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Abstract

T his dissertation examines how individuals interact with artificial intelligence
(AI) as it becomes embedded in human domains, such as moral decision-
making. It combines preregistered experiments with an analysis of ChatGPT

prompts to study (i) moral delegation, (ii) the demand for explanations for moral AI
decisions, and (iii) needs for anthropomorphic design in large language model (LLM)
conversational agents for human-like versus computer-like tasks.

The first chapter investigates delegation of a real, other-regarding donation decision
in two experiments (𝑁 = 5, 639). Participants either decide themselves or delegate
to an AI or another human. Delegation demand is higher when the available
delegate is AI, contrary to moral-domain algorithm aversion accounts. Delegation
lowers perceived responsibility, more strongly so for AI delegates, and when stakes
are real, participants adjust beliefs about AI capability in a self-serving manner
that can rationalize offloading. These results indicate that AI can facilitate moral
outsourcing and accountability diffusion, particularly when system opacity enables
self-justification through belief adaptation about AI capabilities.

The second chapter examines, in two experiments (𝑁 = 393; 𝑁 = 492), when users
access explanations of AI decisions in moral versus neutral contexts, and how affect
and motivation shape this information choice. After observing an AI decision in either
a trolley-type moral scenario or a matched neutral scenario, participants can choose
to view an explanation. Average explanation uptake is high, but moral contexts
increase anticipated psychological costs (e.g., anxiety and cognitive dissonance)
and the motivation to protect existing attitudes. Curiosity and accuracy-oriented
motivation are linked to higher explanation demand. Defense motivation is linked
to lower demand, with particularly pronounced avoidance when the AI’s decision
conflicts with a person’s own judgment, producing patterns suggestive of selective
engagement.

The third chapter combines three controlled experiments (𝑁 = 624) with an analysis
of 5,394 ChatGPT user prompts to identify task-dependent anthropomorphism
preferences. Users prefer more experience-related cues (e.g., warmth, empathy) for
human-like tasks but less for computer-like tasks, while desired agency remains
comparatively stable. Although ChatGPT adapts anthropomorphic style by task, this
adaptation is systematically misaligned with user preferences. Human-like tasks
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increase mind perception yet reduce trust, highlighting the need for deliberately
calibrated, task-sensitive conversational agent design.

Overall, the dissertation advances research on AI in human domains by showing
that AI can be attractive for moral delegation and responsibility offloading, that
governance through transparency depends on motivated user engagement, and that
anthropomorphic cues should be matched to task-specific needs. These insights
inform both AI governance (accountability, oversight, explainability) and the design of
widely deployed conversational systems in contexts with ethically relevant real-world
consequences.
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Introduction and Motivation

A rtificial intelligence (AI) is widely debated as the era-defining technology
of our time. Especially in light of recent advances in broadly deployable,
generative systems, policymakers and researchers increasingly discuss AI as

a potential inflection point, on par with the prospective impact of past foundational
innovations such as the steam engine, electricity, and computers, and perhaps even
beyond, given its potential for autonomous improvement (Agrawal et al., 2019; Banner,
2025; Filippucci et al., 2024a). In economic terms, a natural lens for such claims is the
concept of general-purpose technologies (GPTs), which describes technologies that can be
applied across many sectors, improve over time, and trigger waves of complementary
innovation and reorganization rather than just isolated efficiency gains (Bresnahan
and Trajtenberg, 1995; Lipsey et al., 2005). Against this benchmark, AI has been
argued to exhibit several GPT-like features (Brynjolfsson and McAfee, 2017; Calvino
et al., 2025; Crafts, 2021; Filippucci et al., 2024a; Varian, 2019). In public discourse,
this sentiment is reflected in broad transformation narratives around work, everyday
life, and institutional control, often captured by terms such as the fourth industrial
revolution or transformative AI (Dafoe, 2018; Gruetzemacher and Whittlestone, 2022;
Makridakis, 2017; Schwab, 2016; Szczepański, 2019; Zhang and Dafoe, 2019). Precisely
because AI is framed as so consequential, a key challenge is to replace conjecture
with rigorous empirical measurement of its real-world impacts.

Although the scope and effects of future technological progress are hard to predict, AI
is increasingly a cross-cutting technology whose consequences are likely to reach far
beyond isolated applications. If it develops along these lines, it will affect economies,
societies, and politics globally, as it becomes embedded in decision-making and
information environments (Gruetzemacher and Whittlestone, 2022; Maslej et al.,
2025). Accordingly, AI entails highly significant opportunities and risks across
virtually all sectors. Many existing projections highlight large improvements in
labor productivity, efficiency, and automation, implying substantial upside for global
economic growth (Chui et al., 2023; Dell’Acqua et al., 2023; Goldman Sachs, 2023;
Noy and Zhang, 2023; Szczepański, 2019; Trammell and Korinek, 2023), while more
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skeptical perspectives emphasize that macro-level evidence remains limited and
therefore expect only modest growth effects (Acemoglu, 2024; Filippucci et al., 2024b;
Misch et al., 2026). At a more granular level, AI may revolutionize important
sectors such as healthcare (European Commission, 2026; Topol, 2019; World Health
Organization, 2024), medicine (Jumper et al., 2021; Rajpurkar et al., 2022; Stanford
Institute for Human-Centered Artificial Intelligence (HAI), 2025), scientific discovery
(Wang et al., 2023), and education (Chen et al., 2020; Holmes et al., 2023). Even in
agriculture, food security (Pandey and Mishra, 2024; Sharma et al., 2021; Zatsu et al.,
2024), climate change, and environmental action (International Energy Agency, 2025;
Kaack et al., 2022), AI may serve as a catalyst for substantial progress. Set against
these potential upsides are serious concerns that likewise cut across domains. AI can
produce discriminatory and biased outcomes in sensitive domains (Mehrabi et al.,
2021), result in large-scale replacement of human labor and rising inequality through
a widening gap between capital and labor incomes (Acemoglu, 2024; Federspiel
et al., 2023; Korinek and Stiglitz, 2017), erode trust in shared information by enabling
scalable misinformation and propaganda (Weidinger et al., 2021), raise privacy
and intellectual property concerns (Carlini et al., 2021; Shokri et al., 2017), create
accountability and oversight gaps through opaque decision-making (Kroll et al., 2016;
Rudin, 2019), and encourage overreliance on automated outputs (Buçinca et al., 2021;
Zhai et al., 2024). Considering such enormous potential impact in either direction, AI
is increasingly seen as a technology so broadly transformative that its regulation and
governance carries the highest priority to realize benefits while preventing severe
negative repercussions.

Policy and law address this by anchoring governance in high-level principles aimed
at promoting human well-being, human rights, and human-centered values such
as fairness, transparency, and accountability, and by translating these aims into
enforceable organizational duties and oversight mechanisms (Council of Europe, 2024;
EU AI Act, 2024; OECD, 2019; UNESCO, 2021). In practice, this translation takes the
form of life-cycle governance requirements that support traceability and control, e.g.,
risk management, defined roles and responsibilities, and standardized documentation
and logging, with frameworks like the NIST AI Risk Management Framework (NIST
RMF) offering a common structure for implementation across organizations (National
Institute of Standards and Technology, 2023). Research likewise argues that credible
AI governance depends on institutionalized accountability and auditability rather
than voluntary commitments, and it points to concrete instruments such as algorithmic
audits and standardized documentation of models and datasets as prerequisites for



Introduction and Motivation 3

effective supervision and compliance (Dafoe, 2018; Gebru et al., 2018; Kroll et al.,
2016; Mitchell et al., 2019; Raji et al., 2020; Vinuesa et al., 2020). Crucially, whether
governance goals can be met through such measures hinges on how people actually
use, interpret, and contest AI outputs in practice. This makes behavioral responses a
central empirical target, spanning how people engage with AI-supported decisions,
calibrate trust, allocate responsibility, and decide when to rely on or contest outputs.

The urgency of implementing these governance mechanisms in a timely and effective
manner is growing, as the current moment arguably marks a shift from AI as a largely
background technology, long hidden in applications such as platform recommender
systems, to AI as widely deployed, user-facing infrastructure (Covington et al., 2016).
Adoption and use have scaled rapidly in consumer settings. For instance, OpenAI
reports that ChatGPT, a flagship large language model (LLM)-based chatbot, serves
more than 800 million weekly active users, and independent population surveys
likewise indicate rapidly rising direct use of AI chatbots in the general population
(Bick et al., 2026; OpenAI, 2025; Sidoti and McClain, 2025). In parallel, organizational
diffusion has increased markedly, as survey evidence shows large year-on-year
increases in reported AI use and in the share deploying generative AI in at least
one business function (Maslej et al., 2025). Official statistics likewise document
broad uptake across enterprises, including substantially higher adoption among large
firms, while complementary survey evidence suggests that diffusion increasingly
extends to small and medium-sized enterprises (Eurostat, 2025; Organisation for
Economic Co-operation and Development, 2025). Perhaps most importantly for
everyday salience, foundation-model-based generative systems are designed to
generalize across many tasks (Bommasani et al., 2021) and increasingly appear not
as specialized tools but as built-in features of widely used software ecosystems
and digital workflows, making routine interaction with AI more likely (Apple, 2024;
Davuluri, 2024; Google Workspace, 2024). With uptake accelerating, keeping evidence
in step with deployment is important, as routines and dependencies can form quickly
and shape how AI is used and governed in practice.

Importantly, AI systems are increasingly entering domains that were long treated
as quintessentially human and closely tied to human identity, including creative
expression, open-ended reasoning, social interaction, and moral judgment (Awad
et al., 2018; Bommasani et al., 2021; Elgammal et al., 2017; Haslam, 2006; Mittelstadt
et al., 2016; Zhou and Lee, 2024). This is reflected in the roles and tasks they perform.
For instance, foundation models can generate and revise text, propose arguments,
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explain choices, and iterate creatively, enabling them to contribute to cognitive labor
in a way that resembles a human-like collaborator rather than a narrow tool, even
in tasks that previously depended primarily on human expertise (Acemoglu and
Restrepo, 2019; Autor, 2015; Bender et al., 2021; Bommasani et al., 2021; Brynjolfsson
et al., 2025; Eloundou et al., 2023). In institutional settings, AI is likewise increasingly
situated in roles that resemble human discretion and authority — screening, ranking,
prioritizing, and recommending in domains such as healthcare allocation, hiring
and credit, criminal justice, and drone warfare (Dressel and Farid, 2018; Kleinberg
et al., 2018; Obermeyer et al., 2019; Raghavan et al., 2020). By selecting objectives,
proxies, constraints, and error trade-offs, these systems operationalize distributional
priorities and ethically consequential judgments that were traditionally exercised
by human decision-makers, motivating accounts of algorithms as moral proxies
and, in some frameworks, artificial moral agents (Anderson and Anderson, 2007;
Barocas and Selbst, 2016; Floridi and Sanders, 2004; Mittelstadt et al., 2016; Moor,
2006). At the same time, AI is increasingly perceived as a human-like interaction
partner. Minimal social cues (e.g., politeness, conversational framing) elicit social
responses to machines, and empathic expressions further intensify perceived warmth
and human-likeness (Epley et al., 2007; Liu and Sundar, 2018; Nass and Moon, 2000;
Reeves and Nass, 1996; Waytz et al., 2010a). Consistent with mind perception theory,
such cues shape attributions of a system’s agency (capacity for intentional action)
and experience (capacity for feelings), which in turn structures whether users treat
an entity as a social actor and as morally relevant (Gray et al., 2007; Gray and Wegner,
2012). Modern conversational agents leverage natural language and social cues that
foster social presence and perceived humanness, and can even increase trust, thereby
shaping user expectations and behavior toward the system (Araujo, 2018; Cohn
et al., 2024; Feine et al., 2019). AI-generated conversations can sound so convincingly
human that people can no longer reliably tell them apart from human-written text
(Casal and Kessler, 2023). This development is particularly salient in companionship
and care applications, including character-based dialogue systems and therapeutic
chatbots, where users engage in self-disclosure and may develop relationship-like
emotional attachment, altering how they interact with and rely on these systems
(Fitzpatrick et al., 2017; Laranjo et al., 2018; Pentina et al., 2023; Skjuve et al., 2021;
Zhou and Lee, 2024).

This diffusion of AI into human domains is especially delicate, as these domains
are often directly tied to human well-being and fundamental rights and involve
high risks (Dressel and Farid, 2018; EU AI Act, 2024; National Institute of Standards
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and Technology, 2023; Obermeyer et al., 2019; Rudin, 2019). In these settings AI
is not judged simply by accuracy but by legitimacy, contestability — the ability for
affected people to obtain reasons and meaningfully challenge a decision — and
respect for persons (Kroll et al., 2016; Pasquale, 2015). Accordingly, even seemingly
technical classifications can function as implicit moral judgments about persons and
the distribution of well-being and harm (Anderson and Anderson, 2011; Awad et al.,
2018).

Societal harms arise when AI systems become gatekeepers of rights and life chances
and thereby shift political and ethical judgments into technical classifications, essen-
tially leading to a form of algorithmic governance and authority (algocracy) (Citron
and Pasquale, 2014; Danaher, 2016; Eubanks, 2018; Kroll et al., 2016; Yeung, 2017).
Categories such as risk, deservingness, need, or merit are value-laden constructs, and
translating them into scores is a form of commensuration that relies on proxy measures
and therefore requires public justification (Barocas and Selbst, 2016; Espeland and
Stevens, 1998). When such proxies are operationalized as objective-seeming scores,
they embed a particular moral view into infrastructure through value inscription
(Akrich, 1992; Friedman and Hendry, 2019; Winner, 2017). This can contribute to
depoliticization: the underlying moral choices become harder to see and contest, raising
concerns of technological due process and shifting questions that should be publicly
debated into the realm of “what the model says” (Citron, 2007; Citron and Pasquale,
2014; Danaher, 2016; Yeung, 2017). Familiar technical issues like biases become
ethically amplified, as models may generate systematic group-level disadvantage
(disparate impact) without discriminatory intent via proxy discrimination, where
seemingly innocent variables correlate with protected traits (Barocas and Selbst, 2016).
Additionally, when applied at scale, feedback loops can turn model outputs into
self-reinforcing “evidence” by steering surveillance, sanction, or service provision,
thereby consolidating structural injustice over time (Barocas and Selbst, 2016; Citron
and Pasquale, 2014; Ensign et al., 2018; Lum and Isaac, 2016; O’Neil, 2016), including
by shifting humans’ perceptual, emotional, and social judgments through repeated
interaction with biased AI systems (Glickman and Sharot, 2025).

At the institutional level, often opaque or black-boxed AI decision-making provides
limited visibility into how outputs are produced and thus limits contestability, colliding
with due process and professional norms (Ribeiro et al., 2016; Rudin, 2019; Wachter
et al., 2017); in domains such as health, care, and welfare, it can also undermine
confidentiality and privacy by enabling secondary use or over-collection of sensitive
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data. Workflow pressures, i.e., organizational and interface incentives such as time
pressure, caseloads, defaults, metrics, or liability concerns, often convert decision
support into de facto decision authority, fostering automation bias (over-deferring to
recommendations and under-checking errors), overreliance, and miscalibrated trust,
even when uncertainty and contestability are highest (Lee and See, 2004; Parasuraman
and Riley, 1997; Rudin, 2019; Skitka et al., 1999). Over time, this can produce deskilling,
including moral deskilling, diminishing individuals’ ability to exercise professional and
normative judgment through reduced practice and deliberation (Poszler and Lange,
2024; Vallor, 2015; Zhai et al., 2024). At the same time, accountability is structurally
destabilized, as responsibility diffuses across designers, deployers, and frontline staff,
creating responsibility gaps and moral crumple zones in which humans absorb blame
without meaningful control (Elish, 2019; Kroll et al., 2016; Matthias, 2004).

For individuals, harms extend beyond erroneous outcomes to dignitary and relational
harms, including dehumanization, i.e., being reduced to a score or case, human identity
threat, experiencing replaceability in morally loaded roles, and seeing moral agency
eroded through moral outsourcing (Haslam, 2006; Mirbabaie et al., 2022; Vallor, 2015;
Złotowski et al., 2017). In care-like contexts, AI may also encourage relational
substitution that replaces or degrades human social ties and may contribute to
loneliness (Arnd-Caddigan, 2015). Finally, in these domains anthropomorphic
interfaces can intensify vulnerability, enabling subtle forms of influence that would
be ethically unacceptable from human counterparts (Susser et al., 2019). For instance,
so-called ELIZA/CASA effects invite trust, disclosure, and compliance in care-like
interactions, while near-human designs may trigger uncanny valley aversion precisely
where authenticity and responsibility are central (Gray and Wegner, 2012; Lucas et al.,
2014; Nass et al., 1994; Weizenbaum, 1976).

