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Abstract

Recent developments in artificial intelligence research have
advanced the spread of automated decision-making (ADM)
systems used for regulating human behaviors. In this con-
text, prior work has focused on the determinants of human
trust in and the legitimacy of ADM systems, e.g., when used
for decision support. However, studies assessing people’s per-
ceptions of ADM systems used for behavioral regulation, as
well as the effect on behaviors and the overall impact on hu-
man communities are largely absent. In this paper, we exper-
imentally investigate people’s behavioral adaptations to, and
their perceptions of an institutionalized decision-making sys-
tem, which resembled a social scoring system. Using social
scores as incentives, the system aimed at ensuring mutual
fair treatment between members of experimental communi-
ties. We explore how the provision of transparency affected
people’s perceptions, behaviors, as well as the well-being of
the communities. While a non-transparent scoring system led
to disparate impacts both within as well as across communi-
ties, transparency helped people develop trust in each other,
create wealth, and enabled them to benefit from the system in
a more uniform manner. A transparent system was perceived
as more effective, procedurally just, and legitimate, and led
people to rely more strongly on the system. However, trans-
parency also made people strongly discipline those with a low
score. This suggests that social scoring systems that precisely
disclose past behaviors may also impose significant discrimi-
natory consequences on individuals deemed non-compliant.

Introduction
Practices to score private individuals and consumers have
been developing continuously within the credit sector over
the past decades. Yet, with the rise of AI and Big Data, the
scoring of individuals and consumers finds application in an
increased range of areas (Citron and Pasquale 2014; Mau
2019). An emergent trend of digital governance is the use of
automated decision-making (ADM) systems for regulating
society-wide behaviors (Vogl et al. 2020), also referred to as
algorithmic regulation (Yeung 2018; O’Reilly 2013). Social
scoring systems, which use behavioral data to calculate a so-
cial score, are an instance of ADM system. The score figures
as an automated incentive for encouraging “good” behaviors
(Cristianini and Scantamburlo 2020).
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Social scoring systems have raised substantial concerns
relating to their disparate impact and discriminatory con-
sequences (Citron and Pasquale 2014; Zarsky 2016; Packin
and Lev-Aretz 2016). Moreover, social scoring systems are
often characterized by a lack of transparency regarding their
scoring mechanisms or the behaviors they seek to incen-
tivize (Engelmann et al. 2019; Citron and Pasquale 2014).
In the context of transparency, early research has called
for providing full transparency in ADM systems (Zarsky
2016). Yet, more recent studies have shown that the provi-
sion of transparency is not always beneficial, as it may in-
duce privacy-related harms (Loefflad, Chen, and Grossklags
2023), or impair people’s trust in ADM systems (Kizil-
cec 2016). While some consider social scoring systems a
promising tool for algorithmic regulation (O’Reilly 2013),
the associated concerns necessitate further research. In par-
ticular, from an empirical perspective, the implications of
social scoring systems are not yet well understood.

In social scoring systems, the degree of regulation de-
pends on people’s participation in and interaction with the
system (Cristianini and Scantamburlo 2020). While current
research has investigated the factors that determine people’s
perceptions of fairness (Wang, Harper, and Zhu 2020; Lee
and Baykal 2017; Lee and Rich 2021), as well as their trust
in ADM systems (Park et al. 2019; Yin, Wortman Vaughan,
and Wallach 2019), the challenges associated with human
involvement in data-driven scoring systems have attracted
only small attention (Watkins et al. 2021). However, these
assessments are needed for identifying and mitigating poten-
tial sources of harm (Barocas and Selbst 2016). Specifically,
there is a lack of empirical research to assess whether ADM
systems can serve as legitimate mechanisms for behavioral
regulation (Watkins et al. 2021).

In this work, we use an empirical approach to investi-
gate how the provision of transparency affects people’s per-
ceptions and behaviors in a social scoring system. Thereby,
we connect survey measures with experimental behaviors,
which can contribute to a more comprehensive understand-
ing of complex phenomena (Glaeser et al. 2000). Specifi-
cally, we focus on a social scoring system in which con-
textual integrity is maintained, as required by the EU AI
Act (European Commission 2021). Contextual integrity im-
plies that the score is used for decision-making only in a
context that is related to the context from which the score
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was derived (Nissenbaum 2004). We conceptualize social
scoring systems as instances of ADM systems, combin-
ing characteristics of reputation systems and order institu-
tions. We experimentally replicated a social scoring system
in the context of a community game of trust. The system
aimed to regulate people’s trustworthiness behaviors, and to
build trust among unknown members of communities. Us-
ing a between-subject design, we ran two treatments, which
differed in the level of transparency regarding the scoring
mechanism. In a post-experimental survey, we investigated
people’s perceptions of the system. For reference purposes,
we ran a baseline treatment, in which a normative interven-
tion system without scores was applied. As such, we ad-
dress two research questions. First, how do different levels of
transparency in a social scoring system affect participants’
trust and trustworthiness behaviors within communities of
strangers? Second, does the provision of transparency dis-
parately affect people’s perceptions of a social scoring sys-
tem? To answer these questions, we compare people’s trust
and trustworthiness behaviors between treatments, and elab-
orate on the determinants of trust in the scoring interven-
tions. We illustrate the impact of the different scoring sys-
tems on a community level, examining the well-being of
communities in terms of wealth and inequality. We further
compare people’s perceptions across treatments and exam-
ine whether clusters of communities that differ in wealth and
inequality exhibit different perceptions. Moreover, we relate
people’s perceptions to their experiences, in terms of being
disciplined by others based on their social score. We also as-
sess whether discriminating against people with a low score
is associated with perceptions.

We find that transparency enhanced both trust and trust-
worthiness in experimental communities. However, people’s
trust decisions were more strongly conditioned on the score
of the interaction partner in a transparent scoring system,
suggesting that transparency increased the discriminatory
impact on people with a low score. The increased trust and
trustworthiness of communities subject to a transparent sys-
tem resulted in more wealth, as well as lower levels of in-
equality among community members. Further, people re-
ported more positive perceptions of procedural justice and
legitimacy in a transparent social scoring system. Commu-
nities subject to a transparent scoring system showed similar
perceptions of legitimacy, procedural justice, and effective-
ness, even if they differed in their wealth and inequality. In a
non-transparent (opaque) system, in contrast, communities
with lower levels of wealth reported less positive percep-
tions. Further, people’s use of the score as a basis for their
trust decision was tied to perceptions of justice only in the
non-transparent system. At the same time, the experience of
being disciplined on the basis of a score was associated with
less positive perceptions of justice, effectiveness, and legiti-
macy only in the non-transparent system.

