
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implications for future research, such as examining the impact of cultural differences and
interventions that focus on successful human—algorithm collaboration.

Based on the future research avenues identified in Essay I, Essay II used a vignette-
based experiment (n = 483) to examine the effectiveness of trust-building interventions (i.e.,
transparency and a human-in-the-loop design) depending on outcome favorability. The
results revealed that, when applicants were rejected, ADM use was negatively associated
with trust. This relationship was positively impacted by transparency, whereas this effect
was not evident in the participant group that was accepted. Conversely, when applicants
were accepted, they did not perceive a significant difference between a human manager and
ADM, and even experienced algorithm appreciation when a human-in-the-loop design was
used. This effect was not evident in the group that was rejected. Consistent with attribution
theory (Weiner, 1985) and self-serving bias (Zuckerman, 1979), these results indicate that
individuals are more likely to question the application process, and thus the decision entity,
when they receive a rejection, as failure is more often attributed to external causes.

Essay III investigated prior discrimination experience as a boundary condition
impacting justice perceptions of ADM. Two vignette experiments (n; = 82, ny = 83)
demonstrated that prior human discrimination lowered algorithm aversion, whereas prior
algorithmic discrimination did not impact justice perceptions. The third follow-up study (73
= 216) compared both types of discrimination and demonstrated that human discrimination
had a greater impact on justice perceptions than algorithmic discrimination. Open-ended
qualitative responses indicated that individuals interpret discriminatory behavior differently
depending on whether it stems from humans or algorithms. Discrimination by humans was
often perceived as driven by personal biases directed at the individual, whereas
discrimination by algorithmic systems was generally seen as impersonal and as targeting

broader groups, which might explain the differences in reactions.
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Essay IV used a four-wave survey (n; =276, n2 =200, n;3 =155, nu=124) to
examine the consequences of algorithm aversion. The results demonstrated that prior
algorithmic discrimination was negatively associated with justice expectations and justice
evaluations, which aligns with the model of justice expectations by Bell et al. (2004) and the
justice model of counterproductive work behavior (Cohen & Diamant, 2019). Individuals
with prior algorithmic discrimination experience were more likely to expect unjust treatment
again, leading to lower justice evaluations, which aligns with confirmation bias (Snyder &
Swann, 1978). These reactions, in turn, increased individuals’ engagement in algoactivism,

indicating that individuals might use algoactivism to counteract (perceived) injustice.

6.2 Theoretical implications

By synthesizing initial findings and extending research on perceptions of ADM,
along with their boundary conditions and subsequent responses, this dissertation offers three
main theoretical implications. Based on the findings of the four essays, these implications
include the role of boundary conditions in ADM reactions, their conceptualization, and the
impact of and differentiation between human and algorithmic discrimination as a key

boundary condition.

6.2.1 Understanding stakeholder reactions through boundary conditions

As evident throughout all four essays, algorithm aversion was more prevalent than
algorithm appreciation. However, Essays I-I1I showed that reactions to ADM depend on
boundary conditions. Essay I demonstrated that algorithm aversion was strengthened when
algorithms were used to automate rather than augment decisions, and when stakeholders
were confronted with ADM decisions instead of collaborating with ADM systems.

Additionally, Essay I provided initial evidence that reactions to ADM differ across
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stakeholder groups with negative findings for employees and applicants compared to non-
significant findings for human resource managers.

This might be explained by self-determination theory (Deci & Ryan, 1985), which
proposes autonomy as a basic need. In cases when algorithms take over decision-making,
individuals might experience a loss of autonomy, which can lead to algorithm aversion
(Burton et al., 2020). This perspective could also help explain differing reactions among
stakeholder groups. For instance, human resource managers are more likely to use ADM
systems rather than to be subject to their decisions (Langer & Landers, 2021), allowing them
to benefit from the efficiency gains of ADM without experiencing a loss of autonomy.
However, as this dissertation focuses on decision-making in the organizational context, the
tasks involved might also be associated with human skills such as social or emotional skills.
According to Lee (2018), ADM use for the aforementioned tasks is more likely to be
perceived as unjust or untrustworthy. Consequently, besides self-determination theory, these
findings could also be attributed to the tasks involved and whether they are perceived as
suitable to be conducted by algorithms instead of humans.

This dissertation extends prior research by exploring interventions to target algorithm
aversion in the context of outcome favorability. Essay II demonstrated that participants who
were rejected reported higher levels of trust when the decision-making process was highly
transparent compared to when there was no transparency. This was not apparent when
participants were accepted. Furthermore, the human-in-the-loop design increased trust in the
accepted group more than in the rejected group, also revealing that the effectiveness of the
intervention depends on outcome favorability. This advances prior research that tested
interventions independently from the outcome of decisions made (e.g., Schlicker et al., 2021;

Schoeffer et al., 2022) and stresses the importance of controlling for outcome favorability.
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6.2.2 Conceptualization of stakeholder reactions to ADM

Drawing on the SOR model (Mehrabian & Russell, 1974), ADM use and associated
characteristics represent external stimuli that impact perceptions, which result in
(behavioral) responses with severe consequences for organizations. For instance, Essay II
showed that trust perceptions relate positively to organizational attractiveness. Essay IV
further revealed that negative justice perceptions of ADM can motivate employees to engage
in forms of active resistance (i.e., algoactivism). As such, algoactivism represents a
behavioral response to internal perceptions of justice and thus reflects a growing
manifestation of algorithm aversion, where stakeholders do not only perceive aversion but
actively resist ADM systems. On a broader level, this dissertation demonstrates the
importance of examining not only the perceptions of ADM use, but also the (behavioral)
responses in order to understand organizational consequences. Here, the SOR model can be
applied across contexts and guides the understanding of initial perceptions of stimuli and
subsequent responses.