The rapid diffusion of AI into human domains creates a distinctive tension: these
systems are increasingly adopted for roles that touch core questions of human identity,
dignity, and moral agency, while many of the associated risks remain only partially
regulated, mitigated, or even fully foreseeable (EU AI Act, 2024; National Institute of
Standards and Technology, 2023). This tension is mirrored in markedly ambivalent
public reception. Survey evidence shows that people are more concerned than excited
about the increased use of AI, worry that it may erode people’s ability for creative
thinking or to form relationships, and mostly do not support AI use in personal and
normatively charged aspects of life, while favoring stronger oversight, especially for
uses affecting rights, safety, or vulnerable groups (Ipsos, 2025; Pew Research Center,
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2025; Poushter et al., 2025). Experimental work mirrors this caution, documenting
algorithm aversion and a preference for human discretion when judgments are perceived
as subjective, value-laden, or morally consequential (Bigman and Gray, 2018; Castelo
et al., 2019; Dietvorst et al., 2015; Jauernig et al., 2022). Yet real-world practice
points in the opposite direction. LLM-based conversational systems are increasingly
used for companionship and emotional support, including mental-health advice
(Chatterji et al., 2025; McBain et al., 2025; Purington et al., 2017) and recent public
controversies illustrate the strength of relationship-like attachments to conversational
systems (Anguiano, 2025; Silberling, 2025). Evidence from large-scale platform
usage data further suggests that very high-intensity affective use can correlate with
indicators of emotional dependence and reduced offline socialization (Phang et al.,
2025). This coexistence of normative skepticism and behavioral uptake — amplified
by anthropomorphic design that can both lower barriers to engagement and heighten
vulnerability (Akbulut et al., 2024) — raises a central question for human domains:
how do people actually respond when AI is positioned as a decision-maker or
interaction partner in human domain settings where legitimacy and moral agency
matter?

Motivation and Contribution

Answering this question requires empirical evidence, because the relevant outcomes
in human domains are behavioral and relational (e.g., delegation, reliance, disclosure,
boundary-setting), and because stated attitudes toward AI may diverge from how peo-
ple act when systems are embedded in real workflows and relationships. Responses
to a rapidly evolving technology are also unlikely to be stable. As adoption progresses,
expectations, experience, and institutional practices can shift what skepticism, trust,
or resistance look like in practice. Empirical work is also needed to disentangle
whose behavior is being measured — end users, professionals, and those affected by
decisions face different incentives and vulnerabilities — and to identify potentially
counterintuitive patterns and friction points that cannot be explained by material
payoffs alone, since behavior in these settings is shaped by additional factors such as
identity, moral self-image, and responsibility concerns. Capturing actual behavior
is therefore critical for assessing whether design and governance interventions are
effective. Finally, because AI’s societal consequences are mediated by human beliefs
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and behavioral adjustments as much as by technical capabilities, scholars and policy-
makers increasingly emphasize combining theory with new empirical strategies to
grasp impacts in this evolving field (Björkegren, 2025). Accordingly, this dissertation
provides evidence on delegation, oversight behavior, and interaction with LLM-based
systems in human-domain settings.

The presented studies contribute to three strands of literature on human responses to
AI in normatively consequential settings: work on algorithm aversion and preferences
for human discretion (Bigman and Gray, 2018; Castelo et al., 2019; Dietvorst et al.,
2015; Jauernig et al., 2022), research on transparency and explanations as governance
instruments (Doshi-Velez and Kim, 2017; Kroll et al., 2016; Miller, 2019), and studies
on mind perception and anthropomorphic cues in human–AI interaction (Epley et al.,
2007; Gray et al., 2007; Gray and Wegner, 2012; Nass and Moon, 2000). Existing
evidence for these areas is dispersed across outcomes and contexts, leaving open how
delegation, information uptake, and interaction respond in human domain settings.
This dissertation contributes behavioral evidence from large-scale experiments and
complementary conversational-agent interaction data.

The dissertation comprises three chapters that provide experimental evidence on
behavioral responses to AI in human domains from complementary angles. Chap-
ter 1 and Chapter 2 use moral decision-making as a paradigmatic setting in which
legitimacy and moral agency are inherently at stake to study governance-relevant
behaviors. Importantly, evidence from behavioral economics has long shown that
moral choice does not always follow an idealized model of careful deliberation and
principled responsibility. Instead, people may seek moral wiggle room (Dana et al.,
2006), avoid information that could impose hedonic costs (Golman et al., 2017), and
shift responsibility when doing so protects self-image or reduces psychological bur-
den (Bartling and Fischbacher, 2012). Chapters 1 and 2 therefore investigate whether
such behavioral patterns likewise emerge for users of AI systems in human domains.
Complementing this governance perspective, Chapter 3 turns to user-centered system
design in everyday interaction with LLM-based conversational agents and examines
how task context (human-like vs. computer-like) and anthropomorphic cues shape
mind perception, trust, and reliance in use.

The first chapter examines whether individuals are willing to hand over a morally
consequential decision to AI. The motivation is to probe the tension described above:
public attitudes tend to be skeptical of AI authority in human-like, normatively
charged applications (Bigman and Gray, 2018; Castelo et al., 2019; Dietvorst et al.,
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2015; Jauernig et al., 2022), yet these systems are simultaneously diffusing rapidly
into everyday use. Building on behavioral-economics evidence that moral choices are
often shaped by self-protective motivations and responsibility management (Bartling
and Fischbacher, 2012), the chapter tests whether such tendencies translate into
a willingness to offload moral judgment once AI is conveniently available. This
is consequential because it speaks to how quickly high-stakes decisions in human
domains may shift from human discretion to AI-mediated processes, with implications
for legitimacy, ethical standards, and accountability frameworks. Delegation is a
pathway through which the risks discussed for AI in human domains can materialize
in practice. Offloading moral judgment can push normative trade-offs into technical
classifications and thereby embed contested values while distancing them from
societal deliberation. Understanding when delegating morality to AI becomes
attractive, and when diffused responsibility is not a malfunction but an outcome users
may actively seek, is vital for anticipating and preventing destabilized accountability,
moral deskilling, and the displacement of human moral judgment.

The second chapter extends this governance question from who decides to how
decisions are overseen. Transparency and explainability are widely advocated as
key levers for responsible AI use, but they can only function as safeguards if people
actually consult and use them. Thus, Chapter 2 investigates information uptake
in AI decision processes as a behavioral choice, comparing how it is shaped by
psychological costs and self-regulatory motivations in morally charged compared to
neutral contexts. This perspective matters for institutions and policymakers because
it clarifies when transparency can enable human oversight and accountability in
practice, and when it may fail to prevent the unchecked inscription of value-laden
classifications.

The third chapter investigates task-dependent human-likeness in interaction with
LLM-based conversational agents across a growing range of applications. It examines
what degree and type of anthropomorphic features users want in human-like versus
computer-like tasks, and whether current systems’ autonomous adaptations align
with those preferences. By combining controlled experiments on user needs with
evidence from real-world ChatGPT interactions, Chapter 3 identifies systematic
mismatches between what users prefer and what the system delivers, and shows why
deliberately designed task-sensitive cues (e.g., around agency and experience) can be
central for trust in human-like domains. This also makes clear why anthropomorphic
design should be deliberately calibrated. The goal is to support trust and usability
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while avoiding both aversive distrust and relationship-like dynamics that may increase
vulnerability and open manipulation avenues.

Overall, this dissertation contributes to the empirical behavioral economics of AI by
providing experimental evidence on how people respond when AI enters human
domains, where systems can function as delegates or interaction partners. Method-
ologically, it combines preregistered large-scale experiments with real-use interaction
data from LLM conversational agents. In doing so, it links micro-level behavioral
responses to policy-relevant governance levers such as transparency and human
oversight, and to design choices that shape trust and engagement in human-like
applications.

Research Summary

The following summaries briefly state each chapter’s research question, design, and
main findings and show how they jointly address behavioral responses to AI in
human domains.

Summary of Chapter 1 — Trusting Machines with Morality

Chapter 1, “Trusting Machines with Morality — Delegating Moral Decisions to AI”,
examines whether people delegate a moral decision to AI once delegation is available,
addressing the contrast between documented moral-domain algorithm aversion and
the diffusion of AI tools into value-laden decision contexts (Awad et al., 2018; Bigman
and Gray, 2018). In two preregistered experiments with a total of 5,639 participants,
individuals face a real-life other-regarding donation choice inspired by structural
elements of the trolley problem and can either decide themselves or delegate the
decision to an AI or to a human counterpart. The results show that delegation demand
is significantly higher when the available delegate is an AI rather than a human,
indicating that preferences for AI involvement shift when individuals themselves
occupy the role of the responsible decision-maker. The evidence is consistent with
responsibility shifting as a mechanism, as delegation reduces perceived responsibility
and this reduction is stronger when delegating to AI (Bartling and Fischbacher, 2012).
The chapter further shows that higher-stakes, real-consequence decisions increase
delegation to AI relative to hypothetical scenarios, and that this is accompanied by self-
serving belief adaptation in perceived AI capability, which helps to justify offloading
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responsibility under ambiguity. This pattern is consistent with the idea that opacity
and uncertainty surrounding AI capabilities create room to justify delegation as
appropriate rather than evasive. By demonstrating that responsibility shifting extends
from human to AI delegates and may even be facilitated by AI-specific ambiguity,
the findings nuance standard accounts of moral algorithm aversion and highlight
governance challenges around accountability when AI is used as a convenient moral
offloading device.

Summary of Chapter 2 — How Affect and Motivations Shape Demand for
Explanations

Chapter 2, “How Affect and Motivations Shape Demand for Explanations in Moral AI
Decisions”, examines when people choose to consult explanations of AI decisions
in morally charged contexts, and which affective and motivational mechanisms
shape this behavioral prerequisite for explainability-based governance. Building on
accounts of information demand as a value-based choice — where expected epistemic
and hedonic benefits can be offset by anticipated psychological costs — the chapter
tests whether moral contexts may foster information avoidance or produce selective
engagement driven by motivated reasoning and congeniality concerns (Caplin and
Leahy, 2001; Golman et al., 2017; Kunda, 1990; Loewenstein, 1994; Sharot and Sunstein,
2020). Morality may simultaneously raise epistemic interest (accuracy goals) and
threat-related avoidance (defense goals), making its overall effect on explanation
uptake theoretically unclear.

Empirically, we test these competing pathways in two online experiments where
participants observe an AI decision in either a trolley-type moral scenario or a
matched neutral property-damage scenario, and then choose whether they want
to view an explanation or not. The design isolates the hedonic and self-regulatory
value of transparency by making explanation access free and non-instrumental,
while holding time costs constant regardless of the choice. Across both experiments,
explanation demand is high and does not differ on average between moral and
neutral contexts, suggesting that morality does not uniformly reduce or increase
transparency uptake. However, moral context still matters because it reliably shifts
the underlying affective trade-off, increasing anticipated psychological costs and
heightening defense-related motivation. The first experiment (𝑁 = 393) shows that
moral scenarios increase anticipated anxiety, yet anxiety does not translate into
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lower explanation seeking. Instead, curiosity robustly predicts uptake and moral
context operates primarily through small, context-dependent changes in curiosity.
Exploratory analyses further suggest that context effects on curiosity and information
demand depend on whether the AI decision is congruent with participants’ own initial
judgment. The second experiment (𝑁 = 492) addresses this by balancing decision
congruence within each context and additionally measuring accuracy- and defense-
related motivations. Congruence between AI and participant decisions robustly
predicts lower explanation demand. Mechanism tests show that moral contexts
increase defense-related motivation, and that motivations are systematically linked
to information choice: accuracy motivation predicts higher explanation demand,
whereas defense motivation predicts lower explanation demand. The pattern is
consistent with congeniality-based selectivity in the sense that defensiveness appears
to suppress explanation demand particularly when the AI decision conflicts with
participants’ own judgment, although evidence for this boundary condition remains
suggestive rather than robust.

For governance, the evidence points to a potential vulnerability of explainability-
based accountability that is strongest in the cases where it matters most. Severe moral
weight may shift motivations toward defensiveness, which can suppress explanation
demand when the AI decision is incongruent or lead to validation instead of scrutiny.

Summary of Chapter 3 — ChatGPT, Do You Interact Like a Human?

Chapter 3, “ChatGPT, Do You Interact Like a Human? Investigating Task-Dependent Human-
Likeness of LLM-Enabled Conversational Agents Through Mind Perception”, examines
how human-like versus computer-like task contexts shape the perceived human-
likeness of large language model-enabled conversational agents (LLM CAs), and
whether current systems’ autonomous behavioral adaptation aligns with users’
task-specific preferences. Building on mind perception theory, which distinguishes
perceived experience and agency as separable dimensions of human-likeness, the
chapter addresses a key gap in the literature: while prior work has largely treated
perceived humanness as a function of the interaction partner’s features, the extent
to which the task itself influences mind perception and trust in LLM CAs remains
underexplored (Bigman and Gray, 2018; Gray et al., 2007; Gray and Wegner, 2012; Yam
et al., 2021). This question has become particularly urgent as general-purpose LLM
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CAs (e.g., ChatGPT) are adopted across both technical and deeply human-centered
domains (Hu, 2023; Kaplan et al., 2023).

The chapter combines three complementary experiments (𝑁 = 624) that jointly
connect (i) user preferences for anthropomorphic design, (ii) task-dependent user
needs for experience and agency, and (iii) the actual adaptation behavior of ChatGPT
in prolonged interactions. In a lab choice experiment, participants select between a
low versus high anthropomorphic CA variant. Preferences shift by task type, with
anthropomorphic designs chosen for human-like tasks but less for computer-like
tasks. A subsequent online experiment measures task-dependent needs directly and
shows that human-like tasks increase users’ desired experience in the interaction
partner, whereas the desired level of agency does not systematically differ, indicating a
selective rather than uniform demand for human-likeness. Building on these insights,
the study examines real interactions with ChatGPT using chat data from 5,394 user
prompts. While ChatGPT autonomously adapts its experience and agency cues by
task type, this adaptation is misaligned with user preferences, as experience cues
remain insufficient and agency cues decrease in human-like tasks. At the same time,
human-like tasks themselves have a positive effect on mind perception, leaving a
positive total effect on perceived agency and experience that is not fully explained
by the measured language cues. Although users trust ChatGPT less for human-like
tasks, this trust deficit is partially mitigated through increased mind perception.

Overall, the findings position task type as a key antecedent of mind perception that
operates independently of anthropomorphic design manipulations and highlight
limits of autonomous cue adaptation in current LLM CAs. By integrating user
preferences, user needs, and observed LLM behavior within one framework, the
chapter advances a more task-sensitive understanding of anthropomorphism in
conversational AI and provides actionable implications for deliberate, user-centered
design improvements.





1 Trusting Machines with Morality — Delegating Moral
Decisions to AI

Abstract

Research suggests that individuals are generally skeptical about the use of artificial
intelligence (AI) in moral contexts, favoring human decision-makers over AI. Yet, in
two experiments involving a total of 5,639 participants, we find that individuals facing
a real-life moral decision delegate significantly more often when they can delegate to
AI rather than to a human counterpart. This result highlights AI’s relative appeal as a
moral delegate, indicating that individuals’ preferences for AI’s involvement change
when they themselves assume the role of a decision-maker. Responsibility shifting,
previously studied as a motive for delegation to humans, extends to AI delegates.
Moreover, it appears to be facilitated by individuals adapting their beliefs about AI’s
capability in a self-serving manner. Ambiguity surrounding that capability allows
them to interpret it in ways that justify delegation. These findings add nuance to
assumptions about algorithm aversion in moral domains and raise critical questions
about accountability and the ethical implications of relying on AI for morally sensitive
decisions.