From a higher-level perspective, these results suggest that
transparency is important to achieve that individuals en-
gage in desired behaviors, develop positive perceptions to-
wards the system, and that perceptions are not biased by
personal experiences or the macro-economic development
of the communities. However, people with a low score were

strongly disciplined. Our results thus further imply that on
an individual level, transparency may impose significant
harms on low-scoring individuals. Thus, while transparency
is key to ensuring that communities are not unduly harmed
in the aggregate, the discriminatory impacts they create on
an individual level should be considered cause for concern.

Our results provide exploratory empirical insights into the
ongoing debate on the disparate impact stemming from so-
cial scoring systems (Citron and Pasquale 2014; Barocas and
Selbst 2016). Our findings underscore the need to take the
concerns associated with these systems seriously, especially
given the arguments made for the introduction of social scor-
ing systems, and the benefits that their planners hope to
achieve (O’Reilly 2013). More generally, our results also
point to the direction that the introduction of social scoring
systems is worth questioning.

Background and Related Work
In this section, we portray social scoring systems as an in-
stance of ADM systems combining the characteristics of a
reputation system and regulatory order institution. In addi-
tion, as our work focuses on social scoring systems for build-
ing trust and trustworthy behaviors, we elaborate on the con-
cepts of trust and trustworthiness, as well as on the sources
of these concepts.

Social Scoring Systems as Algorithmic Regulation
Systems
The basic idea of algorithmic regulation with social scor-
ing systems is to govern population-wide behavior in a
society using social scores as incentives (Cristianini and
Scantamburlo 2020; O’Reilly 2013). Social scores are com-
puted on the basis of behavioral data. Thereby, social scores
should give an indication of peoples’ traits, e.g., their trust-
worthiness or prosociality. As such, social scores can also
be considered a form of reputation. In Europe, scoring
systems are, for example, utilized to assess individuals’
pro-environmental behaviors (Boos 2022; Wolfangel 2022).
Regulators take these scores as a basis for administering in-
terventions by distributing automated incentives. With this
approach, regulators aim at influencing population-wide be-
haviors, such that a specific goal, which allegedly enhances
the well-functioning of a society, is achieved (Yeung 2018;
O’Reilly 2013). Traditionally, order institutions, such as
courts or the police, have centered on ensuring the well-
functioning of society. Nowadays, the availability of large-
scale data and sophisticated classification techniques can en-
tirely change the nature of regulatory institutions (O’Reilly
2013; Vogl et al. 2020; Cristianini and Scantamburlo 2020).
Hereby, social scoring systems are by some considered a
promising form for algorithmic regulation (O’Reilly 2013).
Due to their multifaceted nature, scoring systems can thus be
understood as an instance of ADM systems combining char-
acteristics of both order systems and reputation systems.

Social scoring systems raise considerable ethical con-
cerns (Citron and Pasquale 2014; Zarsky 2016). The EU
AI Act classifies social scoring systems as systems cre-
ating an “unacceptable risk”, and aims to prohibit social

892



scoring practices that evaluate individuals’ trustworthiness,
as this could lead to an unjustified disparity among differ-
ent groups of people. Moreover, the EU AI Act requires
that systems maintain contextual integrity (European Com-
mission 2021). Contextual integrity requires that decision-
makers use the score for making decisions only in a do-
main that corresponds to the domain in which the behav-
ioral score was calculated (Nissenbaum 2004). However, the
same-context requirement is difficult to operationalize in re-
ality, and strongly depends on how narrowly the context is
defined (Veale and Zuiderveen Borgesius 2021). A further
main factor fueling the concerns associated with social scor-
ing systems is the fact that automated decisions are charac-
terized by a lack of transparency. Lacking knowledge about
how the system functions could inhibit practitioners from
judging the accuracy of a system, or the extent to which dis-
parate impacts could emerge (Citron and Pasquale 2014).

In this work, we empirically investigated how individu-
als’ behaviors in a social scoring system, as well as their
perceptions of a social scoring system are impacted by
different levels of transparency. Specifically, we replicated
a social scoring system in which contextual integrity was
maintained. We focused on trustworthiness as an exemplary
target behavior of a social scoring system, and analyzed
whether social scores can establish trustworthy behaviors,
and build trust among members of experimental communi-
ties, varying the level of transparency. Using a trust game
provides the opportunity to study both people’s trustworthi-
ness, as an instance of prosocial behaviors, as well as their
trust in each other. Trust is crucial because it is the founda-
tion of social and economic interactions, and likely affected
by social scoring systems. In addition, using a trust game
allows us to replicate the economic payoff of trust on a com-
munity level.

In the following, we first explain the concepts of trust and
trustworthiness. Further, considering social scores as a form
of reputation, we elaborate on how reputation can help build
trust and trustworthiness. Lastly, we contextualize the im-
plications of social scoring mechanisms within the literature
that explores the sources of trust and trustworthiness.

Installing Trust and Trustworthiness with Social
Scores
As a moral principle, trust refers to individuals’ belief that
other members of a society would not act to hurt them, even
if they had the chance to do so, and even if they had a dif-
ferent set of values (Fukuyama 1995). More broadly speak-
ing, trust refers to a general faith in other people (Fukuyama
1995; Uslaner 1999), reflecting a belief that most individu-
als are trustworthy. Trustworthiness thus implies that people
do not act against the interest of those who have put faith in
them (Uslaner 1999).

Trust is commonly associated with economic benefits, as
it facilitates transactions with others (Collier 2002). As such,
trust also has a strategic dimension, as it is also consid-
ered an instrument to extract market and non-market returns
(Hardin 1993). In addition, high-trust societies are charac-
terized by an increased welfare compared to low-trust soci-
eties, and commonly have lower levels of inequality between

members of a society (Knack and Keefer 1997). While cur-
rent social scoring efforts primarily target small-scale be-
haviors, they may also be used to address fundamental is-
sues such as trust and trustworthiness (State Council 2014;
Engelmann et al. 2021). In this case, it is reasonable to ex-
pect that the introduction of a society-wide social scoring
system impacts the economic development of a society. In
this context, the following section explains the mechanisms
by which social scoring systems can impact trust and trust-
worthiness through their role as reputation systems.

