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Abstract Algorithmic management (AM) can pose serious
challenges for workers on digital labor platforms (DLPs),
such as exploitation and a lack of transparency. Prior
information systems research has characterized these
challenges as unfair practices, particularly in terms of
platform functionalities and procedures (e.g., for salaries).
This work examined how disclosing information about
AM’s functionalities and procedures affects its perceived
fairness. Building on organizational justice theory (OJT),
which distinguishes between distributive, procedural, and
informational justice, perceived fairness as a measure of
justice was used. The authors conducted an online exper-
iment with 234 DLP workers on a self-developed DLP, on
which an algorithm allocated suitable tasks. The workers
were assigned to three groups with different types of
transparency — distributive, informational, and both dis-
tributive and informational — and one control group without
enhanced transparency. The results suggest that the
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provision of transparency in AM practices and decision-
making processes neither affects the perception of infor-
mational nor both distributive and informational fairness.
Instead, it influences how AM’s distributive fairness is
perceived on DLPs. Although, according to OJT and
research on human—computer interactions, individual dif-
ferences influence perceived fairness regarding trans-
parency measures, factors such as technology affinity and
human—computer trust have not been found to be suit-
able moderators for their interaction. However, the results
revealed that these factors were important predictors of
perceived fairness, independent of the level of transparency
provided.

Keywords Algorithmic management - Transparency -
Fairness - Justice - Digital labor platform

1 Introduction

An increasing number of businesses use algorithms to
manage workers’ tasks on so-called digital labor platforms
(DLPs) (Cameron et al. 2023; Kissi et al. 2021; Rani and
Furrer 2021), of which platforms such as Uber, Airbnb, and
Amazon Mechanical Turk (Chan and Wang 2018; Mohl-
mann et al. 2023; Rani and Furrer 2021) are just a few
prominent examples. Given their advantages, which
include cost-efficient management and flexibility, DLPs are
among the fastest-growing markets for labor worldwide
(Késsi et al. 2021; Manyika et al. 2016). Due to the
opportunities these platforms provide for organizations and
workers, the concept of algorithmic management (AM) is
increasingly becoming the focus of research (Cram et al.
2022; Zhang et al. 2022). AM refers to “the use of
increasingly intelligent algorithms in conjunction with
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digital technologies” (Benlian et al. 2022, p. 825) to
automate and optimize coordination and control functions
traditionally carried out by human managers (Mdhlmann
2021; Mohlmann et al. 2021). It is used to perform man-
agement responsibilities, such as assigning tasks, commu-
nicating with workers, and evaluating workers’
performance (Lee et al. 2015; Schulze et al. 2022), as well
as functions with no human involvement on the manage-
ment side. Parent-Rocheleau and Parker (2022) identified
six main AM functions: monitoring, goal setting, perfor-
mance management, scheduling, compensation, and job
termination. The lack of human involvement increases the
importance of AM design and configuration for the orga-
nizations deploying them (Benlian et al. 2022; Kellogg
et al. 2020). Furthermore, previous research has suggested
that AM employs two different mechanisms on DLPs:
algorithmic matching and algorithmic controlling (Cram
et al. 2022; Heinrich et al. 2022; Mohlmann et al. 2021).
Mohlmann et al. (2021) defined algorithmic matching as
the “coordination of interactions between demand and
supply” (p. 2005), which includes using information (e.g.,
time availability, location, ratings, or evaluation data) to
recommend the best matches for both the provider and the
platform worker (Heinrich et al. 2022). Algorithmic control
refers to the use of “algorithms to monitor platform
workers’ behavior and ensure its alignment with the plat-
form organization’s goals” (Mohlmann et al. 2021,
p. 2006).

Besides its positive outcomes — such as increased pro-
cess efficiency and effectiveness (Gal et al. 2017) and
flexible work opportunities and autonomy for workers
(Heinrich et al. 2022; Wood et al. 2019) — AM can pose
serious challenges for organizations and workers, who are
the main focus of this research (Benlian et al. 2022; Gal
et al. 2020; Parent-Rocheleau and Parker 2022). While
algorithms have been implemented to efficiently manage
and allocate workforces, issues regarding the treatment of
workers and related perceived unfairness have been iden-
tified (Kochling and Wehner 2020). Furthermore, disad-
vantages can arise from the complexity of AM use in
organizations, since many parties are involved in the pro-
cess (Faraj et al. 2018; Heinrich et al. 2022). Thus, AM
implementation raises some serious threats, such as power
asymmetry (Benlian et al. 2022), information asymmetry
(Zhang et al. 2022), and a low level of transparency (Cram
et al. 2022; Parent-Rocheleau and Parker 2022) — referred
to as opacity (Bujold et al. 2022; Heinrich et al. 2022).
Previous research has shown that, compared to prior con-
trol systems, AM is “often more opaque in terms of how it
directs, evaluates, and disciplines workers” (Kellogg et al.
2020, p. 387). This opacity may stem from a lack of dis-
closure regarding the design features and source codes of
algorithms (Schulze et al. 2022). Emerging concerns about
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a lack of transparency and the exploitation of workers can
negatively affect perceptions of the fairness of AM (Parent-
Rocheleau and Parker 2022; Schulze et al. 2022).

To understand and conceptualize perceived fairness and
its constituents, we employ organizational justice theory
(OJT) (Colquitt et al. 2001; 2013). Based on the literature,
we recognize the varying terminology and interchangeable
use of the terms “fairness” and “justice” (Colquitt 2001;
Ganegoda et al. 2015; Krasnova et al. 2014; Morse et al.
2022). As Morse et al. (2022) put it, “Although differences
exist among the concepts, both are geared toward pro-
moting equity and avoiding bias” (p. 1086). Colquitt
et al.’s (2013) seminal work resolved this conflict by
defining justice as perceived fairness, which we follow in
this study. In the context of AM, a lack of perceived fair-
ness can arise, for example, from a lack of transparency
when relevant information is withheld from workers on a
platform (Zhang et al. 2022). In fact, a lack of transparency
is considered a key characteristic of algorithmic systems,
which means that the algorithm’s inputs are unknown,
relations between input and output are unknown, and no
further explanation is provided (Barredo Arrieta et al.
2020; Burrell 2016; Langer and Koénig 2023; Sokol and
Flach 2020). Rewards or payments are often intentionally
undisclosed to prevent workers from manipulating systems
(Cram et al. 2022; Kellog et al. 2020; Mohlmann et al.
2021). Theoretically, these issues pertain to the dimensions
of distributive fairness and informational fairness.
Distributive fairness refers to perceived fairness in the
distribution of rewards or monetary compensation on
DLPs, whereas informational fairness relates to the provi-
sion of information about AM. Given the opacity of AM
practices, studies have suggested that increasing trans-
parency may help mitigate concerns about perceived fair-
ness (Benlian et al. 2022; Cameron et al. 2023; Cheng and
Foley 2019; Robert et al. 2020).

Following Diakopoulos and Koliska (2017), we define
algorithmic transparency as the “disclosure of information
about algorithms to enable monitoring, checking, criticism,
or intervention” by workers (p. 811). Previous research has
identified that algorithmic transparency influences the
perception of fairness in general (Bitzer et al. 2023).
However, this paper offers a new perspective by providing
a detailed understanding of how different types of algo-
rithmic transparency influence diverse perceptions of fair-
ness. Investigating these effects in the context of AM on
DLPs is therefore of particular importance, since percep-
tions of fairness are highly dependent on context (Jabagi
et al. 2024). While transparency can lead to higher per-
ceptions of fairness in some areas, this might not be the
case in the context of AM, since DLP structures involve
other factors that may also play a role. This aligns with
Benlian et al. (2022), who suggested that those results may
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not be directly transferrable to AM and that the effects of
transparency need to be scrutinized in detail. Furthermore,
the AM context requires new forms of transparency, such
as the disclosure of evaluation processes or decision-
making criteria, when assigning tasks to DLPs (Bujold
et al. 2022; Jiang et al. 2023). These forms of transparency
may differ in how they affect fairness perception from
other types examined in previous algorithmic transparency
research. Hence, we pose the following research question:

How does algorithmic transparency affect the perceived
fairness of algorithmic management?

We examine the impact of transparency on perceived
fairness through an OJT lens. Prior research has high-
lighted recurring fairness concerns in AM, particularly in
distributive and informational dimensions (e.g., Rani and
Furrer 2021; Jabagi et al. 2019). Based on this, we focus on
corresponding types of transparency and investigate how
informational and distributive transparency' measures
affect workers’ perceptions of fairness. The study was
implemented using a 4 x 1 between-subjects design. The
participants were divided equally into three experimental
groups, each exposed to a different level of transparency —
from no transparency to distributive, informational, and a
combination of distributive and informational transparency
— and a control group with no transparency. Based on this,
it was determined whether workers’ perceived fairness
could be improved with each type of transparency. Finally,
the participants were asked about their perceptions of the
fairness of the scenarios they had been presented with.

