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Abstract

Procedural justice is a central lens to understand how indi-
viduals evaluate algorithmic procedures. It involves differ-
ent dimensions, reflecting both relational concerns about how
people perceive they are treated, and instrumental concerns
about whether individuals perceive control within algorith-
mic processes. Focusing on data evaluation practices (rule-
based vs. AI-based) and human oversight (human-in-the-loop
vs. human-out-of-the-loop) as two distinct algorithmic proce-
dures, we advance a conditional account of procedural jus-
tice. We posit that the relationship between algorithmic pro-
cedures and perceived procedural justice depends on individ-
uals’ AI literacy and on the dimension of procedural justice
considered. We test these arguments using data from a large-
scale vignette experiment in a behavioral regulation context
(N = 3,203), and find that distinct aspects of AI literacy oper-
ate asymmetrically across algorithmic procedures and dimen-
sions of procedural justice. AI awareness conditions how data
evaluation practices translate into procedural justice percep-
tions, but plays a substantially weaker role for evaluations of
human oversight. Human-out-of-the-loop oversight increases
perceived control, but simultaneously reduces relational per-
ceptions. These findings demonstrate that aggregate evalua-
tions of procedural justice can conceal important heterogene-
ity, as algorithmic procedures may produce opposing effects
across perceived procedural justice dimensions or across in-
dividuals with different levels of AI literacy. Our study con-
tributes to the debate on the ethics of algorithmic systems by
showing that perceived procedural justice depends on how
individuals understand algorithmic procedures, and that it is
shaped by the multidimensional nature of procedural justice.

Introduction
Algorithmic systems increasingly determine access to op-
portunities and resources. They process data into knowledge
about individuals’ preferences or likely behaviors, which are
then used to shape how individuals are evaluated or treated
(Just and Latzer 2017). The procedures underlying these sys-
tems vary substantially in how data is collected, processed,
and translated into decisions. Such variations include dis-
tinct algorithmic models used to evaluate data (Durán and
Jongsma 2021), as well as the form of human involvement
in decision-making processes (Nakao et al. 2022).
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Understanding how individuals evaluate distinct algorith-
mic procedures has become a central concern, and the con-
cept of procedural justice has emerged as an important lens
to understand how people judge the fairness of algorithmic
procedures (Lee et al. 2019). Yet, despite growing attention
to procedural justice in algorithmic contexts, empirical find-
ings about how algorithmic procedures translate into per-
ceptions of procedural justice remain inconsistent. For ex-
ample, in some studies, human involvement in algorithmic
procedures increases perceived procedural justice (Nagte-
gaal 2021; Newman, Fast, and Harmon 2020), while others
find it does not (Yurrita et al. 2023). Similarly, some stud-
ies suggest that simpler rule-based systems are perceived as
more procedurally just than more complex AI-based models
(Wang et al. 2023), whereas others find little or no difference
(Wang, Harper, and Zhu 2020).

We argue that these inconsistencies arise because prior
research might have overlooked two fundamental aspects.
First, procedural justice is not a uniform construct. From the
social psychology perspective, procedural justice includes
both relational concerns about respectful treatment (Tyler,
Rasinski, and Spodick 1985; Tyler and Lind 1992), and
instrumental concerns related to perceived control within
decision-making processes (Thibaut and Walker 1975). Dif-
ferent algorithmic procedures may activate these compo-
nents in different ways. For example, aggregate effects may
appear weak or inconsistent when procedures simultane-
ously affect relational and instrumental evaluations in op-
posing directions.

Second, evaluating the procedural implications of algo-
rithmic systems might depend on individuals’ ability to
understand and interpret algorithmic decision-making pro-
cesses. We study these interpretive capacities through the
concept of AI literacy (Long and Magerko 2020; Wang, Rau,
and Yuan 2023). Individuals affected by algorithmic deci-
sions may interpret identical procedural features differently
depending on their level of AI literacy. For example, individ-
uals with higher AI literacy may be better able to recognize
the implications of AI-based rather than rule-based decision-
making, or of different levels of human involvement. In con-
trast, individuals with lower AI literacy may not differentiate
between distinct procedural configurations. Consequently,
treatment effects averaged across different levels of AI lit-
eracy might obscure substantial heterogeneity in how proce-
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dural features shape perceptions of procedural justice.

Conceptual Setup and Research Contributions
This study develops and empirically tests a conditional ac-
count of procedural justice in algorithmic systems (Fig-
ure 1). As a first contribution, we move beyond treating
procedural justice as a uniform perception, but conceptual-
ize it as a multidimensional construct, which contains both
relational and instrumental components. While prior work
has conceptually translated distinct procedural justice com-
ponents to the language of algorithmic systems (Lee et al.
2019), empirical research has largely treated procedural jus-
tice as one uniform dimension within larger justice frame-
works (Juijn et al. 2023; Yurrita et al. 2023). This neglects
that the relational and instrumental components of proce-
dural justice might be differentially affected by algorithmic
procedures. Our framework, therefore, provides a more fine-
grained account of procedural justice by recognizing that the
relationship between algorithmic procedures and procedural
justice depends on whether relational or instrumental aspects
of justice are evaluated.

Second, we argue that understanding the implications of
different algorithmic procedures requires specific AI liter-
acy competencies, which might, subsequently, shape how
procedures are evaluated by individuals who vary in these
competencies. Against the backdrop of increased research
attention to AI literacy (Celik 2023; Wang et al. 2025), re-
cent studies have established a multi-dimensional AI literacy
scale that conceptualizes the construct as literacy in AI us-
age, AI awareness, AI evaluation and AI ethics (Wang, Rau,
and Yuan 2023). By exploring the moderating role of these
four AI literacy components, we offer a potential explana-
tion for why identical algorithmic procedures may elicit dif-
ferent procedural justice perceptions across individuals.