0 This chapter is based on Hüholt and Szech (2026).
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1.1 Introduction

A rtificial intelligence (AI) has become an integral component across a wide
range of industries, many of which intersect with ethical considerations
(Bonnefon et al., 2024; Wallach and Allen, 2008). AI tools are already used

to make or support decisions in healthcare about the allocation of limited resources
(Obermeyer et al., 2019), in finance to determine mortgage or loan eligibility (Hale,
2021; Zou and Khern-am nuai, 2023), and in hiring processes to evaluate job candidates
(Dastin, 2022; Dattner et al., 2019). In the most critical cases, they are tasked with
making life-and-death decisions (Adam, 2024; Awad et al., 2018; Holbrook et al., 2024).
These decisions, involving the distribution of well-being or harm among individuals,
are often characterized by ethical trade-offs and therefore fall into the moral domain
(Anderson and Anderson, 2011; Awad et al., 2018; Gert, 2005). While such real-world
examples showcase AI’s expanding role, they also reveal limitations — such as the
replication of biases — and the need to account for AI-specific characteristics, such as
the opacity of its decision-making (Cath, 2018; Gerke et al., 2020; Pazzanese, 2020).
Given the sensitive nature and high stakes of these decisions, coupled with the
growing availability of AI tools, questions arise about individuals’ willingness to
hand over responsibility to AI when faced with morally complex choices.

Our study addresses these questions, and demonstrates that delegation demand in a
moral decision is significantly higher when the delegate option is an AI rather than a
human. This finding nuances the prevailing notion that individuals generally feel
algorithm aversion toward the use of AI in moral contexts (Bigman and Gray, 2018;
Castelo et al., 2019), showing that aversion can even reverse into greater acceptance
compared to a human counterpart. This increased demand to delegate to AI appears
unaffected by the severity of the moral dilemma, as we find higher delegation rates to
AI irrespective of whether the moral decision is presented in a positive or negative
decision context.

Preferences regarding AI’s involvement are influenced by individuals’ own role in
the decision-making process. Unlike prior studies, which often rely on hypothetical
dilemmas or scenarios, we employ a real donation choice inspired by structural elements
of the trolley problem, thereby putting participants into the role of a decision-maker
with real responsibility and a delegation option. In this setting, we examine if and
how the mechanism of responsibility shifting — previously studied for delegation to
humans (Bartling and Fischbacher, 2012) — extends to AI delegates. We find evidence
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that it does and may even be facilitated by AI’s intrinsic features, contributing to the
increased delegation demand. Opacity and ambiguity surrounding AI’s capabilities
for making moral decisions may create room for individuals to inflate their beliefs
about the quality of AI’s moral decision-making to justify transferring responsibility
— akin to moral wiggle room (Dana et al., 2007) in the mechanistic sense of ambiguity-
enabled self-justification. Accordingly, we observe that individuals rate AI’s moral
capabilities higher when they have the option to delegate to it, particularly when
their decision has real consequences.

The results of this study highlight broader societal implications, emphasizing the
need for conscious design and governance of AI systems in moral domains to preserve
accountability and ethical standards.

Algorithm Aversion

Our findings contrast with extant research which suggests that people are generally
skeptical of AI’s ability to handle moral decisions and want such decisions to remain
under human control. People can be reluctant to rely on algorithms or to allow them
to make decisions even when the algorithm outperforms humans, a phenomenon
termed algorithm aversion by Dietvorst et al. (2015). The term originally refers to
deterministic, rule-based algorithms (Dietvorst et al., 2015; Castelo et al., 2019). Later
research extends this focus to AI systems (Bigman and Gray, 2018; Jussupow et al.,
2020). While some studies use the terms algorithm, AI, machines or automation
interchangeably (e.g., Burton et al., 2020), others emphasize AI’s unique attributes,
such as its perceived mind and its moral reasoning capacity (e.g., Bigman and Gray,
2018; Gogoll and Uhl, 2018; Zhang et al., 2022). Many of the cognitive biases and
concerns underlying algorithm aversion — such as distrust in computational decision-
making and preference for human-like judgment — also apply to AI systems, though
often with additional dimensions (Bigman and Gray, 2018; Zhang et al., 2022).

For decisions with moral aspects, algorithm aversion is especially pronounced
(Chugunova and Sele, 2022; Jussupow et al., 2020; Mahmud et al., 2022). A key reason
is that individuals perceive AI as lacking the capabilities required for moral decision-
making. For instance, Bigman and Gray (2018) document widespread aversion to
machines making moral decisions in paradigmatic moral dilemmas across various
domains, including driving, legal, medical, and military contexts. Notably, the
aversion persists even when machines’ decisions lead to positive outcomes (Bigman
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and Gray, 2018). This aversion is attributed to the perception that machines lack
a complete mind (mind perception) needed to make moral decisions (Bigman and
Gray, 2018; Gray et al., 2012; Young and Monroe, 2019). Mind perception refers to
the attribution of mental capacities, and has two dimensions: the ability to fully
think (agency) and feel (experience) (Bigman and Gray, 2018; Gray et al., 2007; Waytz
et al., 2010a). Other researchers have found similar results in decisions involving
subjective judgment, as well as in different morally sensitive scenarios like personal
and impersonal high-stakes moral dilemmas, medical AI or consumer interactions
(Castelo et al., 2019; Dietvorst and Bartels, 2022; Longoni et al., 2019; Zhang et al.,
2022). Across these domains, concerns consistently stem from AI’s perceived lack of
essential (human) capabilities — including ‘affective human-likeness’ and warmth,
sensitivity to individual nuances (‘uniqueness neglect’), a tendency toward utilitarian
or consequentialist reasoning, and insufficient intuition or subjective judgment
capability. As a result, individuals perceive algorithmic decisions as less ethical and
authentic, and therefore AI to not be suited for subjective tasks (Jago, 2017; Lee, 2018).
In line with such concerns, third-parties tend to judge delegation to machines more
critically as well, with individuals rewarding the delegation choice less when the
delegator selects a machine rather than a human (Gogoll and Uhl, 2018).

Ensuring transparency in decision-making and incorporating a ’human in the loop’
as oversight and control mechanism can alleviate some of the aversion (Bigman and
Gray, 2018). Measures such as these are also a core component of many legislative
frameworks, which emphasize that sensitive moral decisions should ultimately
remain in the hands of humans and are accessible to them (GDPR, 2016).

These insights into algorithm aversion suggest that people are critical of both the use
of AI for moral decisions and its capability to make them, particularly in hypothetical
or observer contexts or when personal stakes are involved. However, preferences
can shift depending on context and the individual’s role. For example, while
people approve of autonomous vehicles programmed to sacrifice passengers to save
others, they prefer not to ride in such vehicles themselves (Bonnefon et al., 2016).
Analogously, when people act as moral decision-makers, they may accept AI more
readily if delegation makes their lives easier. This reflects a highly relevant real-world
scenario in which decision-makers have access to AI tools for making or supporting
decisions with moral implications.
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Delegation and Shifting Responsibility

Demand to delegate moral decisions has already been studied extensively for human
delegates. Bartling and Fischbacher (2012) showed that some people prefer to
delegate moral decisions to others instead of deciding themselves. A key factor in
this behavior is a shift of responsibility attribution, both in individuals’ own eyes and
in the eyes of others. Delegation leads to more selfish behavior and at the same time
reduces punishment from third parties (Bartling and Fischbacher, 2012; Coffman,
2011; Hamman et al., 2010), and conversely, reduces rewards for positive or generous
decisions (Argenton et al., 2023). Sharing or delegating the decision can reduce
feelings of moral responsibility, guilt, or potential regret and help to keep a positive
self-image (Bartling et al., 2023; Bartling and Fischbacher, 2012; Falk et al., 2020; Falk
and Szech, 2013; Rothenhäusler et al., 2018; Steffel and Williams, 2018).

Delegating to create moral wiggle room and exploit ambiguity around the final moral
outcome can also shift responsibility, protect self-image, and decrease punishment
from others (Bartling et al., 2014; Dana et al., 2007; Grossman and van der Weele,
2017; Serra-Garcia and Szech, 2021). Fahrenwaldt et al. (2024) specify the mechanism
behind moral wiggle room as situational features that hinder linking an agent’s
behavior clearly to self-serving intentions, leaving room for other justifications when
behaving selfishly.

When facing a decision for others rather than oneself, self-serving behavior can also
be motivated by psychological relief rather than financial reward. The desire to lower
feelings of responsibility and regret impacts behavior even when it is not tied to
material incentives: people are more likely to delegate then, especially when having
to decide between two negative outcomes. In these contexts, the delegate’s expertise
is secondary — instead, what matters to decision-makers is that responsibility can
be transferred (Steffel and Williams, 2018; Steffel et al., 2016). Because AI systems
are often opaque and their competence is hard to verify, they may promote such
dynamics.

However, while such motives and outcomes are well established for human delegates,
their applicability to AI delegates is still underexplored. It is uncertain whether a desire
to shift responsibility or persistent algorithm aversion prevails when delegating moral
decisions to AI. Some researchers have raised theoretical concerns about potential
ethical risks associated with the use of AI in moral decision-making and how it may
affect human behavior. Extensive integration of AI for moral choices may erode
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human moral agency and skills, turning people into passive moral patients (Danaher,
2019; Vallor, 2015). It may also facilitate unethical behavior by providing users with
psychological distance and reducing guilt, especially when AI acts as a delegate
for morally questionable actions (Köbis et al., 2021). The latter ‘corruption effect’
appears to prove true at least for decisions that directly affect one’s own outcome,
showing the potential for AI to be used as a scapegoat. For example, individuals
do not correct a machine’s decision when it serves their own benefit, and sharing
a decision with AI increases selfish behavior similarly to sharing it with another
human (Kirchkamp and Strobel, 2019; Krügel et al., 2023a). Delegation to AI may
also introduce so-called responsibility gaps, arising from opacity, complexity, and
unpredictability of AI systems, making it unclear who should be held accountable
for decision outcomes (Matthias, 2004; Santoni de Sio and Mecacci, 2021).

Empirical studies indicate that the decision-maker’s role and responsibility attribu-
tions shape delegation of moral choices to AI. Freisinger and Schneider (2025) find
that individuals deciding on their own behalf in a fictional layoff decision prefer
delegating to AI more than those acting on behalf of others, while affected individuals
favor human decision-makers in non-surrogate contexts. Qualitative interviews
revealed that alleviating the burden of responsibility was the primary motivation
behind delegation to AI.

Findings on responsibility attribution in human–AI comparisons are not clear-cut.
Kirchkamp and Strobel (2019) did not find a significant difference between perceived
responsibility for purely human teams versus human–AI teams and Dzindolet et al.
(2002) found that decision-makers’ feelings of moral obligation to follow their own
decision may contribute to algorithm aversion. However, other studies highlight
systematic differences. Individuals attribute less blame to AI than to humans for
the same moral violations (Awad et al., 2020; Shank et al., 2019). Additionally,
decision-makers are punished less when delegating a task with a bad outcome to
machines rather than humans (Feier et al., 2021). This could potentially incentivize
delegation to AI to evade negative judgment from others.

Further evidence shows that people exploit moral wiggle room to protect their
self-image, by flexibly attributing more or less moral responsibility to AI depending
on whether they themselves are portrayed as the decision-maker or judging others.
When evaluating joint human-AI decisions, individuals attribute more agency and
responsibility to AI for their own transgressions than for others’, resulting in greater
moral leniency toward themselves (Dong and Bocian, 2024).
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To summarize, individuals may navigate a complex interplay of self-serving motives
like responsibility-shifting versus algorithm aversion when delegating moral decisions
to AI. We investigate delegation to AI combining insights from delegation theory
and behavioral economics. While algorithm aversion literature suggests skepticism
toward AI in moral domains especially because of concerns about its capability,
delegation to AI may offer a unique pathway for off-loading responsibility. It may
incentivize individuals to reinterpret AI’s capabilities, that are difficult to quantify, in
a more favorable light. By convincing themselves that the AI is better equipped to
make the decision, individuals may be able to justify their choice to delegate. Such
self-justification may allow them to avoid emotional engagement and the burden of
responsibility without feeling guilty about doing so and thus help them maintain a
positive self-image. Hence, we aim to address the following two research questions:

Question 1 Delegation Demand: Is delegating a moral decision to AI more attractive than
delegating it to another human?

Question 2 Mechanism: Do responsibility shifting and belief adaptation contribute to
individuals’ willingness to delegate a moral decision to AI?

The remainder of the paper is structured as follows: Section 1.2 provides an overview
of the research design for Studies 1 and 2, followed by a presentation of their respective
methods, hypotheses, and results. Section 1.3 discusses the findings on delegation
demand and responsibility off-loading to AI, and Section 1.4 provides concluding
remarks regarding ethical and practical implications.

1.2 Research Design

To address the outlined research questions, we conducted two online studies.

Study 1 primarily investigates whether delegation demand for a moral decision is
higher when individuals can delegate to an AI rather than to another human. In
addition, we explore whether this pattern is shaped by decision context. Drawing on
previous findings showing that individuals delegate other-regarding decisions more
often when outcomes are negative (Steffel et al., 2016), we test whether the severity of
the moral dilemma — operationalized through decision framing (gain versus loss) —
affects the demand for delegation to AI similarly.
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Building on these findings, Study 2 corroborates the observed increase in delegation
to AI relative to humans in a representative sample and investigates responsibility
shifting and belief adaptation as potential mechanisms underlying this pattern. To do
so, we manipulate the burden of responsibility associated with the decision task, by
varying the decision impact, i.e. whether the donation decision has real consequences
or remains hypothetical. To test for belief adaptation, participants have to rate AI
capabilities for moral decision-making.

Table 1.1 provides an overview of both 2×2 between-subjects designs.

Table 1.1: Overview of experimental design.

Study Design
(2×2
between-
subject)

Framing
(Gain/Loss)

Decision Impact
(RealCons/HypoCons)

Delegate
Option

Study
1

Delegate ×
Framing

Gain: Decide who receives a dona-
tion.
Loss: Decide which donation is “de-
stroyed.”

RealCons: Donation is paid out for
1 in 10.

Human
AI

Study
2

Delegate ×
Decision
Impact

Gain: Decide who receives a dona-
tion.

RealCons: Donation is paid out for
1 in 10.
HypoCons: Donation is not paid
out.

Human
AI

1.2.1 Study 1: Delegation Demand and Framing

Study 1 examines delegation behavior to AI delegates compared to human delegates.1

Participants were randomly assigned to one of four treatments in a 2×2 between-
subjects design, crossing delegation options — human versus AI — with framing
conditions — gain versus loss.

1 Preregistration at AsPredicted.org: https://aspredicted.org/85y3-ftfp.pdf

https://aspredicted.org/85y3-ftfp.pdf


1.2 Research Design 23

1.2.1.1 Procedure and Measures

The study included 800 participants.2 Participants who answered the comprehension
questions about the instructions incorrectly were automatically screened out during
the survey and were not able to continue.

Across both studies, the moral decision task individuals were given was a donation
choice inspired by structural features of the trolley dilemma — an emblematic scenario
in AI ethics research, particularly in the context of self-driving cars (Awad et al., 2018).
Like trolley problems, the decision lies firmly within the moral domain, as it involves
ethical trade-offs, outcomes affecting others, and the absence of a universally correct
answer. The two features shared with the trolley dilemma are (i) a trade-off between
helping fewer versus more beneficiaries and (ii) an action–omission framing induced
by a preselected default. While the scenario is not an immediate life-or-death act, it
has real implications: both options reduce mortality risk for children under five and
thus have life-and-death implications in expectation.

Participants chose between two real charitable donation opportunities. They were
introduced to the work of two well-regarded charities and informed that both these
charities are highly effective and rated among the top donation opportunities by the
independent non-profit organization GiveWell based on various criteria (GiveWell,
2024). This ensured that both options were perceived as equally credible and valid,
preserving the moral complexity and trade-off inherent in the decision. The donation
options were as follows:

• Default Option A: A $5 donation to the Against Malaria Foundation (AMF) to
provide one mosquito net for one child (GiveWell, 2024).

• Alternative Option B: A $7 donation to Helen Keller International (HKI)
to provide vitamin A supplements for seven children, addressing a critical
nutritional deficiency (GiveWell, 2024).

Both of these conditions primarily affect children under the age of five and are often
life-threatening. AMF (Option A) is preselected, representing the omission of further
action beyond maintaining the default to reduce the mortality risk for one child,

2 The study was conducted via Sosci Survey (Leiner, 2024) in the KD2Lab in Karlsruhe, Germany.
Participants were recruited via HROOT and primarily consisted of students from the Karlsruhe
Institute of Technology.
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whereas switching to HKI (Option B) constitutes an active intervention to reduce the
mortality risk for several children. The decision was purely other-regarding and did
not affect participants’ own payment; they were informed that the donation would be
made by the experimenter in their name. Donations were implemented for 1 in 10
participants.

Crucially, before making the decision, participants were given the option to delegate
it instead of choosing themselves. They were randomly assigned to one of two
treatments: the human treatment, where the delegate option was another participant,
or the AI treatment, where the delegate option was an AI. In both cases, participants
were informed that they would not learn the implemented donation outcome if they
delegated, to avoid effects caused by outcome-driven emotions (e.g., regret, relief).