With this research, we contribute to the information
systems literature by enhancing our understanding of the
use of AM on DLPs, thereby encouraging further research
in this field. Our findings enhance our understanding of
how transparency influences workers’ perceived fairness in
digital businesses. Furthermore, this research advances the
discourse on algorithmic transparency shaping fairness
perceptions (Bitzer et al. 2023) by offering a granular
understanding of this relationship and by providing insights
into the impact of different types of transparency on the
perceived fairness of algorithms. In particular, the impact
of each level of transparency on perceived fairness pro-
vides new insights into how the relationship between
workers and AM on DLPs can be optimized. In this way,
we contribute to advancing labor practices by offering
guidance to organizations on how to implement transparent
information and communication in the control and coor-
dination processes of AM on DLPs. Our study offers
insights into workers’ needs by determining the extent to
which fairness is perceived on DLPs and how transparency
can help improve this perception. Practitioners will

! Creating transparency by providing information on and explana-
tions about systems, processes, or decisions (Felzmann et al. 2019).

understand the extent to which explanation-based trans-
parency improves workers’ perceived fairness on DLPs
that utilize AM and how this can be leveraged for the
benefit of their organizations and workers. Practitioners
that use DLPs can use our study’s findings to enhance the
relationship between workers and the algorithms they uti-
lize for AM. In this way, this research will help extend the
knowledge of the possible applications of AM in organi-
zational contexts.

2 Theoretical Background and Hypotheses

2.1 The Link Between Fairness and Transparency
in Algorithmic Management

When describing organizational fairness, research relies on
OJT (Colquitt et al. 2001; Cui et al. 2023), which aims to
explain how workers perceive fairness in the workplace
(Greenberg 1990). To build on this, research on OJT has
distinguished between various dimensions of fairness, such
as distributive, procedural, and interactional fairness
(Colquitt 2001). While overall fairness refers to the per-
ception and evaluation of a system as a whole (Beugre and
Baron 2001), distributive, procedural, and interactional
fairness refer to the different dimensions that constitute
fairness. Since workers on DLPs desire systems that are
fair in terms of outcomes and information handling (Beu-
gre and Baron 2001; Zhou et al. 2023), in this study, we
consider distributive and interactional fairness. The dis-
tinction between these dimensions of fairness is particu-
larly important in AM, as unfairness can arise at various
touchpoints, such as nontransparent communication
between the algorithm and workers or the unfair distribu-
tion of rewards by the algorithm (Rani and Furrer 2021;
Zhou et al. 2023). Although the three dimensions of fair-
ness are linked to positive outcomes, they differ concep-
tually (Cui et al. 2023). Examining each dimension in
depth can, therefore, have a major impact on workers’
perceptions of fairness and lead to different outcomes
(Colquitt 2001; Greenberg 1990). Each individual dimen-
sion has a distinct impact on factors such as system trust-
worthiness and privacy concerns (Krasnova et al. 2014).
Therefore, in this study, we distinguish between distribu-
tive and interactional fairness to analyze how they are
affected by transparency.

Distributive fairness refers to the extent to which equal
contributions (e.g., work time) yield equal outcomes (e.g.,
points) (Alexander and Ruderman 1987; Krasnova et al.
2014; Robert et al. 2020). Therefore, it can be defined as
the extent to which the distribution of an outcome is per-
ceived as fair (Lu et al. 2024). In the context of DLPs,
workers seek fair rewards for their performance, which is
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determined by comparing the time worked to the points
awarded. Moreover, the relationship between workload and
reward is particularly important in assessing the fairness of
DLPs. Therefore, we capture the importance of distributive
justice in the context of DLPs from the importance that
workers attach to their efforts being rewarded by a fair
assessment of points (Zhou et al. 2023). To enable dis-
tributive justice, the concept of transparency can be uti-
lized. Accordingly, the disclosure of rewards allocated by
AM related to working time can be attributed to distribu-
tive transparency, which can thus be defined as openness in
the process of distributing rewards (e.g., point allocation)
(Krdmer and Wiewiorra 2015; Sikayu et al. 2022). Previous
research has generally linked (distributive) transparency
positively to distributive fairness; thus, the provision of
transparency has an impact on distributive fairness (Bujold
et al. 2022). This may be because transparency shows how
rewards are distributed in relation to individual contribu-
tions, thereby enabling workers to assess the fairness of
such distribution (Bujold et al. 2022). Therefore, we pro-
pose the following hypothesis:

Hla: Providing distributive transparency increases the
perceived distributive fairness of AM.

Interactional fairness focuses on organizations’ treat-
ment of their workers (Luo 2007) and can be separated into
interpersonal fairness (i.e., quality of interpersonal com-
munication between different stakeholders) and informa-
tional fairness (i.e., explanations about AM processes and
outcomes) (Colquitt 2001; Robert et al. 2020). Since
interpersonal communication does not apply to AM, we
focus only on the aspect of fair interactions that involves
keeping workers well informed (i.e., informational fair-
ness) (Cohen-Charash and Spector 2001; Krasnova et al.
2014; Robert et al. 2020). Therefore, informational fairness
can be defined as accurately explaining information man-
agement practices in AM (Colquitt 2001). In our context,
workers desire timely information on AM processes and
technical functions and how these affect the allocation of
work on DLPs. Therefore, we capture the importance of
informational justice in the context of DLPs through the
importance that workers attach to AM processes and
technical functions that are reliable, understandable, and
visible. If a DLP gives its workers access to information on
AM decision-making processes and functions, this can be
described as establishing transparency (Lu et al. 2014). We
refer to informing workers about how data are used as
informational transparency, which is defined as “a means
to make users more informed” about the information
management processes of AM on DLPs (Jiang et al. 2023,
p- 1695). Consequently, disclosing information on a DLP
that addresses the algorithm’s processes, outcomes, and
information handling is expected to increase perceived
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informational fairness (Colquitt 2001; Krasnova et al.
2014). Therefore, we propose the following hypothesis:

H1b: Providing informational transparency increases the
perceived informational fairness of AM.

In general, AM tends to contribute to ethical challenges
(Gal et al. 2020) because of its opaque and incomprehen-
sible design (Kellogg et al. 2020; Zhang et al. 2022).
Because of this, questions have been raised about how AM
affects workers on DLPs. Algorithmic unfairness and
injustice” are two major outcomes that DLP workers face
due to AM (Bujold et al. 2022; Geissinger et al. 2022;
Schulze et al. 2022). Hence, we define algorithmic
unfairness as “AM practices that give a rise to systematic
disadvantage for [platform] workers” that results from
algorithmic decision-making (Schulze et al. 2022, p. 2). To
decrease the negative effects of AM, studies have sug-
gested various approaches, with algorithmic transparency
(Langer and Konig 2023; Parent-Rocheleau and Parker
2022; Rani and Furrer 2021; Schulze et al. 2022; Zhang
et al. 2022) and the perception of fairness (Bujold et al.
2022; Kordzadeh and Ghasemaghaei 2022; Krasnova et al.
2014; Marjanovic et al. 2022) being the most common. In
AM, fairness mainly concerns workers’ perceptions of
interactions with it and the decisions it makes (Lee 2018).
These perceptions are largely shaped by whether users
understand how an algorithm makes decisions. Under-
standing this process is difficult due to its underlying
complexity (Cameron et al. 2023) and the large amount of
data used for decision-making (Faraj et al. 2018; Tarafdar
et al. 2022). This can cause workers to perceive systems
based on AM as unfair (Parent-Rocheleau and Parker
2022). Thus, perceived fairness requires the disclosure of
information about the functions and procedures or perfor-
mance measurement logic of AM (Schulze et al. 2023). In
conclusion, AM causes friction for workers, often because
of a lack of transparency of DLPs (Gal et al. 2020; Kellogg
et al. 2020), which often do not disclose the necessary
information “to enable understanding, critical review, and
adjustment” (Bitzer et al. 2023, p. 293) regarding algo-
rithms’ decision-making processes (Cameron et al. 2023;
Mohlmann et al. 2023).