Effects of Reputation Reputation is a powerful mecha-
nism to steer people’s behavior in a prosocial direction (Kan-
dori 1992; Camera and Casari 2009; Nowak and Sigmund
1998; Bohnet and Huck 2004), and to build trust among
strangers (Zacharia and Maes 2000; Friedman, Khan Jr, and
Howe 2000; Aljazzaf, Perry, and Capretz 2010; Duradoni
et al. 2018). In situations in which someone is insecure about
whether an interaction partner can be trusted, a reputational
score that approximates someone’s past trustworthiness fa-
cilitates the decision of whether to trust. As such, the score
is taken as a basis for decision-making, which implies that
people with different scores are trusted to different extents.
In the context of social scoring systems, this mechanism is
considered a form of discrimination (Zarsky 2015). In the
long term, and provided that trust is associated with eco-
nomic benefits, this mechanism makes it in people’s rational
interest to behave trustworthy (Bohnet and Huck 2004; En-
gelmann and Fischbacher 2009).

Social scoring systems assess people’s past trustworthi-
ness through a behavioral score and provide it to decision-
makers as a basis for their choices. The automated nature of
social scoring systems thus lies in the calculation of a be-
havioral score. In this context, the Court of Justice of the
European Union has decided that the provision of a credit
score already constitutes an automated decision according
to the GDPR Article 22(1), as the score plays a central role
in the decision-making, for example, by landlords or banks
(Court of Justice of the European Union 2023).

As ADM systems are socio-technical artifacts (Kitchin
2017), it is inevitable to consider the broader societal struc-
tures into which ADM systems are placed (Araujo et al.
2020). Therefore, we contextualize the effect mechanisms
of social scoring systems trying to establish trustworthiness
and trust within the broader mechanisms by which a society
builds up these concepts.

Sources of Trust and Trustworthiness. Social capital
theories portray shared values and norms, which are learned
through repeated experiences with others, as central to the
development of trust and trustworthiness in a society (Cole-
man 1990; Putnam, Leonardi, and Nanetti 1993; Brehm and
Rahn 1997; Uslaner 2002; Sobel 2002). Thereby, people’s
involvement in associations is key for developing a com-
mon set of values and norms (Putnam, Leonardi, and Nanetti
1993). This account based on social capital illustrates trust
and trustworthy behaviors from a moralistic perspective;
trustworthy behaviors emerge from a moral conviction (Us-
laner 1999), which may also be influenced by the belief that
others will behave trustworthy.
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An alternate explanation of how societies can build trust
and trustworthiness is offered by an institutional account.
Here, the presence of a sound institutional infrastructure, es-
tablishing mechanisms that enforce contracts (Hardin 1993),
and thus address the “risky aspect of trusting strangers”
(Steinhardt 2012) can provide a fruitful basis for trust and
trustworthiness (Letki 2006; Uslaner 2002). This account
illustrates trust from a strategic perspective, as trust is es-
tablished through a belief that people who are not trustwor-
thy will be detected and punished. Therefore, people will
refrain from behaving untrustworthy in the first place (Roth-
stein 2000). However, only institutions that are perceived as
legitimate achieve that people voluntarily engage in desired
behaviors (Tyler 2006a; Levi, Sacks, and Tyler 2009).

If social scoring systems are introduced for building trust
and trustworthiness, they operate according to the institu-
tional account, as they provide a monetary incentive to be-
have trustworthy and to trust. Yet, the significance of le-
gitimate mechanisms in shaping specific behaviors, which
social psychology literature has emphasized (Tyler 2006b;
Levi, Sacks, and Tyler 2009), suggests that if the operating
mechanisms of social scoring systems are perceived as ille-
gitimate, the mechanisms that build trust and trustworthiness
are unlikely to come into play. Consequently, it becomes
less likely that the social scores are considered reliable for
decision-making. Thus, to anticipate the effect mechanisms
of social scoring systems it is crucial to also assess people’s
perceptions of a system.

In AI Ethics, the perceived fairness of ADM systems con-
stitutes a major concern (Hagendorff 2020). While there is
consensus that these systems should serve the common good
(Whittlestone et al. 2019), interpretations of fairness and jus-
tice vary widely (Birhane et al. 2022). Early studies often
assess fairness in ADM systems in a one-dimensional way
(Wang, Harper, and Zhu 2020). In this paper, we follow stud-
ies recognizing the multifaceted nature of fairness (Loefflad,
Chen, and Grossklags 2023; Loefflad and Grossklags 2024;
Juijn et al. 2023; Yurrita et al. 2023) and assess perceptions
of legitimacy, procedural justice, and effectiveness. Gener-
ally, perceptions are likely affected by different system-level
properties; one of the most widely discussed system-level
factors of ADM systems is their level of transparency (Ehsan
et al. 2021; de Fine Licht et al. 2014; Rader, Cotter, and Cho
2018; Schmidt, Biessmann, and Teubner 2020).

Transparency and Contextual Integrity
The EU AI Act aims to prohibit social scoring practices that
violate contextual integrity (European Commission 2021).
In our prior research, we have shown that a violation of con-
textual integrity in social scoring systems leads to strong
opinion differences between people with good scores and
people with bad scores (Loefflad and Grossklags 2024). In
this work, in contrast, we investigate a social scoring sys-
tem in which contextual integrity is maintained, but focus
on the implications of providing transparency. The EU AI
Act imposes increased transparency requirements on sys-
tems that impose a high risk, which should “enable users to
interpret the system’s output and use it appropriately” (Eu-
ropean Commission 2021). However, the provision of trans-

parency has ambiguous implications; early work has imper-
atively called for providing transparency in ADM systems,
to help increase the interpretability of decisions (Rader, Cot-
ter, and Cho 2018), or identify arbitrary evaluations, wrong
characterizations, and biases (Citron and Pasquale 2014). In
addition, there has been a general belief that transparent sys-
tems are more fair and trustworthy (Zarsky 2016). However,
the transparency ideal has been challenged (Schmidt, Biess-
mann, and Teubner 2020; Ananny and Crawford 2018); the
effects of transparency on perceptions of fairness or trust are
contingent on personal characteristics (Eslami et al. 2019),
expectations (Kizilcec 2016), or people’s control within the
decision-making processes (Lee et al. 2019). Transparency
may even prove harmful due to its complex interaction with
privacy. It is plausible that increased information about the
underlying behavior of a score constitutes a violation of pri-
vacy (Chen, Engelmann, and Grossklags 2023; Chen and
Grossklags 2022; Ananny and Crawford 2018) and imposes
privacy harms on decision subjects (Loefflad, Chen, and
Grossklags 2023). More studies are thus needed to carefully
assess the impacts of transparency in social scoring systems
on individual behaviors, perceptions, as well as on society-
level implications (Watkins et al. 2021; Chen et al. 2023).
We address this gap with an experimental investigation of
the implications of transparency in social scoring systems
that try to establish trust and trustworthiness.