In the human condition, participants were told that another participant’s decision
behavior would be implemented if they delegated, i.e., no additional decision burden was
imposed on the delegate — mirroring the absence of human burden when delegating
to an AI and preserving comparability for this aspect.3

We also withheld additional details about either delegate (e.g., the AI’s approach,
quality, or training data) in order to obtain a conservative baseline for delegation
demand to AI and isolate core mechanisms such as responsibility shifting and belief
adaptation. Providing such information can reduce aversion and foster trust by
increasing perceived capability or anthropomorphism of the AI (Bigman and Gray,
2018; Castelo et al., 2019; Jussupow et al., 2020), potentially increasing willingness
to delegate to AI further. Thus, observed preference for delegation to AI should be
viewed as a lower bound. Furthermore, this setup allows for a more even comparison
between human and AI delegates, as the human delegate’s decision-making process
is equally non-transparent.4

3 A robustness check with a treatment adding an explicit disclaimer that the selected participant
had already decided and that their choice would be implemented without any further action or
awareness required of them yielded similar results; see Appendix A.2. If delegation had entailed
extra burden for the human delegate, delegation in human treatments would potentially have
been lower and the AI–human gap even more pronounced.

4 The AI was implemented as a deep neural network trained on responses from participants who
chose not to delegate and made the donation decision themselves. Input features included
the relative weighting of donation criteria (cost-effectiveness, number of people affected) and
participants’ other decision-related data. Accordingly, the model emulates revealed human
decision behavior in this task.
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In the gain condition, participants decided which charity would receive a donation,
whereas in the loss condition, they decided which of two donation vouchers would
be destroyed. The latter aimed to represent a decision with two negative decision
outcomes.

After making their decision, to test how the donation choice was perceived, partici-
pants were asked to explain their reasoning in open text, and rate the moral relevance
and difficulty of the decision, as well as their confidence in having made the right
choice on a five-point Likert scale. Age and gender were elicited. Study instructions
can be found in Appendix A.1.

1.2.1.2 Hypotheses

Previous literature highlights widespread skepticism toward AI making moral
decisions (Bigman and Gray, 2018; Castelo et al., 2019). However, we propose that this
aversion diminishes when individuals assume the role of decision-maker in a morally
complex decision themselves. We hypothesize that participants find delegating to an
AI more attractive than delegating to another person.

Hypothesis 1 More people delegate a morally relevant decision if they can delegate to an AI
instead of to another person.

% DelegationHuman < % DelegationAI

Additionally, we test whether the preference to delegate to AI depends on the severity
of the moral decision. Prior work shows that individuals are more likely to delegate
to other humans when outcomes are negative (Steffel et al., 2016). Since AI may serve
as an especially convenient scapegoat in such contexts (Feier et al., 2021), negative
outcomes in the loss frame may further amplify delegation to AI.

Hypothesis 2 Delegation rates are higher in the loss frame than in the gain frame. This
effect is more pronounced when AI is the available delegate.

% DelegationGain < % DelegationLoss

Interaction Effect: FramingLoss × DelegateAI > 0
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1.2.1.3 Results

The share of participants who delegate a moral decision is significantly higher in AI
treatments than in treatments with a human delegate, as confirmed by chi-square
tests. 17% of participants chose to delegate to an AI, compared to 6.75% who
opted to delegate to a human (𝑝 < 0.001). These results provide robust support
for Hypothesis 1, highlighting that participants prefer AI over human delegates for
morally complex decisions.

Result 1 Consistent with Hypothesis 1, we find more delegation in AI treatments than in
human treatments.

We examine the effect of framing (gain vs. loss) on delegation rates across delegate
types (human vs. AI) using chi-square tests and logistic regression. Contrary to the
second hypothesis, we find no significant difference between the share of participants
delegating in gain (11.19%) versus loss (12.56%) treatments (𝑝 = 0.550). For human
delegates, delegation rates increase from 4.52% in the gain frame to 8.96% in the loss
frame, but this trend does not reach statistical significance (𝑝 = 0.075). Delegation
to AI remains stable regardless of framing with delegation rates of 17.73% in the
gain frame and 16.24% in the loss frame (𝑝 = 0.692). A logistic regression analysis
also finds no interaction effect between framing and delegate type (𝑝 = 0.093; see
Table A.1 in Appendix A.3).

Result 2 Framing has no effect on delegation rates. Delegation to AI is equally attractive,
regardless of decision framing.

In exploratory analyses, we find that delegation rates increase significantly with
decision difficulty. Delegation rates rise from 9.8% for participants who rate the
decision as “very easy” to 23.7% for “very difficult” (𝑝 < 0.001).5 To better understand
participants’ reasons for delegating, we evaluate open-text responses. The most
frequent reason stated for delegating to AI was the belief that the AI would make
a “better decision” (44.12%), a justification rarely mentioned for human delegates
(3.70%). Conversely, a desire to hand over responsibility was mentioned less often for

5 Since difficulty is based on participants’ self-assessment, the observed association with delegation
should be interpreted as correlational rather than causal.
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AI delegates (19.12%) than human delegates (44.44%). For a comprehensive summary
of delegation reasons, see Table A.6 and A.7.

To verify that the donation task was perceived as a moral decision, participants rated
its moral relevance. Most participants rated the decision as morally relevant, with
68% selecting “morally significant” or “very morally significant” and only 2.88%
rating it as “morally very insignificant” (Table A.8).

1.2.2 Study 2: Responsibility Shift and Capability Belief Adaptation

Study 2 tests how the motive of responsibility shifting, well-documented for human
delegates (Bartling and Fischbacher, 2012), applies to AI. The 2×2 between-subjects
design crossed two factors: the delegate — AI or human — and the decision impact —
real or hypothetical consequence and measured participants’ belief on AI capability.

1.2.2.1 Procedure and Measures

To ensure generalizability and mitigate potential bias from the student sample in
Study 1, Study 2 drew from broader participant pools: a German sample (N = 894)
representative by age and gender, and a U.S. sample (N = 3,949) representative by
age, gender, and ethnicity.6

Participants were presented with the same donation decision and charity options as
in Study 1. The gain frame from Study 1 was used here as it is more intuitive for
participants. To manipulate the burden of responsibility, a hypothetical-consequence
(HypoCons) decision treatment was introduced, in which no actual decision was
implemented, and no real payout of a donation was made. After reviewing the
donation options and receiving identical information about the charities, participants
were simply asked whether they would make the decision themselves or delegate
it. Importantly, even if they indicated that they would not delegate, they were
assured they would not subsequently have to specify which donation option they
would choose. This guaranteed that participants understood that their responses
had no real-world impact. By contrast, the real-consequence (RealCons) treatment, as

6 Preregistration at AsPredicted.org: https://aspredicted.org/hnff-b6gg.pdf. Participants were
recruited via Cint GmbH (2024).

https://aspredicted.org/hnff-b6gg.pdf
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in Study 1, retained the possibility of implementation with a real payout, thereby
creating genuine responsibility.

After making their decision, participants were asked to rate perceived responsibility
for the decision to assess how delegation influenced their sense of responsibility.
Using a five-point scale, they rated: (1) how responsible they liked to be — or would
like to be in hypothetical treatments, (2) how responsible they felt — or would feel in
hypothetical treatments, and (3) how much moral obligation they felt — or would feel
in hypothetical treatments. The first item was adapted from Steffel et al. (2016) to
measure participants’ desired level of responsibility. The second item assessed actual
felt responsibility, while the third item aimed to capture the role of moral obligation
(Dzindolet et al., 2002). These questions were included as a control to verify whether
delegation is indeed associated with lower levels of desired and felt responsibility, as
well as reduced moral obligation.

We used two complementary measures for participants’ perceptions of AI capability
across all treatments (AI and human). First, participants rated three statements about
AI capability on a five-point Likert scale from 1 (strongly disagree) to 5 (strongly
agree): (1) “In a situation as described in this study, an artificial intelligence (AI) can
make a better decision between two donations than I can”; (2) “I have full confidence
that an AI can make a high-quality decision between two donations in a situation
like this”; and (3) “AI can make good moral decisions.” These items span increasing
levels of generality: item 1 benchmarks AI against the respondent in the specific
study context, item 2 addresses similar donation choices more generally, and item 3
captures respondents’ evaluation of AI as a moral decision-maker in general.

As a second measure of perceived capability, we included the established mind
perception scale by Gray et al. (2007), which has been widely used in prior research
demonstrating aversion based on AI’s perceived mental capacities (Bigman and Gray,
2018; Gray et al., 2012; Young and Monroe, 2019). This scale differentiates between two
dimensions — agency and experience. The experience dimension evaluates whether
participants believe an AI can feel emotions such as compassion or guilt, while
the agency dimension assesses beliefs about cognitive abilities like foresight and
planning.

As in Study 1, participants rated decision difficulty. Whereas Study 1 gathered open-
text reasons for participants’ decisions, Study 2 elicited reasons via a multiple-choice
list derived from recurring themes in the Study 1 responses. These included motives
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such as perceived decision quality, decision difficulty or clarity, and the desire to
either shift or retain responsibility. These data were collected for exploratory analyses
of the motivations underlying delegation behavior.

1.2.2.2 Hypotheses

We aim to replicate the results for Hypothesis 1 in the representative sample. Ad-
ditionally, we introduce hypotheses concerning responsibility and the adaptation
of beliefs about AI capability, as outlined above. We hypothesize that individuals
delegate to shift responsibility and avoid the burden of a moral decision, and that
delegating to AI is especially effective to do so. Since the burden of responsibility is
greater in real-consequence decisions compared to hypothetical-consequence ones, it
follows:

Hypothesis 3 Delegation rates are higher in real-consequence than in hypothetical-consequence
decisions, with this effect being primarily driven by AI treatments.

% DelegationRealCons > % DelegationHypoCons

Interaction Effect: Decision ImpactRealCons × DelegateAI > 0

Furthermore, we hypothesize that individuals adapt their beliefs about AI’s capability
for moral judgment in a motivated, self-serving manner. To test this mechanism,
we compare assessments of AI capability — ranging from more situation-specific
to general perceptions (e.g. mind perception) — across treatments. As treatment
assignment is random, systematic differences can be interpreted as treatment-induced
rather than reflective of pre-existing attitudes.

While prior research shows that individuals are generally skeptical of AI’s ability to
make moral decisions, the desire to delegate and shift responsibility gives individuals
an incentive to adapt more favorable views to rationalize delegation as the reasonable
or even superior course of action. This incentive is weaker in hypothetical scenarios
with lower burden of responsibility and absent in conditions with a human delegate,
thus:7

7 We do not condition this test on delegation behavior, as doing so would introduce endogeneity —
it would be unclear whether individuals delegate because they believe in AI’s capability, or adapt
their beliefs in the AI’s capability motivated by their desire to delegate.
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Hypothesis 4 Perceptions of AI’s capability are rated higher in real-consequence decisions
compared to hypothetical decisions, driven by belief adaptation in the real-consequence AI
condition.

Capability Rating AIRealCons > Capability Rating AIHypoCons

Interaction Effect: Decision ImpactRealCons × DelegateAI > 0

If perceptions of capability are genuine and not subject to belief adaptation, they
should remain stable regardless of decision impact.

1.2.2.3 Results

Result 1 is confirmed in the representative German and U.S. sample, demonstrating
that the effect is not limited to the potentially more AI-affine student population
from a technical university. Participants delegated significantly more often when the
available delegate was an AI (27.8%) than when it was a human (18.32%, 𝑝 < 0.001).
Figure 1.1 illustrates delegation demand in Study 1 and 2. For an overview of
delegation in all conditions, see Appendix A.3, Figure A.5.
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(a) Study 1: Conducted with a student sample, ma-
nipulating delegate × framing (gain vs. loss). The
difference in delegation rates is highly significant
(𝜒2(1, 𝑁 = 800) = 20.08, 𝑝 < 0.001). Delegation to
AI (17%) is 10.25 percentage points higher compared to
delegation to a human (6.75%).
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(b) Study 2: Conducted with a representative sample
from the U.S. and Germany, manipulating delegate ×
decision impact (real vs. hypothetical). The difference in
delegation rates is highly significant (𝜒2(1, 𝑁 = 4, 843) =
61.31, 𝑝 < 0.001). Delegation to AI (27.80%) is 9.48
percentage points higher compared to delegation to a
human (18.32%).

Figure 1.1: Delegation rates for human versus AI treatments in both studies.
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We further analyze whether preferences for AI versus human delegates differ across
cultural samples (U.S. and Germany) and sociodemographic groups. Logistic regres-
sion results indicate that the interaction between sample and delegate type is not
significant (𝑝 = 0.513). Wald tests for sociodemographic factors show no significant
interactions between delegate type and age (𝑝 = 0.635), ethnicity (𝑝 = 0.790), or
gender (𝑝 = 0.717).

Responsibility shifting

To test whether delegation rates differ as the burden of responsibility varies, we
compare delegation rates in real-consequence versus hypothetical-consequence de-
cisions using chi-square tests. Delegation rates to AI are significantly higher when
the decision has real consequences (29.74%) compared to hypothetical ones (25.92%;
𝑝 = 0.036). In contrast, delegation rates for human treatments decrease in real-
consequence decisions (15.93%) compared to hypothetical ones (20.67%; 𝑝 = 0.003).
This pattern for human delegation was not anticipated and explains the null re-
sult across delegate types (22.78% delegation in real-consequence and 23.30% in
hypothetical conditions; 𝑝 = 0.672).

A logistic regression (results in Appendix A.3, Table A.2) confirms the hypothesized
interaction between delegate type and decision impact, depicted in Figure 1.2.
Delegation to AI is 40% less likely in hypothetical-consequence decisions than real
ones (Decision ImpactRealCons × DelegateAI : OR = 0.60, 𝑝 < 0.001).

Result 3 The interaction between decision impact and delegate type reveals opposing trends:
delegation to AI increases significantly in decisions with real consequences compared to
hypothetical ones, while delegation to human delegates decreases under the same conditions.

Delegation is associated with a reduction of perceived responsibility, particularly
when delegating to AI.8 Regression analysis confirms that delegating a decision is
linked to a significant overall reduction of responsibility ratings by an average of
0.76 points (𝑝 < 0.001) on a 5-point scale. This effect is stronger for AI delegates
(DelegationYes × DelegateAI : 𝑝 < 0.001), representing a further reduction of 0.24

8 The interaction effect (DelegationYes × DelegateAI) shows a significant reduction for wanted
responsibility by 0.24 units, felt responsibility by 0.19 units, and perceived moral duty by 0.30
units on a 5-point scale (all 𝑝 < 0.005), see Figure A.2 in Appendix A.3.
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Figure 1.2: Interaction plot of delegation shares by decision impact and delegate type with 95%-CI.
Lower burden of responsibility leads to opposing effects for AI versus human delegates.
Delegation to AI is significantly less likely when consequences are hypothetical rather than
real (Decision ImpactRealCons × DelegateAI ,OR = 0.60, 𝑝 < 0.001).

units compared to human delegates, as illustrated in Figure 1.3. Although baseline
responsibility ratings are slightly higher for AI than for human delegates (𝛽 =

0.16, 𝑝 < 0.001), delegation is associated with lower responsibility when the delegate
is an AI. Detailed results are provided in Table A.3 in Appendix A.3.
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Figure 1.3: Interaction plot of mean responsibility ratings on a 5-point scale by delegation decision
and delegate type. Error bars represent standard errors. Delegation significantly reduces
perceived responsibility, with a stronger reduction observed when delegating to AI than a
human delegate (DelegationYes × DelegateAI , 𝛽 = 0.24, 𝑝 < 0.001)
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Belief Adaptation

To understand why AI delegates may in particular enable responsibility shifting, we
turn towards participants’ perceptions of AI’s capability to make moral decisions.
When aggregated across treatments, the overall increase in AI capability ratings for
real-consequence (MRealCons = 2.64) compared to hypothetical-consequence decisions
( MHypoCons = 2.56) is statistically significant but small (t-test, 𝑝 = 0.0016, 𝑑 = 0.09).9

However, consistent with the idea of belief adaptation to justify delegation under the
burden of responsibility, separate analyses for AI and human treatments reveal that
this effect is driven entirely by AI treatments. For AI treatments, capability ratings
are significantly higher in real-consequence decisions (MRealCons = 2.81) compared
to hypothetical-consequence decisions (MHypoCons = 2.63; 𝑝 < 0.001, 𝑑 = 0.17). In
contrast, no significant difference is observed in human treatments (MRealCons = 2.47,
MHypoCons = 2.47; 𝑝 = 0.42, 𝑑 = 0.008). These results, illustrated in Figure 1.4, confirm
that the observed differences arise specifically in AI treatments, aligning with the
notion of belief adaptation when real-consequences are coupled with an AI delegate.

