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Artificial intelligence (AI) is increasingly used in decision-making. However, choosing between different algo-
rithmic methods underlying Al-based systems involves trade-offs. The accuracy-transparency trade-off is one of
the most prominent: the most accurate approaches are often the least transparent, and the most transparent ones
are the least accurate. This study examined how individuals navigate this trade-off from a deployer perspective.
In an experimental between-participants online study (N = 468), we examined how framing (framing the system

Trustworthiness . . e .. P
Framing effects performance as accuracy rate vs. error rate), accountability (being able to justify a decision vs. no need to justify
Deployer a decision), and the context of use (medicine, hiring, finance, law) affect choosing between different versions of

systems underlying the accuracy-transparency trade-off. We also investigated whether the experimental ma-
nipulations and system choice affected trustworthiness and trust perceptions. Regarding the system choice (i.e., a
preference for accuracy at the expense of transparency or a preference for transparency at the expense of ac-
curacy), framing and accountability did not affect system choice. As expected, participants favored high per-
formance in medicine compared to the other contexts. The results also supported the expected relationship
between system choice and perceptions of different system trustworthiness facets, as well as framing effects on
perceived trustworthiness and trust. We conclude that the context of use is critical for deployer preferences
regarding system accuracy and transparency. Additionally, we identified person-related factors influencing such
choices. Furthermore, a simple change in wording (i.e., without changing the system properties) can affect in-
dividuals® perceived trustworthiness of Al-based systems.

1. Introduction

As Al-based systems increasingly influence our lives, their properties
and the ways we evaluate them are becoming ever more significant for a
wide range of stakeholders, including providers, deployers, and poli-
cymakers. This is particularly pertinent in consequential decision-
making contexts, such as medicine and hiring. Under the European Al
Act, these contexts are classified as high-risk, imposing specific re-
quirements (Section 2), such as technical documentation, transparency,
provision of information to deployers, accuracy, robustness, and
cybersecurity. These requirements place obligations on providers and
deployers to ensure compliance (Section 3 of the AI Act). Among these,
system accuracy—to minimize errors—and system transparency—to
enhance control and understanding—are especially critical in high-risk
settings (Adadi & Berrada, 2018). However, accuracy and transparency

often conflict. The most accurate methods are frequently the least
transparent and, therefore, the least understandable, while the most
transparent methods tend to sacrifice accuracy, illustrating the
accuracy-transparency trade-off (e.g., Assis et al., 2023). Navigating this
trade-off is a central challenge for the responsible development and
governance of Al

This trade-off is particularly evident for systems that rely on highly
accurate yet complex deep learning methods, which provide little
insight into the decision-making process of the respective system
(Burrell, 2016). In contrast, alternative approaches, such as rule-based
methods, are more interpretable but often come at the cost of lower
predictive accuracy (Rosenfeld & Richardson, 2019). Indeed, deploying
such systems in real-world settings presents numerous challenges
(Paleyes et al., 2023). Deployers of Al-based systems frequently face the
challenge of choosing between these options, weighing the relative
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importance of accuracy and transparency for a specific use case. This
decision is not merely a technical calculation but a complex
socio-technical judgment that has significant downstream consequences
(Hatherley et al., 2024). Both transparency and accuracy are crucial for
building trustworthy Al systems, particularly in high-risk domains,
underscoring the need for a human-centered approach to design and
development (Schoenherr et al., 2023). Adding to this complexity, the
choice between different Al-based systems may also be influenced by
how the properties of Al-based systems are described and framed (e.g.,
in system manuals). Providers must carefully determine how to
communicate key attributes—such as accuracy and transparency—to
stakeholders, including deployers, auditing institutions, and end-users
(Landers & Behrend, 2023). For instance, framing these properties
positively (e.g., the system is accurate in 95 % of cases) versus negatively
(e.g., the system makes errors in 5 % of cases) can shape stakeholder
perceptions, expectations, and ultimately, their choices between Al
systems.

Research on the accuracy-transparency trade-off has focused on
mapping where various algorithmic approaches fall within this spec-
trum (e.g., Hacker et al., 2020), attempting to quantify it (Bell et al.,
2022), and highlighting the persistent nature of this trade-off (e.g.,
Adadi & Berrada, 2018; Assis et al., 2023). Meanwhile, research on
explainable AI (XAI) has developed explainability approaches attempt-
ing to achieve understandability of highly accurate but intransparent
systems (Guidotti et al., 2019; Miller, 2019). However, these explain-
ability approaches also do not fully resolve the accuracy-transparency
tradeoff. For example, they require validation themselves and may not
always provide generalizable insights into system decision-making
processes (Ali et al., 2023; Vilone & Longo, 2021). These challenges
can be mitigated by opting for transparent algorithmic approaches,
which are inherently more understandable and where explainability
techniques can be more effective in enhancing insights (Rudin, 2019).!
However, while these technical approaches are vital, they often over-
look the subjective human factors that ultimately govern the selection of
Al systems in practice.

Beyond the technical aspects of the accuracy-transparency trade-off,
there is research that addresses the psychological implications of this
trade-off (Dong et al., 2024; Nussberger et al., 2022). For instance,
preferences for accuracy or transparency may vary depending on the
context of use (Woodruff et al., 2020). However, there is limited evi-
dence regarding which specific context of use leads to a preference for
highly accurate or highly transparent algorithmic approaches. Further-
more, the properties of a (chosen) system, how these properties are
framed and communicated (e.g., in system manuals), and the deci-
sion-maker’s role when choosing a system may influence people’s as-
sessments of respective systems, especially the perceived
trustworthiness (Hoff & Bashir, 2015; Schlicker & Langer, 2021). Such
assessments in turn, shape the choice between systems, as well as future
expectations and behaviors toward the system. We need to empirically
understand how these situational factors, along with traits of the
decision-maker, influence these choices along the
accuracy-transparency trade-off.

This study aims to explore how individuals decide between different
systems within the accuracy-transparency trade-off from the crucial
perspective of the system deployer. We argue that this deployer
perspective is essential for understanding real-world Al adoption, as
deployers often act as organizational gatekeepers whose choices precede
any end-user interaction and determine which systems get implemented,
thus directly influencing downstream outcomes. We experimentally

! Rather than adopting an absolute stance regarding the trade-off (seeing it as
a fixed fact or denying it completely), we acknowledge the influence of
contextual factors (e.g., resources or domain) which means that we consider the
accuracy-transparency trade-off from a nuanced perspective (Crook et al.,
2023).
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investigate whether the framing of properties of Al-based systems (e.g.,
system performance framed as accuracy vs. error rate), accountability
for selecting a particular system, and the context of use (e.g., medicine
vs. hiring) influence the choice between systems underlying the
accuracy-transparency trade-off. The unique contribution of this paper
lies in its combined investigation of these situational and personal fac-
tors across four distinct high-stakes domains. By doing so, our work
provides comparative insights that move beyond prior research, which
has often focused on a single domain or a more limited set of factors.
Additionally, we assess whether these factors and the choice of system
itself impact perceived trust and trustworthiness assessment of the
respective system.

2. Background and hypotheses development
2.1. The accuracy-transparency trade-off

The choice of an algorithmic approach (e.g., manual or rule-based
programming, based on machine learning or deep learning) as the
basis for an Al-based system is accompanied by the decision of whether
accurate or transparent processes and results are more important. In
some cases, involved stakeholders may prioritize accuracy because it
can result in improved decision-making or can ensure safety (EU Agency
for fundamental rights, 2019). In contrast, they may prefer transparency
when there is a strong desire for control of Al-based systems, which is a
core aspect of human-centered system design, because transparency
may allow for the explanation and justification of system outputs (Loi
et al., 2021).