Previous research has identified information disclosure
as a solid means to increase the perceived fairness of AM
(Schulze et al. 2023; Spiekermann et al. 2022; Rani and
Furrer 2021), but empirical knowledge on the relationship
between AM transparency and perceived fairness remains
limited. We aim to expand the understanding of how
algorithmic transparency can influence the perceived fair-
ness of AM by investigating the extent to which the

2 Following Morse et al. (2022), the terms “fairness” and “justice”
are used interchangeably in this study.
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provision of transparency — that is, providing information
about AM processes or the distribution of rewards — leads
to higher perceived fairness than when there is no algo-
rithmic transparency. Therefore, we propose the following
hypothesis:

Hlc: Providing distributive and informational trans-
parency increases the perceived fairness of AM.

2.2 The Role of Trust in and Affinity for Technology

OJT suggests that individual differences influence how
fairness-related information is processed and evaluated
(Colquitt et al. 2013). In the context of DLPs, where AM
systems allocate work and structure interactions, individual
factors become particularly relevant. Affinity for technol-
ogy — defined as a personal disposition toward engaging
with and understanding technology — may influence how
workers interpret transparency measures in algorithmic
decision-making (Heilala et al. 2023). Mosaferchi et al.
(2023) showed that individuals with high technology
affinity tend to place more trust in autonomous systems,
particularly when system processes are made transparent.
Applied to AM, this suggests that tech-savvy workers may
respond more positively to transparency initiatives, per-
ceiving algorithmic processes as fairer and more
comprehensible.

Moreover, those with a high affinity for technology may
be more capable of understanding and evaluating technical
and transparent information. This could influence how they
react to the provision of information, leading them to
perceive transparency as beneficial to fairness (Jarrahi et al.
2021). Therefore, we argue that affinity for technology
moderates the effect between transparency and the per-
ception of fairness and propose the following hypotheses:

H2a: Affinity for technology moderates the effect of
distributive transparency on the perception of distributive
fairness of AM.

H2b: Affinity for technology moderates the effect of
informational transparency on the perception of informa-
tional fairness of AM.

H2c: Affinity for technology moderates the effect of
distributive and informational transparency on the percep-
tion of fairness of AM.

Since most research has focused on how workers on
DLPs react to AM, perceptions such as trustworthiness
have been the focus, in addition to perceived fairness
(Heinrich et al. 2022). Trust is generally an important
prerequisite for AM acceptance and use (Moussawi et al.
2021; Schmidt et al. 2020; Zhang et al. 2021). When
working with an algorithm in the context of AM, it is

highly important to build trust, which can be defined as the
“willingness to be vulnerable to another party based on the
belief that the latter party is (1) competent, (2) open, (3)
concerned, and (4) reliable” (Mishra 1996, p. 5). This is
particularly necessary since it can have an impact on the
collaboration between DLP workers and technology (Jar-
rahi et al. 2021). As with traditional working arrangements,
AM relies heavily on worker—manager collaboration and
therefore requires a trustful relationship. Here, workers’
trust in the algorithm’s abilities and decisions plays a major
role in the success of AM (Benlian et al. 2022). Beyond
interpersonal trust, trust in technology itself is a crucial
factor, as it influences perceptions of reliability, function-
ality, and helpfulness (McKnight et al. 2011). According to
the integrative trust model (Mayer et al. 1995), trust is
shaped by ability, benevolence, and integrity, which also
apply to technology-mediated work settings. Trust in an
algorithm can therefore shape fairness perceptions by
reducing uncertainty and mitigating concerns about trans-
parency (McKnight et al. 2002). Additionally, preexisting
trust in AM can have an impact on how workers perceive
an algorithm to be fair (Krasnova et al. 2014). Thus, if
workers have a high level of trust in technology — such as
AM - this could have an impact on their perception of the
fairness of the algorithm used on the DLP. Therefore, we
argue that trust in AM moderates the effect between
transparency and the perception of fairness, from which we
derive the following hypotheses:

H3a: Trust in AM moderates the effect of distributive

transparency on the perception of distributive fairness of
AM.

H3b: Trust in AM moderates the effect of informational
transparency on the perception of informational fairness of
AM.

H3c: Trust in AM moderates the effect of distributive
and informational transparency on the perception of fair-
ness of AM.

Figure 1 visualizes our research model.

3 Research Design

To examine the different levels of transparency, we
implemented a 4 x 1 between-subject design. To examine
user behavior on a DLP, we conducted an online experi-
ment on a self-developed DLP prototype on which users
had to perform typical tasks delegated by simulated AM.
We collected quantitative data using survey questions and
statements before and after interactions on the prototypical
platform and matched these data with those from the users’
interactions. The platform prototype was built using the no-
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Fig. 1 Research model
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code tool Bubble.io,3 which allows for the simulation of
different types of interactive online platforms and tools. In
addition, we collected qualitative data by asking for open
feedback based on users’ perceptions following their
interactions on the platform. The questionnaires are avail-
able in the online appendix.

As with any study, a key decision involved whether to
recruit participants from a student sample or to use a
recruitment platform, such as Prolific.* Both options have
their own advantages and limitations and reflect different
philosophical perspectives on generalizability and contex-
tual relevance. We used Prolific to consider a suitable tar-
get group, which allowed us to collect data on a single day
(September 9, 2024).

Prolific was an ideal platform for our study because it
aligned closely with the characteristics of the DLP we
developed and investigated. According to Dunn et al.
(2023), Prolific qualifies as a DLP, since it manages task
allocation, worker interactions, and remuneration through
algorithmic processes. These features make Prolific not
only a recruitment tool but also a representative context for
studying AM and fairness perceptions in DLP
environments.

Furthermore, Prolific offers advanced prescreening
options and transparent compensation structures, ensuring
high data quality and relevance to our target group of DLP
workers. Compared to other platforms — such as MTurk —
Prolific demonstrates superior performance in data relia-
bility, as participants consistently pass attention checks and
engage more thoughtfully (Douglas et al. 2023). This
makes it particularly well suited for experiments requiring

3 https://bubble.io/.
4 https://www.prolific.co/.
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precise group allocation and interaction tracking, such as
our 4 x 1 between-subject design.

By using Prolific, we not only ensured access to a rel-
evant and high-quality sample but also leveraged a plat-
form that mirrored the core dynamics of our study, thereby
enhancing the ecological validity of our findings. The
participants received appropriate monetary compensation
for their time, in line with Prolific’s recommendations.
Prolific offers a compensation range with different cate-
gories, from “low” to “great.” For our study, we chose the
“fair” category — a mid-level option — to ensure realistic
monetary compensation typical of a DLP. We also applied
the following prescreening for our participants: they should
be employed full- or part-time or work under another type
of employment status (e.g., as freelancers).

The participants were distributed equally into four
experimental groups, which differed according to the types
of transparency displayed to the participants on the
recruitment platform used in the study. The first group was
not offered any transparency, the second group was pro-
vided with distributive transparency, the third group
received informational transparency, and the fourth group
was exposed to both distributive and informational
transparency.

3.1 Manipulation Check

To verify the effectiveness of our treatment conditions, we
conducted a prestudy, which served as a manipulation
check for our main experiment. To this end, the manipu-
lation check included 120 respondents acquired via Pro-
lific. Here, the four conditions (no transparency,
distributive transparency, informational transparency, and
both distributive and informational transparency) were
displayed to the participants, who were asked to evaluate
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Table 1 Post Hoc Mann—Whitney tests

Mann-Whitney test between different groups U p-value

No transparency (M = 4.2, SD = 1.7) Distributive transparency (M = 6.0, SD = 0.9) 2515.0 < 0.000%*
No transparency (M = 4.2, SD = 1.7) Informational transparency (M = 5.0, SD = 1.4) 5214.0 < 0.000%*
No transparency (M = 4.2, SD = 1.7) Distributive and informational transparency (M = 5.9, SD = 1.1) 2810.0 < 0.000*

*Significance at the 0.05 level

their perceptions of AM transparency on the DLP (i.e., the
study recruitment platform). Specifically, they were asked
to evaluate all four groups’ platform designs in terms of
their transparency. At the beginning of the prestudy, we
presented the different platform designs (i.e., different in
terms of transparency) on the same page to create an
overview and provided further instructions on how to
proceed. In the next step, we displayed a screenshot of each
design (i.e., transparency level), and to enable the mea-
surement, we asked the participants to answer Hodding-
haus et al. (2021) construct on perceived transparency,
which was measured on a seven-point Likert scale (see
Table 2). Since one respondent failed the attention checks,
we removed their data from the final dataset (N = 119).