Furthermore, the dissertation addresses a central issue in the research field of ADM,
namely, that theories used to explain human—algorithm interactions are often adapted from
those developed to explain human—human interactions (e.g., organizational justice theory;
Colquitt, 2001). To bridge this gap, Essay I introduced an overarching theoretical model
grounded in the CASA framework (Nass et al., 1994; Reeves & Nass, 1996). According to
CASA, individuals interact with technology and, by extension, with algorithms (Gambino et
al., 2020), as if they were engaging with other humans. Thus, interacting with ADM, humans
apply stereotypes, follow social norms, and interactional rules, and attribute human-like
characteristics to ADM systems. Consequently, as human—algorithm interactions mimic
human—human interactions, theoretical explanations can also be transferred. This line of

reasoning contributes to the theoretical understanding of how individuals react to ADM and
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enables scholars to examine human—algorithm interaction with a stronger theoretical
foundation.

Drawing on this reasoning, this dissertation extends the justice model of
counterproductive work behavior (Cohen & Diamant, 2019) from human—human contexts
to human-—algorithm contexts. Here, Essay IV demonstrated a negative relationship between
justice evaluations and engagement in algoactivism. This suggests that individuals might use
algoactivism to counteract perceived or expected injustice, even if injustice might originate
from an ADM system. This extends the applicability of the justice model of
counterproductive work behavior and deepens previous research by underlining the risks
that negative justice perceptions pose to organizations.

On a conceptual level, this dissertation further contributes to the understanding of
ADM perceptions by differentiating between fairness and justice, two constructs that are
frequently used interchangeably in organizational research (Beugré, 2009). From a
theoretical perspective, justice refers to rule-based evaluations that build a basis for fairness
perceptions, while fairness itself refers to an individual’s subjective perception, outlining
two separate constructs (Goldman & Cropanzano, 2015). Empirically, results from Essays I
and II demonstrated that ADM use is negatively associated with perceptions of both justice
and fairness. The meta-analysis conducted in Essay I, however, revealed that correlation
coefficients differed, and the negative relationship was more pronounced regarding justice
evaluations. Interestingly, the findings revealed that ADM use had the strongest negative
relationship with interactional justice, indicating that ADM use might particularly trigger
evaluations of informational and interpersonal justice, emphasizing the importance of

measuring these constructs separately.
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6.2.3 Differences in reactions to human and algorithmic discrimination

This dissertation, specifically Essays III and IV, extends prior research by offering a
more nuanced perspective on the role of discrimination experience in justice evaluations of
ADM use in the management context. Specifically, whereas prior research in this area used
personal characteristics, such as gender (Pethig & Kroenung, 2022) or belonging to a
minority group (Lima et al., 2025), as a proxy for having experienced discrimination, Essay
IIT directly assessed experiences of both human and algorithmic discrimination. The findings
demonstrated that prior human discrimination experience led to a decrease in algorithm
aversion, which is aligned with prior findings in the context of personnel selection (Koch-
Bayram et al., 2023; Schulte Steinberg & Hohenberger, 2023).

Interestingly, Essay III demonstrated that human discrimination evokes more
negative justice perceptions than algorithmic discrimination. Qualitative responses
suggested that this difference may stem from attribution processes, whereby participants
associate algorithmic discrimination with indirect sources, such as biased data, developers
working on the systems, or organizational practices, but link human discrimination directly
to the individual decision-maker. Additionally, these findings may also be explained by the
decontextualization associated with algorithms. Although prior research shows that
decontextualization is a driver of negative justice perceptions regarding ADM (Newman et
al., 2020), the perception that algorithms make decisions without being able to integrate
contextual factors, such as personal characteristics, may lead to the belief that they are not
able to discriminate intentionally (Bonezzi & Ostinelli, 2021). Thus, decontextualization
may act as a double-edged sword, lowering overall justice evaluations but also leading
individuals to believe that algorithms lack discriminatory intent.

These findings highlight that perceptions of injustice are shaped not only by the

outcome but also by the (perceived) decision source. By showing that prior discrimination
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experience impacts reactions to ADM, particularly in relation to perceived justice, Essay 111
identifies prior experiences as an important boundary condition. This challenges the
prevailing focus in ADM research, which emphasizes situational factors (e.g., decision
transparency or stakes of a decision; Langer, Konig, & Papathanasiou, 2019; Schoeffer et
al., 2022), while largely neglecting individuals’ prior experiences. Consequently, when
examining justice evaluations of ADM, relevant prior experiences should be included or

controlled for.