Method
The experiment consisted of three parts: a pre-survey, a com-
munity game of trust, and a post-survey. All parts of the ex-
periment were coded in oTree (Chen, Schonger, and Wick-
ens 2016), which is a standard software for economic exper-
iments. Our institution does not require ethics approval for
experiments and questionnaire-based studies. However, we
followed standard practices for ethical research, e.g., pre-
senting detailed study procedures, obtaining consent, allow-
ing participants to leave the study at any time, and collecting
anonymized data. The sessions were conducted in the Ex-
perimenTUM lab at the Technical University of Munich in
August and October 2022. Each session was subject to one
of three treatments.

156 people participated in the experiment, most of whom
were university students. The analysis contains data from
148 participants who passed the attention check (47 in the
baseline, 51 in the transparent, and 50 in the non-transparent
treatment). 59.5% of the participants were aged between 17
and 24, 34.5% were aged between 25 and 30, 4.1% were
older than 30, and 2.0% did not state their age. 48.0% of
the participants were female. 57.4% were White-Caucasian,
27.0% Asian-Pacific, and 4.7% Hispanic. 4.7% stated to
be multiracial, and 6.1% did not reveal their ethnicity. An
overview of the sessions is given in Table 2 in the Appendix
(Loefflad, Chen, and Grossklags 2024).

The present paper uses data from our prior work (Loef-
flad, Chen, and Grossklags 2023). In this prior work, we
have established a structural model to assess the perceived
legitimacy of social scoring systems, and to illustrate how
perceptions of legitimacy are shaped by the level of trans-
parency (Loefflad, Chen, and Grossklags 2023). The present
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paper focuses on the behavioral aspects during the exper-
imental phase. It further investigates macro-economic im-
pacts of trust, and relates people’s behaviors in the experi-
mental phase to their perceptions.

Pre-survey
We presented participants with two hypothetical decision
scenarios, a standard trust game, and a dictator game, to
collect people’s general trust in others, and their kind-
ness, respectively. By accounting for people’s kindness and
their general trust, we establish a measure for people’s per-
sonal social values, which are important in determining
trust and trustworthiness behaviors (Coleman 1990; Putnam,
Leonardi, and Nanetti 1993; Uslaner 2002; Sobel 2002).

In a basic trust game with two participants (Berg, Dick-
haut, and McCabe 1995), a “first mover” decides what share
of a given budget (i.e., the “endowment”) to send to a “sec-
ond mover”. The amount sent by the first mover is multiplied
by a known factor when it is received by the second mover.
The second mover then decides on an amount to return to the
initial sender. The amount sent figures as a measure of trust;
the return ratio, i.e. the fraction of the amount received that is
returned, constitutes a measure of trustworthiness. Notably,
due to the multiplication factor, trusting created wealth; the
first mover decides how much wealth is created, the second
mover decides about the distribution of wealth. In the trust
game with equal endowments of 10 monetary units (MUs)
and a multiplication factor of two, we asked participants how
much they would send to their interaction partner in the role
of the first mover. As such, we derived a measure of people’s
general trust in others (Glaeser et al. 2000).

A dictator game is typically played between two persons,
who receive each a monetary endowment. Person A receives
more than person B, which is known to both. Person A de-
cides how much to give to person B. This amount indicates
people’s kindness. We asked participants how much they
would give to an unknown person B, if they were person
A and had received 10 MUs; person B had received 0 MUs.

Community Game of Trust
In the second part, each participant was randomly assigned
to a community of strangers, consisting of four people. The
members interacted with each other in a repeated trust game
(as explained in the previous section) over several rounds. In
each round, the four members of each group were randomly
matched to pairs of two and played a trust game (Berg, Dick-
haut, and McCabe 1995). In each interaction, the roles of
the first and the second mover were determined randomly.
Both players received an initial endowment of 10 MUs. We
equipped participants with equal endowments because many
people are inequity-averse (Fehr and Schmidt 1999; Bolton
and Ockenfels 2000) and equal endowments avoid situations
in which preferences for equality undermine trustworthy be-
havior (Xiao and Bicchieri 2010; Aksoy et al. 2018). Once
the interactions in one round ended, a die was rolled to de-
termine whether the experiment continued to another round.
The continuation chance was 0.95, resulting in an expected
number of rounds of 20. The experiment was conducted in

an indefinitely repeated frame to prevent a change of behav-
iors in later rounds.

Treatments Each session was subject to one of three treat-
ments. In each treatment, an institutional intervention sys-
tem was introduced, with the purpose of incentivizing peo-
ple to trustworthy behaviors, which we framed as “fair” be-
haviors. Fairness meant that the payoffs between the first and
second movers, resulting from one interaction, were equal.
We ran two interventions using scoring systems, which dif-
fered in the level of transparency regarding the scoring
mechanism. The scoring interventions operated according to
the institutional account, in which a scoring system scored
participants based on their behaviors. The scoring system
made it possible for the trustors to request the score of
their interaction partners. The first movers could thus form
an expectation about the trustworthiness behaviors of the
trustees based on the behavioral score, and condition their
trust choice accordingly. As such, a monetary incentive was
provided to behave trustworthy and to trust.

As outlined, the social-capital-based account treats peo-
ple’s values and norms as central to the development of trust
and trustworthiness, which people learn through their in-
volvement in associations (Putnam, Leonardi, and Nanetti
1993). We replicated this account in a baseline intervention.
In the baseline intervention, normative messages, which re-
minded people in a community to treat each other fairly were
displayed. As such, we mimicked participants’ involvement
in a common association that values norms of fairness.

In the instructions, participants in all treatments learned
that their behaviors were monitored by an institution with
the purpose to ensure fairness (see Table 6 in the Appendix
(Loefflad, Chen, and Grossklags 2024)).

Behavioral Evaluation and Scores In the scoring inter-
ventions, a scoring system evaluated the back-sending be-
haviors of the second movers. We categorized the sec-
ond movers’ back-sending behaviors along three thresholds.
First, people generally are inequity-averse, and find it fair
to send back an amount that equalizes the payoffs between
the first and second mover (xequalizing) (Xiao and Bic-
chieri 2010; Aksoy et al. 2018). Due to the equal endow-
ments, the back-sending behaviors always have the order
xequalizing ≥ xhalf ≥ xthird. Using these thresholds, the
back-sending behaviors were classified into four categories.
Any amount that equaled at least xequalizing was considered
very trustworthy, and any amount between xequalizing and
xhalf as trustworthy. Any amount returned between xhalf

and xthird was considered untrustworthy. Any amount re-
turned less than xthird was considered very untrustworthy
(Table 3; Appendix (Loefflad, Chen, and Grossklags 2024)).