The results demonstrated that the four conditions were
perceived differently in terms of transparency. To analyze
the differences in the perceptions of transparency among
the four groups, we first collected descriptive statistics to
gain an overview of the tendencies of each group. The data
showed a difference between the control group (i.e., no
transparency), which had a significantly lower perception
of transparency (M = 4.2), and the three treatment groups
(distributive transparency: M = 6.0, informational trans-
parency: M = 5.0, and both distributive and informational
transparency: M = 5.9). Moreover, the results indicated
that the provision of both distributive and informational
transparency tended to be perceived as the most transpar-
ent. To evaluate whether the differences between the
groups were statistically significant, a Kruskal-Wallis test
was conducted (F = 106.84, p = 0.000 < 0.05). Since the
p-value was below the conventional significance level of
0.05, this suggested that the differences between the groups
were statistically significant. Because the Kruskal-Wallis
test indicates only whether significant differences exist —
but not between which groups — post hoc tests were per-
formed. Therefore, the Mann—Whitney U test was used to
compare the groups pairwise. The results showed signifi-
cant differences between the control group (no trans-
parency) and the three treatment groups (distributive,
informational, and both distributive and informational
transparency) (see Table 1).

3.2 Materials and Procedure

To examine differences in the perceived fairness of the
DLP design, which was enabled by AM, it was important
to use a controllable and customizable setting instead of a
real-world setting (Hofeditz et al. 2022). Using Prolific, we
could ensure the selection of a suitable target group — as its
users work in the field of digital labor — and apply different
types of prescreening. Previous research has suggested that
the Wizard of Oz approach can ensure controllable and
reproducible study outcomes, whereas applying a real
algorithm could cause too much complexity and variance
(Schoonderwoerd et al. 2022; Weiss et al. 2009; Wilson
and Rosenberg 1988).

After a briefing, the participants were asked to generate
a personal mother code for pseudonymized identification
and to provide information on their demographics, such as
age, gender, occupation, education, industry, and frequency
of working on DLPs, in an online survey using LimeSur-
vey.” Figure 2 visualizes the overall procedure of the study,
which we explain in detail below.

Once the study began and demographic data were
entered, the participants were redirected to the study
recruitment platform we designed. This platform was
designed in such a way that we could apply the experi-
mental conditions to each group. The main task of the
participants was to take part in up to three different short
dummy studies, which were displayed on our newly
developed platform for algorithm-supported study recruit-
ment. All groups were presented with the same dummy
studies to ensure consistency. On the platform, they were
asked to mention their individual mother codes and then to
begin interactions by requesting studies. Figure 3 shows a
screenshot of this start screen.

After requesting studies by pressing the “Start” button
(see Fig. 3), all groups saw a loading screen showing an
(allegedly) algorithm-based calculation of the currently
available and suitable studies in the form of a loading bar
to simulate the AM allocation process. They were told that
the studies on the platform were assigned by an algorithm.
Figure 4 shows examples of the loading screen.

3 https://www.limesurvey.org/en/.
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Fig. 2 Study procedure

Study Recruitment Prototype

Welcome!

To complete your registration, please create your
mother code using the following instructions:

1. First two letters of your first name

2. First letter of your mother's first name
3. Day of your birthdate

Please enter everything in lowercase.

Example: leni4

Start Algorithm to Search for

Suitable Studies

Fig. 3 Prototype platform start screen

When the loading screen indicated completion, the
process varied between the groups. Whereas Groups 1 and
2 were forwarded directly to an overview of the studies that
had been identified and assigned by the algorithm, Groups

@ Springer

3 and 4 were first presented with information regarding the
algorithmic decision-making process (i.e., informational
transparency; see Fig. 2) via a pop-up, which appeared
before the participants were redirected to a study overview
page. In the pop-up, the participants were given informa-
tion on how the algorithm operated — that is, its algorithmic
matching and control practices. To ensure that the partic-
ipants did not overlook the information and simply move
on without reading it, we included a checkbox that had to
be clicked to indicate they acknowledged the information
presented (see Fig. 5).

The participants in Groups 3 and 4 were then presented
with an overview of the study. On this page, each partici-
pant could participate in up to three short surveys. After
finishing them, they had to enter a completion code. At any
time, they could press the “Checkout” button to stop
completing tasks and proceed with our questionnaires.
Here, Group 1 was shown only the available studies,
without any transparency dimension (see Fig. 6). For
Group 2, distributive transparency was added by showing
participants the points to be achieved (rewards) and the
corresponding duration (contribution), in addition to the
studies allocated by AM in the table (see Fig. 7). When the
completion code was successfully entered, the points
earned were immediately calculated and displayed, helping
the participants recognize the points (i.e., their rewards).
The participants in Group 3 did not receive any information
regarding distribution but instead could retrieve previously
received information from the pop-up (i.e., informational



M. Mirbabaie et al.: Transparency Fallacy: Perceived Fairness, Bus Inf Syst Eng 68(4):829-850 (2026) 837

Please wait ...

Starting the algorithm to assign suitable studies (1/3)

Initialization and feature analysis ...

Please wait ...

Algorithm has found suitable studies (3/3)

Creating study overview...

Fig. 4 Exemplary loading screen simulating an AM process for task allocation

Fig. 5 AM informational

transparency in a pop-up

window (for Groups 3 and 4)
Assigned Studies

Enlightenment: Algorithmic Management Practices

You have been assigned studies by a prototype of an algorithm. This platform uses the
algorithm to match you with suitable studies by analyzing your demographic data.

The algorithm works in two ways:

1. Algorithmic Matching: Assigns studies based on your data(e.g., age, gender, occupation,
participation points)and study availability.

2. Algorithmic Controlling: Evaluates feedback from study owners to improve future matches.
Participation is optional, and you can stop or reject any study without any disadvantages.

For questions or concerns, please contact us at: ||| | [ || lGNINGEGEGEE

([J1 understand these algorithmic management practices

transparency). Therefore, we added an information box to
the overview page so that all relevant information regard-
ing the algorithm’s allocation procedure could be accessed
at any time (see Fig. 8). Group 4 was provided with both
distributive and informational transparency on the over-
view page (i.e., they were shown the duration and points in
a table) as well as the option to retrieve the information
from the previously displayed pop-up via the information
box (see Fig. 9). When the participants pressed the
“Checkout” button, they were asked to close the website
for the study recruitment platform and go back to the online
survey on LimeSurvey (see Fig. 2).

After interacting with the self-developed platform, the
participants were asked to complete the Affinity for
Technology Interaction (ATI) scale, since technology
affinity is a known factor influencing the perception of
algorithms (H4a—H4c) (Franke et al. 2017). In addition, the
Human—Computer Trust Scale (HCTS; Gulati et al. 2019)
was used as a scale for measuring trust in AM (H5a—c).

Next, we presented the items on perceived fairness
according to Hoddinghaus et al. (2021), which were suit-
able for our research in the context of AM. As fairness is a
multifaceted concept, we also inquired about its distribu-
tive and informational dimensions, according to Colquitt
(2001). Table 2 provides an overview of the scales.

To ensure that the participants remained focused on the
study, we included two attention checks, asking them to
select a particular option on a scale. The first attention
check required the participants to recall and enter the word
“Sun,” which was displayed at the end of their interactions
on the digital labor platform. The second attention check
was embedded within the ATI scale, instructing partici-
pants to select “strongly disagree” for a specific item.
Those who failed to pass the two attention checks were
excluded from the final sample. After the participants
completed the scales, they were presented with a debriefing
page and redirected to Prolific to receive their monetary
compensation. The participants required, on average,
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Study Recruitment Prototype

The algorithm assigned three studies that match your profile.

You can earn points when completing the studies.
Please enter the completion code you receive after finishing a study.

No. Study Title

141 Demographics
592 E-skills and Consumer Behavior
653 Social Media Usage

Study Recruitment Prototype

ReadandLearn Connectand Ask  Follow

Fig. 6 Example of the study overview (for Group 1)

Study Recruitment Prototype

The algorithm assigned three studies that match your profile.

You can earn points when completing the studies.
Please enter the completion code you receive after finishing a study.

Ne: Sy Title mm

141 Demographics O 1min 25 Participate

592 E-skills and Consumer Behavior @ 2min. 5 Participate

653 Social Media Usage @ 5min. 10 Participate

Your points

Input_Total_Points’s UserPoints

Check out

Study Recruitment Prototype

Read andLearn Connectand Ask  Follow

Fig. 7 Example of the study overview, displaying allocated studies, the required time, and the respective points (for Group 2)

21:44 min to complete the study (22:12, 20:00, 23:16, and 3.3 Demographics

21:26 min for Groups 1-4, respectively). Those who

completed the study substantially faster than the average A total of 236 participants took part in this study. However,

also failed the attention checks, leading to their exclusion  two participants were excluded because they did not pass

from our analysis. the attention checks; therefore, 234 valid cases were
included in the analysis. To determine the required sample

@ Springer



M. Mirbabaie et al.: Transparency Fallacy: Perceived Fairness, Bus Inf Syst Eng 68(4):829-850 (2026) 839

Study Recruitment Prototype

The algorithm assigned three studies that match your profile.