When considering differences in terms of these properties, there
seems to be an inherent tension between accuracy and transparency
(Gunning et al., 2019). Due to their complexity, the most accurate
methods (e.g., deep learning based), without employing explainability
approaches that try to generate post-hoc explanations, may offer no
transparency about how decisions are reached, similar to a black box (e.
g., Adadi & Berrada, 2018; Assis et al., 2023). The concept of trans-
parency itself is multifaceted and can refer to the understandability of
the entire model (simulatability), its individual components (decom-
posability), or its underlying algorithm (algorithmic transparency). In
contrast, methods such as decision trees may be inherently transparent
(Rosenfeld & Richardson, 2019). However, choosing more transparent
methods usually compromises the accuracy of decisions, as they are less
able to capture complex dependencies between input and output vari-
ables as, for example, deep learning methods (Arrieta et al., 2020).
Eventually, choosing more transparent methods means that decisions
can be better understood and better controlled (e.g., scrutinized,
accepted/rejected based on an informed decision-making process) but
simultaneously this increases the probability of less accurate predictions
and erroneous system outputs. This establishes a psychological dilemma
for the human decision-maker tasked with selecting a system.

2.2. Factors influencing the choice between different systems

When deployers of Al-based systems are confronted with the choice
between different systems, they will be affected by the properties of the
respective systems and their assessment of these properties. According
to the European AI Act a deployer is “a natural or legal person, public
authority, agency or other body using an Al system under its authority
(...)” (Article 3). The deployer may be different from the provider, who
“develops an Al system or a general-purpose Al model or that has an Al
system or a general-purpose Al model developed and places it on the
market (...)” (Article 3). The choice of an appropriate algorithmic
approach thus is an important first step for the deployer in the imple-
mentation of an Al-based system for their context of use, followed by
complying with the obligations. Deployers have to assess the



T. Hunsicker et al.

information given by the providers of the systems and use them for their
choice between different available Al-based systems in their specific
context of use. In this study, we examine how four crucial aspects affect
choices between different systems: the accuracy and transparency of the
systems, how the accuracy is framed, the perceived accountability of the
person making the decision, and the context of use. These factors
represent a combination of system-level properties (accuracy, trans-
parency), and situational variables (framing, accountability, contest)
that influence the psychological processes of the decision-maker.

2.2.1. Accuracy and transparency — facets of system trustworthiness

Optimally, Al-based systems would be highly accurate and trans-
parent. In fact, research on trust in automated systems implies that both
system accuracy and transparency can be considered facets of system
trustworthiness (Korber, 2019), and system trustworthiness should
affect trust in system outputs as well as the choice for or against using a
system (e.g., Hoff & Bashir, 2015; Schlicker & Langer, 2021).

Perceived trustworthiness consists of various facets that form the
basis for trust (Lee & See, 2004; Mayer et al., 1995). For example, in
their integrative model of interpersonal trust Mayer et al. (1995) pro-
posed that perceived trustworthiness is based on the assessment of three
characteristics of the trustee: Ability (domain-specific skills and com-
petencies), Benevolence (the extent to which the trustee is believed to
want to do good to the trustor), and Integrity (the perception that the
trustee adheres to a set of principles that the trustor finds acceptable).

Models of trust in automation have adapted these concepts. For
instance, Lee and See (2004) proposed three similar properties of a
system: Performance (how well the system performs its function, parallel
to Ability), Process (the principles and logic governing its operation,
parallel to Integrity), and Purpose (the fundamental goals the system was
designed to achieve and whether they align with the user’s interests,
which relates to Benevolence).

Both accuracy and transparency are crucial for the trustworthiness of
Al systems, particularly in high-risk domains (Schoenherr et al., 2023).
Whereas accuracy maps clearly to ability/performance, transparency
does relate to integrity/process, but does not map perfectly onto a single
facet in these earlier models. This is why the present study adopts the
framework by Korber (2019), which integrates the models by Mayer
et al. (1995) and Lee and See (2004) and contextualizes it in the context
of advanced automation and Al. Crucially, Korber (2019) proposes that
understandability is a critical aspect of perceived trustworthiness that
becomes particularly salient with technologies (such as advanced ma-
chine learning) that lack transparency. In this study, we focus on two
facets from that framework: perceived competence (or performance),
which is associated with system ability or accuracy, and perceived un-
derstandability, which is associated with the transparency of system
processes and outputs.

In reality, it may not be possible to have a highly accurate and highly
transparent system. Thus, not only system developers must decide which
property of a system to optimize, also stakeholders choosing between
different systems (e.g., a company choosing between different Al-based
systems for hiring or a hospital for diagnosing a disease) may be con-
fronted with the fact that they cannot have a highly accurate and highly
transparent system. They must decide what is more important in their
respective context of use.

As a first step in the current study, we examine whether the prefer-
ence of system choice (i.e., for transparency or accuracy) will also be
reflected in participants’ perceptions of facets of system trustworthiness.
If participants favor system transparency at the expense of accuracy, the
main focus of their choice may be on the traceability of processes and
decisions, leading to a stronger perceived understandability of the sys-
tem (Shin, 2021). If participants favor system accuracy, the main focus
of their choice may be on increasing the number of correct system
outputs, which should be reflected in a higher perceived system
competence (Lee & See, 2004).
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Hypothesis 1a. A system choice with a preference for transparency is
associated with a higher degree of perceived understandability.”

Hypothesis 1b. A system choice with a preference for accuracy is
associated with a higher degree of perceived competence.

2.2.2. Framing effects

The term framing refers to the fact that people can react differently to
alternative descriptions of the same facts (Tversky & Kahneman, 1981).
This concept is grounded in Prospect Theory, which was developed to
describe human decision-making under risk. The theory distinguishes
between two phases of the choice process: an initial “editing phase”,
where alternatives are analyzed and a subjective reference point is
established, and a subsequent “evaluation phase”, where those alter-
natives are assessed based on a subjective value function. Framing ef-
fects particularly affect the editing phase, as the description of a problem
can shift the reference point from which outcomes are judged as gains or
losses. For instance, for the same object, a different description or a
change in perspective can alter assessments of and behaviors towards
this object (Levin et al., 1998).

Levin et al. (1998) propose to distinguish between three types of
framing effects: risky-choice, attribute, and goal framing effects. Of
these three types, Risky-Choice Framing involves choices between options
that differ in their level of risk, where framing outcomes as gains or
losses typically shifts risk preference (Tversky & Kahneman, 1981).
Attribute Framing, in contrast, focuses on how the evaluation of a single
object is altered by labeling its characteristics with positive or negative
terms (Levin & Gaeth, 1988). Goal Framing centers on the persuasive
power of a message to encourage a behavior by emphasizing either the
positive consequences of acting or the negative consequences of not
acting. Given that the current study involves both the evaluation of
specific system attributes (its performance) and the overarching goal of
selecting the best system for a task, attribute and goal framing are
important theoretical lenses for our investigation. Specifically, attribute
framing effects may occur when a single attribute or characteristic of an
object or event is framed positively or negatively (Levin et al., 1998). An
example is the presentation of meat as either 75 % lean or 25 % fat. In
general, attributes are evaluated more positively when they are tagged
with positive terms than when they are tagged with negative terms (e.g.,
Levin & Gaeth, 1988; Liu et al., 2020).

Goal framing effects may occur when the consequences of a behavior
are framed positively or negatively (Levin et al., 1998). A positive frame
focuses attention on the goal of obtaining positive consequences (or
gain), whereas a negative frame focuses attention on avoiding negative
consequences (or loss). A typical example is highlighting the positive
consequences of health screening (e.g., increased chance of finding a
disease in an early stage) versus the disadvantages of conducting no
health screening (e.g., decreased chance of finding a disease in an early
stage). An important aspect of goal framing is that both framing con-
ditions try to promote the same action (e.g., engage in health screening).
A negative framing of a message tends to more strongly influence certain
behavior (Levin et al., 1998). For instance, a negative framing (you may
lose your foot when you do not stop smoking) can more strongly influ-
ence certain behavior (stop smoking).