6.3 Practical implications

In light of the increasing ADM use in organizations, this dissertation offers important
practical implications. While ADM is associated with several potential benefits for
organizations, all four essays demonstrated that algorithm aversion is currently more
prevalent than algorithm appreciation. Interestingly, robustness checks in Essay I found that
algorithm aversion is consistent across Germany and the U.S., with non-significant findings
in India. This highlights the importance of understanding cultural differences when
implementing ADM across organizations operating globally. In Germany and the U.S.,
organizations might need to be more cautious and might use targeted interventions, for
example, increased transparency, to mitigate algorithm aversion.

Furthermore, algorithm aversion is demonstrated when algorithms automate rather
than augment decisions, and when affected stakeholders are not able to collaborate with the
system but instead are confronted with decisions. Given that the expected benefits of ADM
can only be fully leveraged when individuals perceive decisions made as fair and accept
those decisions (Bankins et al., 2022; Lind, 2001), organizations need to carefully consider
when and how they make use of ADM systems. When using ADM for tasks that are known
to evoke algorithm aversion, they should implement respective interventions. Here, Essay 11

demonstrated that both transparency and a human-in-the-loop design impact perceptions of
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ADM use. However, the findings suggest that the effectiveness of trust-building
interventions depends on outcome favorability. Consequently, trust-building interventions,
such as transparency, might not work equally well across all contexts. Organizations should
carefully evaluate whether interventions are effective, especially when used for tasks
associated with more or less favorable outcomes (e.g., using ADM for resumé screening,
where applicants are either rejected or accepted).

Moreover, practitioners should be aware that incorporating a human-in-the-loop
design does not offer a universal remedy for the challenges associated with ADM in
organizational settings. Research increasingly highlights several difficulties when
integrating human decision-making with ADM. For example, studies show that people often
exploit unethical algorithmic decisions (Kriigel et al., 2023) and may struggle to recognize
algorithmic bias (Bonezzi & Ostinelli, 2021; Green, 2022). For instance, Langer et al. (2025)
argue that effective intervention requires humans to first develop the ability to detect errors
in algorithmic outputs. Consequently, organizations face the task of teaching employees the
necessary knowledge and competencies to interact with ADM systems in an informed and
productive manner. Furthermore, organizations could foster calibrated trust, meaning that
stakeholders are able to tie their level of trust to the reliability of the respective system (Muir,
1994) and thus remain cautious when using ADM.

Additionally, results of Essay III demonstrated that prior human discrimination
reduces negative justice perceptions of ADM. This indicates that algorithms could play a
role in reducing fears of facing discrimination again. By offering a more consistent and
seemingly objective decision-making process, ADM has the potential to foster a work
environment that is perceived as fairer and more impartial (Choung et al., 2023). This may
be especially relevant in contexts where human bias has previously contributed to unequal

treatment. In line with signaling theory (Spence, 1973), organizations using ADM can signal
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a commitment to fairness and objectivity in decision-making. This may shape stakeholders’
reactions to organizational values, which might be particularly helpful in contexts where
discrimination has historically been prevalent. At the same time, this carries the risk that
people may not perceive algorithmic discrimination at all and that the supposed neutrality
and objectivity of algorithms may obscure underlying biases, reducing the motivation to
question or challenge unfair outcomes (Bonezzi & Ostinelli, 2021). This underlines the need
for careful design and ongoing monitoring of ADM systems to ensure they operate fairly
and transparently, which ultimately represents the basis for the effective use of ADM in
organizations.

Furthermore, Essay III showed that while discrimination experiences generally
reduce justice perceptions, individuals evaluate human discrimination more negatively than
discrimination by algorithms. Interestingly, in qualitative responses, even participants who
experienced discrimination from algorithms described these systems as more consistent and
objective than humans. However, these findings need to be treated with caution. While ADM
may help reduce the subjectivity of human decision-making, it is not free from bias,
especially when bias is unintentionally built into the algorithm itself (Bonezzi & Ostinelli,
2021). Again, this demonstrates that organizations employing ADM systems need to
carefully and critically monitor their use.

Essay IV showed that algorithmic discrimination is negatively associated with
expectations and evaluations of justice, and positively associated with algoactivism. While
counterproductive work behavior is well-established in management research (Cohen &
Diamant, 2019), ADM introduces new forms and triggers of resistance (Cobonpue et al.,
2024), making it important for organizations to understand when individuals engage in
algoactivism. Certain characteristics of ADM, such as its opacity (Jarrahi et al., 2021), might

contribute to increased engagement in algoactivism (Cobonpue et al., 2024). To mitigate
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such resistance, organizations should consider the information employees need to feel
informed and fairly treated. This is relevant as the results of Essays I and III illustrate that
ADM evoked negative informational and interpersonal justice perceptions, thereby
highlighting the importance of these two justice dimensions in this particular context.

Additionally, as Essay IV revealed that prior algorithmic discrimination impacts
expectations and evaluations of justice, organizations should implement strategies aimed at
restoring perceived justice. This could include creating opportunities for employees to give
input and feedback on ADM processes, and ensuring that concerns, especially those related
to discrimination, are addressed promptly and transparently. In fact, several platforms,
organized by workers, already exist in which they exchange views on ADM systems, their
functions, and resistance behaviors (de Jong et al., 2024). Feeding these discussions and
concerns back into the organization and to system developers could offer valuable insights
into emerging forms of algoactivism and how to respond to them. Ultimately, this might help
create systems that are both more effective and more acceptable for workers.