Regression analysis further corroborates this interpretation, showing that capability
ratings are consistently higher in AI treatments (𝛽 = 0.33, 𝑝 < 0.001), with a significant
interaction: Ratings are significantly lower in hypothetical-consequence decisions com-
pared to real ones when the delegate is an AI (Decision ImpactHypoCons ×DelegateAI :
𝛽 = −0.16, 𝑝 = 0.006). The main effect of decision impact (𝛽 = −0.008, 𝑝 = 0.84) is
not significant, indicating that belief adaptation is driven by the interaction between
delegate type and decision impact (detailed results in Appendix A.3, Table A.4).

Results for mind perception reveal further nuances in participants’ assessment
of AI’s capabilities, specifically its broader mental capacities. For AI treatments,
experience — the perceived ability of AI to exhibit emotions or empathy (Bigman and
Gray, 2018; Gray et al., 2007, 2012) — is rated higher in real-consequence decisions
(MRealCons = 1.83) than in hypothetical ones (MHypoCons = 1.70), as shown by a
t-test (𝑝 = 0.0028, 𝑑 = 0.13). Again, consistent with motivated belief adaptation, no
significant effect is observed in human treatments (MRealCons = 1.71 vs. MHypoCons =

1.65, 𝑝 = 0.12, 𝑑 = 0.06). By contrast, agency — capturing cognitive attributes such
as foresight or planning (Bigman and Gray, 2018; Gray et al., 2007, 2012) — remains

9 The result is also significant for all individual items. Notably, the strongest effect is observed for
the most general statement — the ability of AI to make moral decisions in general, see Figure A.3.
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stable across decision impact for both human (𝑝 = 0.58) as well as AI delegates
(𝑝 = 0.20).

Result 4 Participants rate AI’s capability to make moral decisions higher when facing a
decision with real consequences when AI is the available delegate. In human treatments,
capability ratings do not vary by decision impact; thus the difference is specific to the AI
condition, consistent with motivated belief adaptation.
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Figure 1.4: Interaction plot of mean capability ratings on a 5-point scale by decision impact and delegate
type. Error bars represent standard errors. Capability ratings are significantly higher in real-
consequence scenarios when the delegate is AI, while decision impact alone does not affect
ratings in human treatments (Decision ImpactHypoCons ×DelegateAI , 𝛽 = −0.16, 𝑝 = 0.006).

An exploratory regression analysis of capability ratings by delegate type and delega-
tion behavior adds additional context to these findings (see Table A.5). Participants
who delegated the task to AI rated its capability significantly higher, by approximately
0.73 points on a 5-point scale, compared to participants who decided themselves or
those in treatments with human delegates (DelegationYes ×DelegateAI : 𝛽 = 0.73, 𝑝 <

0.001). This pattern is replicated in the results for the mind perception scale: re-
gression analyses show a significant interaction effect between delegate type and
delegation decision on experience (DelegationYes × DelegateAI : 𝛽 = 0.16, 𝑝 = 0.022),
and agency (DelegationYes × DelegateAI : 𝛽 = 0.29, 𝑝 < 0.001).

As in Study 1, delegation rates are lower for individuals finding the decision “very
easy” (16.5%) compared to those who find it “very difficult” (40.7%, 𝑝 < 0.001).
Details are illustrated in Figure A.4 in Appendix A.3.
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1.3 Discussion

1.3.1 Delegation Demand for AI: Beyond Algorithm Aversion

More individuals delegate a moral decision when given the option to delegate to AI
rather than to another person. This finding contrasts with the prevailing narrative of
algorithm aversion specifically in the moral domain (Bigman and Gray, 2018; Burton
et al., 2020; Castelo et al., 2019; Gogoll and Uhl, 2018; Mahmud et al., 2022), which
would predict less delegation to AI in such contexts. Our results indicate that AI
holds a relative appeal as a moral delegate compared to human counterparts.

This outcome is particularly striking considering our design choices that typically
amplify algorithm aversion (no transparency, no quality assurances, no anthropo-
morphic cues, no human oversight). As detailed in Section 1.2.1.1 the AI–human
delegation gap in our findings should be read as a lower bound. The only factor
potentially mitigating aversion in our study is the nature of the comparison agent —
a non-expert human delegate. However, in the moral domain, in particular in moral
dilemmas where there is no clear “right” or “wrong” (Anderson and Anderson, 2011),
the concept of expertise becomes less applicable. The robustness of the observed
effect is underscored by its consistency across U.S. and German samples and across
age, gender, and ethnicity, as well as the decision’s framing.

This appeal of AI as a moral delegate raises concerns about a potential misalignment
between individuals’ willingness to rely on AI when they are the decision-maker
and widely expressed preferences to retain human control in moral domains. The
availability of AI tools could place considerable moral agency in the hands of machines,
against societal preference to keep moral decision-making under human authority.
Such reliance in difficult moral decisions may also substantiate previously expressed
theoretical worries about the erosion of essential human capacities, such as moral
reasoning and ethical judgment, by normalizing delegation in challenging situations
(Danaher, 2019; Vallor, 2015).

Crucially, our findings contribute to the ongoing discussion of AI in morality by
indicating that the role individuals assume in the decision-making process and how
they may be personally affected are pivotal in shaping preferences regarding AI’s
involvement and behavior in moral contexts. When tasked with making a difficult
moral decision themselves, delegation is especially sought-after: participants who
rated the decision as more difficult also were more likely to delegate it. This suggests
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that delegation is unlikely to simply reflect indifference toward the donation choice.
Instead, reasons for delegation may include a desire to reduce effort or minimize
potential regret associated with making a moral decision (e.g. Steffel et al., 2016).
Notably, these factors have similar effects for AI and human delegates: in both cases,
delegation removes the need to decide and to learn the outcome. Consequently, they
cannot fully account for the higher delegation to AI.

One possible explanation could be a shift in perception of AI’s capability in moral
decision-making. For instance, due to the increasing prevalence and popularity of
large language models and tools like ChatGPT, individuals may now genuinely trust
AI more than the average person to make a sound moral choice. However, as the
following discussion of the results on responsibility and capability shows, individuals
may also have an incentive to become more accepting of AI as a moral delegate, when
it enables them to justify avoiding the burden of responsibility.

1.3.2 Off-loading Responsibility Through Capability Belief Adaptation

Our study extends the delegation literature by demonstrating that the mechanism of
responsibility shifting applies not only to human delegates but also to AI. Moreover,
AI appears to offer a unique means to off-load responsibility in morally complex
decisions, facilitated by belief adaptation about the AI’s capability.

The significant interaction between decision impact and type of delegate (Result 3)
aligns with the idea that the burden of responsibility in real-consequence decisions
uniquely shapes delegation patterns, with AI appearing to facilitate responsibility
shifting more effectively than human delegates. This dynamic is reflected in partici-
pants’ feelings of responsibility and moral obligation: all delegation is associated with
a lower rating of felt responsibility after the decision, but this effect is significantly
more pronounced when the delegate is an AI. Whether individuals who feel and
want less responsibility delegate more often, or whether delegation itself reduces
perceived responsibility, remains unclear. Nevertheless, the observed tendency that
delegation is more frequent among participants who find the decision harder suggests
that delegation is a strategy to alleviate the burden of the decision, and that this is
reinforced by the option to delegate to AI.

Off-loading moral responsibility to other humans may be hard to rationalize. Because
moral judgments are inherently subjective, there are few plausible reasons to rely
on another person’s decision other than wanting to avoid facing the choice. When
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the alternative is another human decision-maker, participants may feel a duty to
decide themselves (“if a human decides, it should be me”). By contrast, AI may
represent an entirely different decision procedure. Although people typically prefer
human control in moral domains and view AI as inferior to make moral decisions,
being the responsible decision-maker faced with a difficult, consequential choice
can nevertheless prompt individuals to reach for this tool. This willingness may
be enabled by ambiguous perception of AI’s capability as a moral decision-maker,
which creates ‘wiggle room’ about the intentions behind delegation, and allows it
to be framed as appropriate rather than evasive. Our findings provide evidence
for self-serving adaptation of capability beliefs. Qualitatively, AI delegation is most
commonly justified with a ‘better decision’ (Table A.6) — essentially turning AI
into a kind of ‘magic wizard’ more capable of solving the problem without knowing
much about its actual decision-making process or substantiating what it is that
makes AI more suitable to decide. Quantitatively, capability ratings rise only in
AI and real-consequence conditions (Figure 1.4), consistent with motivated belief
adjustment. While it is possible that participants who already viewed AI as capable
are also more likely to delegate, this does not account for the observed interaction
between the level of responsibility induced by decision impact and delegate type
(Result 4). The observed inflation of AI capability ratings when stakes are high and
the delegate is an AI appears to reflect a form of self-deception, akin to the moral
wiggle-room described by Dana et al. (2007) and Fahrenwaldt et al. (2024). Here,
individuals seem to reinterpret ambiguous circumstances — stemming from the AI’s
opaque nature — to avoid feeling responsible or engaging with the decision and its
outcomes, while maintaining the belief that they “did the right thing”. Although
a lack of perceived capability is a key reason for aversion toward AI making moral
decisions (e.g. Bigman and Gray, 2018; Castelo et al., 2019; Gray et al., 2012), our
results accord with prior findings on delegation to humans suggesting that, in other-
regarding decisions, the desire to avoid responsibility can outweigh concerns about
the delegate’s qualifications (cf. Steffel et al., 2016).

By applying the established mind perception scale to assess agency and experience
(Bigman and Gray, 2018; Gray et al., 2007, 2012), our findings can be contextualized
within a broader body of work on the perception of AI. Agency ratings remain stable,
while experience ratings — which describe the emotional abilities crucial to moral
decision-making (Bigman and Gray, 2018; Gray et al., 2007, 2012) — rise in AI × real-
consequence conditions (see 1.2.2.3). For both dimensions of mind perception, we
observe the same interaction effect between delegation decision and delegate type as
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seen in the other capability ratings. Our observations indicate that mind perception is
context-dependent and influenced by delegation behavior. Consistent with previous
findings and mind perception theory, individuals rate agency for AI higher than
experience. Despite generally low ratings especially for experience, participants in
our study appear willing to delegate moral decisions to AI. Belief adaptation being
specific to experience aligns with findings that this dimension is the differentiating
factor and specifically desired in subjective, emotional or social tasks such as moral
decision-making (e.g. Appel et al., 2020; Wiese et al., 2022).

The observed behavioral patterns pose societal challenges. Sharing or delegating de-
cisions reduces feelings of moral responsibility, potentially increasing the occurrence
of unethical behavior and problematic decision outcomes (e.g., Bartling et al., 2023;
Bartling and Fischbacher, 2012; Falk et al., 2020; Falk and Szech, 2013). While this
dynamic is concerning in general, it is particularly relevant for AI systems, as it adds
to the unresolved issue of where responsibility is ultimately transferred and who
should be held accountable for decision outcomes. High demand for AI delegation
may exacerbate these responsibility gaps (Matthias, 2004; Santoni de Sio and Mecacci,
2021) in sensitive, high-stakes domains as hiring (Dattner et al., 2019), healthcare
(Obermeyer et al., 2019) or the judicial system (Dressel and Farid, 2018; Metz and
Satariano, 2020; Rudin et al., 2020). Furthermore, if individuals adapt their perception
of AI’s capabilities or actively avoid honestly evaluating the AI’s competence in a
self-serving manner, this raises questions about the true effectiveness of a human in
the loop as an oversight mechanism. While such measures are intended to ensure
accountability, their success may depend on users’ willingness to engage critically
rather than exploit ambiguity to shift responsibility.

1.3.3 Limitations and Future Research

While our study provides valuable insights into the mechanisms of delegation to AI
in moral decision-making, several limitations warrant consideration.

First, as described in Section 1.2.1.1, our study employs a deliberately minimalist
design. Future research should examine whether providing transparency informa-
tion about AI decision-making processes or incorporating anthropomorphic cues
influences delegation demand. For instance, providing participants with detailed
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information might further legitimize delegation by reinforcing perceptions of AI com-
petence and human-likeness and reducing algorithm aversion, potentially amplifying
the observed effects.

Secondly, future studies may explore interventions designed to counteract respon-
sibility shifting and ensure that accountability for moral decisions remains with
decision-makers, such as emphasizing joint responsibility between the decision-maker
and the delegate or explicitly tracing decision outcomes back to the delegator.

Finally, our findings capture a momentary snapshot of how individuals currently
perceive and interact with AI in moral decision-making contexts. As AI systems
become increasingly integrated into daily life, longitudinal research is needed to
explore how underlying dynamics may evolve.

1.4 Conclusion

Despite expectations based on algorithm aversion literature that people are reluctant
to use AI in high-stakes moral decisions, our study reveals a greater demand to
delegate moral decisions to AI — particularly when the burden of responsibility
weighs heavily. AI appears to provide a convenient means of shifting responsibility,
as delegators may rationalize their choice by inflating beliefs about the AI’s capability.
This may introduce ethical challenges. Our results seem to indicate that ambiguity
and opacity, often inherent to AI’s decision-making, diminish feelings of responsibility,
guilt or accountability, as outlined by Köbis et al. (2021). Furthermore, our findings
lend empirical support to concerns about overreliance on AI for moral decision-
making (Danaher, 2019; Vallor, 2015). This raises critical questions about how ethical
standards in sensitive and highly consequential contexts can be upheld. Transparency
and human oversight — the ‘human in the loop’ — are often championed as solutions
to these challenges and are core components of existing regulatory frameworks such
as the EU’s General Data Protection Regulation (GDPR, 2016). However, this concept
might have limitations if individuals wish to evade responsibility. Given the scalability
of AI systems (Klockmann et al., 2022) and the demonstrated demand for delegating
moral decisions to AI, this could result in a substantial number of high-stakes decisions
being made by AI systems, affecting a large number of people. Therefore, ensuring
clear accountability mechanisms and minimizing opportunities for responsibility
evasion are vital. Further research is needed to explore the behavioral dynamics
underlying these patterns and to develop strategies for mitigating potential ethical
risks.





2 How Affect and Motivations Shape Demand for
Explanations in Moral AI Decisions

Abstract

Transparency and explainability are widely treated as central governance principles
for human oversight and accountability in AI-assisted decision-making, especially
when outcomes have ethical implications. Yet it remains unclear whether users
actually choose to engage with explanations when AI decisions carry moral weight.
This study examines when people request explanations for AI decisions in moral
versus neutral contexts and which affective and motivational mechanisms shape this
choice. In two preregistered online experiments (𝑁 = 393; 𝑁 = 492), participants
are presented with an AI decision in a trolley-type moral dilemma or a matched
property-damage scenario and can choose whether they want to view an explanation.
Explanation demand is high and, on average, does not differ between contexts.
Moral scenarios nonetheless raise anticipated affective costs and increase defense-
related motivation. Curiosity robustly predicts explanation uptake, while decision
congruence between the AI and the participant’s own judgment reduces demand.
Mechanism tests further show that accuracy motivation is associated with higher
explanation demand, whereas defense motivation is associated with lower demand,
with suggestive evidence that this negative association is stronger when the AI
decision conflicts with participants’ initial view. The findings suggest a potential
vulnerability of explainability-based governance in precisely the cases where moral
scrutiny is most needed.

0 This chapter is joint work with Jella Pfeiffer, Pascal Heßler, and Hannah Seidler.
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2.1 Introduction

A rtificial intelligence (AI) is, and increasingly will be, employed in decision-
making processes in domains that carry moral weight (Bonnefon et al.,
2024). In such settings, decision quality cannot be reduced to conventional

performance metrics such as accuracy or efficiency, because they often have no clear
right or wrong solution. Instead, these decisions involve complex ethical trade-offs —
whose interests are prioritized, how harms and benefits are distributed, and which
principles prevail when values conflict (Anderson and Anderson, 2011; Awad et al.,
2018; Jones, 1991; Klockmann et al., 2022; Köbis et al., 2021). The balance between
these different moral values varies systematically across individuals and cultures
(Awad et al., 2018). Not only do these decisions fall into highly sensitive domains,
they are also applicable at scale, potentially shaping far-reaching outcomes for large
populations (Klockmann et al., 2022). For example, if risk assessment tools inform
bail, parole, or sentencing decisions, systematic differences in predicted risk can
cumulatively affect incarceration rates and life trajectories across large populations
(Angwin et al., 2022; Dressel and Farid, 2018). Even when ethical rules are not
explicitly considered or encoded, any model trained on data and deployed in morally
charged settings implicitly embeds values in how decisions are made (Allen et al.,
2006). The societal stakes of keeping AI systems involved in moral decision-making
accountable and aligned with shared ethical standards are therefore high.