Framing Al-based systems. Research examines framing effects in
the field of Al-based systems. For instance, framing affects the accep-
tance of system recommendations when solving a decision-making task
(Kim & Song, 2020). In the respective study, people had to solve a
problem together with an Al-based system and system was described as
having an 80 % accuracy rate (positive) or a 20 % error rate (negative).
Participants were more likely to accept the outputs of the Al-based
system (i.e., changed their opinion more in line with the Al-based

2 Research questions and hypotheses were preregistered under aspredicted.or
g/KY2_R23.
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system’s suggestion) when the information was framed positively than
when it was framed negatively. However, this study showed even higher
acceptance in a condition receiving no information about system accu-
racy compared to both framing conditions. In another study, the rec-
ommendations of a decision aid were more likely to be accepted when
the reliability of the decision aid was framed positively (correct in 8 out
of 10 cases) than when the description followed a negative framing
(incorrect in 2 out of 10 cases; Septiari & Goedono, 2019).

In the case of the accuracy-transparency trade-off, we decided to
frame the performance attribute of the systems either positively
(describing it as system accuracy) or negatively (describing it as system
error rate). First, this could lead to a goal framing effect because the
framing of the performance attribute may influence the extent to which
decision-makers’ value system accuracy within the accuracy-
transparency trade-off. Specifically, framing system performance posi-
tively (negatively) could make it comparatively more salient that the
goal of the system is to maximize accuracy (minimize error). As a result,
a comparatively stronger salience of one of the respective goals could
influence people’s choice between systems whose properties may be
perceived as differently successful in achieving a gain versus preventing
a loss (Levin et al., 1998).

We propose that there may be a shift towards preferring high accu-
racy over transparency when system performance is presented in a
negative frame. Describing system performance as error rate may lead to
people focusing on possible system errors. This could bring decision-
makers into a loss-averse way of decision-making (Kahneman & Tver-
sky, 1979), which should reduce the willingness to accept a higher
likelihood of errors in favor of more transparency.

Hypothesis 2. The presentation of the system’s performance in a
negative frame (i.e., as error rate) is associated with a system choice
with a preference for accuracy.

Second, framing system performance as accuracy versus error rate
may lead to an attribute framing effect as the manipulation of the per-
formance attribute can affect the perception of the systems. Specifically,
framing the performance attribute as error rate versus accuracy rate may
diminish the perceived competence of the Al. People expect automated
systems to work near-to-perfection and violating this expectation of
perfection can diminish people’s perceived trustworthiness and trust in
system outputs (Dietvorst et al., 2015; Madhavan & Wiegmann, 2007).
Describing the performance of a system with its error rate may violate
expectations of perfection as the term “error rate” makes it salient that
the system has already produced errors in the past and will produce
errors in the future. This may reduce the perceived competence of the
system.

Perceived trustworthiness in general and perceived competence of a
system as a facet of trustworthiness are crucial for trust development in
general (Baer & Colquitt, 2018). Given that framing as error rate reduces
perceived competence of systems, this may ultimately also reduce
perceived trust in the system.

Hypothesis 3. The a) perceived competence of the system and b) trust
is higher when the system’s performance is presented in a positive frame
(accuracy) than in a negative frame (error rate).

2.2.3. Accountability

Accountability, in its broadest psychological sense, refers to the
implicit or explicit expectation of being asked to justify one’s beliefs,
feelings, or actions to others (Lerner & Tetlock, 1999, p. 255).
Accountability often affects decision-making, in particular by improving
information gathering and processing as well as by stimulating a more
thorough decision-making process (Aleksovska et al., 2019). In our
context, there is no definitive right or wrong choice, as we deliberately
clarified that all available systems are market-ready. This approach al-
lows us to focus on understanding preferences in system choice,
ensuring that a more deliberate decision-making process does not
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inherently influence which system is ultimately chosen. Nevertheless, in
line with earlier research, accountability may lead to less risky
decision-making, which could go hand in hand with an
error-minimizing/accuracy-optimizing strategy (Polman & Wu, 2020).

Research Question 1. Does accountability for their decision influence
participants’ system choice in terms of preference for transparency or
performance?’

2.2.4. Context of use

The context of use may affect preferences for transparency versus
accuracy (e.g., Woodruff et al., 2020). For example, Nussberger et al.
(2022) showed that people prioritize accuracy over interpretability in
contexts where the stakes are high. Furthermore, initial qualitative
research implies that in medical contexts, people may prioritize accu-
racy at the expense of possible transparency, whereas in contexts related
to hiring or criminal justice, transparency seems to be considered as
more important even at the expense of accuracy (van der Veer et al.,
2021). Further qualitative research has produced similar findings, where
respondents reported that they are less concerned about the trans-
parency of a system in medical use cases compared to hiring contexts
(Singh, 2019). Furthermore, individuals might expect that no matter
how transparent decision processes are, in the medical field they do not
have the expertise to understand the decision process. People may
further distinguish between contexts where explanations are expected
from human decision-makers (e.g., hiring or credit scoring) and contexts
where explanations are less expected (e.g., medical contexts; van der
Veer et al., 2021). Such expectations could also be applied in the context
of Al-based systems and may explain varying preferences regarding
accuracy and transparency between different contexts of use. Taken
together, these qualitative findings suggest that laypeople’s preferences
for performance versus transparency vary systematically across do-
mains, providing a rationale for the quantitative investigation under-
taken in this study.

Research Question 2. Does the context of use influence the prefer-
ence for performance or transparency when choosing a system, with
participants preferring performance in a medical context of use?

2.2.5. Exploratory: effects of person-related factors on system choice
Choosing between different available Al-based systems may be
affected by person-related factors and individual differences. We chose
to examine two person-related factors that may be central to individual
preferences for accuracy/transparency: propensity to trust and affinity
for technology interaction (ATI). These two factors represent a general
disposition toward technology (propensity to trust) and an active
engagement style when confronted with technology (ATI). A person’s
propensity to trust reflects the extent to which this person generally
trusts systems (Merritt & Ilgen, 2008). In terms of the influence on the
system choice, a high propensity to trust comes with a higher willingness
to rely on a system and its outputs. This higher willingness will be
comparably easier for systems that have a low probability for errors.
Thus, a high propensity to trust may be associated with a preference for

% In the preregistration, we hypothesized a relationship between account-
ability and a preference for system transparency. However, the theoretical basis
of this assumed relationship was that participants would be inclined to prefer a
transparent system when they have to explain future decisions of the system. In
the study, participants took the role of a deployer and were instructed to choose
one of the systems and were informed that they may be asked to justify their
choice for one of the systems. Thus, they may not have imagined themselves
working together with the system in the future. In hindsight, the actual study
context thus differed from our initial theoretical idea, so we decided to alter the
specific hypothesis to a research question. In the preregistration, there were
also further hypotheses for accountability that were based on the original idea.
We decided not to include them in the manuscript. For none of these hypotheses
we found significant results.
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systems with the highest possible performance. In contrast, a low pro-
pensity to trust is associated with a person being more skeptical about
systems. A low propensity to trust also comes with the desire to be able
to control and monitor systems (Lee & See, 2004), which might be easier
for systems with a higher level of transparency.

Affinity for technology interaction (ATI) is defined as “the tendency
to actively engage in intensive technology interaction, as a key personal
resource for coping with technology” (Franke et al., 2019, p. 1). ATI is
closely related to people’s need for cognition. Individuals with a strong
need for cognition enjoy and actively engage in cognitively demanding
activities. Individuals with a strong level of ATI may want to engage
with systems and its decisions, might want to understand how systems
come to their decisions, reflecting a desire for deep cognitive engage-
ment, and may thus favor transparent systems. However, given the lack
of prior research to build hypotheses upon, we decided to pose the
following exploratory research question:

Exploratory Research Question 1. How do propensity to trust and
affinity for technology interaction relate to the choice between the
systems?