While this dissertation has primarily focused on worker and employee reactions to
the use of ADM, results from the meta-analysis provide initial evidence that reactions to
ADM vary across stakeholder groups. Specifically, none of the negative relationships
between ADM use and system-related or organization-related reactions were statistically
significant for managers using ADM systems. A possible explanation is that managers
typically collaborate with ADM systems rather than being directly affected by algorithmic
decisions. Consequently, although this stakeholder group may not require interventions
aimed at reducing aversion, organizations should still ensure that managers are trained to use
ADM systems effectively. In this context, organizations should consider ways to train their
workforce to enhance Al literacy (Carolus et al., 2023) and to foster awareness of ethical

risks associated with ADM. Helping managers develop a sense of competence when using
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ADM systems and signaling to employees that their managers use ADM in an informed and
responsible way could also reduce algorithm aversion. With the increasing use of ADM
systems in more traditional organizations, upskilling managers to effectively utilize ADM

systems will be a crucial resource in the future.

6.4 Limitations

Four primary limitations should be considered when interpreting the results of this
dissertation. First, all the data collected relied on a single source (i.e., the participants
themselves). This could lead to common method bias (Podsakoff et al., 2003). However, all
studies addressed common method bias by employing Harman’s one-factor test and by using
theoretically uncorrelated marker variables (Lindell & Whitney, 2001). Additionally, Essay
IV employed a four-wave study design to mitigate common method bias (Podsakoff et al.,
2012). Nevertheless, future research should aim to complement self-reported data with
objective data sources, such as digital trace data (Ohme et al., 2024).

A combination of data sources increases validity and allows researchers to examine
whether self-reported intentions (e.g., job pursuit and turnover intentions) translate into
actual behavior, leading to greater insight into behavioral consequences of ADM use. In
addition, this would meaningfully extend the findings based on the SOR model, as this
dissertation solely assessed behavioral intentions or reports on behavior, whereas the
response within the SOR model also relates to observable behavior (Mehrabian & Russell,
1974). Furthermore, researchers could combine data at the team- or organizational level to
examine how collective factors, such as team dynamics or organizational culture, shape
ADM reactions.

Second, as the presented essays relied on self-reported data, social desirability bias
may be apparent. This could be particularly relevant since this dissertation includes measures

that individuals high in social desirability might be reluctant to admit. For example, when
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assessing algoactivism, participants were directly asked whether they had manipulated the
ADM system. This required them to openly acknowledge behavior that may not be seen as
socially acceptable. As shown in Essay 1V, social desirability was negatively associated with
both prior discrimination experiences and algoactivism, and positively associated with
justice evaluations. This suggests that individuals with high social desirability tendencies
may be less likely to admit engaging in algoactivism or to experiencing discrimination, and
might be more likely to report higher justice perceptions. These findings point to the risk
that social desirability could skew self-reported data on sensitive topics such as justice
perceptions, experiences of algorithmic discrimination, and resistance behaviors. Future
research should thus consider alternative data collection methods that reduce the influence
of social desirability. For example, drawing on behavioral or observational data related to
algoactivism could offer more objective insights into how these dynamics unfold in practice.

Third, Essays Il and I1I, and most of the primary studies included in the meta-analysis
of Essay I were based on experimental designs. Although experimental designs increase
internal validity, they tend to have low external validity, which threatens generalizability
(Aguinis & Bradley, 2014). Additionally, vignette experiments require individuals to
realistically imagine themselves in the described scenario. For example, in the scenario used
in Essay II, participants imagined they applied for a trainee position. This specific scenario
might be easier for younger participants to realistically imagine compared to older
participants, as trainee positions are more commonly filled by younger individuals, which
could ultimately influence the results. Nevertheless, the meta-analysis tested differences
between vignette experiments and field experiments as a robustness check and did not find
significant effects, indicating that methodological differences might not be as pronounced in
this research field. Still, with the increasing use of ADM in organizations, future research

should examine field data to increase external validity and generalizability. This would also
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enable the examination of the differences between organizations and how organizational
culture impacts ADM adoption, which are often neglected in vignette experiments.

Fourth, this dissertation focuses solely on organizational contexts. This is an
important limitation as research shows ADM perceptions are task- and context-dependent
(Lee, 2018). Here, tasks associated with emotional and social skills are more likely to be
perceived as untrustworthy or unjust than tasks associated with mechanical skills, such as
work scheduling (Lee, 2018). This may account for the consistent finding across all essays
that algorithm aversion is more prevalent than algorithm appreciation. Therefore, it should
be noted that effects may vary depending on the task examined. Nevertheless, tasks and
contexts that are perceived negatively might be particularly interesting to examine as they
represent greater risks for organizations, making it important to identify the boundary

conditions that impact these relationships and interventions to decrease algorithm aversion.

6.5 Future research avenues

Based on the findings of this dissertation, there are several avenues for future
research. First, Essay I revealed that reactions to ADM depend on the type of interaction and
gave initial evidence of differences between stakeholders, with significant negative reactions
for applicants and employees, but non-significant findings for human resource managers.
Overall, this indicates that reactions to ADM are contingent upon the interaction
characteristics and the specific stakeholder group involved. However, it remains unclear why
these two dimensions shape algorithm aversion and algorithm appreciation. Future research
should therefore investigate the underlying mechanisms driving these effects. For example,
self-determination theory (Deci & Ryan, 1985) could be used to test whether perceptions of
autonomy or competence drive differences between stakeholders. Understanding not only

when differences in ADM reactions occur but also why they occur, would enable a more
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comprehensive understanding of stakeholder perceptions and responses, facilitating more
targeted approaches to addressing algorithm aversion.