Over the course of the experiment, each participant’s
trustworthiness as a second mover was aggregated to a rep-
utational signal. The signal was framed as standing. The
standing ranged from A to E, where A was the highest, and
E was the lowest standing. The standing was based on a nu-
merical score between 1000 to 0. Everyone started with a
numerical score of 1000 and a standing of A. The stand-
ing could be lost in case the fairness principle was not re-
spected. In this case, a point penalty was introduced, re-
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flecting the severity of misbehavior, using the classification
of behaviors into four categories (Table 3 in the Appendix
(Loefflad, Chen, and Grossklags 2024)). For example, re-
ceiving 20 MUs and sending back 0 MUs led to a rounded
point penalty of 38 points; four points for each MU re-
tained up to one-third of the received amount, two points for
each MU retained between one-third and one-half of the re-
ceived amount, and one point for each MU retained between
one-half of the received amount and the payoff-equalizing
amount. After each round, the resulting numerical scores
and standings were updated. The score ranges were set after
simulating the evolution of scores under this point penalty
mechanism, using trust game data from (Berg, Dickhaut,
and McCabe 1995) (Figure 5; Appendix (Loefflad, Chen,
and Grossklags 2024)). Participants received hints about the
definition of fairness (Table 6; Appendix (Loefflad, Chen,
and Grossklags 2024)). We included comprehension ques-
tions to ensure that participants were familiarized with the
experimental procedures and the implications of their deci-
sions. In case of wrong answers, participants were educated
about the experimental setup again.

Transparency and Institutional Intervention. In the
scoring treatments, participants knew that their behavior as
a second mover was evaluated. In the non-transparent treat-
ment, people were only informed about their standing, not
about the underlying score. In the transparent treatment,
both the standing, the score, as well as the score ranges
(Table 4 in the Appendix (Loefflad, Chen, and Grossklags
2024)) were known to the participants. They were not pre-
cisely educated about the point penalty mechanism, but
hinted towards it, as in Loefflad and Grossklags (2024). In
the scoring treatments, the first movers had the possibility
to request the standing, but not the score of their interaction
partners before deciding whether to trust.

In the scoring treatments, an intervention happened when-
ever the standing of the second mover was lowered. In this
case, the trustee received the information that their stand-
ing had been lowered, and was reminded to treat others in
a fair manner (Table 7 in the Appendix (Loefflad, Chen,
and Grossklags 2024)). In the baseline setting, the evalua-
tion mechanism was hypothetically calculated; an interven-
tion happened whenever the hypothetical standing was low-
ered. In this case, the affected second mover was reminded
to treat others fairly.

As such, the experiment provides a framework for study-
ing individual-level trust interactions between unknown
members of a community, in which an institutional scoring
system is implemented to facilitate the development of trust-
worthy behaviors and trust. Moreover, due to the repeated
horizon, our framework also allows us to study the develop-
ment of trust and trustworthiness in the communities over
time, and to assess the macro-economic development of the
communities, in terms of achieved wealth and inequality lev-
els between community members. Running a baseline mech-
anism next to the scoring treatments allows us first, to test
whether trust and trustworthiness arise from repeated expe-
riences absent any material incentive, and second, to contrast
the development of trust and trustworthiness of communities

with a scoring system to that of communities without a scor-
ing system, experiencing a much less intrusive intervention.

Post-experimental Survey
After the community game of trust, we administered a com-
prehensive survey to understand people’s perceptions of the
institutional intervention systems. The survey measured fac-
tors that are used to explain people’s acceptance of tradi-
tional regulatory institutions (Mazerolle et al. 2013; Tyler
and Jackson 2013; Tyler and Fagan 2008; Brockner 2002;
Alessandro et al. 2021) and ADM systems (Lee 2018; Lee
et al. 2019; Wang, Harper, and Zhu 2020; Martin and Wald-
man 2022; Yu and Li 2022; Castelo, Bos, and Lehmann
2019). To these factors count perceptions of procedural jus-
tice, legitimacy, outcome favorability, and effectiveness.

The legitimacy scale was measured via the extent to which
the fairness goal of the institutions was aligned with par-
ticipants’ own viewpoints (2 questions), participants’ per-
ceived obligation to behave according to the postulated goal
(1 question), and their perceived trust in the institution (1
question) (α=0.81) (Jackson et al. 2023). Perceived procedu-
ral justice addressed the respect people felt they were given,
the clarity of the scoring mechanism, people’s control in the
scoring process, and the generally perceived fairness of the
system (Lee et al. 2019; Tyler and Jackson 2013) (α=0.9).
Perceived effectiveness relates to participants’ perception of
how well the institution succeeded in establishing the fair-
ness goal, and to the perceived quality and usefulness of de-
cisions (α=0.85). Perceived outcome favorability (4 ques-
tions) measured the extent to which participants liked how
they were treated by others, to which participants were sat-
isfied with their respective experimental outcomes, and to
which the presence of the intervention system was perceived
as favorable (α=0.77). Two questions measured participants’
trust perceptions; one question asked how well people could
trust others, and another question asked how strongly peo-
ple felt they were trusted by others. An attention check was
added in the last third of the survey. All questions were mea-
sured on a 5-item Likert scale. An overview of the questions
is given in Table 5 in the Appendix (Loefflad, Chen, and
Grossklags 2024).

Results
Trust and Trustworthiness Behaviors
In this section, we first report on the differences in behav-
iors between the treatments. Subsequently, we assess how
the behavioral score determined people’s trust decisions.

Between-Treatment Differences Using one-sided Mann-
Whitney U tests, we find that people’s trustworthiness
was significantly higher in the transparent scoring treat-
ment (M=.67, SD=.13) as compared to the non-transparent
scoring treatment (M=.59, SD=.23, p<.001). Compared to
the baseline intervention (M=0.52, SD=0.28), participants’
trustworthiness was significantly higher in both the transpar-
ent (p<.001) as well as the non-transparent scoring system
(p<.001). People’s trust levels were significantly higher in
the transparent treatment (M=7.92, SD=3.16) compared to
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the baseline intervention (M=6.41, SD=4.24, p<.001) and
the non-transparent scoring treatment (M=6.41, SD=3.89,
p<.001). However, no significant difference in trust between
the non-transparent and baseline treatments was found (see
Figure 3; Appendix (Loefflad, Chen, and Grossklags 2024)).
The increased trustworthiness in the transparent treatment is
reflected in the distribution of final standings (Figure 4; Ap-
pendix (Loefflad, Chen, and Grossklags 2024)). In the trans-
parent intervention, the majority of participants remained
very trustworthy and thus had a standing A at the end of
the experiment. The distribution of final standings is sim-
ilar in the baseline and the non-transparent treatments. In
the baseline and the non-transparent treatment, a consid-
erable fraction of participants were classified in the low-
est classes D and E (39% in the baseline, and 33% in the
non-transparent system). Compared to the transparent scor-
ing system, only a few participants remained very trustwor-
thy, with a standing of A (36% in the baseline, and 31%
in the non-transparent system). Lastly, people requested the
score significantly more frequently in the opaque scoring
system (M=.71, SD=.30) than in the transparent scoring sys-
tem (M=.60, SD=.37) (p<.001).