3. Method
3.1. Sample

The sample size for this study was determined based on rules of
thumb by Long (1997) and Taylor et al. (2006) for ordinal logistic re-
gressions. For the main study, we planned to collect data from a total of
about 500 participants.

We collected data via the participant recruitment platform Prolific.
To ensure data quality, participation was restricted using Prolific’s
prescreening tools to those with a 100 % approval rate and a minimum
of 10 previous submissions. Completion of the study took an average of
7.27 min and participants received 1.20 British pounds. We collected
data from 539 participants. Of these, 20 were excluded because they
indicated that their answers should not be used for analysis, 50 because
they failed the attention checks regarding the framing or context of use
condition (see Attention Check Section),” and one person because they
filled out the questionnaire in less than 2 min indicating inattentiveness.
The final sample consisted of 468 participants, of whom 317 identified
themselves as female (67.74 %), 145 as male (30.98 %), and 6 as diverse
(1.28 %). The mean age was 36.08 years (range: 18-80; SD = 12.76).
Most participants were from the United Kingdom (64.94 %), with the
remaining participants from the United States (8.44 %), South Africa
(8.23 %), Canada (7.14 %), Ireland (3.46 %), and a small percentage of
participants from other countries. Of those participants, 68.38 % were
employed and 16.67 % stated that they were currently studying. The
highest level of education reported by 4.73 % of participants was that
they attended high school, 18.06 % reported a high school diploma,
18.06 % reported a degree after 2-year community/technical/profes-
sional/trade college, 42.80 % reported a 4-year college or university
degree, and 16.34 % reported a graduate degree/PhD. All data, analysis
code, codebook, and materials are available at https://osf.io/cbd8z/?
view_only=3e0341d99920437986d21095761b4672.

4 We decided to exclude participants who failed the attention checks
regarding framing and context of use, since they were hypotheses-relevant and
rather obvious manipulations. Failing these attention checks indicate inatten-
tiveness. In contrast, the accountability manipulation was subtle. In line with
this, in total 106 participants failed this attention check (of which 21 also failed
one of the other attention checks). Given that the results for the accountability
manipulation changed (from significant to not significant) when excluding
participants who failed the accountability attention check we judged any
accountability effects to not be robust. We decided to report analyses for the
total number of participants (without filtering for the accountability attention
check) and to not interpret the results for the manipulation for accountability.
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3.2. Task and contexts

Participants were put in the perspective of a deployer, tasking them
with choosing between different Al-based systems for a specific context
of use. We selected four different contexts of use of Al-based systems:
medicine, hiring, credit scoring, and criminal justice. All scenarios
represent high-risk contexts to ensure that trading off between perfor-
mance and transparency is perceived as important. Similar to the
description of available systems the vignettes were guided by available
materials from prior studies conducted in the context of Al-based sys-
tems (Longoni et al., 2019; Oswald, 2019; van der Veer et al., 2021;
Woodruff et al., 2020).

As a medical context, we selected the use of an Al-based system that
diagnoses the risk of developing age-related macular degeneration
(AMD), a disease of the retina of the eye, based on the images of an
ocular imaging procedure. Since ophthalmology is a field that relies on
medical imaging for analysis and diagnosis, and since the use of Al-based
image classification in ophthalmology seems promising, the use of an Al-
based system to diagnose AMD can be seen as a representative context of
use from the medical field (Perepelkina & Fulton, 2021). In medicine it
is crucial for Al-based systems to function accurately and at the same
time to ensure transparency, highlighting the importance of the
accuracy-transparency trade-off (e.g., Heinrichs & Eickhoff, 2020).

In the area of hiring, companies increasingly adapt Al-based systems
to identify qualified applicants (Gonzalez et al., 2019; Hickman et al.,
2025). Therefore, for this context of use, a situation was described where
an Al-based system is used to screen applicants. In hiring, accuracy is
important as organizations want to select the best applicants for a given
position. At the same time, transparency is important because hiring
managers as well as applicants may want to know reasons for the out-
puts of Al-based systems (e.g., why an applicant has been rejected).

In the credit scoring context, the vignette described the use of an Al-
based system to optimize the prediction of repayment probability. Credit
scoring is a field where the use of statistical models has always been
important and, at the same time, the statistical methods from which to
choose are increasingly influenced by the accuracy-transparency trade-
off (Demajo et al., 2021). Similar to the hiring scenario, loan givers and
loan applicants want the most accurate outputs from systems and at the
same time may want to understand why an applicant was
approved/rejected.

Lastly, the criminal justice vignette portrayed an Al-based system
that would be used to select offenders who would be offered a place in a
rehabilitation program. The use of algorithmic decision-support in
criminal justice is increasing, there are similar tensions between accu-
racy and transparency when employing algorithmic systems as for the
other context of use in this study (Rudin & Ustun, 2018). The full vi-
gnettes for each context can be found in Appendix A.

3.3. Procedure

The study was conducted via the online questionnaire platform SoSci
Survey and followed a 4 (context of use: medicine vs. hiring vs. credit
scoring vs. criminal justice) x 2 (positive vs. negative framing) x 2
(accountability vs. no accountability) between-person design. Fig. 1
shows a flow chart summarizing the study procedure. At the beginning
of the study, participants were randomly assigned to one of the sixteen
conditions. Participants were first informed about the specific context of
use for which they would be choosing an Al-based system.

To experimentally manipulate accountability, we varied the task
description in the vignette. In the accountability condition, participants
were instructed to make the decision conscientiously, keeping in mind
that they alone are responsible for it and must subsequently be able to
justify that decision. Participants in the non-accountability condition
were also informed that they should make their decision conscien-
tiously, but their choice would only factor into the final decision, and
they would not have to justify it.


https://osf.io/cbd8z/?view_only=3e0341d99920437986d21095761b4672
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Participants were then instructed to choose one of the available
systems (with the neutral names A, B, and C). The use of neutral labels
was a deliberate choice to avoid potential confounding effects that could
arise from pre-existing associations with technology or brand names. To
inform this decision, participants received descriptions of three different
systems. The description of these systems realized the trade-off between
accuracy and transparency. Fig. 2 shows a sample of these descriptions.

We utilized an abstract form of system properties to make the trade-
off between accuracy or transparency salient. To ensure that all systems
would be perceived as performing well enough to be considered a viable
alternative, the vignettes described that different systems are available
on the market and that all are already in use in similar use cases.

We framed the performance attribute of the eligible systems either
positively or negatively. In the positive framing, the system performance
was presented as 75 %, 85 %, and 95 % accuracy rate, respectively. In
the negative framing, the system performance was as 25 %, 15 %, and 5
% error rates, respectively. Because statistical information is more
difficult to process when presented in probabilistic form, frequencies
rather than probabilities should be used to communicate such infor-
mation (Griffin & Buehler, 1999). Therefore, in addition to the respec-
tive percentages, we described these values as relative frequencies (e.g.,
“It has an overall accuracy rate of 85 %. This means that in 100 cases, a
correct prediction is made 85 times on average.”). The vignettes and
experimental manipulations were also designed to be as parallel as
possible in terms of word count and information density to minimize
potential differences in decision time attributable to reading duration.