Second, ADM use has shifted from platform-based organizations (e.g., Uber) to
traditional organizations, where employees are now confronted with two management
entities, namely their human manager and an algorithmic management system (Hirsch et al.,
2024). This development offers several new research avenues, including investigations into
managerial identity when management responsibility is shared with algorithms or when
employees are managed by two different entities. Additionally, workers in the platform
economy are typically aware that algorithms will manage them and often actively choose to
engage in this form of work. This might not be the case in traditional organizations, where
managers and employees may have had less exposure to ADM systems and as a result may
be more hesitant or even resistant to algorithmic decisions. Future research could explore
change management processes and examine how reactions to ADM differ between platform
organizations and traditional organizations. Moreover, since prior research has shown that
trust in ADM systems develops over time (Cabiddu et al., 2022), it would be particularly
valuable to investigate the longitudinal dynamics of this shift.

Third, since this dissertation primarily focused on the organizational context and
prior research has indicated that reactions to ADM are context-dependent (Lee, 2018;
Mahmud et al., 2022), the research findings could be extended to other domains. For
instance, as Essay II demonstrated that outcome favorability impacts interventions aimed at
enhancing trust in ADM systems, future research could explore other settings where
individuals face varying outcome favorability, such as the education sector. This would
allow greater generalizability of findings on interventions to address algorithm aversion.

Additionally, this dissertation was unable to examine all boundary conditions that

affect reactions to ADM. In particular, the perceived importance of a decision may play a
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crucial role, and future studies could investigate whether decisions that are subjectively more
important (e.g., hiring) result in different responses compared to less critical decisions (e.g.,
task assignments). However, since decision importance is inherently subjective, future
research should first assess perceptions of decision importance prior to examining their
effects.

Fourth, as this dissertation included regional differences only as part of robustness
checks, cultural and regional differences could be further addressed in future research.
Following the distinction by North (1990), these differences could be explained by formal
and informal institutions. While informal institutions refer to values and norms in a society,
formal institutions comprise laws, regulations, and policies that shape organizational
practices. Informal institutions, such as cultural values, could be assessed using the six
dimensions of national culture by Hofstede (2011). In the context of ADM, both power-
distance and individualism might impact perceptions (Mahmud et al., 2022). In addition,
although the robustness checks in the meta-analysis in Essay I revealed no differences
between the U.S. and Germany, future research could examine the impact of regulations on
ADM reactions, particularly in the context of emerging regional differences in Al
regulations. For example, in a comparison between the U.S. Algorithmic Accountability Act
and the European AI Act, Mokander et al. (2022) state that the European regulation
illustrates a “Europe-wide assurance ecosystem in detail” (p. 755), whereas the U.S.
regulation only applies to large companies and leaves out certain regulations. With the
European Al Act becoming compulsory for organizations in 2027 (Regulation (EU)
2024/1689, 2024), future research could examine pre- and post-conditions in comparison to

countries outside of Europe.
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6.6 Summary

This dissertation explored stakeholder reactions to the use of ADM in organizations
and boundary conditions of these relationships. The results demonstrate that reactions to
ADM use, although prominently associated with algorithm aversion, are not static
phenomena but instead depend on boundary conditions (i.e., type of interaction, type of
decision, interventions, and prior discrimination experiences). Interestingly, prior
discrimination by humans decreased algorithm aversion, and discrimination by algorithms
and humans was perceived differently. Furthermore, algorithm aversion led to engagement
in algoactivism and lower organizational attractiveness and pursuit intention, suggesting that
organizations using ADM systems should focus on an integration that is perceived as
trustworthy and just. The results of this dissertation suggest that interventions to increase
trust in ADM depend on outcome favorability. Summarizing, while ADM systems offer
multiple benefits, organizations are well-advised to use these systems carefully and
responsibly because they only profit from the expected benefits if ADM decisions are

perceived to be trustworthy, just, and fair.
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8 Appendix

8.1 Appendix Al (Essay I) - Flow diagram

Identification of studies via databases

Identification of studies via manual search methods

Issue by issue search (n = 34)

Comparison with other reviews

Note. The 53 studies included a total of 73 samples.
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8.2 Appendix A2 (Essay I) - Overview of included studies