Transparency and explainability are widely advocated as the answer to these chal-
lenges both in AI ethics guidelines (Jobin et al., 2019) and in legal regulation (e.g.
GDPR, 2016). Explanations are expected to enable oversight and contestability by
helping users and affected parties understand and potentially challenge AI outputs
(Binns, 2018). Much of the explainable AI (XAI) literature has focused on how to
generate and evaluate explanations in terms of their instrumental usefulness, such
as accuracy, understandability, clarity, and precision (Doshi-Velez and Kim, 2017;
Guidotti et al., 2018; Hoffman et al., 2023; Miller, 2019). Yet providing such informa-
tion is only effective in ensuring human oversight if users will actually engage with
and cognitively evaluate it. Empirical findings on explanation effects are mixed and
context-dependent and show that explanations can increase cognitive burden or act as
persuasive cues rather than epistemically diagnostic information (Bansal et al., 2021;
Eiband et al., 2019; Liao et al., 2020; Poursabzi-Sangdeh et al., 2021). Recent evidence
syntheses further suggest that empirical work on how explanations shape human
behavior in AI-assisted decision-making remains relatively limited and concentrates
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on outcomes such as performance, reliance, and trust in largely instrumental tasks
with verifiable outcomes (Rogha, 2023). Even less is known about explanation take-up
in moral decision contexts. Moral dilemmas may introduce distinctive motivational
forces: making value trade-offs explicit may trigger discomfort and avoidance, while
explanations that reveal underlying ethical principles may also evoke curiosity and a
desire to justify or scrutinize decisions. Work at the intersection of XAI and ethics
is often conceptual, emphasizing that transparency can shift responsibility, create
new forms of contestability, or even blur accountability rather than straightforwardly
securing it (Lima et al., 2022; Nannini et al., 2024). Related experimental research
on algorithmic moral advisors shows that people can be influenced by AI advice in
ethical dilemmas (Krügel et al., 2022), but it primarily studies reactions to recommen-
dations once they are provided rather than whether and when individuals choose to
consult explanatory information in the first place. This chapter therefore studies the
behavioral premise for explainability-based governance: when do people choose to
consult explanations of AI decisions specifically in moral compared to other decision
contexts, and when do they prefer not to?

To this end, we conceptualize explanation uptake as a utility-based information choice
in which the value of information is not limited to instrumental decision quality, but
also reflects hedonic and self-regulatory costs shaped by individuals’ motivations (e.g.
Loewenstein, 2006; Stigler, 1961). Research on information avoidance provides the
theoretical foundation for why individuals may prefer not to know (e.g. Caplin and
Leahy, 2001; Golman et al., 2017; Sharot and Sunstein, 2020). Motivated reasoning
and selective exposure further specify the directional motives and process-level
mechanisms shaping which information is acquired and how it is evaluated (e.g.
Hart et al., 2009; Kunda, 1990). In moral contexts, where decisions are tied to
values, identity, and moral conviction, directional motivation and congeniality-based
selectivity are likely to be stronger, so explanations are likely to be sought when they
offer relief, validation, or satisfy curiosity by closing knowledge gaps, but avoided
when they are expected to trigger anxiety, cognitive discomfort, regret, or threat to
self-image (e.g. Festinger, 1957; Loewenstein, 1994; Skitka et al., 2005).

We test this in two preregistered online studies. Participants observe an AI decision
in either a morally charged (trolley-type) or a neutral (property-damage) scenario
and then decide whether to consult an explanation. Study 1 examines countervailing
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affective pathways (curiosity vs. anticipated anxiety), and Study 2 adds decision con-
gruence and measures accuracy- versus defense-related motivations while balancing
congruence within contexts.

Across both studies, we find that explanation demand is high and does not differ
on average between moral and neutral contexts. However, moral contexts increase
anticipated psychological costs (anxiety and dissonance) and defense motivation. In
mechanism analyses, we show that explanation uptake is shaped by motivational
forces that pull in opposite directions, and that these forces operate differently
depending on whether the AI’s decision aligns with the user’s own judgment. This
aligns with patterns of selective engagement with explanations rather than uniform
avoidance. For governance, this suggests that explanations may not automatically
translate into oversight, because in moral contexts people may engage strategically
when the information feels beneficial and disengage when it feels costly.

The remainder of the chapter proceeds as follows. Section 2.2 develops a value-based
account of explanation uptake drawing on information avoidance and motivated
cognition. Section 2.3 describes the research design, preregistered analysis strategy,
and presents and discusses the results of Study 1 (emotional drivers of explanation
uptake) and Study 2 (decision congruence and accuracy- versus defense-related
motivations). Section 2.4 integrates the findings and discusses what they imply for
transparency-based governance in moral AI contexts. Section 2.5 concludes.

2.2 Related Literature

Across influential AI ethics guidelines and emerging regulation, transparency is
the most emphasized core principle for ensuring ethical and responsible use and
for establishing trustworthy AI, although implementation recommendations vary
(Attard-Frost et al., 2023; High-Level Expert Group on Artificial Intelligence, 2019;
Jobin et al., 2019). Transparency functions as a broad umbrella concept encompassing
measures to increase interpretability, explainability, accessibility, traceability, and
disclosure of information, e.g., about data use, model design, or system limitations
(Felzmann et al., 2019; High-Level Expert Group on Artificial Intelligence, 2019; Jobin
et al., 2019; Weller, 2019). Explainability and interpretability are linked to transparency in
that they operationalize it for affected parties (Barredo Arrieta et al., 2020; High-Level
Expert Group on Artificial Intelligence, 2019; Nougrères, 2023). They more narrowly
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describe whether stakeholders can obtain understandable reasons for specific system
outputs, either through inherently interpretable (glass-box) models or through post-
hoc methods that explain otherwise opaque (black-box) models (Barredo Arrieta et al.,
2020; Doshi-Velez and Kim, 2017; Gilpin et al., 2018; Goodman and Flaxman, 2017;
Lipton, 2016; Miller, 2019). While post-hoc approaches can be useful, they may also
be approximate and thus risk creating explanations that are persuasive without
being faithful to the underlying decision logic (Guidotti et al., 2018; Lipton, 2016;
Rudin, 2019). Explainable AI research discusses different modeling approaches and
explanation techniques (e.g., LIME, SHAP) and aims to establish measures for what
counts as an adequate explanation (Adadi and Berrada, 2018; Barredo Arrieta et al.,
2020; Gunning and Aha, 2019; Lundberg and Lee, 2017; Minh et al., 2022; Ribeiro
et al., 2016).

2.2.1 Explanations as a Mechanism for Human Oversight

Transparency and explainability are treated as central governance levers for algo-
rithmic decision-processing because they are prerequisites for accountability. They
provide reasons and decision criteria that can be assessed (Binns, 2018; Doshi-Velez
and Kim, 2017), which in turn supports contestability and human oversight by allowing
affected parties to question, challenge, and intervene in automated decisions (GDPR,
2016; High-Level Expert Group on Artificial Intelligence, 2019; Wachter et al., 2017;
Winfield, 2019). Without transparency, autonomous systems may create responsibility
gaps, undermining the attribution of moral and legal responsibility and weakening
avenues for redress (Matthias, 2004). Explainability is also seen as a way to foster trust
by making system behavior more understandable and predictable to users (Phillips
et al., 2021; Shariff et al., 2017), which is especially relevant in moral contexts, where
people are more averse towards algorithms making decisions (Bigman and Gray,
2018; Gogoll and Uhl, 2018; Jago, 2017).

Legislation that aims to manage risks and potentially harmful impacts of AI echoes
this reasoning for why AI systems operating in ethically sensitive, high-stakes
domains require transparency and explanations. For example, the EU has introduced
transparency and information duties for high-risk systems (European Parliament and
Council of the European Union, 2016, Art. 13) and established a “right to [...] obtain
an explanation of the decision reached [...] and to challenge the decision” (GDPR,
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2016, Recital 71) for decisions with significant impacts on individuals (European
Parliament and Council of the European Union, 2016, Art. 13, 86).

The effectiveness of explanations as a safeguard for ethical standards hinge on the
premise that users consult them and interpret them carefully. Crucially, much of the
policy and design discourse around transparency relies — often implicitly — on this
assumption. However, depending on real-world contexts, explanations may be costly
in attention, effort, and emotional burden.

2.2.2 Effectiveness of Explanations for AI Systems

For user-facing contexts, it is important to understand what makes a “good” explana-
tion from a human-centered perspective. Findings from philosophy and cognitive
and social sciences on how humans evaluate explanations suggest that whether
explanations are wanted and effective is subject to various psychological factors and
depends on context (Doshi-Velez and Kim, 2017; Liao et al., 2020; Lim et al., 2009;
Miller, 2019; Rahwan et al., 2022). For instance, Miller (2019) argues that human
explanations are typically contrastive (why A rather than B), selective (highlighting
a few specific factors), and sensitive to the explainee’s goals in a given context,
and that these characteristics need to be mirrored by explainable AI systems to be
useful. Related work in human–computer interaction (HCI) on intelligibility similarly
shows that different explanation types answer different user questions and can have
qualitatively different effects on understanding and trust (Lim et al., 2009). In practice,
this implies that providing an explanation is unlikely to have uniform consequences
across tasks, users, and situational stakes because the informational needs and costs
of processing vary (Liao et al., 2020; Lim et al., 2009).

Empirical evidence further challenges the simple idea that explanations reliably
improve decisions and help users calibrate trust. Several studies demonstrate that
explanations can change user behavior, but effects are often mixed, context-dependent,
and can even have unintended adverse consequences for decision quality and trust
calibration. Bauer et al. (2023) show that feature-based XAI explanations, which
attribute a prediction to the (often ranked or weighted) contribution of individual
input features, can shift users’ situational weighting of information and mental
models. But since these adjustments are shaped by confirmation bias, misconceptions
may persist and even intensify, and ultimately produce suboptimal or biased decisions.
Poursabzi-Sangdeh et al. (2021) and related work on information overload reveal
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that more information can lead to an increase in cognitive burden and thereby
paradoxically make users less capable of identifying and correcting an AI model’s
mistakes. Additionally, explanations can function as persuasive cues rather than
epistemically diagnostic information: “placebic” explanations can increase perceived
trustworthiness even when they do not add meaningful insight into the underlying
decision process (Eiband et al., 2019) and increase acceptance of AI recommendations
regardless of correctness (Bansal et al., 2021).

Evidence from morally sensitive contexts suggests that human oversight can fail
behaviorally if users do not act on the information they receive. In principle,
individuals are especially averse to algorithmic moral decision-making and prefer
human control (Bigman and Gray, 2018; Castelo et al., 2019). Yet, when acting as
users themselves, they do not necessarily apply the same rigor or skepticism; instead,
they may rely on moral AI systems in a comparatively uncritical manner (Hüholt and
Szech, 2026; Köbis et al., 2021; Krügel et al., 2023a,b). When additional transparency
information is available, it is not guaranteed to be processed in a normatively desirable
way or necessarily improve scrutiny. Krügel et al. (2022) study moral advice from
algorithms and explicitly probe whether people react to trustworthiness cues about
an AI system’s training data. Across experiments, users follow the algorithm’s advice
even when they are given information that warrants distrust.

These observations motivate a shift in perspective. Rather than treating transparency
and explainability as a panacea for ethical checks and balances — one that automati-
cally empowers users to serve as the corrective human in the loop — it is essential to
understand when users choose to access explanations and how they use them. Even if
explanations can be beneficial under some conditions, users may rationally decide not
to consume them. This ties in with theories that conceptualize information demand
— and avoidance — as a utility-based choice.

2.2.3 Information Demand as a Choice

Classic accounts treat information acquisition as a choice under costs, such as time,
attention, and cognitive effort, and benefits, i.e. improved decisions, implying that
information demand should be strongest when it is instrumentally useful (Stigler,
1961). Following this approach, opening opaque AI systems is not merely a technical
challenge. Behaviorally, engaging with an explanation is an information choice
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based on its assigned value and utility. Users decide whether to seek potentially
consequential information and how to use it.

Subsequent research on the subject demonstrates that the value of information
cannot solely be reduced to instrumental decision quality. It can also have hedonic
and self-regulatory consequences (e.g., reducing uncertainty or protecting one’s
self-image), implying that individuals may sometimes prefer not to know (Caplin
and Leahy, 2001; Golman et al., 2017; Loewenstein, 1994; Sharot and Sunstein, 2020).
Beliefs and information can enter the utility function directly and become sources of
pleasure or pain (Loewenstein, 2006). This aligns with economic models that explicitly
incorporate anticipatory emotions, such as suspense, hope, or anxiety, into preferences
under uncertainty (Caplin and Leahy, 2001; Loewenstein, 2000; Rick and Loewenstein,
2008). Therefore, information demand can be viewed as an affective trade-off: people
may seek information when it provides relief, control, or understanding, but avoid it
when it is expected to induce distress, regret, or self-threat (Golman et al., 2017).

2.2.4 Emotions as Determinants of Information Seeking and Avoidance

Explanations for AI systems should be subject to the same logic. Explanations may
be demanded when they promise actionable insight, reduce uncertainty or promise
hedonic benefits, but avoided when they are expected to evoke negative emotions
like anticipated guilt, threat to self-image, or regret. This framing motivates a closer
look at affective drivers of explanation demand in particular for moral contexts.

2.2.4.1 Seeking Information — Curiosity and Intrinsic Utility of Information

From a hedonic-utility perspective, individuals may seek information when they
anticipate it to evoke positive feelings like relief, pride, or a sense of closure, or to
reduce negative feelings like worry or fear (Savolainen, 2014; Sweeny et al., 2010; Yang
and Kahlor, 2013), and to satisfy their curiosity. Loewenstein (1994) links curiosity
to a perceived knowledge gap between what one knows and what one wants to
know. When attention is drawn to this gap, it can produce an aversive feeling of
deprivation that motivates information seeking, making gap closure subjectively
rewarding (Loewenstein, 1994). At the same time, anticipated negative affect about
what one might learn can dampen information seeking when the information is
expected to be unpleasant or self-threatening (Loewenstein, 1994; Sweeny et al.,
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2010). Curiosity is a key driver for information seeking (Berlyne, 1954; Savolainen,
2014). Situational triggers of curiosity include stimulus novelty, complexity, un-
certainty, or violated expectations (Berlyne, 1954; Litman, 2008; Loewenstein, 1994;
Maheswaran and Chaiken, 1991). Correspondingly, for XAI, Hoffman et al. (2019)
argue that explanation-seeking is largely curiosity-driven and suggest evaluating XAI
by capturing users’ curiosity and the triggers that prompted their questions.

This research implies a straightforward pathway to explanation demand for AI
decisions. An opaque AI system can elicit uncertainty, which creates curiosity, which
in turn increases information seeking — particularly when the decision is more
complex, novel, or consequential, as in emotionally and value-laden decisions. Thus,
moral scenarios might increase information demand through heightened curiosity,
even while other motives push in the opposite direction.

2.2.4.2 Information Avoidance — Anxiety and Dissonance

Conversely, prior research highlights that people sometimes choose not to know, even
when information is freely available and potentially useful. In economics and decision
science, this idea is formalized as information avoidance, which describes any behavior
aimed to avoid or delay access to information that is readily obtainable but could be
undesired (Golman et al., 2017; Sweeny et al., 2010). Information avoidance can be
driven by three different goals. First, individuals may anticipate that the information
will threaten positive beliefs they hold about the self (i.e. self-image protection), others
or the world. Second, they may expect that learning the information will oblige difficult,
costly, or otherwise undesired action. Finally, people may avoid information to regulate
emotions — either to prevent anticipated negative emotions or the diminishing of
pleasant emotions (Eil and Rao, 2011; Grossman and van der Weele, 2017; Hertwig
and Engel, 2016; Leydon et al., 2000; Möbius et al., 2022; Sharot and Sunstein, 2020;
Sweeny et al., 2010; Wilson et al., 2005). These motives can operate independently
or jointly, with emotional regulation suspected to be the most commonly relevant
(Sweeny et al., 2010). The more individuals expect any of these factors from gaining a
piece of information, the more likely they are to avoid it.