Third, we focus on two algorithmic procedures that have
received limited attention in prior research, namely data
evaluation practices and human oversight. Data evaluation
practices refer to the ways in which input data are trans-
formed into knowledge and decision outputs (Wang, Harper,
and Zhu 2020; Wang et al. 2023). Human oversight captures
distinct ways through which algorithmic procedures remain
subject to human involvement and intervention. By exam-
ining these two fundamental procedural configurations, we
extend prior work that has extensively focused on procedu-
ral features such as transparency and explainability (Hase
and Bansal 2020; Loefflad, Chen, and Grossklags 2024b),
and demonstrate that their implications for perceived proce-
dural justice are conditional on both the specific justice di-
mensions, as well as on the AI literacy of those affected by
algorithmic decisions. Focusing on data evaluation practices
and human oversight, we ask:

1. How do algorithmic procedures relate to instrumental
and relational dimensions of procedural justice?

2. To what extent are these relationships shaped by distinct
aspects of AI literacy?

We examine the research questions using a large-scale
dataset (N = 3,203) from a vignette-based survey study pre-
viously conducted by the authors (Loefflad and Grossklags

Figure 1: Conditional account on the effects of algorithmic
procedures on perceived procedural justice.

2026). That study investigated people’s perceptions of algo-
rithmic systems that adopt a behavioral steering function,
aimed at incentivizing people to behave in certain ways,
for example in more climate-friendly or healthy manners.
Participants evaluated the procedural justice of hypotheti-
cal scenarios, which presented them with algorithmic sys-
tems that collected behavioral data, evaluated it against a
behavioral target, and issued targeted interventions, for ex-
ample in the form of algorithmic nudges or behavioral scores
(Loefflad, Chen, and Grossklags 2024b; Chen, Bogner, and
Grossklags 2025). These systems varied in their procedural
configurations, namely their data evaluation practice (rule-
based or AI-based) and the level of human oversight (in-the-
loop or out-of-the-loop). While the original study examined
how intervention designs (e.g., nudges vs. scores) and proce-
dural configurations shape various perceptions, the present
paper conducts a secondary analysis that focuses exclusively
on the conditional relationship between algorithmic proce-
dures and procedural justice, examining how the effects of
procedural configurations vary across different dimensions
of procedural justice, and how they are shaped by different
aspects of AI literacy.

To this end, we first present background information on
procedural justice in algorithmic systems, and on AI literacy
as an important interpretive ability in the era of AI. Sub-
sequently, we introduce the two procedural configurations
studied in this paper and, for each, outline the possibility
that their relationship with the relational and instrumental
dimensions of procedural justice is conditional on individu-
als’ AI literacy. Subsequently, we present our methodologi-
cal approach and results, and discuss our findings in detail.

Procedural Justice in Algorithmic Systems
Procedural justice research examines how decision-making
processes by governance systems, institutions, or authorities
shape individuals’ evaluations of these governance bodies
(Tyler 2006). Procedural justice is a multifaceted construct
that comprises both instrumental components – those that
relate to strategic considerations about how procedures re-
late to decision outcomes (Thibaut and Walker 1975) – and
relational components – those that refer to feelings about
procedures (Tyler and Lind 1992).

Accounting for the distinct relational and instrumental
dimensions of procedural justice in algorithmic systems is
important, as algorithmic processes may differentially af-
fect these distinct components. Uncovering the relationship
between procedures and components of procedural justice
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would allow a more fine-grained understanding of the mo-
tives underlying individuals’ judgment of procedures, and
would yield important insights into the ethical design and
implementation of algorithmic procedures.

Below, we expound upon the distinct instrumental and re-
lational aspects of procedural justice in algorithmic systems.

Instrumental Judgments These arise when individuals
evaluate procedures based on the extent to which they enable
influence over decision-making processes and outcomes.
This is captured in the notion of control. Outcome control
describes a situation in which people feel they can influence
the outcome. Process control refers to the feeling of being
able to influence processes. Often, outcome control is con-
sidered a consequence of process control, as influence over
procedures also implies influence over outcomes (Thibaut
and Walker 1975). In algorithmic systems, both forms of
control might be contingent on individuals’ ability to in-
terpret system processes, which highlights that control over
processes and outcomes also requires a certain understand-
ing of these processes (Mittelstadt et al. 2016).

Relational Judgments They comprise whether people
perceive that decision-makers act with benevolent inten-
tions, and whether people feel treated with dignity and re-
spect when being subject to decision-making. Relational
components also capture whether people feel they have a
voice in decision procedures, defined as the ability to ex-
press one’s views (Lind, Kanfer, and Earley 1990).

We adopt the feeling of being treated with respect, and
benevolent intentions as central relational aspects in algo-
rithmic procedures. In contrast, voice in algorithmic sys-
tems is often not exercised directly by affected individuals,
but mediated through human intermediaries who translate
individuals’ concerns into the design and operation of algo-
rithms – that is, through human experts that oversee algorith-
mic procedures. Therefore, we conceptualize human voice
as the extent to which individuals perceive that humans can
represent their interests within algorithmic procedures. Hu-
man voice thus promotes a relational feeling of being heard.
At the same time, it addresses the concept of contestabil-
ity, understood as the ability to contest or influence deci-
sions, which reflects an instrumentally rooted motive (Lev-
enthal 1980). Therefore, human voice in algorithmic systems
comprises both instrumental and non-instrumental consider-
ations (Lind, Kanfer, and Earley 1990).

These five distinct components of procedural justice pro-
vide the analytical basis for examining how specific proce-
dures in algorithmic systems translate into distinct percep-
tions of procedural justice. An overview is given in Table 1.

AI Literacy
AI literacy refers to the competencies necessary to evalu-
ate, use, and collaborate with AI technologies (Long and
Magerko 2020). Prior work suggests that individuals’ re-
actions to algorithmic decision-making processes depend
partly on their familiarity with and understanding of AI
systems (Gonzalez et al. 2022; Schoeffer, Machowski, and
Kuehl 2022; Ullstein et al. 2022), suggesting that AI liter-

acy might play a key role in shaping how individuals inter-
pret and evaluate differences in algorithmic procedures.

Yet, the nature of these effects is underexplored from sev-
eral perspectives. First, recent work has presented AI liter-
acy as a multidimensional construct that captures different
competencies related to AI (Wang, Rau, and Yuan 2023).
However, empirical evidence on which aspects of AI liter-
acy shape judgments of algorithmic procedures is scarce.
Second, related work has primarily studied the role of AI
literacy in more general evaluations of algorithmic systems
(Schoeffer, Machowski, and Kuehl 2022; Gonzalez et al.
2022), such as fairness and trustworthiness, rather than how
it influences perceptions of procedural justice specifically.
Third, prior studies that examined the moderating role of
AI literacy have largely contrasted human and AI-based
decision-making, which provides only limited insights into
how AI literacy shapes evaluations of different procedural
configurations within algorithmic systems themselves, for
example, how data is processed into decision outputs, or the
level of human involvement within these processes.