The vignettes including the experimental manipulations and the
descriptions of the eligible systems appeared together on one page.
Participants confirmed the choice of a system by selecting it and by
proceeding to the next page of the questionnaire. On the next page,
participants responded to items capturing their perceived trustworthi-
ness and trust in the chosen system, as well as exploratory questions
about familiarity with similar systems. Then we captured participants’
propensity to trust in Al-based systems and their ATI. Across the ques-
tionnaire, we used several attention and manipulation checks. In the
end, we asked participants to provide demographic information (gender,
age, education level, student status, job) and their knowledge about Al

or machine learning.

3.4. Measures

Unless otherwise stated, participants responded to all items
measuring the dependent variable on a scale from 1 (strongly disagree) to
5 (strongly agree).

3.4.1. System choice

The main dependent variable was the participant’s system choice.
This was a behavioral preference measure where participants selected
one of three systems (System A, B, or C). The systems were designed to
operationalize the accuracy-transparency trade-off, with System A of-
fering the highest transparency and lowest accuracy, and System C of-
fering the lowest transparency and highest accuracy. For the purpose of
ordinal regression analysis, this categorical choice was coded as an or-
dered variable (1 = System A, 2 = System B, 3 = System C), where
higher values represent a stronger preference for accuracy over
transparency.

3.4.2. Perceived trustworthiness and trust

For measuring perceived trustworthiness with its facets competence
and understandability, as well as perceived trust in the system, and
propensity to trust we used validated scales from Korber (2019).
Competence was captured with six items (sample item: “I am confident
in the capabilities of the system.”). Understandability was captured with
four items which were adapted to the context of the present study to
reflect that participants were making a judgment before any direct
interaction with the system (sample item: “I could understand why
something happened.”). Trust in the system was measured with two
items (sample item: “I trust the system.”), and propensity to trust with
three items (sample item: “I trust a system rather than distrust it.”).

3.4.3. Affinity for technology interaction (ATI)

Affinity for technology interaction (ATI; Franke et al., 2019) was
measured with the short version (ATI-S) of the validated scale. The ATI
scale is theoretically grounded in the Need for Cognition construct and
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System A:

understandable by humans.

average.

System B:

provides are only partly understandable by humans.

average.

System C:

is understandable by humans.

average.

This system is completely transparent in the way it reaches its conclusions: for each individual case it can
provide specific rules that were applied to reach a conclusion. The explanations the system provides are fully

It has an overall accuracy rate of 75%. This means that in 100 cases, a correct prediction is made 75 times on

This system is partly transparent in the way it reaches its conclusions: it can only tell us which features, i.e.,
which variables or attributes, in general, are important and which are not. Thus, the explanations the system

It has an overall accuracy rate of 85%. This means that in 100 cases, a correct prediction is made 85 times on

This system is not transparent in the way it reaches its conclusions: it is unable to provide any explanation that

It has an overall accuracy rate of 95%. This means that in 100 cases, a correct prediction is made 95 times on

Fig. 2. Description of the available systems (Positive framing condition).

assesses an individual’s tendency to actively seek out and engage with
technology on a deeper level. The short scale uses four of the nine items
in the original scale (sample item: “I like to occupy myself in greater
detail with technical systems.”) The items were assessed using the
original scale ranging from 1 (not at dll true) to 6 (completely true).”

3.5. Attention checks and manipulation check

To ensure data quality, a general attention check question was
included in the questionnaire (Oppenheimer et al., 2009): “Check the
response option ‘Strongly agree’.” We also included attention checks
concerning the experimental manipulations. These condition-specific
checks were deliberately placed at the end of the survey to avoid
influencing participants’ responses during the main decision task. First,
we asked “For which application area was the Al system you selected
intended to serve?” and presented the four contexts of use as possible
answers (medicine, hiring, credit scoring, or criminal justice). The
attention check for framing was “In which way was the prediction per-
formance of the systems presented to you?” (accuracy rate or error rate).
Finally, we asked participants if they were asked to feel accountable
within this study.

To test whether the manipulation within the vignette induced more
perceived accountability in the accountability condition than in the non-
accountability condition, we used two items from Zhang and Mittal
(2005), originally developed by Lerner et al. (1998). The items were
answered on a five-point scale (sample item: “How concerned were you
regarding a possible bad decision?”, 1 (not at all concerned) to 5 (very
concerned)).

5 For exploratory purposes, after participants decided for a system, we also
assessed decision uncertainty with three items from the Decisional Conflict
Scale (DCS) by O'Connor (1995). We asked participants to indicate their de-
cision uncertainty regarding their choice and gave them the opportunity to
provide reasons for their decision for the selected system for the corresponding
context of use in an open response format. Additionally, participants could state
how important the performance and transparency of a system is to them in the
given situation, irrespective of the available systems. This was done to gain an
impression of the extent to which the accuracy-transparency trade-off is re-
flected in participants’ preference. We also captured familiarity with systems
with two items by Korber (2019).

4. Results

Fig. 3 shows the descriptive statistics of system choice in terms of
absolute as well as relative frequencies for the 16 groups of the 2x 2 x 4
design. Table 1 shows the descriptive statistics and reliabilities of the
study variables. Also, Table 1 shows the correlations between all vari-
ables as well as with the dichotomous experimental conditions framing
and accountability.

4.1. Research questions and hypotheses

The dependent variable, system choice, was ordinally coded for this
purpose, in the sense that higher values indicate a preference for a
system with greater accuracy/lower transparency, and lower values
indicate a preference for a system with lower accuracy/higher trans-
parency. In the regression results, a significant positive b weight means
that the corresponding predictor variable increases the likelihood of
choosing accuracy over transparency compared to the reference cate-
gory. Conversely, a negative b weight suggests a preference for trans-
parency over accuracy.

4.1.1. Effects on system choice

The common analysis for testing Hypothesis 2, Research Question 1,
and Research Question 2 is an ordinal logistic regression model that
includes the experimental groups as predictors (framing, accountability,
and context of use) and the ordinal dependent variable system choice.
Table 2 shows the resulting ordinal logistic regression model. Overall,
the regression model was significant, likelihood-ratio-y*(5) = 15.01,p =
.010. The Nagelkerke’s R? of 0.036, which serves as the model-level
indicator of effect size, suggests the model explained approximately 4
% of the variance in system choice. As shown in Table 2, accountability
was a significant predictor of system choice, likelihood-ratio-y%(1) =
4.69, p = .030. The resulting Odds Ratio (OR = 1.45, 95 % CI [1.04,
2.03]), the indicator of effect size for this type of analysis, showed that
participants in the accountable condition were 1.45 times more likely to
prefer accuracy. The context of use also significantly affected system
choice, likelihood—ratio—XZ(S) = 9.20, p = .027. Using medicine as the
reference category, the odds of preferring transparency were signifi-
cantly higher in the hiring context (OR = 0.53, 95 % CI [0.33, 0.86]), the
credit scoring context (OR = 0.53, 95 % CI [0.33, 0.86]), and the
criminal justice context (OR = 0.60, 95 % CI [0.37, 0.96]). In other
words, the probability of choosing a system with a preference for per-
formance was approximately 1.88 times higher in the medical context
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Fig. 3. Distribution of system choice by framing, accountability, and context.
Notes. Absolute and relative frequencies of the system choice. System A corresponds to 75 % accuracy/25 % error and full transparency. System B corresponds to 85
% accuracy/15 % error and partial transparency. System C corresponds to 95 % accuracy/5 % error and no transparency. N = 468.