As indicated by the intra-class correlation coefficients
(ICC), participants’ overall trusting behavior over time was
more stable in the baseline treatment (ICCtrust

base = 66%)
as compared to the scoring treatments (ICCtrust

trans = 48%,
ICCtrust

opaque = 49%). Reversely, people’s trustworthiness
(tw) behaviors over time were more homogeneous in the
scoring treatments (ICCtw

trans = 60%, ICCtw
opaque = 59%)

compared to the baseline treatment (ICCtw
base = 56%). Par-

ticipants’ trusting behaviors towards partners with the same
standing were substantially more homogeneous in the trans-
parent intervention (ICCstanding

trans = 64%), compared to the
non-transparent intervention (ICCstanding

opaque = 37%).

Explaining Trust. We conducted multilevel regression
analyses clustered at the individual level to explain people’s
trust under different levels of transparency. We aimed at
identifying the importance of the interaction partners’ stand-
ing for people’s trust decisions, relative to other factors that
may explain trust, to which count repeated experiences with
others (Camera and Casari 2009; Bohnet and Huck 2004),
and socio-economic variables (Johnson and Mislin 2011).
For experiences of trustworthiness, two independent vari-
ables (IV) were included, indicating whether a very trust-
worthy, or a very untrustworthy experience (Table 3; Ap-
pendix (Loefflad, Chen, and Grossklags 2024)) had been
made in previous rounds. Two further IV approximated the
continuum of previous experiences of trustworthiness: the
previously experienced return ratio, and the average of all
previously experienced return ratios. We included IV relat-
ing to experiences of trust: the average trust received in all
previous rounds as second mover, the trust received in the
previous round as second mover, and the amount sent by the
first mover. Gender, age, ethnicity, and the round number
were included as controls.

Table 1 shows that there is some explanatory effect from
experiences of trustworthiness in the scoring treatments. In
a non-transparent system, experiencing very untrustworthy

A B C D E
 Standing of interaction partner

0

2

4

6

8

10

Am
ou

nt
 s

en
t

Non-transparent

A B C D E
 Standing of interaction partner

0

2

4

6

8

10

Am
ou

nt
 s

en
t

Transparent

Figure 1: Trust (amount sent) based on the standing of the
interaction partner.

behaviors led to a deterioration of trust, both directly after
the experience had been made (β=-0.98, p<.05), and also
in later rounds following the negative experience (β=-1.31,
p<.01). In a transparent system, in contrast, a very trustwor-
thy experience led to an increase in trust (β=1.01, p<.01).
However, in both scoring treatments, the standing of the in-
teraction partner was the most significant predictor of peo-
ple’s trust, even if experiences and socio-economic char-
acteristics were controlled for. In addition, in the transpar-
ent scoring mechanism, the reduction in trust towards those
with a standing below A was much stronger than in cases in
which the mechanism was not transparent. Thus, people dis-
criminated more strongly in the transparent system (see Fig-
ure 1). Moreover, once people had a signal about others’ past
trustworthiness, there was no systematic effect from peo-
ple’s socio-demographic characteristics on their trust toward
others.

In the baseline intervention, in contrast, socio-economic
indicators, such as being aged between 30-40 or being of
Asian-Pacific or Hispanic origin were important determi-
nants of people’s trust in their interaction partners. In addi-
tion, repeated experiences of untrustworthiness from others
most significantly contributed to decreasing trust in the base-
line scenario (β=-1.64, p<.001). Lastly, in all treatments,
people’s kindness, approximated by the dictator decision in
the pre-survey, contributed to explaining trust.

Development of Communities
Considering the experimental communities as exemplary so-
cieties, we assess the impact of social scoring systems from
a society-wide perspective. To examine the impact of the
interventions on the experimental communities, we distin-
guished the communities based on the inequalities of earn-
ings, and the wealth the communities generated over the
course of the experiment. The measure of wealth was given
over the cumulative earnings of all people in a commu-
nity over all rounds. This measure also indicates the devel-
oped trust between community members. The measure of
inequality was given as the standard deviation of the earn-
ings of community members. The inequality characterizes
the fairness of the distribution of wealth among community
members. We clustered the experimental groups according
to their wealth and inequality, using k-means clustering, and
the elbow method for identifying the adequate number of
clusters (Cui et al. 2020). We identified five (baseline), three
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Non-transparent Transparent Baseline
Intercept 9.31∗∗∗ (0.54) 7.90∗∗∗ (0.68) 6.73∗∗∗ (0.83)
Standing of interaction partner B −2.02∗∗∗ (0.30) −2.80∗∗∗ (0.62)
Standing of interaction partner C −3.51∗∗∗ (0.34) −6.71∗∗∗ (0.48)
Standing of interaction partner D −4.68∗∗∗ (0.55) −6.44∗∗∗ (0.78)
Standing of interaction partner E −6.57∗∗∗ (0.36)
Very untrustworthy experience, any round −1.31∗∗ (0.42) 0.030 (1.09) −1.27∗∗ (0.47)
Very trustworthy experience, any round 0.55 (0.37) 0.23 (0.47) 0.76 (0.49)
Very untrustworthy experience, previous round −0.98∗ (0.39) −0.94 (0.97) −1.64∗∗∗ (0.37)
Very trustworthy experience, previous round −0.04 (0.29) 1.01∗∗ (0.37) 0.46 (0.41)
Previously experienced trustworthiness −0.56 (0.58) −0.14 (1.49) −0.29 (0.52)
Previously experienced trust −0.08∗ (0.03) −0.09 (0.05) 0.04 (0.03)
Average experienced trust 0.18∗∗ (0.06) 0.16 (0.09) −0.04 (0.05)
Average experienced trustworthiness 0.26 (1.13) −1.35 (1.97) 0.31 (0.92)
Initial trust 0.13 (0.08) 0.04 (0.09) −0.08 (0.15)
Dictator 0.22 (0.11) 0.49∗∗ (0.16) 0.48∗ (0.23)
Round number 0.04∗ (0.02) −0.03 (0.03) −0.02 (0.02)
Male −0.97 (0.53) −0.02 (0.71) 1.49 (0.82)
Gender unrevealed −2.68 (2.09)
Age 25-30 −0.91 (0.59) 0.92 (0.60) 1.47 (0.87)
Age 30-40 0.38 (1.12) −6.94∗∗ (2.67)
Age >40 0.04 (1.59) 2.93 (2.14)
Asian-Pacific −0.51 (0.60) 0.31 (0.73) −2.35∗ (0.94)
Hispanic −1.24 (1.08) 1.13 (1.38) −5.57∗∗ (1.96)
Multiracial −1.31 (1.15) −0.83 (1.28) −3.08 (1.89)
Ethnicity unrevealed −0.83 (1.41) 2.37∗ (1.13) −0.62 (2.81)