We address this problem space by examining the rela-
tionship between algorithmic procedures, AI literacy, and
perceived procedural justice from a more comprehensive
perspective. Beyond treating procedural justice as a multi-
dimensional construct, we also account for distinct as-
pects of AI literacy, relying on a recently developed scale,
which distinguishes AI awareness, usage, evaluation, and
ethics (Wang, Rau, and Yuan 2023). With this approach, we
evaluate how different aspects of AI literacy might shape
procedural justice perceptions indirectly, by influencing how
individuals interpret the implications of algorithmic proce-
dures. We next present the aspects of AI literacy as devel-
oped by (Wang, Rau, and Yuan 2023), and explain their re-
lation to the components of procedural justice.

AI Awareness. Literacy in AI awareness describes the
cognitive ability to identify, comprehend, and understand
AI technology. Awareness is particularly relevant for evalua-
tions of procedures, because understanding how algorithmic
systems operate constitutes a prerequisite for assessing how
decisions are produced (Celik 2023). In this sense, AI aware-
ness may be especially important for perceptions of control,
as individuals can only perceive influence over procedures
and outcomes when they understand algorithmic processes
(Gonzalez et al. 2022).

AI Usage. Literacy in AI usage describes the ability to use
AI technology to complete or accomplish tasks in a profi-
cient manner. It captures the ability to integrate AI technolo-
gies into work tasks and everyday activities (Wang, Rau, and
Yuan 2023). This familiarity with using AI systems through
repeated usage experiences may increase individuals’ per-
ceived efficacy in navigating algorithmic procedures. There-
fore, AI usage might be relevant for procedural justice di-
mensions related to process and outcome control.

AI Evaluation. Literacy in AI evaluation describes the
ability to critically analyze and evaluate AI technologies,
and to formulate informed judgments about them (Wang,
Rau, and Yuan 2023). Such evaluative capabilities may be
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Dimension Conceptual Definition Adaptation to Algorithmic Systems Survey Item
Process
Control

Perceived ability to influ-
ence decision-making pro-
cedures

Ability to understand and influence
how data inputs are processed within
algorithmic systems

I can influence the process through
which the algorithmic systems makes
decisions.

Outcome
Control

Perceived ability to influ-
ence decision outcomes

Perceived capacity to affect outcomes
through interaction with or under-
standing of system processes

I can influence the decision outputs
of the algorithmic system.

Dignity &
Respect

Perception of being treated
with respect and dignity by
decision-makers

Perception that algorithmic systems
treat individuals with dignity and re-
spect

In the way the algorithmic system is
implemented people are treated with
dignity and respect.

Benevolent
Intent

Belief that decision-
makers act with good
intentions

Perception that algorithmic systems
act in the best interest of affected in-
dividuals

The algorithmic system operates in
the best interest of citizens.

Human
Voice

Opportunity to express
views in decision-making
processes

Perceived ability of human experts
to represent or incorporate individual
concerns in algorithmic procedures

Introducing a human component
through which algorithmic decisions
are reviewed, feels reassuring.

Table 1: Procedural justice dimensions in algorithmic systems, distinguishing between instrumental dimensions (in green),
relational dimensions (in red), and human voice, containing both instrumental and relational dimensions.

particularly relevant for assessing whether algorithmic pro-
cedures are perceived as reasonable, and appropriate. AI
evaluation may thus be especially important for the rela-
tional dimensions of procedural justice.

AI Ethics. This aspect refers to the awareness of the re-
sponsibilities and risks arising from the use of AI. Aware-
ness of ethical issues is a requirement to appropriately en-
gage with AI. It may be particularly relevant for relational
evaluations of procedural justice, as it shapes sensitivity to-
ward whether algorithmic procedures are perceived as ap-
propriate and aligned with normative expectations about fair
treatment. AI ethics literacy may further influence how in-
dividuals evaluate the dignity, respect, and benevolent intent
communicated through algorithmic procedures.

Having discussed how individuals differ in their capacity
to interpret and evaluate AI systems, we can now examine
the specific procedural configurations whose effects on pro-
cedural justice likely depend on these capabilities.

Procedures in Algorithmic Systems
Algorithmic procedures represent a throughput dimension,
in which data inputs are transformed into decision outputs
(Starke and Lünich 2020; Custers and Vrabec 2024). We fo-
cus on two key procedural configurations, namely (i) how
data is processed into knowledge (data evaluation prac-
tices), and (ii) the extent and form of human involvement
in decision-making (human oversight). Despite their central-
ity in both academic and regulatory debates, prior research
has paid limited attention to these procedural aspects. More-
over, these configurations have distinct implications for the
interpretability and contestability of algorithmic decisions.
As such, they provide important, but distinct cases to exam-
ine how procedural characteristics interact with individuals’
AI literacy in shaping perceptions of procedural justice.

Data Evaluation Practices
Data evaluation practices refer to the processes through
which algorithmic systems transform input data into action-
able knowledge, which informs decisions about individuals
(Kitchin 2017). Due to our study context of behavioral steer-
ing, we use the term data evaluation instead of processing to
highlight that these practices not only transform behavioral
data, but also lead to a judgment regarding how well people
align their behaviors with a behavioral target.

In this section, we contrast AI-based and rule-based data
evaluation practices. To clarify the differences between these
two practices, we first introduce the types of input data
available to algorithmic systems, as well as the forms of
knowledge and decision outputs generated from them. Sub-
sequently, to highlight their potential relationship with AI
literacy, with examine how different data evaluation prac-
tices shape the transparency, interpretability, and contesta-
bility of the processes through which input data are con-
verted into evaluative knowledge and lead to decisions.

Input Data Data input is the raw data fed into algorith-
mic systems, and can be made available to algorithmic sys-
tems in different ways (Patil, Wenzel, and Grossklags 2026).
Individuals can actively provide data to algorithmic sys-
tems, for example, by using social media (Linders 2012), or
through allowing algorithmic systems to access self-tracked
data (van Zeben and Kamphorst 2020). On the contrary, data
input can also be passively gathered without the data sub-
ject’s active involvement, for example, by technologies such
as CCTV systems (Marx 1998; Fontes et al. 2022).