Table 1
Descriptive statistics, reliabilities and correlations of the study variables.
M SD 1 2 3 4 5 6 7 8 9 10 11
Conditions
1. Framing - -
2. Accountability - - .06"
System choice
3. System choice 1.99 0.82 —.07" 147
4. Time (System choice) ~ 131.30  123.79  —.06"  —.04" .00"
5. Decision uncertainty 3.15 .02 —.05° .06° —.00¢ .07° (0.85)
System perception
6. Competence 3.49 0.60 .20 .05° 530k 09 —0.12%%  (0.77)
7. Understandability 3.33 0.87 .07¢ —.04° —.68%x  _ 02" ~0.16**  —0.09 (0.75)
8. Trust 3.72 0.77 15 .03¢ \27%%x A1 —0.20% 0.68** 0.10* (0.87)
Person-related factors
9. Propensity to trust 2.80 0.59 .07¢ .03° 334 _ 03" -0.08 0.45%*  —0.10% 0.48**  (0.55)
10. Familiarity 1.90 0.93 .05° .03¢ —.00¢ —.01° ~0.09 0.08 0.12*%*  0.14** 0.16**  (0.90)
11. ATI 3.49 1.01 .02¢ —.07° —17%%x 09" —0.10* -0.01 0.14**  0.06 —0.01 0.25**  (0.79)
12. Al-Knowledge 2.34 0.93 .08° .02° —.08" A1 0,14 0.09 0.14**  0.07 0.11* 0.35%*  0.54%*

Notes. Al = Artificial intelligence, ATI = Affinity for technology interaction. Unless otherwise indicated, Pearson product-moment correlations are shown.
Time variable in seconds. Coding of framing: 0 = negative, 1 = positive. Coding of accountability: 0 = not accountable, 1 = accountable. Coding of system choice:
lower value = preference for transparency, higher value = preference for accuracy. The diagonal shows in brackets the internal consistencies (Cronbach’s o). N = 468.
*p < .05. **p < .01.

@ Polychoric correlations.

b Spearman rank correlations.

¢ Pearson point-biserial correlations.

4 Ppolyserial correlations.
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Table 2
Results of the ordinal logistic regression with system choice as criterion.
Variable/Category b SD t P OR (95 % CI) x df p
Framing® 1.46 1 0.226
Positive -0.21 0.17 —-1.21 0.227 0.81 [0.58, 1.14]
Accountability” 4.69 1 0.030*
Accountable 0.37 0.17 —-2.16 0.031* 1.45 [1.04, 2.03]
Context of use* 9.20 3 0.027*
Credit scoring —0.63 0.24 —2.57 0.010* 0.53 [0.33, 0.86]
Criminal justice —0.51 0.24 —-2.13 0.033* 0.60 [0.37, 0.96]
Hiring —0.63 0.24 —2.60 0.009** 0.53 [0.33, 0.86]
Intercept A|B -1.07 0.22 -4.91 <0.001**
Intercept B|C 0.36 0.21 1.68 0.924
Residual deviance 1013.19
AIC 1027.19
LogLik —506.60

Notes. b = unstandardized regression weights. The Odds Ratio (OR) column, which includes the 95 % Confidence Interval (CI), serves as the primary indicator of effect
size for each predictor. AIC = Akaike information criterion. LogLik = Log-Likelihood. N = 468. *p < .05. **p < .01.

@ Reference category = negative.
b Reference category = not accountable.
¢ Reference category = medicine.

compared to the hiring or credit scoring contexts. Framing (p = .226)
was not a significant predictor.

Hypothesis 2 proposed that presenting the performance of the sys-
tems in a negative frame as an error rate would be associated with a
system choice with a preference for performance. In the regression
model, the main effect for framing was not significant, likelihood ratio-
Xz(l) = 1.46, p = .226. The Odds Ratio, our indicator of effect size,
showed that the positive frame had a negligible effect on system choice
compared to the negative frame (OR = 0.81, 95 % CI [0.58, 1.14]). Thus,
Hypothesis 2 was not supported.

Research Question 1 asked whether participants are more likely to
show a preference for transparency if they have to be accountable for
their decision. In the regression model, the main effect accountability
was significant, likelihood ratio-y*(1) = 4.69, p = .030. The Odds Ratio
(OR = 1.45, 95 % CI [1.04, 2.03]), an indicator of effect size, initially
suggested that participants in the accountable condition were more
likely to prefer accuracy. Consequently, the response to Research
Question 1 is that accountability might affect system choice. However,
in robustness analyses where we excluded participants who failed the
attention check for accountability, the effect was unstable (i.e., the
significance depended on which participants we excluded or included,
see also Footnote °). We therefore decided not to interpret the effect on
accountability.

Research Question 2 suggested that the context of use influences the
preference for performance or transparency when choosing a system,
with a preference for performance in a medical context. In the regression
model, the main effect for the context of use was significant, likelihood
ratio-y%(3) = 9.20, p = .027. To allow for the comparison of the medical
context with all other contexts, we used the medical context as the
reference category for the dummy variables of the categorical predictor
context of use. Table 2 shows that compared to the medical context,
there was a stronger tendency to choose systems offering more trans-
parency in (OR = 0.53, 95 % CI [0.33, 0.86]), criminal justice (OR =
0.60, 95 % CI [0.37, 0.96]), and hiring contexts (OR = 0.53, 95 % CI
[0.33, 0.86]). The probability of making a system choice with a pref-
erence for performance was approximately 1.88 times higher (1/0.531)
in a medical context compared to a credit scoring context, approxi-
mately 1.67 times higher (1/0.598) compared to a criminal justice
context, and approximately 1.88 times higher (1/0.533) compared to a
hiring context. The response to Research Question 2 is that the context of
use influences the preference for performance or transparency when
choosing a system, with participants preferring performance in a med-
ical context compared to other contexts of use.

4.1.2. Exploratory: effects of person-related factors on system choice

Exploratory Research Question 1 asked whether propensity to trust
and affinity for technology relate to system choice. We computed an
ordinal logistic regression model where we included all investigated
variables, propensity to trust and ATI, and interactions between exper-
imental variables. In the final regression model, the main effect of the
context of use was still significant, likelihood ratio-x2(3) =10.17,p =
.017. In addition, affinity for technology (p < .001), and propensity to
trust (p < .001) significantly affected system choice.

Higher propensity to trust was related to a higher likelihood of a
system choice with a preference for performance, b = 1.07, SD = 0.16,
OR = 2.15, 95 % CI [2.12, 4.03], p < .001. Higher ATI was associated
with a higher likelihood of system choice with a preference for trans-
parency, b = —0.32, SD = 0.09, OR = 0.73, 95 % CI [0.61, 0.87], p <
.001.

4.1.3. Effects on system perceptions

The effects on system perceptions were tested using several linear
regression models.® Hypothesis 1a proposed that a system choice with a
preference for transparency would be associated with higher levels of
perceived understandability. The respective regression was statistically
significant, R? =0.39, F(2, 465) = 150.12, p < .001. System choice was
significantly associated with perceived understandability: the difference
between System A and B, b = —0.75, p < .001, as well as between B and
C, b = —-0.76, p < .001, were significant. The negative regression
weights imply that a system choice with a tendency for transparency was
associated with stronger perceptions of understandability. This supports
Hypothesis 1a.

Hypothesis 1b proposed that a system choice with a preference for
performance will be associated with higher levels of perceived compe-
tence. The respective regression was statistically significant, R* = 0.23, F
(2, 465) = 67.77, p < .001. Perceived competence was predicted by

6 In order keep to the ordinal structure of the variable system choice when
used as a predictor, a special coding scheme for ordinal independent variables
in multiple regressions was used for the linear regression models (Walter et al.,
1987). The codes are chosen in such a way that, in the case of three levels, the
first dummy variable encodes the difference between the first and the second
level and the second dummy variable encodes the difference between the sec-
ond and the third level. Thus, the dummy variables can be interpreted not only
as a function of a reference category, as in classical dummy coding, but also
represent the ordinal structure of the variables, since two pairwise comparisons
are possible. Positive b-weights of the dummy variables indicate a tendency for
accuracy and negative b-weights of the dummy variables indicate a tendency
for transparency.
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system choice: the difference between System A and B, b = 0.17, p =
.006, as well as between B and C, b = 0.51, p < .001, were significant.
The positive regression weights imply that a system choice with a ten-
dency for performance was associated with increased perceived
competence. Hypothesis 1b was thus supported.