Author(s), year Journal Sample size Type of Type of Type of task Extent of Personal Random-
stakeholder interaction decision impact ization
Acikgoz et al. International Journal of  Study 1: 298, study 2: Applicants Confrontation Interviews Decision support High Yes
(2020) Selection and 225
Assessment
Acikgoz et al. Unpublished Interview sample: Applicants Confrontation Interview Sole decision  High Yes
(2024) 276, Screening sample: entity
sample: 274 interviews,
screening
sample:
screening
Bankins et al. Information Systems 446 Employees Confrontation Career Sole decision  High Yes
(2022) Frontiers development entity
Bedemariam and ~ Computers in Human 309 Applicants Confrontation Recruiting Sole decision  High Yes
Wessel (2023) Behavior entity
Canagasuriam and International Journal of 245 Applicants Collaboration Interviews Decision support High Yes
Lukacik (2024) Selection and
Assessment
Chacon et al. (2024) Unpublished 336 Applicants Confrontation Recruiting Decision support High Yes
Choi and Chao Personality and Social ~ Study 1: 177, study 2: Employees Confrontation Conflict Sole decision  High Yes
(2024) Psychology Bulletin 421, study 3a: 248, resolution entity
study 3b: 638, study
5:1,092
Choung et al. International Journal of 235 Applicants Collaboration Screening Decision support Low Yes
(2023) Human-Computer
Interaction
Deriu et al. (2024) Journal of Business 108 Applicants Both Interviews Sole decision  High Yes
Research entity
Dong et al. (2024) Technovation 504 Employees Confrontation Career Sole decision  High Yes
development entity
Dutta and Mishra  Personnel Review 1,179 Employees Collaboration Career Decision support High No
(2024) development
Feldkamp et al. European Journal of 215 HR professionals Collaboration Screening Decision support Low Yes

(2023)

Work and Organizational

Psychology
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Author(s), year Journal Sample size Type of Type of Type of task  Extent of Personal Random-
stakeholder interaction decision impact ization

Fumagalli et al. Research Policy 1,725 Applicants Confrontation Recruiting Sole decision  High Yes
(2022) entity
Gonzalez et al. Personnel Assessment 192 Applicants Confrontation Recruiting Sole decision ~ High No informa-
(2019) and Decisions entity tion
Gonzalez et al. Computers in Human Study 1: 183, study 2: Applicants Confrontation Recruiting - High Yes
(2022) Behavior 163
Hoddinghaus et al.  Computers in Human 333 Employees Confrontation Career Sole decision  High Yes
(2021) Behavior development entity
Kares et al. (2023) International Journal of ~ Study 1: 170, study 2: HR professionals Collaboration Study 1: Decision support Low Yes

Selection and 154 screening, study

Assessment 2: Career

development

Keppeler (2023) Journal of Public 415 (reduced N for  Applicants Confrontation Sourcing - High Yes

Administration Research our included

and Theory correlations)
Keppeler et al. Unpublished Study 2: 538 HR professionals Collaboration Screening Decision support Low Yes
(2024)
Kleinlogel et al. International Journal of  Study 1: 151, study 2: Applicants Confrontation Interviews Decision support High Yes
(2023) Selection and 1482

Assessment
Koch-Bayram et al. International Journal of  Study 1: 209, study 2: Applicants Confrontation Interviews Sole decision  High Yes
(2023) Selection and 302 entity

Assessment
Koch-Bayram and Human Resource Study 1: 259, study 2: Applicants Confrontation Screening Sole decision  Study 1: low, Yes
Kaibel (2023) Management Journal 342 entity study 2: high
Kochling and International Journal of 200 Applicants Confrontation Recruiting Decision support High Yes
Wehner (2023) Selection and

Assessment
Kochling et al. Review of Managerial 160 Applicants Confrontation Recruiting Decision support High Yes
(2023) Science
Kéchling et al. Review of Managerial 280 Employees Confrontation Career Decision support High Yes
(2024) Science development

12 We operationalized the study by Kleinlogel et al. (2023) as two studies due to the given data basis.
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Author(s), year Journal Sample size Type of Type of Type of task  Extent of Personal Random-
stakeholder interaction decision impact ization
Lacroux and Journal of Business and 694 HR professionals Collaboration Screening Decision support Low Yes
Martin-Lacroux Psychology
(2022)
Langer , Konig and Journal of Managerial 124 Applicants Confrontation Interviews Sole decision ~ High Yes
Hemsing (2019) Psychology entity
Langer, Konig and International Journal of 123 Applicants Confrontation Interviews - Low Yes
Papathanasiou Selection and
(2019) Assessment
Langer, Konig, Journal of Managerial 148 Applicants Confrontation Interviews - High Yes
Sanchez, et al. Psychology
(2019)
Langer et al. (2023) Journal of Business and 121 HR professionals Collaboration Screening Decision support Low Yes
Psychology
Lavanchy et al. Journal of Business Study 1: 249, study 2: Applicants Confrontation Screening Sole decision  High Yes
(2023) Ethics 272, study 3: 282, entity
study 4: 270
Liu et al. (2023) Journal of Computer- 134 Applicants Collaboration Interviews Sole decision  High Yes
Mediated entity
Communication
Luo and Zhang Academy of 302 Employees Confrontation Interviews Sole decision  High Yes
(2023) Management entity
Proceedings
Maasland and Frontiers in Psychology 156 HR professionals Collaboration Administrative  Decision support Low Yes
Weissmueller
(2022)
Mirowska (2020)  Journal of Personnel 184 Applicants Confrontation Interviews Sole decision  High Yes
Psychology entity
Moritz and Schmidt European Conference on 173 Employees Confrontation Management Sole decision  High Yes
(2024) Information Systems tasks entity
Proceedings
Moritz et al. (2024) Academy of 416 Applicants Confrontation Recruiting Sole decision  High Yes
Management entity
Proceedings
Moritz et al. (2025) Academy of 252 Applicants Confrontation Recruiting Decision support High Yes
Management