Knowledge Creation and Decision Outputs Input data is
processed to generate actionable knowledge about individu-
als, often in the form of inferences or profiles. This knowl-
edge subsequently informs algorithmic decisions (Kitchin
2017). Inference refers to generating new information and
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insights about individuals’ specific attributes. These infer-
ences can range from simple derivations to more sophisti-
cated approximations of sensitive characteristics, for exam-
ple, behavioral tendencies or character traits (Custers and
Vrabec 2024; Engelmann et al. 2022). Profiling goes one
step further, and attaches evaluations, assessments, or judg-
ments to produced knowledge. In this sense, inferences are
the result of the process through which new attributes are de-
rived from input data, and profiling is the result of evaluating
inferred information, which guides assessments, judgments
or interventions directed at individuals (Hildebrandt 2008).

The practices through which data are processed deter-
mine the extent to which outputs are traceable, understand-
able, and interpretable, thereby defining the degree to which
the relationship between inputs and outputs can be recon-
structed. We distinguish rule-based and AI-based data eval-
uation practices as two analytical boundary scenarios for as-
sessing how different processing logics shape perceptions of
procedural justice.

AI-based vs. Rule-based Methods Both rule-based and
AI-based systems can generate knowledge from data, in the
form of inferences or profiles. Yet, they fundamentally differ
in their logic through which they generate knowledge. Rule-
based algorithms act deterministically, relying on traceable
and pre-specified rules, and are based on clearly defined as-
sumptions. AI-based algorithms, in contrast, deploy sophis-
ticated AI or machine learning techniques, and rest on a
probabilistic, discovery-driven approach through which they
create knowledge without explicit guidance (Custers 2004;
Hildebrandt 2008; Durán and Jongsma 2021).

These differences have important implications for the
transparency and interpretability of algorithmic processes.
Through their defining characteristics, rule-based algorithms
offer greater understandability of how data relates to pro-
duced knowledge. AI-based methods, in contrast, are often
characterized as black-box systems, which blur the relation-
ship between input and output, and make it difficult to un-
derstand how data is converted into knowledge (Wang et al.
2023; Durán and Jongsma 2021; Pasquale 2015; Innerarity
2021). AI-based methods can generate sophisticated evalu-
ations from diverse input data, enabling the approximation
of latent or unobservable attributes and traits, and the cre-
ation of comprehensive profiles. In such systems, it is not
only opaque how input data is turned into knowledge, but
often also what kind of inferences or profiles are constructed
(Custers and Vrabec 2024).

As such, perceptions of procedural justice might be af-
fected by distinct data evaluation practices. As rule-based
systems allow people to better follow data evaluation logics,
they might increase perceptions of control, or enhance the
feeling of being treated with respect (Loefflad, Chen, and
Grossklags 2023; Mittelstadt et al. 2016). We, therefore, ex-
plore to which relational and instrumental components of
procedural justice data evaluation practices relate.

Importantly, these distinctive characteristics have impli-
cations for the interpretive demands they place on individ-
uals to follow decision logics. Rule-based systems enable
decision subjects to understand the relationship between

inputs, processing steps, and outputs (Arrieta et al. 2020;
Colaner 2022). AI-based systems, in contrast, provide only
indirect forms of traceability, for example, through model-
level explanations rather than transparent rules (Hase and
Bansal 2020). Hence, understanding how they work requires
greater ability to understand algorithmic processing logic.
Interpreting such systems may, therefore, depend on distinct
aspects of AI literacy (Celik 2023). Therefore,we explore
whether distinct aspects of AI literacy moderate the associ-
ation between data evaluation practices and distinct compo-
nents of procedural justice.

Human Oversight
Human oversight refers to the involvement of natural per-
sons in the supervision or correction of AI system outputs
(Koulu 2020). As it requires that humans can identify er-
rors and intervene in the system’s operation, it is often op-
erationalized by letting dedicated experts oversee or review
algorithmic decision-making processes. A crucial aim of hu-
man oversight is to ensure that algorithmic decision-making
processes are judged or reviewed by a human expert who
is capable of understanding and assessing these processes
and their associated decision outputs (Sterz et al. 2024).
With this, human oversight is supposed to mitigate or pre-
vent algorithmic harm (Green 2022), and, therefore, purport-
edly legitimizes algorithmic decisions (Martin and Wald-
man 2022). Yet, while distinct forms of oversight exist, it is
largely unclear how those subject to algorithmic decisions
perceive these distinct forms, particularly in-the-loop and
out-of-the-loop human oversight.

In-the-loop oversight implies that an automated decision
is reviewed by a human expert before it translates into le-
gal consequences. This implies that outputs are subject to
prior validation. In procedural terms, this form of oversight
provides an anticipatory form of human intervention, as it
allows human experts to validate outcomes before they ma-
terialize into actual consequences for decision subjects.

Under out-of-the-loop oversight, in contrast, human inter-
vention is ensured only after the output of an AI system has
become effective. As such, decisions can be reviewed, con-
tested, and revised after an algorithmic decision has been
made. Crucially, this retrospective expert review must be ac-
tively initiated by those affected by a decision, providing a
reactive form of oversight (Lazcoz and de Hert 2023).

Human Oversight and Procedural Justice Expert-
mediated human oversight might provide an institutional-
ized form of human voice by ensuring that individual cir-
cumstances can be considered, and that decisions can be re-
viewed or corrected. While prior research suggests positive
effects of such oversight on perceptions (Nagtegaal 2021),
less attention has been directed to the possibility that dis-
tinct forms of human oversight could differentially affect
distinct dimensions of procedural justice. In-the-loop over-
sight may enhance perceptions of process control and re-
assurance, as human judgment through dedicated experts is
continuously present during decision processes. Out-of-the-
loop oversight, in contrast, may strengthen perceived out-
come control, as it provides individuals with the possibility
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to have algorithmic decision outputs challenged or reversed.
At the same time, both forms may contribute to relational
evaluations, for example, when expert-level oversight of al-
gorithmic outputs signals respectful treatment. Yet, the na-
ture of these effect remains empirically underexplored.