Hypothesis 3a suggested that the perceived competence of the sys-
tem is higher when the performance of the system is represented in a
positive frame as accuracy than when it is represented in a negative
frame as error rate. To test whether framing significantly predicts
perceived competence when controlling for system choice (we
controlled for system choice because we found a relation between sys-
tem choice and perceived competence in Hypothesis 1b.), we used a
multiple linear regression model. The regression was statistically sig-
nificant, R? = 0.26, F(3, 464) = 53.95, p < .001. Framing significantly
predicted perceived competence, b = 0.17, p < .001 in a way that pos-
itive framing was associated with a higher perceived competence
compared to negative framing. Hypothesis 3a was thus supported.

Hypothesis 3b proposed that trust in the system is higher when the
system’s performance is framed as accuracy in a positive frame than
when it is framed as error rate in a negative frame. A linear regression
was used to test whether framing significantly predicted trust. The
regression was statistically significant, R = 0.01, F(1, 466) = 6.39, p =
.012. Framing significantly predicted trust, b = 0.18, p = .012 in a way
that positive framing was associated with higher trust compared to
negative framing. Hypothesis 3b was thus supported.

5. Discussion

This study examined how individuals navigate the choice between
Al-based systems within the accuracy-transparency trade-off. In an
experimental design, participants were in the role of a system deployer
and selected from systems whose properties reflected this trade-off. We
manipulated three key factors: the framing of performance, the
accountability of the decision-maker, and the context of use, analyzing
their impact on system choice. Additionally, we assessed whether sys-
tem choice and the framing of system properties influenced perceptions
of the systems. Lastly, we explored the role of person-related factors in
shaping system preferences.

The results for system choice revealed a stronger preference for
performance in medical contexts compared to other settings. While
accountability significantly influenced system choice, these effects were
not robust therefore not interpreted further. Framing had no significant
impact on system choice. Additionally, person-related factors played a
role: a higher propensity to trust was linked to a preference for perfor-
mance, while a higher affinity for technology was associated with a
preference for transparency. As anticipated, choosing a system favoring
transparency was associated with higher perceived understandability,
whereas a preference for performance corresponded to higher perceived
competence. Lastly, framing an AI system’s performance as accuracy
rather than error rate enhanced perceptions of the system’s competence
and trust in the system.

5.1. Theoretical implications

5.1.1. Effects of context of use, framing, and accountability on system
choice

As expected, participants in the role of a deployer showed a signifi-
cant preference for performance in deciding between different available
systems for the medical context. Undoubtedly, transparency of Al-based
systems is relevant in the medical domain: to enable justification and
contestability of diagnoses and treatment decisions, as well as to be able
to get new clinical insights (He et al., 2019). However, our results sug-
gest that, in contrast to other contexts of use, our participants preferred
accuracy over transparency in the medical context. Those results extend
initial findings from qualitative research that indicated that accuracy
may be valued more than transparency when using Al-based systems in
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medicine compared to other high-stakes contexts (e.g., van der Veer
et al., 2021).

There are several possible reasons for this finding. First, the prefer-
ence for accuracy is likely driven by heightened risk perceptions; a
higher perceived severity of consequences in medicine may lead to a
stronger focus on risk mitigation through maximizing accuracy
(Nussberger et al., 2022). Second, transparency — also for human phy-
sicians — may be less expected in the medical context. People may expect
that even if decisions are made transparent in the medical domain, they
may lack the knowledge to understand the information or act upon this
information, thereby undermining the potential for meaningful con-
testability. This suggests a willingness to delegate expertise and conse-
quently accept more opacity when the domain is highly specialized and
consequences of errors are potentially dire. In other words, improving
transparency without expecting improved understanding and control
may not justify losses in system performance (Ananny & Crawford,
2018; Grote, 2023). Third, in medicine, the impact of low transparency
may be less obvious or perceived as less important than low perfor-
mance, especially when choosing between accuracy and transparency.

We did not find evidence for the hypothesized effect of negative
framing on system choice. Although the results indicated a trend
consistent with the hypothesis (i.e., a preference for performance in the
negative framing condition), it was not significant. Thus, the effect may
have been smaller than expected, or other influences (situational or on
an individual level) mitigated the framing effect (Levin et al., 1998). An
alternative interpretation is that the assumed goal framing did not lead
to a stronger desire for performance, but only increased the saliency of
possible errors (see, e.g., Byrne & Hart, 2009). In other words, in the
error framing condition, participants may have been more likely to think
that no matter what system they choose, errors will happen. Thus,
participants may not be motivated to maximize performance, because
they believe errors are part of all systems. As a result, participants may
perceive their system choice to have less influence on the performance.

The results showed that under certain conditions, accountability may
influence the preference in system choice. Since this effect turned out
not to be robust after further analysis, we refrain from further inter-
pretation of this effect. However, we still believe it makes sense for
research to examine the effects of accountability on system choice.

5.1.2. Person-related factors influencing system choice

The decisions of individuals tasked with selecting among different
Al-based systems can be influenced by person-related factors and indi-
vidual differences. In our study, we focused on two key factors: affinity
for technology interaction (ATI) and propensity to trust, as they relate to
assessing Al system properties within the accuracy-transparency trade-
off. We interpret the findings through the lens of a shared underlying
need for control (Bennett et al., 2023).

Specifically, exploratory analyses revealed that higher ATI was
significantly associated with a greater likelihood of choosing a more
transparent system. ATI reflects an interaction style characterized by a
desire to understand and engage with technical systems beyond their
basic functions (Franke et al., 2019). The concept is theoretically rooted
in and closely related to the construct of need for cognition, which de-
scribes an individual’s propensity for cognitive engagement (Cacioppo
& Petty, 1982). Both active interaction with and cognitive engagement
in technical systems suggest a desire for control over these systems.
Within the context of the accuracy-transparency trade-off, a preference
for transparency appears to align with this desire for control over system
processes and outcomes. Consequently, individuals with high ATI were
more likely to favor transparency over accuracy.

Higher levels of propensity to trust were significantly associated with
a greater likelihood of choosing a system with a preference for perfor-
mance, while lower levels of propensity to trust were linked to a pref-
erence for a more transparent system. As with individuals with strong
ATI realizing a need for control through higher system transparency,
those with low propensity to trust may also express their need for control
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by prioritizing transparency. Opting for transparency over performance
offers greater opportunities to monitor and oversee the system, such as
by understanding its processes and outputs. Conversely, the preference
for performance among individuals with high propensity to trust can
also be interpreted through the lens of control. In this case, selecting a
high-performance system may reflect a form of control rooted in their
strategy to trust systems generally. By choosing a system with strong
performance, they reduce the likelihood of that trust being undermined,
thereby aligning their choice with their confidence in the system’s
reliability.

In sum, an underlying need for control may explain the preference
for accuracy and transparency for different person-related factors (i.e.,
ATI and propensity to trust) and for different extremes for a single
variable (i.e., high and low levels for propensity to trust) — a tentative
interpretation that may be worth investigating in future research.”

5.1.3. Factors influencing system perceptions

The results supported all hypothesized relationships between system
choice and framing with perceived understandability, competence, and
trust. A system choice with a preference for performance was associated
with perceiving a higher level of perceived competence for the system
and a system choice with a preference for transparency was associated
with a higher level of perceived understandability of the system. Note
that these relationships could also be understood as a manipulation
check, as they build the basis for the link between the accuracy-
transparency trade-off and trustworthiness facets. However, they also
offer valuable insights by linking the preference for one attribute over
the other to individuals’ perceptions of the system.