You can earn points when completing the studies.

Please enter the completion code you receive after finishing a study.

No. Study Title

141 Demographics

592 E-skills and Consumer Behavior
653 Social Media Usage

Participate

Participate

Participate

Check out

1. Aigorithmic Matching: Assigns studies based on your data(e.g., age, gender, occupation, participation

points) and study availability.

2. Aigorithmic Controlling: Evaluates feedback from study owners to improve future matches.

Study Recruitment Prototype

Readand Learn Connect and Ask

Follow

Fig. 8 Example of the study overview, displaying previously received information on the pop-up once again (for Group 3)

Study Recruitment Prototype

The algorithm assigned three studies that match your profile.

You can earn points when completing the studies.

Please enter the completion code you receive after finishing a study.

No. Study Title

141 Demographics

592 E-skills and Consumer Behavior
653 Social Media Usage

Your points:

Input total points's UserPo

Check out

1. Algorithmic Matching: Assigns studies based on your data(e.qg., age, gender, occupation, participation points) and study availability.

2. Algorithmic Controlling: Evaluates feedback from study owners to improve future matches.

Study Recruitment Prototype

ReadandLearn Connectand Ask

Follow

Fig. 9 Example of the study overview, displaying allocated studies, the required time, and the respective points and previously received

information from the pop-up (for Group 4)

size, we conducted a G¥Power analysis® for the four groups
and a medium effect size following standard power anal-
ysis procedures, which indicated a required total sample

S https://www.psychologie.hhu.de/arbeitsgruppen/allgemeine-psycho
logie-und-arbeitspsychologie/gpower.

size of 280 participants. However, after data cleaning and
applying our exclusion criteria, we retained 234 valid
responses, which was slightly below the initially estimated
sample size. While this deviation marginally reduced the
statistical power, our sample remained within an
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Table 2 Questionnaires

Questionnaire o Scale Sources

Affinity for technology interaction 0.90 6-point Likert scale Franke et al. (2017)
Human—computer trust scale 0.83-0.88 7-point Likert scale Gulati et al. (2019)
Perceived fairness 0.96 7-point Likert scale Hoddinghaus et al. (2021)
Perceived transparency 0.82 7-point Likert scale Hoddinghaus et al. (2021)
Distributive fairness 0.93 5-point Likert scale Colquitt (2001)
Informational fairness 0.90 5-point Likert scale Colquitt (2001)

acceptable range for detecting medium-sized effects. The
final sample included 60 participants from Group 1, 56
participants from Group 2, 58 participants from Group 3,
and 60 participants from Group 4. They ranged in age from
18 to 72 years (M = 30.8, SD =9.70), and 109 were
women (46.58%), 121 were men (51.71%), and four were
diverse (1.71%). Moreover, the participants disclosed a
high level of education. In total, 75.65% had a university
degree, while 24.35% had an intermediate leaving degree,
an advanced technical college degree, or a higher education
entrance qualification. Overall, 82.91% reported being
employed, with 66.24% being in full-time employment and
16.67% being in part-time employment. Since we recruited
the participants through the Prolific DLP, we were inter-
ested in examining how frequently they worked as digital
workers. Of the participants, 52.99% indicated that they
worked as digital workers daily, while 28.63% reported
doing so on a weekly basis, 11.11% monthly, and 4.70%
annually.

4 Findings
4.1 Quantitative Findings
4.1.1 Effect of Transparency on Perceived Fairness

To obtain a general overview of the different distributions
within the four groups and to further analyze the effects of
transparency on perceived fairness, we first examined the
descriptive statistics.” The results revealed that, on average,
perceived fairness was generally rated higher than the
detailed levels of fairness (i.e., information and distributive
fairness) across all four groups. Additionally, the average
values for distributive fairness were higher across all
groups than those for informational fairness; therefore,
distributive fairness was perceived by the participants as
stronger than informational fairness. Table 3 shows the
means and standard deviations of the four conditions and
tested scales.

7 The data and all analyses are available online at https://osf.io/
gwp2g/files/osfstorage?view_only=
07b1d8df7af34596b78ab64313ef2698.
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Before analyzing whether providing algorithmic trans-
parency on DLPs leads to a higher perception of fairness of
AM (Hl1la-Hlc), we tested our data for normal distribution
using the Shapiro—Wilk test. Since the results showed that
the assumptions for a normal distribution were not met
(i.e., some of the data were not normally distributed; see
Table 4), we chose the Kruskal-Wallis test to analyze the
differences among the four independent groups (Hla-
Hlc).

To test for different effects of distributive and infor-
mational transparency, we conducted Kruskal-Wallis tests
for both distributive and informational fairness (Hla—H1Db).
First, we analyzed whether providing distributive trans-
parency on a DLP leads to higher perception of distribu-
tive fairness of AM (H1a). Our results revealed that there
were significant differences regarding distributive fairness
between the four independent groups (F = 13.708,
p = 0.003 < 0.05). Since the Kruskal-Wallis test provides
only insights into whether at least one group differs sig-
nificantly from the others and does not identify which
specific groups differ, we conducted a Mann—Whitney U
test to test the specific differences between those groups.
Our results showed that there were significant differences
between Group 1 (i.e., control group with no transparency)
(M = 3.48) and Group 2 (i.e., distributive transparency)
M =3.85, F = 1283.5, p = 0.027 < 0.05), between Group
2 (i.e., distributive transparency) (M = 3.85) and Group 3
(i.e., informational transparency) (M = 3.44, F = 2095.5,
p = 0.007 < 0.05), and between Group 1 (i.e., control
group with no transparency) (M = 3.48) and Group 4 (i.e.,
both distributive and informational transparency)
M =390, F=1334.5, p=0.014 <0.05). To further
determine the mean differences between the groups, we
calculated the effect sizes according to Cohen’s d (Cohen
1988). Therefore, our results showed that the effect size
between Groups 1 and 2 (i.e., control group with no
transparency and the distributive transparency group,
respectively) (d = — 0.39) and between Groups 1 and 4
(i.e., control group with no transparency and the distribu-
tive and informational transparency group) (d = — 0.45)
indicated a small to moderate effect. This means that, on
average, the control group (i.e., no transparency) had a
lower perception of distributive fairness than the groups
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Table 3 Descriptives results

No Condition Perceived fairness Distributive fairness Informational fairness
M SD M SD M SD

1 No transparency 4.76 1.38 3.48 0.96 3.17 1.09

2 Distributive transparency 4.86 1.09 3.85 0.93 3.33 1.11

3 Informational transparency 4.87 1.11 3.44 0.85 3.19 1.00

4 Distributive and informational transparency 4.95 1.32 3.90 0.87 3.61 0.95

Perceived fairness was measured using a seven-point Likert scale, while Distributive Fairness and Informational Fairness were measured using a
five-point Likert scale

Table 4 Shapiro—Wilk test for normal distribution

No Condition Perceived fairness Distributive fairness Informational fairness
F p-value F p-value F p-value

1 No transparency 0.96 0.06 0.96 0.04* 0.97 0.13

2 Distributive transparency 0.94 0.01* 0.93 0.003* 0.94 0.005*

3 Informational transparency 0.95 0.03* 0.96 0.06 0.96 0.04*

4 Distributive and informational transparency 0.95 0.01* 0.94 0.004* 0.96 0.06

“Significance at the 0.05 level

that received distributive transparency. These results
underline the effect of the provision of distributive trans-
parency on the participants’ perceptions of distributive
fairness, since this condition differed significantly from the
other transparency levels (i.e., no transparency and infor-
mational transparency). Thus, it can be concluded that the
provision of distributive transparency has a significant —
although only small to moderate — effect on the perception
of distributive fairness compared to the other transparency
levels. Moreover, our results showed no significant dif-
ferences between Group 2 (i.e., distributive transparency)
(M = 3.85) and Group 4 (i.e., both distributive and infor-
mational transparency) (M = 3.9) regarding distributive
fairness. These results highlight that the provision of dis-
tributive transparency in both groups (i.e., Groups 2 and 4)
did not lead to different results, since we were able to
confirm the effect in both groups. Therefore, the effect of
distributive transparency on the perception of perceived
distributive fairness occurred equally in both groups and
did not differ significantly (F = 1650.5, p = 0.872 > 0.05).
However, we found statistically significant differences
between providing no transparency and providing dis-
tributive transparency in the perception of distributive
fairness; therefore, we found support for Hla. Second, we
analyzed whether providing informational transparency
on a DLP leads to a higher perception of informational
fairness of AM (H1b). Our results showed that there were