Human Oversight and Aspects of AI Literacy Impor-
tantly, the relationship between human oversight and percep-
tions of procedural justice may depend on individuals’ abil-
ity to engage with distinct forms of oversight, and to evalu-
ate their distinct implications. First, while human oversight
has been portrayed as an important procedural safeguard, it
has also been criticized for providing a false sense of re-
assurance if it is implemented merely symbolically (Kyri-
akou and Otterbacher 2023). Individuals with higher AI lit-
eracy may be better able to recognize these implications and
distinguish between meaningful and merely symbolic forms
of oversight, whereas those with lower AI literacy may be
less likely to do so. Second, in out-of-the-loop oversight,
taking the initiative to have technologically produced arti-
facts challenged might be more plausible when individu-
als perceive a certain level of self-efficacy in navigating al-
gorithmic technologies (Igbaria and Iivari 1995), which is
closely linked to AI literacy (Türker and Pala 2020). When
AI-literate people feel more equipped and confident to con-
test outcomes through out-of-the-loop oversight, they might
more positively react to this form of oversight. Conversely,
individuals with lower AI literacy may perceive retrospec-
tive contestation mechanisms as less accessible, which could
weaken perceptions of procedural justice. Therefore, we ex-
plore whether the effect of different forms of human over-
sight on procedural justice may depend on the AI literacy of
those subject to algorithmic decisions.

Summarizing, we posit that the way procedural config-
urations in algorithmic systems translate to perceptions of
procedural justice might be affected by the AI literacy of
those affected by algorithmic decision, which plays differ-
ent roles across procedural configurations. For data evalu-
ation practices, AI literacy primarily enables individuals to
interpret how inputs are transformed into outputs, and, there-
fore, shape perceived control. For human oversight mech-
anisms, AI literacy is more closely related to individuals’
ability to recognize and activate contestation opportunities,
particularly in settings where intervention depends on the
initiation of individuals themselves.

Method: Vignette-based Survey Study
Data Collection
We conducted a vignette-based survey study to examine
how two procedural configurations (data evaluation prac-
tices and human oversight) in algorithmic systems shape
perceived procedural justice. The study presented an algo-
rithmic system in a behavioral regulation context, where al-
gorithms collected behavioral data, and processed it to yield
evaluations about individuals’ behavioral compliance with a
pre-defined target (Loefflad 2024). These evaluations were
the basis for interventions to influence behaviors, for exam-
ple, in the form of algorithmic nudges or behavioral scores.

These interventions aimed at improving a specific collective
action challenge, for example, increasing population health.

Participants were recruited via Prolific Academic. The
study employed a between-subjects design in which each
participant was randomly assigned to one vignette describ-
ing a single algorithmic system. We collected data from par-
ticipants residing in the United States. No additional socio-
demographic restrictions were imposed. After applying at-
tention and comprehension checks, the final sample con-
sisted of 3,203 participants.

The mean survey completion time was 9.27 minutes (SD
= 2.97). Participants received, on average, £1.85, which is
equivalent to an average hourly wage of £12.

Our institution does not require formal ethics approval
for survey-based studies. Nevertheless, we followed stan-
dard ethical procedures, including informed consent and
anonymized data collection.

Vignette Design
Participants were first presented with a short scenario which
described a collective action problem in one of three do-
mains: climate, health, or social cohesion. In each scenario,
an algorithmic system was introduced to collect behavioral
data, to evaluate it against a behavioral target, and to decide
on an intervention to influence behaviors. For example, in
the climate context scenario, interventions were described
that steered people to adopt more pro-environmental behav-
iors (see Online Supplement (OS); Tables OS-1 and OS-2
(Loefflad and Grossklags 2024a)).

Following the scenario description, participants were
shown a factorial vignette, which described the procedu-
ral configurations of the algorithmic system. Each partici-
pant was presented with one specific data evaluation practice
(rule-based or AI-based), and one form of human oversight
(in-the-loop vs. out-of-the-loop) (see Online Supplement;
Tables OS-3 and OS-4 (Loefflad and Grossklags 2024a)).
Besides distinct procedural variables, the study contained
two design variables, which manipulated how and when in-
terventions were communicated and implemented. One de-
sign variable related to timing, namely in whether interven-
tions were channeled in the form of a nudge, before behav-
iors take place (ex ante), or in the form of a score-mediated
reward, after behaviors occur (ex post). Another design vari-
able (framing) captured whether interventions were posi-
tively or negatively framed (Loefflad and Grossklags 2026).

While the implications of distinct intervention designs
are examined in detail in a related working paper (Loef-
flad and Grossklags 2026), we here focus on the procedu-
ral aspects (data evaluation practices and human oversight)
through which data is turned into knowledge and decisions.
However, we maintain the distinct contextual and design
variables in our dataset, to situate the procedural manipu-
lations within a broad range of distinct design and contex-
tual settings. This operationalization increases the external
validity of our study, and allows us to assess whether the
effects of algorithmic procedures are robust across different
contexts and intervention designs.

In summary, we employed a between-subjects vignette
design in which each participant was presented with a single
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scenario, characterized by one collective action context, one
intervention design (including timing and framing), and one
combination of procedural features (human oversight and
data evaluation practice). Participants evaluated the scenario
on the five dimensions of procedural justice.

To ensure treatment validity, the survey included com-
prehension checks on all manipulated procedural features,
and provided participants with corrective feedback in case of
wrong answers. An additional attention check was included,
and only respondents who passed all checks were retained
for the subsequent analysis.

Measures

Prior to the vignette, we retrieved participants’ literacy mea-
sured by AI awareness, AI usage competence, AI evaluation
competence, and AI ethics-related understanding, based on
a recently established and widely adopted scale (Wang, Rau,
and Yuan 2023). After the vignette, we retrieved several per-
ceptions. We here focus exclusively on perceived procedural
justice, which was measured over three relational dimen-
sions (human voice, benevolent intentions, and respectful
treatment), and two instrumental measures related to pro-
cess and outcome control (5-point Likert scale). All items
were adapted from prior research on procedural justice and
algorithmic decision-making contexts (Thibaut and Walker
1975; Tyler, Rasinski, and Spodick 1985; Loefflad, Chen,
and Grossklags 2023). Example items that capture these dif-
ferent dimensions of procedural justice are shown in Table 1.
The wording of the items was adapted to the specific behav-
ioral steering context of our study (see Online Supplement
(OS), Table OS-5 (Loefflad and Grossklags 2024a)).