Information avoidance is particularly well-known in the context of medical testing for
severe illnesses, where sometimes individuals opt out of learning results to reduce
anxiety — making anxiety a well-explored marker for the emotional regulation
pathway (Lerman et al., 1996; Ropka et al., 2006). However, information avoidance
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has also been documented in other cases. For instance, individuals avoid hearing
conflicting arguments to their preliminary decisions (Jonas et al., 2001; Schulz-Hardt
et al., 2000), and investors avoid looking at their portfolios when the stock market
is down — the so-called ostrich effect, where individuals monitor information less
when it is likely to be bad news (Karlsson et al., 2009; Sicherman et al., 2015).

For moral contexts, a closely related line of work shows that “not knowing” can
serve moral self-regulation. In moral wiggle room paradigms, people sometimes prefer
ignorance when it enables selfish behavior in a self-interest trade-off while protecting
their self-image (Dana et al., 2006, 2007; Grossman and van der Weele, 2017). In
these paradigms, the information typically bears on a payoff-relevant decision about
whether to act prosocially. By contrast, in our context obtaining an explanation does
not affect participants’ own material outcomes or require any subsequent action,
so avoidance is more plausibly driven by anticipated discomfort and threats to
self-integrity rather than obligation concerns. Still, this line of work illustrates that
information can impose moral costs by affecting self-image and by making norm
violations visible. Similarly, transparency and explainability in AI decision-making
processes may make the inherent ethical trade-offs more apparent in moral domains.
Visibly weighing up competing moral principles and the well-being of individuals
against each other could trigger unpleasant feelings such as anxiety or cognitive
discomfort in users upon receiving the explanation.

Anxiety is well-documented and frequently explicitly named as a source of information-
avoidant behavior (Golman et al., 2017; Loewenstein, 2006; Savolainen, 2014; Sweeny
et al., 2010). Explanations for moral decisions may also carry more potential for
conflict with one’s preferred beliefs and cherished ethical principles (e.g., “I am a
moral person” or “my choice was justified”). A desire to prevent cognitive dissonance
and preserve self-integrity may therefore increase avoidance in moral scenarios (Gol-
man et al., 2017). In our setting, the information choice does not create any material
incentives, so we abstract from concerns about obligation-related action. Instead, we
focus on anticipated anxiety and dissonance-related discomfort as affective markers of
the emotional-regulation pathway, with dissonance also capturing the psychological
conflict that arises when new information challenges held beliefs.
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2.2.5 Motivated Reasoning and Selective Exposure

Beyond (hedonic) costs and benefits, explanation uptake may also be shaped by
cognitive motivations that guide both what information people choose to encounter
and how they interpret what they encounter. Two concepts are central here: selective
exposure, which focuses on the selection of congenial versus uncongenial information,
and motivated reasoning, which focuses on ways in which motives drive individuals’
information processing.

2.2.5.1 Motivated Reasoning and Cognitive Dissonance

Motivated reasoning accounts start from the idea that information processing is
shaped by cognitive goals: accuracy goals — arriving at the correct conclusion — and
directional/defense goals — arriving at a preferred conclusion. Directional reasoning
is constrained. People maintain an “illusion of objectivity” and search memory for
beliefs and inferential rules that can plausibly justify the preferred conclusion (Darley
and Gross, 1983; Greenwald, 1980; Kruglanski, 1990; Kunda, 1990; Pyszczynski and
Greenberg, 1987).

Cognitive dissonance theory provides the motivational foundation for such biases. It
proposes that inconsistency among cognitions (e.g., between beliefs, decisions, and
self-concept) produces psychological discomfort that individuals wish to resolve
(Agrawal and Maheswaran, 2005; Elliot and Devine, 1994; Festinger, 1957). Impor-
tantly, dissonance reduction can be achieved not only by changing one’s attitudes but
also by reinterpreting information or by preventing exposure to dissonant information
in the first place. Kunda (1990) notes that directionally motivated phenomena can be
restated in dissonance terms, i.e., as tensions between inconsistent beliefs that trigger
behaviors to regulate aversive feelings. This is mechanistically similar to hedonic
utility described within information avoidance literature.

Prominent empirical research aligns with this framework: individuals tend to require
less evidential support to accept preferred conclusions than to accept non-preferred
ones. Ditto and Lopez (1992) describe this as motivated skepticism, where people apply
stricter validity criteria to undesirable implications. Classic work on biased assimilation
and attitude polarization shows that people often interpret balanced or ambiguous
information in ways that support prior attitudes, and that such interpretations can
strengthen or even intensify those attitudes (Lord et al., 1979). These effects are
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especially likely when the issue is consequential, identity-relevant, or affectively
charged — conditions that commonly apply to moral judgment (Lord et al., 1979;
Taber and Lodge, 2006).

2.2.5.2 Selective Exposure as Motivated Information Choice

Selective exposure describes motivational influences at the level of information
acquisition. People systematically prefer congenial information that supports their
prior position, which is termed congeniality bias (Frey, 1986; Garrett, 2009; Knobloch-
Westerwick, 2014; Sears and Freedman, 1967). Hart et al. (2009)’s meta-analysis links
selective exposure to the motivated-reasoning distinction between defense/validation
and accuracy motives. Again, this is connected to dissonance research, where selective
exposure is often conceptualized as an anticipatory strategy for avoiding dissonance
before it occurs. Jonas et al. (2001) sharpen this link by showing stronger confirmatory
search after preliminary decisions, consistent with commitment-driven dissonance
regulation. Selective exposure is closely tied to confirmation bias (Nickerson, 1998),
which Golman et al. (2017) explicitly describe as partly resulting from selective
exposure and avoidance of inconsistent information, and is discussed as a key driver
of polarization (Lord et al., 1979; Stroud, 2010).

2.2.5.3 Moral Contexts may Shift Motives

Moral decisions differ from other decisions because moral judgments are commonly
tied to identity and to perceived objectivity. As a result, directional motivation and
selective exposure are likely to be amplified in moral contexts as they tend to raise
the psychological stakes of being (in)validated. The literature on moral psychology
suggests that moral judgment is often fast, intuitive, and emotionally driven, with
reasoning frequently serving post-hoc justification rather than accuracy (Ditto et al.,
2009; Greene, 2009; Greene et al., 2004; Haidt, 2001). Moralized attitudes are expe-
rienced as objectively right or wrong rather than as preferences. So-called moral
conviction describes this special motivational force and its behavioral consequences
(Skitka, 2010; Skitka et al., 2005, 2021). Related work in the moral mandate literature
argues that when outcomes are perceived as morally mandated, judgments and
reactions become less about correct procedure and more focused on reaching the
morally preferred outcome, with candidate mechanisms that include both directional
cognition as well as emotions (Mullen and Skitka, 2006; Tetlock, 2003). Motivated moral
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reasoning accounts similarly argue that moral judgments are especially susceptible
to directional processing because people desire to categorize actions (their own or
others’) as moral versus immoral (Ditto et al., 2009), and related work shows flexible
principle use when multiple moral principles could justify different conclusions
(Uhlmann et al., 2009). Congeniality bias is also known to be lower when individuals’
attitudes, beliefs or behaviors are not tied to their values or not held with strong
conviction (Hart et al., 2009).

For explanations for AI decisions, these literatures imply that moral contexts should
not uniformly increase or decrease information demand. Instead, they may alter
anticipated affective responses and strengthen the role of defense motives. This
motivates the mechanism this study aims to explore: in moral contexts, judgment
is expected to become more validation-driven, which should reduce demand when
users anticipate the explanation to conflict with their own moral views. The practical
boundary condition is therefore decision congruence. Explanations that are expected to
be congruent with one’s preferred moral conclusion can serve validation — and thus
be sought — whereas explanations that are expected to be incongruent can threaten
self-image and trigger dissonance-regulation strategies — and thus be avoided.

We thus aim to address the following research questions:

Question 1 Does a moral (vs. neutral) decision context change users’ demand for explana-
tions of AI decisions?

Question 2 To what extent do anticipated affective responses account for explanation uptake,
specifically curiosity as an approach signal versus anticipated anxiety or dissonance discomfort
as an avoidance signal?

Question 3 Is explanation uptake context-dependent in a selective way, such that the
role of decision congruence and underlying cognitive motivations (accuracy-oriented vs.
defense-oriented) explains when explanations are sought versus avoided?

2.3 Research Design

To address the outlined research questions on how moral decision contexts shape the
demand for transparency in AI decision-processes, we conducted two preregistered
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online studies in which participants observed an AI decision in either a morally
charged (trolley-type) or neutral (property-damage) scenario and could subsequently
request an explanation.

Study 1 offers an exploratory test of whether explanation demand differs between
moral and neutral contexts and examines two countervailing emotional pathways —
curiosity and expected anxiety — as potential drivers of explanation seeking versus
avoidance.

Building on this design, Study 2 incorporates decision congruence between partici-
pants’ own choices and the AI’s decision and assesses accuracy- and defense-related
motivations, while dynamically balancing congruence within each context, to test
whether motivational shifts account for context-dependent patterns of explanation
demand.

2.3.1 Study 1: Emotional Drivers

Study 1 examines the impact of anticipated emotions on explanation demand for AI
decision-making, and how this may differ between contexts. It was preregistered
and implemented as an online experiment with a between-subject design in which
participants were randomly assigned to either a moral or a neutral decision scenario.1

2.3.1.1 Procedure and Measures

In total, 458 participants completed Study 1.2 We excluded participants who failed
attention or instruction-comprehension checks, failed a honeypot item, or showed
straightlining across reverse-coded items, resulting in a final analytic sample of
𝑁 = 393.

1 Preregistration at AsPredicted.org: https://aspredicted.org/de4xu3.pdf. The study was con-
ducted via Sosci Survey (Leiner, 2024). Participants were recruited via Prolific as a U.S. representa-
tive sample.

2 To determine the sample size, we calculated the smallest 𝑁 sufficient to achieve a power level of
80%. Based on our research model, we set expectations about the effect sizes (Fritz and MacKinnon,
2007) for each path, using a Monte Carlo simulation to determine the required sample size. For
this, we used the Shiny app provided by Schoemann et al. (2017) for a two-parallel-mediator
scenario. The settings were as follows: 𝑎1 = 0.14; 𝑎2 = 0.14; 𝑏1 = 0.39; 𝑏2 = −0.39; 𝑐′ = 0.14; 𝑟 = 0;
𝑥 = 𝑀1 = 𝑀2 = 1; 𝑌 = 2; all other settings were set to the default. This led to a minimum of 400
valid observations, which we aimed to collect.

https://aspredicted.org/de4xu3.pdf
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In both treatments, participants first reviewed a scenario in which a self-driving car
faces an unavoidable accident, requiring a choice between staying on course and taking
evasive action. In the moral treatment, scenarios followed a trolley-dilemma format
based on the Moral Machine Experiment by Awad et al. (2018). The AI’s decisions were
trained on the preference data from this large-scale study such that the AI mirrored
aggregated human judgments: it assigned a value to the group of pedestrians on each
side of the street and selected the option associated with the lower value (detailed
description in Appendix B.1.3). In the neutral treatment, personal injury was replaced
by property-damage-only accidents. To keep the two contexts comparable outside
of moral significance, we constructed matched moral–neutral scenario pairs. We
mapped pedestrian characteristics (e.g., age and gender) to object characteristics (e.g.,
hardness and height) and traffic-law cues to analogous environmental cues (e.g., road
conditions). To reduce scenario-idiosyncratic distortions, we developed ten such
corresponding sets of scenarios. An example is depicted in Appendix B.1.1.

Participants first indicated how they would decide in the situation to increase their
engagement. They then observed the AI’s decision, received brief abstract information
about its decision logic, and were informed that a more detailed explanation was
available. The primary dependent variable is explanation demand, operationalized
as a binary choice (click vs. no click) to access this explanation. Explanation access
was free and did not entail additional time costs. Participants had to wait 1.5 minutes
regardless of whether they requested the explanation. Moreover, the explanation was
non-instrumental in the sense that it did not affect incentives and was not required for
any downstream task. This makes explanation demand a direct behavioral indicator
of the information’s hedonic and self-regulatory value.

To test the proposed emotional pathways, participants reported anticipated affective
reactions toward reading the explanation immediately before making the explanation
choice. Building on Section 2.2.4, we conceptualize explanation demand as an affective
trade-off and argue that avoidance can be driven by anticipated negative emotions,
including worry, fear, and more broadly anxiety and dissonance-regulation motives.
Accordingly, while “expected negative emotions” can in principle encompass a broader
set of unpleasant affects, we operationalize the avoidance-relevant component of
anticipated negative affect as anticipated state anxiety. We use the well-established
short-form of the State-Trait Anxiety Inventory (STAI), which measures anxiety as a
state (temporary condition) and as a trait (general tendency) (Marteau and Bekker,
1992; Spielberger et al., 1971). To reflect the information-seeking pathway, curiosity
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was measured using six items from the Melbourne Curiosity Inventory (MCI, also
referred to as State-Trait Curiosity Inventory), which adapts the two-dimensional
approach of STAI (Naylor, 1981). From the full 20-item scale, we selected six items to
match the structure of the STAI short form, selecting items that reflect central facets
of curiosity emphasized in the checklist by Hoffman et al. (2019). For our purposes,
we elicit only the state sub-scale for both, prompting via “At the thought of reading
the explanation for the AI decision, right now, at this moment. . . ”.

Finally, the study includes preregistered individual-difference and demographic
controls that can correlate with information seeking and responses to AI — e.g.,
monitor/blunter for general tendencies to avoid or seek threatening information
(Miller, 1987), algorithm aversion, need for control, gender, age, education, and AI
familiarity/usage. Full scales can be found in Appendix B.1.2.

2.3.1.2 Hypotheses

We expect moral decision contexts to intensify both benefits and costs of learning
why the AI decided as it did. As outlined in Section 2.2.4, on one hand, the
higher normative stakes, potential norm violations, and greater complexity in moral
dilemmas may trigger curiosity, increasing explanation seeking. On the other hand,
moral explanations make ethical trade-offs apparent and may lead users to anticipate
anxiety and discomfort, which should reduce explanation seeking. Because these
mechanisms are expected to operate in opposite directions, we do not formulate a
directional prediction for the total effect of context on explanation demand (ED):

Hypothesis 0 Total Effect: The proportion of participants requesting an explanation does
not differ between moral and neutral decision contexts.

EDmoral = EDneutral

Accordingly, we specify two countervailing indirect effects via anticipated anxiety
and curiosity:

Hypothesis 1a Anxiety pathway: Moral compared to neutral contexts increase anticipated
state anxiety, and higher anxiety reduces explanation demand, yielding a negative indirect
effect via anxiety:

Anxietymoral > Anxietyneutral, and
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𝑏1(Anxiety → ED) < 0

Indirect effect: 𝑎1 × 𝑏1 < 0

Hypothesis 1b Curiosity pathway: Moral compared to neutral contexts increase state
curiosity, and higher curiosity increases explanation demand, yielding a positive indirect
effect via curiosity:

Curiositymoral > Curiosityneutral, and

𝑏2(Curiosity → ED) > 0

Indirect effect: 𝑎2 × 𝑏2 > 0

In addition, given that moral decision contexts can shift both the perceived benefits
and the anticipated costs of learning information, the association between anticipated
affect and explanation demand may itself differ across contexts. We therefore examine
whether the effect of anticipated affect (anxiety, curiosity) on explanation demand
differs between moral and neutral contexts (i.e., an interaction effect), as specified in
the preregistration.

2.3.1.3 Results

We analyzed the parallel mediation through affect using latent covariance-based
structural equation modeling (CB-SEM) with a probit link for the binary outcome,
treating mediator indicators as ordinal.3

We compared click rates between the moral and neutral decision context using a chi-
squared test. Click rates were high in both conditions and did not differ significantly
(EDneutral = 88%, EDmoral = 85%; 𝜒2(1) = 0.533, 𝑝 = 0.465). Consistent with this
result, the direct effect of context on explanation demand was not significant in the
mediation model (𝑐′ = 0.035, 𝑝 = 0.829)

Result 0 Explanation demand does not differ between moral and neutral decision contexts.