Proceedings
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Author(s), year Journal Sample size Type of Type of Type of task  Extent of Personal Random-
stakeholder interaction decision impact ization
Nagtegaal (2021)  Government Information Study 1: 109, study 2: Employees Confrontation Study 1: Sole decision  Low Yes
Quarterly 126 administrative & entity
career
development,
study 2:
administrative &
recruiting
Noble et al. (2021) International Journal of 360 Applicants Confrontation Screening Sole decision ~ High Yes
Selection and entity
Assessment
Oostrom et al. Journal of Occupational Study 1: 172, study 2: Applicants Confrontation Recruiting Sole decision  High No informa-
(2023) and Organizational 276 entity tion
Psychology
Pomrehn, et al. Unpublished 405 Applicants Confrontation Recruiting Decision support High Yes
(2024)
Pomrehn et al. Unpublished HR professionals HR professionals HR professionals Recruiting, Decision support HR profess- Yes
(2025) sample: 205, sample: HR sample: Layoff sionals
employees sample:  professionals, collaboration, sample: low,
202 Employees employees employees
sample: sample: sample: high
employees confrontation
Pomrehn and Hawaii International 190 Employees Confrontation Career Sole decision  High Yes
Wehner (2025) Conference on System development entity
Sciences (HICSS)
Renier et al. (2021) Computers in Human 439 Applicants Confrontation Recruiting Sole decision  Low Yes
Behavior entity
Schlicker et al. Computers in Human 209 Employees Confrontation Administrative  Sole decision ~ High Yes
(2021) Behavior entity
Shulner-Tal et al.  International Journal of 3,068 HR professionals Collaboration Screening Sole decision  Low Yes
(2024) Human-Computer entity
Interaction
Sondern et al. Unpublished 291 Applicants Collaboration Negotiation Sole decision ~ High No informa-
(2025) entity tion
Suen and Hung Computers in Human 152 Applicants Confrontation Interviews Sole decision ~ High Yes
(2023) Behavior entity
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Author(s), year Journal Sample size Type of Type of Type of task  Extent of Personal Random-
stakeholder interaction decision impact ization
Suen et al. (2019)  Computers in Human 180 Employees Confrontation Interviews Sole decision  High Yes
Behavior entity
Wesche et al. European Journal of 270 Employees Confrontation Career Sole decision  High Yes
(2024) Work and Organizational development entity
Psychology
Yan et al. (2024)  Journal of Business Study 1: 192, study 2: Employees Confrontation Layoff Sole decision  Low Yes
Ethics 206 entity
Zhang and Amos  Behavior & Information 95 Employees Confrontation Career Sole decision ~ Low Yes
(2023) Technology development entity

Note. Recruiting means that the study included screening as well as interviews in the hypothetical scenario. A high personal impact means that participants were directly
affected by the decision, a low personal impact means that others were affected by the decision.
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8.3 Appendix B1 (Essay II) - Exemplary survey flow for the HITL condition

Introduction (for all conditions):

In this survey, you will participate in a digital assessment center and complete a series of
assessment center tasks. Below you will find a brief description of the situation. Read
through the description and try to imagine yourself in the situation as best you can. Following
the assessment center, you will be asked to evaluate your experience with the digital

assessment center, so please pay attention to the details.

Start of the digital assessment center:

You are currently in the application phase for a trainee position. You have applied to Marzeo
AG for this position. You are already aware that the application process consists of two parts
and that today the first part will take place in form of a digital assessment center. With the
digital assessment center, Marzeo AG is testing a new online approach that enables the
assessment process to be conducted digitally. For this purpose, a connection to the digital
assessment center will be established and you will be connected online with the artificial
intelligence Vesa that will accompany you during the tasks. In the assessment center, you
are asked to solve various tasks, and you will receive feedback on your performance from
the artificial intelligence Vesa after each task. Your performance will be evaluated in

comparison to other participants.

At the end of the process, the artificial intelligence Vesa evaluates your performance, after
which a representative from Marzeo AG’s HR department reviews the results and determines

whether you advance past the first round of selection.
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“Connecting” to the digital assessment center:

Vv

o

Welcome to the assessment center and thank you for your
interest in a trainee position at Marzeo AG.

| am the artificial intelligence Vesa and today | will guide
you through the digital assessment center. In the
following, you will be given various tasks that you should
answer as quickly and correctly as possible. | will give you
feedback after each task and evaluate your performance
at the end of the assessment center. Afterwards, a person
from Marzeo AG's HR department will check and decide
whether you pass the first round of this selection
procedure.

Task completion:

Please complete the following series of numbers: 150 100 50 0

100

50

-100

Feedback:

o

o

Participants completed 24 similar tasks and received feedback after each task.

Vesa is answering right now...

You were able to solve this quickly.

Final decision:

Thank you for participating in the Assessment Center.

I have evaluated your tasks and a person from Marzeo AG's

HR department has decided, based on your performance,
that you passed the first round of the selection procedure.
Congratulations!
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8.4 Appendix B2 (Essay II) - Exemplary survey flow for the ADM condition

Introduction (for all conditions):

In this survey, you will participate in a digital assessment center and complete a series of
assessment center tasks. Below you will find a brief description of the situation. Read
through the description and try to imagine yourself in the situation as best you can. Following
the assessment center, you will be asked to evaluate your experience with the digital

assessment center, so please pay attention to the details.