Data Analysis

We first estimated several ordinary least squares (OLS) re-
gression models with perceived procedural justice as a com-
posite variable that averages the five subdimensions (Ta-
ble OS-2). We subsequently expanded the model. First, we
regressed procedural justice on human oversight and data
evaluation practices (Model 1). In Model 2, we explored
their interaction to assess whether these procedural dimen-
sions jointly shape perceptions of procedural justice. In
Model 3, we added the four dimensions of AI literacy as
individual-level covariates. In Model 4, we further included
interaction terms between the components of AI literacy and
human oversight, as well as between the components of AI
literacy and data evaluation practices. As our data includes
treatment differences for policy design and context, we as-
sessed the robustness of these relationships. In Model 5, we
included controls for policy design features that arise from
the factorial vignette manipulation, and in Model 6, we fur-
ther controlled for differences across distinct contexts.

To identify whether procedures differentially affect dis-
tinct dimensions of procedural justice, we repeated the
previously described modeling approach for each sub-
dimension of procedural justice, namely, dignity and re-
spect, benevolence, human voice, process control, and out-
come control.

Results
Our sample (N=3,203) contained 1,532 observations for in-
the-loop, and 1,671 for out-of-the-loop oversight. We had
1,536 observations in the AI-based data evaluation condi-
tion, and 1,667 observations in the rule-based condition.

Participants were diverse in terms of age, gender, edu-
cation, and ethnicity. Regarding age, 5.44% of the partic-
ipants were below 25 years, 12.68% between 25 and 30,
27.27% between 31 and 40, 23.18% between 41 and 50,
17.43% between 51 and 60, and 13.90% above 60 years old.
53.14% identified as female, 45.22% as male, 1.23% as di-
verse, and 0.42% did not disclose their gender. Regarding
education, 0.72% had not completed high school, 25.12%
had a high school degree, 51.41% held a college degree,
17.94% held a master’s degree, and 4.01% held a doctoral
degree. 25.70% identified as European, 53.90% as Ameri-
can, 6.35% as Asian-Pacific, 6.07% as Hispanic, 5.86% as
multicultural, and 2.21% did not reveal their ethnicity.

We next report the results of the regression analyses, a
detailed overview of which is provided in the Online Sup-
plement (Tables OS-7–OS-12).

AI Literacy
Regarding AI literacy, the ability to use AI technologies is
positively and consistently associated with perceived proce-
dural justice (β = 0.15, p < 0.01 in Model 6, Table OS-
7). This finding is consistent across distinct model specifi-
cations. Other aspects of AI literacy relating to awareness,
ethics, and evaluation are not associated with perceived pro-
cedural justice.

Human Oversight and AI Literacy
Aggregate Procedural Justice We first evaluate the mod-
els that considered procedural justice as a combined con-
struct (Table OS-7). In the partially specified models (Mod-
els 1–4), out-of-the-loop (OL) oversight is associated with
a significant decrease in perceived procedural justice. How-
ever, this effect becomes attenuated and statistically insignif-
icant once the intervention design (Model 5) or contextual
variations (Model 6) are controlled for. We did not find evi-
dence that distinct aspects of AI literacy moderate the asso-
ciation between human OL oversight and perceived proce-
dural justice.

Components of Procedural Justice The effects of hu-
man oversight differ substantially across model specifica-
tions and procedural justice components. In partially spec-
ified models (see Model 3), OL oversight is negatively asso-
ciated with relational aspects, including respectful treatment
(β = −0.16, p < 0.01; Table OS-8), perceived benevo-
lence (β = −0.19, p < 0.01; Table OS-9), and perceived
reassurance through human voice (β = −0.53, p < 0.001;
Table OS-10). At the same time, OL oversight is not signifi-
cantly related to perceived outcome or process control.

However, some of these associations are attenuated once
intervention design and contextual factors are controlled for
(see Model 6). In these fully specified models, the negative
associations between OL oversight and relational dimen-
sions (benevolence and respectful treatment) become statis-
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Figure 2: Effects of out-of-the-loop oversight on perceived
procedural justice, and components of procedural justice.
The abbreviation n.s. refers to not significant (p > 0.05).

tically insignificant. Yet, what remains stable is the strongly
negative association between OL oversight and perceived re-
assurance through human voice (β = −0.46, p < 0.001;
Table OS-10). In addition, in fully specified models, OL
oversight is positively associated with outcome control (β =
0.12, p < 0.01; Table OS-12). Thus, when context and pol-
icy design are accounted for, OL oversight is associated with
increased perceived outcome control, and, simultaneously,
with a decrease in reassurance through human voice. These
effects are illustrated in Figure 2.

Across all models, we observe three stable patterns. First,
distinct forms of oversight are not significantly associated
with process control. As such, human oversight mechanisms
do not alter perceptions of influence over how decisions are
made. Second, OL oversight is consistently negatively as-
sociated with perceived reassurance through human voice.
Third, distinct facets of AI literacy do not moderate the ef-
fect of OL oversight on perceived procedural justice.

Data Evaluation Practices and AI Literacy
Aggregate Procedural Justice Across distinct model
specifications, we do not find evidence of a consistent main
effect of rule-based versus AI-based data evaluation on per-
ceived procedural justice.

However, we find a significant interaction between AI
awareness and data evaluation practices, which implies that
the effect of AI awareness depends on which data evalua-
tion method is used, and vice versa. When systems rely on
AI-based evaluations, a one unit increase in AI awareness
is positively associated with perceived procedural justice
(β = 0.12, p < 0.05; Model 6; Table OS-7). However, as
indicated by a negative interaction between rule-based eval-
uation and AI awareness (β = −0.18, p < 0.01; Model 6;
Table OS-7), this association is reversed in rule-based sys-
tems. Here, the marginal effect of AI awareness becomes
slightly negative when systems operate in a rule-based man-
ner (∆β = −0.06). Therefore, an increase in AI awareness
is associated with an increase in perceived procedural jus-
tice in AI-based systems, but with a decrease in rule-based

systems. Reversely, this same interaction shows that at aver-
age levels of AI awareness, there is no effect of using rule-
based vs. AI-based models on perceived procedural justice.
However, as AI awareness increases, perceptions of proce-
dural justice of rule-based systems marginally decrease, as
indicated by the negative interaction effect (β = −0.18,
p < 0.01; Model 6; Table OS-7), resulting in a negative
marginal net effect (∆β = −0.13).