no significant differences regarding informational fairness
between the four independent groups (F = 6.880,
p = 0.076 > 0.05); therefore, the perception of informa-
tional fairness did not differ between the different trans-
parency levels, and the provision of informational
transparency did not lead to a higher perception of infor-
mational fairness of AM. However, since the p-value was
only slightly above the significance level — and we were
therefore able to recognize a trend toward significance — we
conducted a Mann—Whitney U test to test potential dif-
ferences among the four groups. The results showed that
there was no significant difference between Group 1 (i.e.,
control group with no transparency) (M = 3.17) and Group
3 (i.e., informational transparency) (M = 3.19), suggesting
that there was no difference regarding the perception of
informational fairness between the participants who
received no transparency and those who received infor-
mational transparency (F = 1741.5, p =0.996 > 0.05).
Since we did not identify statistically significant differ-
ences between providing no transparency and providing
informational transparency in the perception of informa-
tional fairness, we did not find support for Hlb. However,
our results indicated that there were significant differences
between Group 1 (i.e., control group with no transparency)
(M = 3.17) and Group 4 (i.e., both distributive and infor-
mational transparency) M = 3.61, F =1384.5,
p = 0.029 < 0.05). This indicates that the participants who
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received both distributive and informational transparency
perceived informational fairness as significantly different
from those who did not receive any transparency. Once
again, to further determine the mean differences between
the groups, we calculated the effect sizes according to
Cohen’s d (Cohen 1988), and the effect size between
Groups 1 and 4 (i.e., no transparency and both distributive
and informational transparency) (d = — 0.43) indicated a
small to moderate effect. These results highlight that, on
average, the control group (i.e., no transparency) had a
lower perception of informational fairness than the group
that received both distributive and informational
transparency.

To analyze whether providing algorithmic trans-
parency on DLPs as a combination leads to a higher per-
ception of fairness of AM (Hlc), we calculated an
additional Kruskal-Wallis test. Our results showed that
there were no significant differences in perceptions of
distributive and informational fairness among the four
independent groups (i.e., no transparency, distributive
transparency, informational transparency, or both dis-
tributive and informational transparency) (F = 0.621,
p = 0.891 > 0.05). Therefore, the perception of fairness
did not differ between groups (i.e., transparency levels),
and the provision of transparency in general did not lead to
a higher overall perception of fairness of AM. Since we did
not identify statistically significant differences between
providing no transparency and providing transparency, we
did not find support for Hlc.

4.1.2 The Impact of Trust in AM and Affinity
for Technology on the Relationship
between Transparency and Fairness

To determine the extent to which affinity for and trust in
AM impact the relationship between fairness and trans-
parency, we conducted a moderation analysis. Because we
had both normally distributed and nonnormally distributed
samples, we chose a nonparametric test for this analysis.
Moreover, since residuals were not normally distributed,
we conducted a moderation analysis using the generalized
linear model (GAML;) in Jamovi statistical software.® This
method allowed us to estimate the interaction effects
between transparency and the moderator variables to test
whether the relationship between transparency and fairness
was influenced by those moderators.

First, we analyzed whether affinity for technology
moderated the effect of transparency on the perception of
fairness of AM. Our results revealed that affinity for
technology did not have a moderating effect on the rela-
tionship between algorithmic transparency and fairness

8 https://www.jamovi.org.
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perception since no significant effect could be found
(p = 0.842 > 0.05). Due to the lack of a significant inter-
action effect, we rejected H2a. To further investigate
whether affinity for technology had a moderating effect on
the relationship between distributive transparency and
fairness or between informational transparency and fair-
ness, we conducted additional moderation analyses. The
results indicated that affinity for technology moderated
neither the effect on the relationship between distributive
transparency and distributive  fairness  perception
(p =0.359 > 0.05) nor the effect on the relationship
between informational transparency and of informational
fairness perception (p = 0.284 > 0.05), since no significant
effects could be identified. Due to the lack of significant
interaction effects, we rejected both H2b and H2c.

Second, we analyzed whether trust in AM had a mod-
erating effect on the relationship between transparency and
the perception of fairness of AM. Our results showed that
trust in AM did not have a moderating effect on the rela-
tionship between algorithmic transparency and fairness
perception, since no significant effect could be identified
(p = 0.520 > 0.05). Due to the lack of a significant inter-
action effect, we therefore also rejected H3a. In the next
step, we further analyzed whether trust in AM had a
moderating effect on the relationship between distributive
transparency and fairness and between informational
transparency and fairness. Our results revealed that trust in
AM moderated neither the effect on the relationship
between distributive transparency and the distributive
fairness perception (p = 0.190 > 0.05) nor the effect on the
relationship between informational transparency and
informational fairness perception (p = 0.818 > 0.05), since
no significant effects could be identified. Therefore, we
also had to reject H3b and H3c.

In addition, we constructed an interaction term from
affinity for and trust in AM and analyzed whether this
interaction effect had a moderating role on any fairness
dimension. However, we found that the interaction
between affinity and trust was not a significant moderator
for perceived (p = 0.191 > 0.05), distributive
(p = 0.156 > 0.05), or informational (p = 0.578 > 0.05)
fairness. Thus, our results suggest that affinity for tech-
nology, trust in AM, and their interaction had no moder-
ating effect on the interaction between the different types
of transparency and the associated perceptions of fairness
of AM on a DLP.

4.1.3 Additional Findings

We conducted additional exploratory analyses to gain
deeper insights into our findings beyond our literature-in-
formed hypotheses. Through this exploratory research, we
intended to shed light on the relationships among the
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constructs of our hypotheses, which are not backed by the
literature but may generate additional explanations. We
considered this wuseful because our literature-driven
hypothesis analysis did not yield many significant expla-
nations, prompting us to shed further light on fairness.
First, Spearman’s correlation tests were conducted to gain
more insight into the relations between humans’ trust in
computers (from the HCTS) — that is, trust in AM — or their
affinity for technology interaction (from the ATI scale) and
perceived fairness, informational fairness, and distributive
fairness. A high correlation between participants’ trust in
AM and perceived fairness was identified (p = 0.566,
p < 0.001). Participants who had generally high trust in
AM also had high perceived fairness of AM on the DLP. A
second correlation was identified between the participants’
affinity for technology interaction and perceived fairness
(p = 0.311, p < 0.001). Those who reported a high affinity
for technology interaction also reported high perceived
fairness. Another moderate correlation was identified
between participants’ trust in AM (p = 0.413, p < 0.001)
and affinity for technology (p = 0.373, p < 0.001) and
their perceived informational fairness. Participants who
reported a high level of trust in AM and an affinity for
technology in general also showed a high level of infor-
mational fairness. Lastly, our explorative results revealed a
low correlation between participants’ trust in AM
(p =0.268, p <0.001) and affinity for technology
(p = 0.225, p < 0.001) and their perceived distributive
fairness. Therefore, participants who revealed a high level
of trust in AM and an affinity for technology in general also
showed a high level of distributive fairness.

Another interesting finding was the tendency for women
(M = 4.94), compared to men (M = 4.79), to perceive a
moderately stronger sense of fairness related to AM
activities. This was also shown for distributive fairness
(women: M = 3.73, men: M = 3.59) and informational
fairness (women: M = 3.41, men: M = 3.25), with women
showing moderately higher fairness than men. Moreover,
participants employed full-time had the highest perception
of AM fairness (M = 5.89), while those who were seeking
work, in general, had the lowest levels of perceived fair-
ness (M = 4.50), distributive fairness (M = 3.52), and
informational fairness (M = 3.08). Considering the influ-
ence of the participants’ frequency of working as digital
workers, it was observed that those who worked daily
tended to disclose the highest levels of perceived fairness
(M =5.01) and distributive fairness (M = 3.73), while
those who worked on an annual basis perceived informa-
tional fairness (M = 3.69) as the highest. Participants who
worked annually as digital workers showed the lowest level
of perceived fairness (M = 4.61), and those who worked
monthly as digital workers revealed the lowest level of

distributive fairness (M = 3.49) and informational fairness
M = 2.89).

4.2 Qualitative Findings

To gather additional insights into the participants’ per-
ceptions, we asked three open-ended questions. Depending
on whether the participants found the allocation of studies
fair or unfair, we asked, “Why did you perceive the study
allocation to be fair/unfair?” Similarly, due to our interest
in whether they rejected any study, we asked, “Why did/-
didn’t you reject the study/studies?” Lastly, we asked for
the participants’ perceptions of the points calculation,
asking, “Why did/didn’t you perceive the points for the
studies calculated by the algorithm to be fair?” All par-
ticipants gave short answers to these questions. To gain an
understanding of the participants’ perceptions, we con-
ducted an inductive qualitative content analysis according
to Mayring (2015), with the relevant findings reported in
the following sections.