Start of the digital assessment center:

You are currently in the application phase for a trainee position. You have applied to Marzeo
AG for this position. You are already aware that the application process consists of two parts
and that today the first part will take place in form of a digital assessment center. With the
digital assessment center, Marzeo AG is testing a new online approach that enables the
assessment process to be conducted digitally. For this purpose, a connection to the digital
assessment center will be established and you will be connected online with the artificial
intelligence Vesa that will accompany you during the tasks. In the assessment center, you
are asked to solve various tasks, and you will receive feedback on your performance from
the artificial intelligence Vesa after each task. Your performance will be evaluated in

comparison to other participants.

At the end, the artificial intelligence Vesa evaluates your performance and determines

whether you advance past the first round of selection.
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“Connecting” to the digital assessment center:

V Welcome to the assessment center and thank you for your
interest in a trainee position at Marzeo AG.

VQ | am the artificial intelligence Vesa and today | will guide
you through the digital assessment center. In the
following, you will be given various tasks that you should
answer as quickly and correctly as possible. I will give you
feedback after each task and evaluate your performance
at the end of the assessment center.

Task completion:

Please complete the following series of numbers: 150 100 50 0 _

100

50

-100

Feedback:

V Vesa is answering right now...

Vv You were able to solve this quickly.

o

Participants completed 24 similar tasks and received feedback after each task.

Final decision:

\") Thank you for participating in the Assessment Center.
Q | have evaluated your tasks.

For the evaluation, | considered the following aspects:
— speed of response

— accuracy of response

— number of positions available in the company

— your performance in relation to all other applicants

Based on your performance, | have decided, that you did
not pass the first round of the selection procedure.
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8.5 Appendix C1 (Essay III) - Scenario descriptions

All participants were introduced to the scenarios with the following text:

The following is a brief description of a situation. Please read the following description of
the situation carefully and answer the questions as intuitively as possible.

This situation is independent of your current workplace, and we ask you to read the
description carefully and try to imagine yourself in the situation as best you can. Questions
regarding this situation will follow, so please pay attention to the details. Until further notice,

all of the following questions should be answered based on the described situation.

8.6 Appendix C2 (Essay III) - Scenario descriptions for Study 1 and Study 2

Human management condition

You have been working at Marzeo AG for several years in the marketing department,
handling a variety of tasks. You are very happy with your job and enjoy going to work every
day.

At Marzeo AG, it is standard practice for every employee to have a feedback meeting with
their manager at least twice per year. These meetings are intended to evaluate past
performance, set goals, and identify potential areas for development. Y our feedback meeting
takes place in person with your manager. During the meeting, your manager shares their
assessment of your performance with you.

You receive both praise and suggestions for development.

Algorithmic management condition

You have been working at Marzeo AG for several years in the marketing department,
handling a variety of tasks. You are very happy with your job and enjoy going to work every

day.
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At Marzeo AG, it is standard practice for every employee to have a feedback meeting with
their supervisor at least twice per year. These meetings are intended to evaluate past
performance, set goals, and identify potential areas for development. In your case, the
assessment of your performance and the feedback conversation are conducted by an
algorithm.

You receive both praise and suggestions for development.

8.7 Appendix C2 (Essay III) - Scenario descriptions for Study 3

Human management condition

You have been working at Marzeo AG for several years in the marketing department,
handling a variety of tasks. You are very happy with your job and enjoy going to work every
day.

Each week begins with a team meeting on Monday in which you and your colleagues discuss
upcoming tasks. During the meeting, your manager decides who will take on which
responsibilities. Next week, you are assigned to support the development of a new marketing
campaign.

Additionally, Marzeo AG ensures that every employee has at least two feedback meetings

per year with their manager. These meetings are conducted in person and focus on

evaluating performance, setting goals, and identifying potential areas for growth. In your

recent feedback meeting, your manager shared an assessment of your work, providing both
praise and constructive suggestions for improvement.

Algorithmic management condition

You have been working at Marzeo AG for several years in the marketing department,
handling a variety of tasks. You are very happy with your job and enjoy going to work every

day.
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Each week begins with a team meeting on Monday in which you and your colleagues discuss

upcoming tasks. An algorithmic management system determines who will take on which

responsibilities. The system assigns you to support the development of a new marketing

campaign next week.

Additionally, Marzeo AG ensures that every employee receives regular feedback on their

work. Therefore, the algorithmic management system provides you with automated

performance evaluations twice a year. The feedback is focused on evaluating performance,

setting goals, and identifying potential areas for growth. In your recent performance

evaluation, the algorithmic management system shared its assessment of your work,

providing both praise and constructive suggestions for improvement.

Experimental discrimination condition (algorithmic management condition in

parentheses)

Individuals in the discrimination condition received the following additional information:
Later this week, you read areport that reveals troubling patterns in the management
practices (the algorithmic management system) at Marzeo AG, including the manager
(management system) that manages you and your team. The report shows that employees
from certain demographic groups tend to receive more prestigious and challenging
assignments.

You notice that, despite your excellent track record, you are consistently assigned less
challenging tasks compared to others, and this pattern aligns with the findings in the report.
You begin to wonder whether the decisions of your manager (the algorithmic

management system) are biased.