Components of Procedural Justice We next examine
which components of procedural justice drive the interac-
tion between data evaluation practice and AI awareness. We
find that the significant interaction between AI awareness
and data evaluation is driven primarily through a negative
joint effect on process control (β = −0.33, p < 0.001,
Model 6; Table OS-11). We observed no significant associa-
tions for outcome control, benevolent intentions, or respect-
ful treatment, and a moderate impact on reassurance through
human voice (β = −0.19, p < 0.05, Model 6; Table OS-10).
As such, the crossover pattern observed for aggregate proce-
dural justice is primarily driven by perceived control over
decision-making processes. Substantively, individuals with
higher AI awareness perceive greater process control un-
der AI-based evaluation systems, whereas individuals with
lower AI awareness perceive reduced process control under
the same conditions.

Estimated Marginal Means We examine how differences
in aggregate procedural justice and in perceived process con-
trol between rule-based and AI-based systems vary across
different levels of AI awareness. Therefore, we computed
estimated marginal means at low (−1SD), average, and
high (+1SD) levels of AI awareness using the emmeans
package, and based on the fully specified model (Model
6). The results show that at low levels of AI awareness
(−1 SD), rule-based data evaluation practices are associated
with higher perceived procedural justice (M = 3.29, 95%
CI [3.19, 3.39]) compared to AI-based data evaluation prac-
tices (M = 3.07, 95% CI [2.96, 3.17]). At the mean level
of AI awareness, the difference between conditions is small,
with slightly higher perceived procedural justice in the rule-
based condition (M = 3.26 vs. 3.21). At high AI awareness
(+1 SD) AI-based evaluation is associated with higher per-
ceived procedural justice (M = 3.36, 95% CI [3.25, 3.47])
than rule-based evaluation (M = 3.23, 95% CI [3.13, 3.33]).
The results thus show a crossover interaction pattern. While
AI-based evaluation are perceived as less procedurally just
for those with low AI awareness, they are perceived as more
procedurally just for those with high AI awareness. Here, the
overall effect is mainly driven through the effect on process
control (see Tables OS-13 and OS-14 in the Online Supple-
ment). The estimated means of procedural justice as a com-
posite construct are shown in Figure 3.

Discussion
In this paper, we investigate the relationship between al-
gorithmic procedures, AI literacy, and perceived procedural
justice. Focusing on two procedural configurations, namely,
data evaluation practices and human oversight, we develop a
conditional account of how individuals evaluate procedural
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justice in algorithmic systems. Accounting for the relational
and instrumental components of procedural justice, we the-
orize that the relationship between algorithmic procedures
and perceived procedural justice depends on individuals’ AI
literacy, as AI literacy shapes how individuals interpret and
evaluate procedural choices. For data evaluation practices,
AI literacy is relevant through its association with computa-
tional thinking (Celik 2023), whereas for human oversight,
AI literacy relates to individuals’ perceived ability to ques-
tion and contest algorithmic decisions.

Procedural Justice Components: Nuanced Effects
The effect of procedures on judgments becomes more
clearly visible once distinct dimensions of procedural justice
are taken into consideration. For human oversight, we found
that the apparent null effect on the composite construct of
perceived procedural justice is due to its differential effect
on distinct components of procedural justice. When human
oversight is implemented out-of-the-loop, people’s percep-
tion of being able to control outcomes increases. However,
in that same configuration, people’s perceived reassurance
through human voice within decision-making processes de-
creases. As such, out-of-the-loop oversight positively relates
to instrumental outcome control, and negatively relates to
the feeling of being heard. These mechanisms are concealed
when procedural justice is averaged over its components.

For data evaluation practices, we find that the effects pro-
cedural justice are mainly driven by a positive joint effect of
data evaluation practices and AI literacy on process control.
As such, perceptions are greatly affected by the association
between data evaluation practices and one specific instru-
mental aspect of procedural justice.

Taken together, these findings suggest that null effects
in algorithmic decision-making research might reflect off-
setting effects across distinct dimensions of a broader con-
struct. This might explain why prior research has not found
consensus when researching the procedural configurations
studied here (Wang, Harper, and Zhu 2020; Wang et al.
2023; Yurrita et al. 2023; Koulu 2020). At the same time,
effects on perceived procedural justice might be subject to

one particularly pronounced underlying driver. Together, our
work thus demonstrates that procedural justice in algorith-
mic systems is conditional on the components of justice af-
fected by specific procedural configurations, and highlights
the importance of accounting for both instrumental and re-
lational components of procedural justice.

AI Literacy: Selective Importance
Procedural justice effects might also be conditional on AI lit-
eracy. As shown in this work, the apparent null effect of dis-
tinct forms of data evaluation arises because AI-based data
evaluation practices have distinct effects on people with dif-
ferent levels of AI awareness. When people have high AI
awareness, the use of AI-based data evaluation practices in-
creases perceptions of procedural justice. In contrast, when
people have low AI awareness, the use of AI-based data
evaluation practices decreases these perceptions.

Selective Moderation. Importantly, AI literacy moderates
only data evaluation practices, but not on human oversight.
This suggests that AI literacy, particularly awareness, selec-
tively moderates how individuals evaluate procedural ele-
ments of algorithmic systems, depending on the degree to
which a procedural feature requires computational and in-
terpretive capacities. In a procedural configuration charac-
terized by strong interpretive demands, such as delineating
the implications of AI-based and those of rule-based evalua-
tion practices, AI awareness appears as an important variable
that shapes how the justice of these procedures is judged.

By contrast, AI awareness is not decisive for initiating
review and contestation of AI decisions, as exemplified by
its non-significance in human oversight. As such, our find-
ing suggest that AI literacy does not uniformly shape eval-
uations of algorithmic procedures, but that its influence de-
pends on the computational opacity of a procedural feature.