4.2.1 Fairness Perception

Across all conditions, the most common reason participants
found the study allocation fair was the perception that
personal preferences were considered in the process. For
example, “It allocates studies equally based on the infor-
mation you provided to the algorithms” (Participant 11,
G1) and “It matched my profile and still was able to offer
variety to choose and did not force the task to be com-
pleted” (Participant 137, G3). Furthermore, another reason
why the studies’ assignment was suitable for the groups
provided with information (Groups 2, 3, and 4) was that
this was done objectively. For example, “Algorithms are
designed with fairness in mind and are based on high-
quality, representative data” (Participant 97, G2) and
“There wasn’t any inherent bias in the algorithm; it
assigned it according to need” (Participant 202, G4). These
answers indicate that the participants who were provided
with transparency did not question the objectivity of
algorithmic decisions on the DLP. This distinguishes them
from the group that did not receive transparency, whose
participants noticed a lack of information and often
claimed that they simply had no reason to think the allo-
cation was unfair. For example, “I don’t have a lot of
information to decide if there was any bias regarding study
allocation — assuming it was assigned based on fair crite-
ria” (Participant 13, G1) and “Because it didn’t provide me
with how and why tasks were assigned” (Participant 29,
Gl).

In summary, although the participants in all groups
perceived the study allocation as fair, the responses from

@ Springer



844 M. Mirbabaie et al.: Transparency Fallacy: Perceived Fairness, Bus Inf Syst Eng 68(4):829-850 (2026)

Group 1 indicated a lack of transparency (i.e., the control
group with no transparency).

4.2.2 Rejections

A consistent but small number of participants rejected
studies in each group — 6, 19, 6, and 6 participants in
Groups 1-4, respectively. Most participants found the
studies fair — for example, “Because [they] trust the
algorithm” (e.g., Participant 15, Gl). Others rejected
studies because they did not have enough time — for
example, “I rejected some studies simply because of time
on my part” (Participant 92, G2) — or they were not
interested in the subject, such as “Because it does not align
with my interest” (Participant 50, G1)).

Moreover, the participants who did not reject any
studies did so because they were curious about them and
felt pleasure, stating that they were “interested in exploring
all of the studies” (Participant 19, G1) and “enjoy them”
(Participant 99, G2). This view was held by the participants
in all groups. Additional reasons were that they tried to get
the full experience and, therefore, wanted to test the
algorithm — for example, “because of the experience and to
test AM’s capabilities and fairness” (Participant 97, G2). In
line with perceived fairness, all the groups’ participants
found that completing the studies did not cause negative
consequences.

In summary, most of the participants did not reject any
studies, since they liked to complete them and found them
suitable. Those who rejected studies justified doing so
because they did not align with their interests or had con-
cerns regarding time.

4.2.3 Fair Calculations

Similar to perceived AM fairness, participants were indif-
ferent about the fairness of the reward calculations across
all groups. However, we observed two positions in each
group. On the one hand, the participants reasoned that there
was a mismatch between the time required and the effort
they had to put in to complete a study. For example,
“While some are fair, others require too much time and
effort” (Participant 8, G1). Additionally, some of the par-
ticipants in Groups 1 and 3 did not understand how points
were allocated or how they were rewarded. For example,
“It was not clear enough how much one would be rewar-
ded” (Participant 121, G3). Those with an opposite view
argued that the number of points was appropriate for the
studies and that they perceived them to be fair, “since the
criteria for scoring points were clear and understandable
before the start” (Participant 68, G2). More interestingly,
we found claims about a lack of transparency more fre-
quently in Group 4 — for example, “I don’t know how the
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algorithm works to calculate scores, but I think it was fair”
(Participant 188, G4) — indicating that to be perceived as
fair, it is insufficient to prove only the number of points
compared to the time duration.

In summary, the participants’ answers indicated that
more information did not necessarily increase the per-
ceived fairness of the calculations, whereas mere truthful-
ness about the rewards led to perceived fairness; no
information about the calculations was provided.

5 Discussion

We found that the provision of transparency in the under-
lying processes of a DLP did not influence workers’ per-
ception of fairness compared to a DLP with no
transparency regarding its functions and algorithms. Only
distributive transparency had a small but significant effect
on distributive fairness. Furthermore, we observed that
neither affinity for technology nor trust in AM moderated
the effect of transparency on the perception of fairness.
However, affinity and trust were immediately correlated
with all dimensions of fairness. Qualitative responses
explained that the participants did not question fairness but
that trust in the algorithm led them to perceive it as fair.
Further, participants described the algorithm as unbiased
and objective, with their main reason for accepting or
rejecting a task being individual interest or lack thereof.
In contrast to extant work (e.g., Benlian et al. 2022;
Cameron et al. 2023), our results do not suggest that pro-
viding transparency regarding AM decision-making pro-
cesses and practices increases workers’ perceptions of
fairness, even when providing them with information about
the algorithm’s process of assigning studies and rewards.
Instead, they challenge previous findings regarding per-
ceptions of fairness and transparency (Parent-Rocheleau
and Parker 2022; Zhang et al. 2022). The participants
explained that they did not question the algorithm’s fair-
ness but considered it unbiased and objective. Even those
who had no information about how the AM worked — and
thus experienced the least amount of transparency com-
pared to the treatment groups — perceived the algorithm’s
task allocation as fair, thereby corroborating workers’
general trust in algorithms’ rationality (Bao et al. 2021).
Algorithms are often considered inscrutable due to their
inherent complexity — so-called black boxes that hinder
users from interpreting outcomes (Kim et al. 2020;
Maedche et al. 2019; Wanner 2021; Wanner et al. 2022).
The inability to scrutinize algorithmic decisions makes it
impossible for individuals to assess fairness (HeBler et al.
2022). Workers on a DLP do not question or condemn the
algorithm’s decisions until they understand how it acts
(Ochmann et al. 2021; Wanner 2021). Our findings extend
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this understanding by demonstrating that distributive and
informational transparency do not mitigate this issue.

Our results suggest that informational transparency —
that is, providing participants with information about the
process of assigning studies — did not have an impact on the
perceived informational fairness of AM on a DLP, contrary
to the findings of earlier research (e.g., Maedche et al.
2019; Parent-Rocheleau and Parker 2022; Peters et al.
2020; Pezzo et al. 2022). While research has shown that
transparency in a system’s design fosters human—machine
interaction (Berger et al. 2021), we did not find a similar
effect regarding the perception of informational fairness in
AM. This could be explained by the fact that participants
who received information related to the functionalities and
decision-making of the algorithm engaged more inten-
sively with the allocation process and consequently had a
weakened perception of fairness. First, this aligns with
workers’ aversion to being guided and managed by an
algorithm (Dietvorst et al. 2015; 2018), which may be
weighted higher than information about the fairness of an
algorithm and the accuracy of algorithmic recommenda-
tions. Second, individuals are more likely to question
algorithmic recommendations when provided with infor-
mation in this way (Ochmann et al. 2021; Wanner 2021).
With respect to our research question, our results suggest
that users who do not know how and why an algorithm has
made a decision are more likely to accept its decisions and
thus do not perceive particular unfairness, as they do not
question the algorithm’s actions and decisions. The quali-
tative responses corroborated this, with participants stating
they had no grounds to question the algorithm in the
nontransparency condition.

As hypothesized, our results showed that distributive
transparency — that is, providing participants with infor-
mation about the rewards compared to their respective
contributions — increases the perceived distributive fairness
of AM on a DLP. Hence, we corroborate previous findings
that consider algorithmic transparency to positively influ-
ence perceived distributive fairness (e.g., Bujold et al.
2022; Jabagi et al. 2024). Since we observed that dis-
tributive transparency had an effect, while informational
transparency did not, we assume that the assessment of
fairness depends on how the AM operates in relation to
workers’ evaluations and rewards rather than on the pro-
cesses that lead to the allocation of tasks. Put differently,
the DLP workers appeared to evaluate fairness in terms of
payment instead of awareness of algorithmic processes.
This aligns with growing concerns regarding worker
dehumanization and the exploitation of working conditions
(Zhang et al. 2025). In this respect, workers are more
concerned about getting paid than about the fair allocation
of jobs, which highlights their precarious conditions (Chan
2022; Zhang et al. 2025). Thus, our results transfer these

already-known conditions from the gig economy literature
(e.g., Hu and Han 2021) to work on DLPs.