R2 fixed effects 0.59 0.57 0.42
R2 total effects 0.73 0.74 0.73
Observations 449 246 472
Log Likelihood −984.44 −524.79 −1,115.29
AIC 2,022.88 1,097.58 2,272.57
BIC 2,133.77 1,181.71 2,359.87
Num.groups:participant.code 46 42 47
Var: participant.code 2.02 2.19 5.77
Var: Residual 3.95 3.22 5.16
Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Table 1: Trust behaviors. Very untrustworthy and trustworthy experiences are defined in Table 3 (Appendix; (Loefflad, Chen,
and Grossklags 2024)). In the scoring treatments, the data includes decisions from trustors, who have made a score request.

(transparent), and four (non-transparent) clusters.

The upper row in Figure 2 shows the community-wise
boxplots of the average earnings of the community mem-
bers. The level of earnings increases from baseline to trans-
parent; per round, people earned on average 13.14 MUs in
the baseline, 13.42 MUs in the non-transparent, and 14.95
MUs in the transparent treatment. The average range of peo-
ple’s earnings within a community amounted to 3.97 MUs in
the baseline intervention, 1.84 MUs in the non-transparent,
and 1.26 MUs in the transparent intervention; this suggests
that the transparent scoring intervention generally led to
a smaller inequality between group members. The bottom
row indicates, for each experimental community, the cumu-
lative generated wealth over the course of the experiment;
in the scoring treatments, the lines are colored according
to the cluster they belong to. Here, we distinguish the top
and the bottom cluster, as well as all clusters in between.
The cumulative earnings of different experimental commu-
nities substantially drift apart in both the baseline and non-
transparent treatment; a much less pronounced drift is vis-

ible in the transparent case. Thus, communities that were
subject to a transparent scoring system were much more sim-
ilar regarding the creation of wealth than those subject to a
non-transparent scoring treatment or a symbolic intervention
mechanism. At the same time, the inequality between mem-
bers of these communities was substantially lower. As such,
transparency led to a more equitable distribution of benefits
within communities, and a more homogeneous development
across communities, in terms of inequality and wealth.

Perceptions
In this section, we compare people’s perceptions across
treatments. We further assess differences in perceptions
across clusters of communities. We relate people’s percep-
tions to their decision-making based on others’ scores, as
well as to their experiences of being disciplined based on
their own scores.

Between-Treatment Differences Using one-sided Mann-
Whitney U tests, we find that the institutional scoring system
was considered significantly more legitimate once it acted
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Figure 2: Upper row: Boxplots of average earnings per round
within the communities. Lower row: Cumulative generated
wealth over the course of the experiment. The colors indicate
clusters of communities that are similar in terms of wealth
and inequality of earnings.

in a transparent manner (p<.05). Those who knew how the
mechanism worked, also considered the institutional work-
ing mechanisms more effective (p<.05), and more proce-
durally just (p<.05). In addition, under a transparent in-
tervention, people reported a weakly greater perceived mu-
tual trust, in terms of the ability to trust others (p<.1), as
well as the feeling that they were trusted by others (p<.1).
As compared to the baseline treatment, people considered
the scoring treatments more effective (p<.001), and also
reported greater satisfaction with the scoring treatments in
general (p<.01). Perceptions of mutual trust were signif-
icantly lower in the baseline, as compared to the scoring
treatments (p<.001) (see Figure 3 in the Appendix (Loef-
flad, Chen, and Grossklags 2024)).

Perceptions and Community Differences As outlined,
the heterogeneity between communities regarding the de-
veloped trust and inequality was more pronounced in the
non-transparent than in the transparent scoring system. To
investigate potential sources of this variation between clus-
ters of communities within the respective scoring treatments,
we compare the perceptions of people belonging to the top
cluster to the perceptions of people belonging to the bot-
tom cluster. In the non-transparent mechanism, participants
in the most wealthy cluster differed from those in the least
wealthy cluster in their perception that the system was le-
gitimate (p=.067), the viewpoint that the deployed mecha-
nisms were procedurally just (p=.022), and the perception
that the scoring system was effective (p=.014). In the trans-
parent system, there was only a minor difference between
the most and least wealthy cluster of communities. Here, the
most and least wealthy clusters differed in that participants
in the less wealthy cluster considered the institutional scor-
ing system less effective (p=.04). Most importantly, partici-
pants from these two different transparent clusters reported
similar viewpoints regarding both the procedural justice of
the deployed scoring mechanism, as well as the perceived
legitimacy of the scoring system.

Perceptions and Reputational Discrimination Drawing
on the definition of discrimination as trusting people of dif-
ferent standings differently (Zarsky 2015), people discrimi-
nated in both scoring interventions, by responding with a re-
duction in trust towards those with a standing below A (Ta-
ble 1). This suggests that people whose standing had been
downgraded faced some sort of discriminatory experience,
which they were very likely aware of. Therefore, we first
investigate whether experiences of discrimination affected
people’s perceptions of a system. Reversely, these results
suggest that most individuals contributed to the disciplining
mechanism, by reducing trust. Therefore, we further assess
whether disciplinary actions were associated with specific
perceptions of the system.

We computed a measure of experienced discrimination
for all individuals who have had a standing of A as a trustee
at least once, and who had been a trustee with a standing
below A at least once. In both situations, a score request by
the trustor must have been made. The difference between the
average MUs received in a standing A and the average MUs
received in a standing below A constitutes the experienced
discrimination. We further computed a monetary measure
of people’s discrimination against others. The measure was
computed only for those individuals who, as trustors making
a score request, faced at least one partner with standing A,
and at least one partner with a standing below A. The dif-
ference in average trust issued towards those with a standing
A and that issued towards those with a standing below A
constitutes the discrimination measure (Lane 2016).

In the non-transparent system, those who were discrimi-
nated against more strongly reported more negative percep-
tions of legitimacy (β= -.38, p=.06) and procedural justice
(β=-.37, p=.078). They also felt that others trusted them less
(β=-.732, p<.001), and considered the institution less effec-
tive (β=-.58, p=.003). In contrast, we did not observe a rela-
tionship between perceptions of the system and experiences
of discrimination in the transparent treatment. This suggests
that perceptions of the scoring system, notably its legitimacy
and procedural justice were not affected by experiences of
discrimination.