Aspects of AI Literacy. Our results highlight the impor-
tance of distinguishing between distinct aspects of AI lit-
eracy, as not all of its components play an equal role in
shaping procedural justice perceptions. Across distinct mod-
els, AI usage is consistently positively associated with per-
ceived procedural justice. This suggests that individuals who
are more familiar and comfortable integrating AI technolo-
gies into daily practices tend to evaluate AI-based systems
more favorably, independent of a specific procedural config-
uration. This likely reflects general technological acceptance
and self-efficacy in adopting and engaging with AI systems.

In contrast, AI awareness is the key driver of the modera-
tion effect for data evaluation practices. Awareness captures
the ability to recognize and understand AI technologies and
their functional implications (Wang, Rau, and Yuan 2023).
Therefore, this dimension appears directly relevant for dis-
tinguishing between different computational logics within
algorithmic decision-making procedures.

Finally, AI evaluation and AI ethics do not exhibit sys-
tematic effects in our models. One possible explanation is
that these dimensions capture normative reflection and judg-
ment, and refer less to an understanding of computational
procedures (Wang, Rau, and Yuan 2023), which might ren-
der their influence on procedural configurations less salient.
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Yet, as these aspects capture important dimensions of engag-
ing and interacting with AI, future research should identify
for which algorithmic features individuals’ capacity to eval-
uate and judge AI play a more important role.

Implications for AI Ethics
Our findings have implications for the ethical design of al-
gorithmic systems, particularly regarding the trade-offs be-
tween different procedural justice dimensions. In data eval-
uation practices, observed effects were primarily driven by
perceived process control. Other justice components were
considerably less impacted. This suggests that aggregate
evaluations of procedural justice may conceal the specific
mechanisms through which algorithmic procedures shape
perceptions of justice.

Such tensions become particularly apparent when distinct
components are affected in opposing directions, as exem-
plified by the relationship between procedural justice and
human oversight. Here, we observed a clear tension be-
tween increased perceptions of outcome control under out-
of-the-loop oversight and reduced perceptions of being re-
assured through human voice. This highlights that proce-
dural choices might lead to trade-offs, as some choices,
which strengthen perceived instrumental control over out-
comes, can simultaneously reduce relational judgments. Im-
portantly, this trade-off becomes visible only when we dis-
tinguish between different dimensions of procedural justice.
Thus, designing ethical algorithmic systems requires balanc-
ing potentially competing aspects of procedural justice. The
relative importance of relational versus instrumental con-
cerns is likely context-dependent and may vary across in-
dividuals and application domains. At the same time, some
relational expectations, such as being treated with respect,
might function as more stable normative baselines.

A key insight of our study is that procedural justice in
algorithmic systems cannot be understood independently of
individuals’ ability to interpret procedural structures. In al-
gorithmically mediated environments (Dencik et al. 2018),
important procedural characteristics may remain epistem-
ically inaccessible to large parts of the population (Lutz
2019). As a result, identical algorithmic procedures can gen-
erate fundamentally divergent perceptions of procedural jus-
tice across individuals with different levels of AI literacy.
These findings underscore the growing importance of AI-
relevant competencies for participating in algorithmically
governed societies. If interpretive capacities are unevenly
distributed, algorithmic procedures may contribute to new
forms of inequality in how individuals understand, evaluate,
and respond to algorithmic systems (Aydin 2021).

With this, our study contributes to broader discussions
on digital divides and algorithmic inequality (Lutz 2019;
Van Deursen and Van Dijk 2014). Prior research has pri-
marily focused on how unequal decision outcomes (Wang,
Harper, and Zhu 2020; Loefflad and Grossklags 2024b; Lo-
efflad, Chen, and Grossklags 2024a), or different partici-
pation levels (Loefflad, Chen, and Grossklags 2025) cre-
ate perception differences. Our findings suggest that dispar-
ities may also emerge at an interpretive level. In particular,
AI awareness shapes how individuals judge data evaluation

practices, which implies that procedural justice also depends
on interpretive capacities. With this, our work underscores
that, depending on the procedural configurations of algorith-
mic systems, inequalities in AI literacy translate directly into
differences in how algorithmic procedures are perceived and
evaluated.

Such differences have important implications, as they can
directly translate into differences in engaging with or adopt-
ing algorithmic systems (Loefflad, Chen, and Grossklags
2025), which ultimately shapes individuals’ ability to effec-
tively navigate and benefit from these systems (Al-Hujran
et al. 2015). Together, this points toward a new form of digi-
tal divide rooted in the ability to trace and interpret algorith-
mic systems.

Importantly, differences in AI literacy should not be un-
derstood as inherently given, but as arising from, for exam-
ple, differential access to technologies (Aydin 2021). Prior
work has illustrated that AI literacy directly reflects digi-
tal divides to a large extent (Celik 2023). Together with our
findings, this suggests that algorithmic systems may repro-
duce or even amplify existing inequalities through unequal
interpretive capacities, which raises the importance of find-
ing strategies to mitigate these novel forms of digital divide.

Conclusion
In this paper, we developed and empirically examined a con-
ditional account of procedural justice in algorithmic sys-
tems. We argued that evaluations of algorithmic procedures
depend both on individuals’ AI literacy and on the specific
dimensions of procedural justice under consideration. Our
findings support this perspective. While AI literacy moder-
ated the relationship between data evaluation practices and
procedural justice perceptions, human oversight exhibited
opposing effects across distinct components of procedural
justice. These findings demonstrate that seemingly null or
inconsistent effects may conceal more differentiated under-
lying dynamics. By decomposing procedural justice into re-
lational and instrumental components, and by treating AI
literacy as a multidimensional construct, our study uncov-
ers patterns that may remain obscured in approaches rely-
ing on aggregated scales. More broadly, our work highlights
that procedural evaluations of algorithmic systems are not
uniform across individuals, but depend on people’s capac-
ity to interpret and engage with algorithmic procedures. As
algorithmic systems increasingly shape access to opportuni-
ties and social participation, understanding these interpretive
differences becomes essential for both research and the eth-
ical design of algorithmic systems. We hope that future re-
search further investigates the implications of distinct inter-
pretive capacities, and finds strategies to mitigate that differ-
ences in interpretation create novel forms of digital divides.
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