Contrary to our initial hypotheses, our findings do not
suggest that trust in AM or affinity for technology mod-
erates the effect of transparency on fairness perception.
Therefore, it appears that fairness was perceived solely as a
result of the perceived transparency type. However, since
previous research has found a link between trust and per-
ceptions of fairness, we also tested whether trust correlates
with perceptions of AM fairness regardless of transparency
type (Hoddinghaus et al. 2021; Krasnova et al. 2014;
Spiekermann et al. 2022). We contribute to this under-
standing through our finding that a high level of perceived
fairness is likely associated with high trust in AM and
affinity for technology. This indicates that — regardless of
the provision of transparency on DLP — workers’ affinity
for technology and trust in AM have a positive impact on
perceptions of AM fairness. Therefore, we propose that
these personal attributes may be descriptive — rather than
revealing — for evaluating AM fairness, such as information
about AM’s functionalities and procedures (i.e., informa-
tional transparency). Moreover, the participants explained
that they perceived the algorithm as fair because they had
trust in it. This suggests that users perceive an algorithm on
DLP as fairer if they generally have a high level of trust in
the algorithm and understand how it works.

5.1 Contribution to Research

Our findings contribute to information systems research by
providing knowledge on the perception of AM on DLPs,
which constitute a fast-growing, technology-driven busi-
ness model for organizations. Our results suggest that
transparency in AM does not necessarily lead to increased
perceived fairness, although it has been suggested as a
means to overcome fairness issues (Benlian et al. 2022;
Cameron et al. 2023; Cheng and Foley 2019; Robert et al.
2020). We showed that even if informational transparency
is provided, more information is demanded, which can
hardly be provided due to the black box characteristics of
algorithmic systems. The high complexity of algorithms is
difficult to explain to human workers. Thus, more trans-
parency will likely risk mental exhaustion (Yang et al.
2024).

Consequently, this research aligns with the research
stream that advocates the limited ability of transparency to
increase perceived fairness (Ochmann et al. 2021; Wanner
2021). Specifically, our findings provide knowledge on the
role of informational transparency when workers interact
with AM on DLPs. Our findings revealed no empirical
differences in the perception of fairness across different
types of transparency. On the contrary, the provision of
information could challenge workers to question an
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algorithm. Hence, we oppose research that suggests that
informational transparency facilitates fairness (e.g., Parent-
Rocheleau and Parker 2022; Zhang et al. 2022).

Furthermore, we contribute to the OJT concept of per-
ceived fairness in the context of AM. While organizational
justice research asserts that fairness perceptions are
grounded in rational judgments (Ganegoda et al. 2015), our
findings explain that the perception of being treated fairly
is subjective to the worker. In fact, personal attitudes and
tendencies toward technology — such as affinity (Franke
et al. 2017) or trust (Gulati et al. 2019) — seem to be more
important than precise information about functionalities
and procedures. That is, the perception of the fairness of an
algorithm is shaped by workers’ stances toward the tech-
nology (e.g., thinking of algorithms as objective) rather
than by the information provided. Thus, we propose that
these factors are consistently accounted for in OJT. We
invite future research to assess the end-to-end effects of
how affinity and trust are forged for the perception of
fairness.

In summary, this study enhances the overall well-being
of digital workers in digital businesses by investigating a
significant subject: fairness. In this respect, we highlight
the insufficiency of algorithmic transparency to increase
workers’ perceived fairness of AM. Our work provides
suggestions for other researchers conducting online studies.
Specifically, it was the participants’ interest in the studies’
topics that was perceived as fair. In this respect, to maintain
the fair treatment of participants, we recommend acquiring
suitable and interested participants for online studies rather
than focusing on the transparency of the experiment. We
align with humanistic approaches to AM, emphasizing the
need to overcome mechanistic AM (e.g., Cui et al. 2024).
Further, we contribute to the algorithmic transparency lit-
erature — while Li et al. (2025) identified the negative
effects of the transparent declaration of algorithms’ inner
processes, we also contribute to research by transferring the
limited effect on OTJ’s perceived fairness.

5.2 Contribution to Practice

Our findings also contribute to practice and are relevant to
DLP developers and managers. Specifically, they suggest
that an increase in informational transparency does not lead
to workers’ perception of AM as fairer. Consequently, DLP
developers and managers must pay attention to not falling
for fairwashing the working conditions of their platform.
However, we do not suggest canceling all attempts to
increase transparency on DLPs because the provision of
distributive transparency has led to an increased perception
of fairness. Rather, we argue that DLP workers should be
surveyed to understand what they might find more mean-
ingful with regard to which specific types of information
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could increase their perceptions of fairness. By under-
standing workers’ preferences, future approaches could be
customized to DLP workers, their sector, and the situations
they are in. This is especially important for workers who
are averse to technology.

Our work also has implications for policymakers. In the
finance sector, it is an established practice that algorithmic
decision-making must be disclosed. The recent Al Act’ by
the European Union poses wide-ranging legal requirements
for Al applications in every context. It categorizes these
applications in terms of their potential risks and requires
various actions, of which transparency is one. In this
respect, policymakers should consider the impact of
transparency on the development of future legal acts.
Specifically, they must update their instruments governing
new technologies to enable fair working conditions in
organizations with digital business models.

5.3 Limitations and Future Research

This study has some limitations. We analyzed the impact of
transparency on the perceived fairness of workers on a
DLP. Therefore, the results should be interpreted carefully,
as they might not be generalizable or transferable to other
contexts. Since we conducted our study only with digital
workers on the Prolific platform, this could be another
limitation of the study. It is conceivable that creating
transparency by providing information on AM functional-
ities and decision-making processes would have a different
effect on other platforms whose focus is not based on study
allocation, such as DLPs including Uber. Another limita-
tion is the use of scales with mixed Likert anchors (i.e., 5,
6, and 7-point Likert anchors), which may have affected
comparability across measures and their interpretation as a
metric scale. Moreover, this study examined the impact of
transparency on perceptions of fairness only among Eng-
lish-speaking workers. This limitation restricted our sample
to a specific group of people, but considering additional
cultural backgrounds would have extended the applicabil-
ity of the results. While our definition of algorithmic
transparency encompassed monitoring and controlling DLP
workers, it did not consider the ability of systems to
interact with workers or integrate their feedback, thereby
limiting the scope to noninteractive forms of transparency.

To address these limitations, future research should
examine how algorithmic systems can enable not merely
transparency but effective interaction, allowing workers to
question, shape, or influence algorithmic processes through
responsive feedback mechanisms. Moreover, it should
explore the effect of transparency through the provision of

° https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX:
52021PC0206.
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information on AM functionalities and decisions on users’
perceptions of fairness in other DLP contexts to investigate
whether differences in outcomes can be identified. We also
propose evaluating contextual differences. Specifically, we
recommend examining whether providing information in
other settings — such as ride-hailing versus digital work —
leads to perceptions of fairness or unfairness among users,
thus retesting the effect of transparency on fairness. Given
our findings that fairness perceptions are subject to indi-
vidual evaluations, the emergence of cognitive processes
that constitute the evaluation of perceived fairness is useful
for examining the human drive for sense-making (cf.
Chater and Loewenstein 2016). Since our results are
specific to DLPs — and the use of technology is becoming
more common in other organizational forms (Jarrahi et al.
2021) — future research should also investigate the impact
of transparency on fairness perceptions of AM in tradi-
tional firms. For the IS community, this means that further
research is needed to determine why transparency within
AM does not help create fairness in human-machine
interactions. In particular, research should investigate how
the use of AM can lead to greater fairness among digital
workers.

Finally, since we included scientific terms, such as
algorithmic matching and controlling, in our study design,
this could have potentially had a negative impact on the
participants’ understanding and, thus, our results. To
address this limitation, future research is invited to make
the study design more accessible to nonacademic
audiences.

6 Conclusion

We studied the influence of algorithmic transparency on
the perception of fairness in AM on a DLP. To this end, we
conducted an online experiment featuring three trans-
parency conditions — distributive transparency, informa-
tional transparency, and a combination of distributive and
informational transparency — and a control group. Corre-
spondingly, we measured perceived, informational, and
distributive fairness as dependent variables in response to
the experimental conditions, moderated by affinity for
technology and trust in AM. Our findings suggest that
transparency hardly influences any fairness dimensions.
Further exploration revealed that individual evaluations,
such as affinity and trust in AM, significantly correlated
with participants’ perceptions of fairness, suggesting that
their personal stance may be a better explanation for fair-
ness perception. An additional qualitative inquiry corrob-
orated this notion, as the participants explained that they
appreciated the fairness of AM due to its objectivity.

Hence, we suggest that IS scholarship moves forward by
including individual evaluations to approach fairer AM.
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