In the non-transparent treatment, people who perceived
the scoring mechanism as procedurally just showed higher
levels of discrimination against others (β=.45, p<.01). Yet,
there were no correlations between the contribution to the
disciplining mechanism and perceptions of the institution
when the scoring mechanism was transparent. Combined
with the observation that trust behaviors towards people of
the same standing were very volatile, this suggests that dis-
criminatory actions in the non-transparent system were con-
tingent on high perceptions of procedural justice.

Discussion and Conclusion
Technological advancements have made the possibility
of algorithmically regulating society through public-sector
ADM systems increasingly plausible (Yeung 2018; O’Reilly
2013). Social scoring systems are an instance of ADM sys-
tems, using behavioral scores to deliberately alter people’s
behaviors (Cristianini and Scantamburlo 2020). In this con-
text, the EU AI Act forbids social scoring practices that vio-
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late contextual integrity, and imposes increased transparency
requirements (European Commission 2021). This suggests
that a substantial source of harm stemming from social scor-
ing systems may be eliminated by providing contextual in-
tegrity. In this work, we, therefore, studied the behavioral,
perceptual and society-level implications of a social scoring
system used for behavioral regulation. We focused on a sys-
tem in which contextual integrity was maintained, and inves-
tigated the implications of different levels of transparency.
We focused on people’s trustworthiness, as well as their trust
toward each other, and assessed their perceived legitimacy,
effectiveness, procedural justice, and outcome favorability.

The intended goal of the scoring system to increase trust
and trustworthiness was more firmly realized once the scor-
ing mechanism was transparent, leading to a considerably
higher trust of people in each other. Additionally, once peo-
ple had a clear explanation of the behavior underlying a spe-
cific social score, their trust towards people with the same
score was very uniform. In this case, reductions of trust
towards those with a lower social score were substantially
more pronounced, compared to cases in which the mech-
anism was opaque. The provision of transparency thus led
to strong disciplining actions, probably because information
about the scoring mechanism helped people judge others’
behaviors more confidently and, therefore, made them disci-
pline others more firmly. Reversely, once the scoring mecha-
nism was opaque, trust behaviors towards people of the same
standing were very volatile. This may be due to the fact that
people do not feel comfortable with acting upon decisions
made by ADM systems, if they do not exactly know how
these decisions were made (Rader, Cotter, and Cho 2018).

Communities subject to a transparent system created
more wealth compared to communities subject to a non-
transparent system. In addition, in a transparent scoring
system, the between-community differences in wealth and
inequality were less firmly pronounced than in a non-
transparent system. Considering the experimental commu-
nities as exemplary societies, our work thus illustrated how
differences in the design of socio-technical systems impact
societies in the aggregate.

Providing transparency made people perceive the scor-
ing system as significantly more effective, procedurally just,
and legitimate. Our results thus confirm that transparency
enhances positive perceptions of ADM systems (Tiarks
2021; de Fine Licht and de Fine Licht 2020). At the same
time, our results lead to questions about the current de-
sign of less transparent scoring systems, which are often
described as black boxes (Citron and Pasquale 2014). In a
non-transparent system, people’s tendency to discipline oth-
ers was correlated with their viewpoints; those who con-
sidered the system more procedurally just also disciplined
others to a higher extent. In addition, in a non-transparent
scoring system, experiences of being disciplined disparately
impacted perceptions of procedural justice and legitimacy;
those who were disciplined by others to a higher extent also
held more negative viewpoints of the system. No such asso-
ciations were found in the transparent case.

Clusters of communities subject to a transparent scoring
system, which differed in generated wealth and inequality,

did not hold different viewpoints regarding the legitimacy,
effectiveness, or procedural justice of the system. These
clusters differed from each other in that people in the clus-
ters that achieved the highest wealth had a stronger general
faith in others. In line with previous studies (Wang, Harper,
and Zhu 2020; Kizilcec 2016; Lee and Rich 2021), this find-
ing may indicate that perceptions of social scoring systems
are also shaped by cultural and social characteristics, such as
their general trust, education, or ethnic background. More-
over, in a transparent system, communities reported similar
perceptions of legitimacy of the scoring system, even if they
differed in the developed wealth and inequality. Once the
mechanism was opaque, in contrast, those clusters that per-
ceived the scoring system as legitimate, effective, and proce-
durally just also achieved higher wealth and a lower inequal-
ity level between community members. Clusters that did not
share these viewpoints, in contrast, were characterized by
higher inequality levels, and decreased wealth.

While our work showed that transparency in social scor-
ing systems, as required by the EU AI Act (European Com-
mission 2021), is crucial for eliminating disparate impacts
in the aggregate, it also suggests that transparency may well
impose harm on the individual level. Transparency made
people strongly discipline non-compliant individuals, by re-
ducing trust towards those with a low standing, and, there-
fore, their experimental earnings. If social scoring systems
are applied to real-world decision contexts, considerable dis-
criminatory consequences could thus arise. To better under-
stand the harms imposed by social scoring systems on an in-
dividual level, future work needs to elaborate more closely
on the effects of transparency considering differences in
socio-demographic or cultural aspects, particularly because
these factors can moderate the impact of system-level prop-
erties on perceptions, e.g., of fairness, of ADM systems (Lee
and Baykal 2017; Lee and Rich 2021; Wang, Harper, and
Zhu 2020). Further, the role of people’s general involvement
in AI-related technologies, for example, their prior experi-
ences with, general trust in, or knowledge of ADM systems
should be considered (Ehsan et al. 2024; Silva, Chen, and
Zhu 2022; Choung, David, and Ross 2023).

In the specific case of social scoring, it is also important
to understand the reactions of people with different social
scores, even if contextual integrity is maintained (Loefflad
and Grossklags 2024). Social scoring systems, even if law-
ful, need to ensure that disciplining effects do not lead to
discriminatory outcomes. Experiences of discrimination can
nurture mistrust in others (Rothstein and Stolle 2008), and
towards the ADM system (Schmidt, Biessmann, and Teub-
ner 2020). Such investigations are imperative behind the un-
clear legal status of social scoring systems that maintain con-
textual integrity. Our results suggest that the harms asso-
ciated with social scoring systems are substantial, and that
tighter regulation is, therefore, needed. Finally, it is impor-
tant to note that understanding the broader implications of
social scoring gains importance as social scoring systems for
behavioral regulation are increasingly deployed (Wolfangel
2022; Stadt Wien 2021; Boos 2022).
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