The findings also indicate that positively framing a system’s perfor-
mance enhanced perceptions of competence and increased trust
compared to framing its performance in terms of error rates. This aligns
with prior research on framing effects in Al-based systems (Septiari &
Goedono, 2019). There are several explanations for these findings: First,
positive or negative framing triggers corresponding associations, which
influence subsequent evaluations (Levin et al., 1998). Second, framing
directs attention to the highlighted perspective while diverting focus
from the opposite frame, leading to evaluations consistent with the
emphasized attributes (Kreiner & Gamliel, 2018). In the context of
competence and trust, both mechanisms are plausible: focusing atten-
tion on accuracy while ignoring possible errors explained why the sys-
tem would be perceived as more competent. Our findings on attribute
framing align with a growing body of research showing that how system
information is presented impacts user perceptions and behavior
(Spatola, 2024).

5.2. Main practical implications

This study offers insights for a crucial group of stakeholders: the
system deployers. Viewing their role through a socio-technical systems
lens, deployers act as organizational gatekeepers; their initial choice
determines which Al systems are procured and implemented, thereby

7 Readers may have realized that the correlations in Table 1 between the
trustworthiness facets competence and understandability as well as trust pro-
pensity and trust show partly unexpected patterns. For instance, competence
and understandability correlate slightly negative with each other and trust
propensity is highly correlated with trust and competence, but significantly
negatively correlated with understandability. This unexpected pattern can be
explained by examining the correlation patterns separately by system choice
(see supplementary tables D1, D2, and D3 in Appendix D). Here, the patterns
are more in line with theory. For instance, within each subgroup of participants
who chose a respective system, system competence and understandability show
positive correlations. Furthermore, there are positive correlations between the
propensity to trust and understandability. This indicates that in spite of unex-
pected correlations for the overall sample, the expected pattern show for each
subgroup of the data (cf. Yule-Simpson paradox; e.g., Goltz & Smith, 2010).
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shaping all subsequent interactions and downstream consequences for
end-users and the public. As Al-based systems continue to proliferate, an
increasing number of individuals in such gatekeeping roles, including
non-experts, will face the challenge of making these high-stakes de-
cisions. Our findings provide empirical guidance for this critical task.

This study aligns with research emphasizing the critical role of the
context of use in shaping preferences for accuracy and transparency in
Al-based systems (Dong et al., 2024; Nussberger et al., 2022). These
findings underscore two key points. First, the context of use significantly
influences the prioritization of system properties that often involve a
complex trade-off. Second, it directly impacts deployers’ choices, as
illustrated by the tendency to prioritize accuracy over transparency in
medical domains. Such preferences carry important implications: while
more accurate systems may reduce error rates, they may also limit un-
derstanding of the rare errors that do occur and pose challenges for
human oversight of highly accurate yet opaque systems (Green, 2022;
Sterz et al., 2024). These results highlight the need to account for the
context of use when designing AI systems for environments where
stakeholders may have strong preferences for particular attributes. For
system designers and providers, this suggests the value of moving
beyond a one-size-fits-all approach. Specifically, our findings on
person-related factors suggest that even within a single context of use,
individuals have different preferences. A key practical implication,
therefore, is to design systems that allow for user choice. Rather than
deploying a single model optimized for one attribute, providers could
offer deployers the ability to select or switch between different models
that prioritize different attributes (e.g., one favoring maximal accuracy,
another favoring higher transparency). This approach would better
accommodate the diverse needs and preferences of the end-users. For
policymakers, these findings highlight the need for context-specific
guidelines rather than a universal approach to Al regulation. Ulti-
mately, public trust in AI systems could hinge on aligning system
properties with the specific demands of their intended context, ensuring
the “right” system is chosen along the accuracy-transparency trade-off.

Empirical evidence on the impact of framing system properties on
perceived trustworthiness and trust is particularly significant, given the
ubiquity of framing in practice. System properties are routinely high-
lighted in system manuals, technical documentation, websites, or during
system audits (Landers & Behrend, 2023). First, system providers could
enhance perceived trustworthiness and trust in Al-based systems with
minimal effort by framing system performance as accuracy rather than
error rate, without altering the system itself. Clearly, this also leads to
ethical concerns, given that organizations can influence trust in their
systems without changing anything substantial about the system prop-
erties. Second, negatively framing system performance could mitigate
automation bias and overtrust (Parasuraman & Manzey, 2010) by
drawing greater attention to potential errors, thereby encouraging more
cautious and critical interactions with the system. However, providers
must be careful, as explaining a system’s weaknesses can sometimes
backfire, leading users to over-correct the system and worsen outcomes
even in situations where the system’s output is correct (Rieger et al.,
2023, 2025).

5.3. Limitations

First, while our sample from Prolific is demographically diverse, it is
not composed of professional deployers, which may limit the general-
izability of our findings to expert populations. Actual deployers are
likely to face greater responsibility for their decisions, possess more
information about available systems, and have more time to evaluate
options. In larger organizations, deployers may also rely on advisors
who provide recommendations about different systems. However, it is
worth noting that any individual can become a deployer when using AI-
based systems for personal purposes. Moreover, it remains unclear
whether current organizational deployers have significantly more
experience assessing Al system properties compared to the participants
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in our study. Furthermore, a full exploration of how cultural back-
grounds or prior professional experiences might shape these preferences
is beyond this paper’s scope and represents a key direction for future
research. Nevertheless, future research could benefit from focusing on
decision-making processes of deployers in larger organizations, espe-
cially when tasked with selecting between various Al-based systems in
practical, high-stakes contexts.

Second, the sequence of measurements within the experimental
procedure may be a further limitation. All variables were recorded after
participants had chosen one of the systems. Especially for the trait
variables, such as the propensity to trust, familiarity, or affinity for
technology, it cannot be ruled out that they were influenced by the
system choice. Additionally, with the current design, no causal conclu-
sions can be drawn, for instance, to attribute the system choice to the
trait variables. A similar limitation applies to the effects on the
perception of system trustworthiness and trust. Since participants re-
ported their perceptions of systems only after they chose a system, it may
be possible that participants chose the system because of these percep-
tions, but it could also be the case that the system choice affected peo-
ple’s perceptions of the system. Nevertheless, we explicitly decided on
this order of events (i.e., first choosing a system, then reporting per-
ceptions and person-related factors) because a) we wanted to expose
participants to three systems in parallel to make the accuracy-
transparency trade-off salient, and b) we did not want to bias our
main dependent variable system choice by presenting the questionnaires
before the system choice.

A third limitation is the study’s reliance on self-report data within
hypothetical scenarios. While hypothetical scenarios are a common and
necessary method for studying these trade-offs in a controlled manner,
they may not fully capture the complexities of real-world decision-
making. Future work could aim to complement these findings with
behavioral measures, field studies, and longitudinal designs to under-
stand the long-term effects of an initial system choice on user trust and
behavior. Finally, the fact that neither framing nor accountability
influenced system choice may be related to the fact that there was only a
single decision to make. Whether the effects differ in situations where
multiple choices must be made remains open to future study. At the
same time, the behavior-guiding effect of the context of use, even in the
case of a single decision, may underscore the importance of considering
the context of use.

5.4. Conclusion

Our study showed that the context of use and the presentation of
properties of Al-based systems influence the choice between Al-based
systems and the perception of Al-based systems. The results confirmed
the preference for performance in medical applications and identified
key person-related factors that also influence choices within the
accuracy-transparency trade-off. These findings provide several starting
points for future research, including deeper investigations into the
psychological drivers of context-specific preferences and the practical
effects of framing on stakeholder trust. Ultimately, this work un-
derscores that navigating the accuracy-transparency trade-off is not
merely a technical problem but a deeply human one, providing an
empirical foundation for designing Al-based systems that are better
aligned with the values and expectations of the people who use them.
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