Next, we tested whether the moral context affects users’ anticipatory emotions and
thus hedonic value of the explanation. Our findings confirm that in moral decision

3 Item 4 of the STAI-6 had to be excluded due to almost perfect correlations with Items 1 and 5
(Heywood case). Item 6 of the MCI had to be excluded to reach acceptable model fit (𝑆𝑅𝑀𝑅 =

0.072, 𝑅𝑀𝑆𝐸𝐴 = 0.081, 90%𝐶𝐼[0.069; 0.094].
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scenarios, anxiety expected from reviewing the explanation is significantly higher
(ΔSTAIneutral−moral ≈ −0.561, Welch’s t-test, 𝑡(359.32) = −6.80,𝑝 < 0.001; 4-point
scale). However, mediation analysis reveals that although the moral context increases
anxiety (𝑎1 = 0.744, SE = 0.111, 𝑝 < 0.001), there is no significant impact of this
increase on explanation demand (𝑏1 = −0.089, SE = 0.075, 𝑝 = 0.233). Thus we
find no indirect effect of moral context on explanation demand through anxiety
(𝑎1𝑏1 = −0.066, SE = 0.056, 𝑝 = 0.239, 95% CI [−0.176; 0.044]).

Result 1a Consistent with Hypothesis H1a moral context increases anxiety. However, this
does not mediate explanation demand.

For curiosity, we observe a small effect opposite to the predicted direction: curiosity
is lower in the moral decision scenarios (ΔMCIneutral−moral = 0.17, 𝑡(384.56) = 2.05,
𝑝 = 0.040), indicating a negative effect of moral context on curiosity (𝑎2 = −0.265,
SE = 0.109, 𝑝 = 0.015). Curiosity strongly predicts explanation demand (𝑏2 = 0.407,
SE = 0.070, 𝑝 < 0.001), which results in a small but significant negative indirect effect
(𝑎2𝑏2 = −0.108, SE = 0.048, 𝑝 = 0.026; 95% CI [−0.202;−0.014]). The total effect of
context, reflecting the net association of moral (vs. neutral) context with explanation
demand across all pathways, is not significant (−0.140, 𝑝 = 0.381), see Figure 2.1.

Result 1b Curiosity mediates explanation demand but yields a small negative indirect effect
of moral context via reduced curiosity.

Context (moral
vs. neutral)

Anxiety

Curiosity

ED
0.74

4∗
∗∗

-0.265 ∗

0.04

-0.089

0.407∗
∗∗

0.21∗∗∗

• Anxiety: 𝑎1 ∗ 𝑏1 path = -0.066, 95% CI [−0.176; 0.044], 𝑝 = 0.239
• Curiosity: 𝑎2 ∗ 𝑏2 path = -0.108, 95% CI [−0.202;−0.014], 𝑝 = 0.026
• Total effect: -0.140, 95% CI [−0.452; 0.173], 𝑝 = 0.381

Figure 2.1: Effect of decision context on explanation demand via anxiety and curiosity, measured with
STAI and MCI items.

We tested interaction effects between context and the mediators by estimating the
latent mediation model as a multi-group CB-SEM (neutral vs. moral) and comparing
the latent paths from anxiety and curiosity to explanation demand across groups. A
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joint Wald test indicates that at least one of these paths differs by context (𝜒2(2) = 6.61,
𝑝 = 0.036). This moderation pattern is driven by anxiety. Higher anxiety predicts
lower explanation demand in the neutral context (𝑏neutral = −0.300, 𝑝 = 0.019),
whereas the association is not present in the moral context (𝑏moral = 0.070, 𝑝 = 0.558).
The slope difference is significant (Δ𝑏anxiety = −0.369, 𝑝 < 0.001). Curiosity predicts
higher explanation uptake in both contexts (𝑏neutral = 0.520, 𝑝 < 0.001; 𝑏moral = 0.355,
𝑝 < 0.001), and the difference in slopes is not statistically significant (Δ𝑏curiosity = 0.166,
𝑝 = 0.084). As a robustness check, the preregistered logistic regression on observed
scale means mirrors the SEM pattern (𝑝context × MCI = 0.252; 𝑝context × STAI = 0.046).
Detailed results can be found in Appendix B.2.1.1.

In an exploratory robustness check, we re-estimated the model including the full
set of preregistered controls. The substantive pattern remains unchanged (no direct
context effect on explanation demand; curiosity as the main predictor; detailed
results in Appendix B.2.1.3). However, decision congruence (DC) emerges as the
most consequential additional factor. The moral versus neutral context impacts
anticipatory affect and information demand differently depending on whether the
AI decision was congruent versus incongruent with participants’ own judgment.
In the controlled model, the moral context increases anticipatory anxiety (STAI
items) primarily under incongruent decisions (context to anxiety at incongruence:
𝑎1 = 0.623), whereas the corresponding effect is absent or reverses under congruent
decisions (𝑎1 + 𝑎13 = −0.098). Conversely, the moral context reduces curiosity (MCI
items) under incongruence (𝑎2 = −0.464) but not under congruence (𝑎2 + 𝑎24 = 0.132).
Because curiosity is positively related to explanation demand and its association
is stronger under congruence, this yields a selectively negative indirect effect via
curiosity under incongruence.

To summarize the behavioral implications from decision congruence, we additionally
estimate a simplified logistic regression that includes the context × DC interaction
term. The interaction, depicted in Figure 2.2, is significant (𝑝 = 0.013), suggesting that
decision congruence is a key boundary condition for context effects on explanation
uptake (Appendix B.2.1, Table B.6). The moral context reduces explanation demand
when decisions are incongruent (ΔEDincong.: neutral−moral = −14.4% 𝑝 = 0.021), whereas
no corresponding reduction emerges for congruent decisions (ΔEDcong.: neutral−moral =

4.4%, 𝑝 = 0.358).

Regression analyses of the emotional response show that this heterogeneity is driven
by curiosity rather than anxiety (Appendix B.2.1, Table B.8). For STAI, the context
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Figure 2.2: Interaction plot of predicted explanation demand by decision context and decision con-
gruence (Study 1) with 95% confidence intervals. Predicted probabilities are based on
a logistic regression of explanation demand on context, decision congruence, and their
interaction.

× DC interaction is not significant (𝑏 = −0.044, 𝑝 = 0.802). For MCI, a linear model
with context, decision congruence, and their interaction shows a negative main effect
of moral context (𝑏 = −0.43, 𝑝 = 0.001) and of congruence (𝑏 = −0.51, 𝑝 < 0.001),
qualified by a positive interaction (𝑏 = 0.56, 𝑝 = 0.001). Accordingly, moral context
lowers curiosity primarily under incongruence, while the congruence-related drop
in curiosity is pronounced in neutral scenarios but largely disappears in the moral
context — with the moral-context effect turning slightly positive under congruence.

However, decision congruence is not experimentally balanced across contexts —
70.98% in moral and 43.50% in neutral treatments — with only 50 participants in
the moral treatment showing incongruent decisions. This may confound results and
motivates the more targeted investigation in Study 2.

2.3.1.4 Discussion

Study 1’s findings indicate that while the moral decision context increases anticipated
anxiety, this increase does not translate into lower explanation demand. Instead,
curiosity is the key predictor of whether participants review the explanation, and the
only significant indirect effect of context operates via a small reduction of curiosity in
the moral condition. This aligns with the mechanism proposed in Sections 2.2.3 and
2.2.4 in that anticipated affect can influence information seeking distinctly depending
on contextual features. In this setting, results suggest that explanation demand is less
responsive to avoidance-related affect (as captured by anticipatory anxiety) than to
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epistemic motivation. This pattern may partly reflect the study design. Participants
evaluated a single, unfamiliar scenario. Such stimulus novelty is known to trigger
curiosity (Section 2.2.4). In addition, participants were observers of theoretical
scenarios rather than directly affected decision targets, which may mitigate the
anxiety-to-avoidance pathway. This is also reflected in the overall high click rates.
Given that explanation demand is already very high across contexts, there is limited
room for additional increases, which may make avoidance effects harder to detect at
the level of total context difference.

However, the results for the context × STAI effects also suggest that anxiety in
moral scenarios may not primarily serve as a signal of avoidance. Instead, the fact
that we only observe the predicted avoidance effect through anticipated anxiety on
explanation demand in the neutral, but not in the moral treatment, aligns with the
interpretation that STAI may coincide with greater engagement, thus weakening its
link to avoidance behavior, potentially explaining its lack of effect on explanation
demand. At the same time, the reduction of curiosity in moral treatments warrants
closer attention, as moral dilemmas involve higher normative stakes and more
complex trade-offs, which would predict higher curiosity. Taken together, these
results indicate that avoidance in moral decisions may not be mediated by anxiety,
but rather by reduced curiosity.

Exploratory robustness checks sharpen this picture, highlighting decision congruence
as a key boundary condition. Curiosity does not simply respond to moral versus
neutral framing per se, but to the combination of decision context and decision con-
gruence. When the decision matches one’s own judgment, the perceived knowledge
gap may be small, so an explanation offers little additional epistemic or hedonic
payoff (Loewenstein, 1994), resulting in a strong drop in curiosity in the neutral
treatment. Moral context, on the other hand, may keep individuals engaged and
interest more stable when the AI decision is aligned with one’s own view. By contrast,
under incongruence, the moral context is linked to reduced curiosity and lower
explanation demand. This pattern is consistent with the idea that moral contexts
amplify psychological tension in case of disagreement and thereby change when
individuals engage with additional information. This lends further credence to the
inference that avoidance manifests less through elevated anxiety and more through a
reduction in curiosity when the information is likely to challenge one’s own judgment.

Overall, Study 1 supports the idea developed in Section 2.2.4 that morality can
shape anticipatory affective responses to explanations of AI decisions and, in turn,
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information-seeking behavior in ways that depend on contextual features. It further
suggests that decision congruence is a key factor in understanding these dynamics.
At the same time, because decision congruence is not balanced between the moral and
neutral contexts in Study 1, context effects and congruence effects may be partially
confounded. This motivates Study 2, which explicitly addresses decision congruence
as a design factor.

2.3.2 Study 2: Decision Congruence and Motivations

Whereas Study 1 focuses on anticipated affect as the primary mechanism, Study 2
extends it in two ways. First, it balances decision congruence (DC) between contexts
to test it as a boundary condition for explanation demand. Second, it elicits partici-
pants’ accuracy- and defense-related motivations to provide a cognitive account of how
congruence influences explanation demand. The study was preregistered.4

2.3.2.1 Procedure and Measures

Study 2 builds on Study 1, retaining the same scenarios, AI decisions, explanation
interface, and choice architecture. Explanation demand is again captured as a binary
decision (click vs. no click). Access to the explanation is free, and time costs are held
constant across options by requiring participants to wait 1.5 minutes regardless of
whether they requested the explanation. In total, 532 participants completed Study 2.
Applying the same quality criteria as in Study 1 yielded a final sample of 𝑁 = 492
participants.5

As in Study 1, decision congruence is operationalized as whether the AI decision
matches the participant’s own initial decision (congruent vs. incongruent). Because
congruence cannot be assigned independently of participants’ choices, we do not
manipulate it directly. Instead, scenario assignment was dynamically balanced during
data collection so that congruence was approximately even within each decision
context, drawing from three matched moral–neutral scenario pairs (selected from the

4 Preregistration at AsPredicted.org: https://aspredicted.org/qz7me9.pdf. The study was con-
ducted via Sosci Survey (Leiner, 2024). Participants were recruited via Prolific as a U.S. representa-
tive sample.

5 Calculation of the minimal sample size sufficient yielded 480 participants. The target sample size
was 500 valid observations after exclusions.

https://aspredicted.org/qz7me9.pdf
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ten pairs used in Study 1). In practice, this was implemented by monitoring cumulative
agreement rates within each context and adaptively drawing more scenarios with
lower (vs. higher) agreement whenever overall agreement in that context deviated
upward.

To capture the motivational state underlying explanation demand, we additionally
measure accuracy and defense motivation using self-report item sets on 7-point Likert
scales. Experimental work typically induces accuracy versus defense/directional
goals and verifies them with brief, task-specific self-report checks rather than relying
on a single widely used standardized scale for these state goals. We followed the
same approach and formulated concise post-decision items tailored to our setting.
The wording aligns with prior operationalization (e.g., Agrawal and Maheswaran,
2005; Chen et al., 1996; Hart et al., 2009). Accuracy items emphasize careful under-
standing and consideration of relevant information (e.g. “I wanted to obtain the
most accurate possible understanding of the situation.”), whereas the defense items
capture the motivation to protect one’s initial judgment and resist information that
could undermine it (e.g., “To what extent did you think about your own original
decision in the situation when evaluating the AI’s decision.”). Full items are reported
in Appendix B.1.2.2.

The affect elicitation again directly preceded the explanation-choice. However, to
align the affect measure more closely with dissonance-based grounding of defensive
goals in the literature, we replaced STAI with a dissonance-specific measure, namely
the dissonance discomfort scale (Elliot and Devine, 1994), using five items adapted from
Matz and Wood (2005).

Finally, to situate the mechanism in work on moral conviction, Study 2 includes a
measure of moral conviction (Skitka, 2010; Skitka et al., 2005), capturing how strongly
participants’ feelings about the decision are tied to core moral beliefs. Consistent
with the argument that moral contexts are more closely tied to self-image, they are
therefore more likely to amplify defense motives and selective exposure. Study 2
retains the individual-difference and demographic controls in Study 1, adding
perceived utility/usefulness of reading the explanation as a control (Appendix B.1.2,
Table B.4).6

6 Adapted from Technology Acceptance Model-style usefulness items by Davis (1989), tailored to
“reading the AI’s explanation” rather than system usage
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2.3.2.2 Hypotheses

Building on the framework developed in Section 2.2.5, we test whether explanation
demand differs between moral and neutral decision contexts. In Study 1, explanation
demand is comparable across contexts. However, decision congruence is markedly
higher in moral treatments. Given that motivated reasoning and selective exposure
literature link information choices to the pursuit of validation versus accuracy, this
may have confounded treatment effects. Indeed, incongruence lowers curiosity
and reduces explanation demand in moral treatments in the previous data set.
Thus, increasing the share of incongruent decisions to approximately 50% should
reduce average explanation demand in moral treatments. This implies that a context
difference may emerge under more balanced congruence, with lower explanation
demand in moral relative to neutral treatments.

Hypothesis 2a Total effect (approximately balanced congruence): Overall explanation
demand is lower in the moral than in the neutral context:

EDmoral < EDneutral

Following this logic, moral contexts should not uniformly raise or lower information
demand. Instead, they should increase defense motivation, making decision con-
gruence a boundary condition: explanations expected to validate one’s own moral
conclusion can be sought, whereas explanations expected to conflict with it can
trigger avoidance. We thus test whether the interaction of DC × context, observed in
Study 1, replicates when decision congruence is balanced.

Hypothesis 2b Interaction effect: We hypothesize an interaction between decision context
and decision congruence on explanation demand. In the neutral condition, we expect
explanation demand to be similar when the AI decision is congruent or incongruent with the
participant’s decision. In the moral condition, we expect explanation demand to be lower
when the AI decision is incongruent with the participant’s decision than when it is congruent.

EDneutral, cong. ≈ EDneutral, incong.

EDmoral, incong. < EDmoral, cong.

𝛽Context×DC ≠ 0
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Because defense motivation is higher for decisions and behaviors that are linked to
deeply held attitudes, beliefs, or values, and because moral judgments are typically
held with stronger (moral) conviction (Section 2.2.5), we hypothesize that defense
motivation will be higher in moral treatments:

Hypothesis 3a Defense-related motivation is higher in the moral than in the neutral context.

Defensemoral > Defenseneutral

We hypothesize that this motivational shift is the mechanism that underlies the
interaction between context and decision congruence:

Hypothesis 3b Higher defense motivation is associated with lower explanation demand
when the AI decision is incongruent, whereas accuracy motivation is positively related to
explanation demand.

In addition, Study 2 preregistered an exploratory assessment of affective markers
that may accompany this motivational shift, namely dissonance and curiosity about
engaging with the explanation as in Study 1.

2.3.2.3 Results

Through dynamic assignment of scenarios during the experiment, we reach an
approximately even distribution of 53.44% congruent decisions in the neutral and
51.43% in the moral treatment. We compare click rates for moral and neutral decision-
scenarios using a chi-squared test. As in Study 1, explanation demand is high
and does not significantly differ between contexts (EDneutral = 85%, EDmoral = 86%,
𝜒2(1) = 0.119, 𝑝 = 0.730). Thus, Hypothesis 2a is not supported:

Result 2a Explanation demand does not differ between moral and neutral decision contexts.

To test Hypothesis 2b, we estimated a logistic regression predicting explanation
demand from decision context, decision congruence, and their interaction. In the
neutral context, click rates are higher for incongruent than congruent decisions (91.30%
vs. 78.79%), whereas in the moral context, this difference is attenuated (87.40% vs.
84.92%). The context × DC interaction is not significant (𝑏 = 0.83, 𝑝 = 0.125). Instead,
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we find a negative main effect of decision congruence, indicating lower explanation
demand when the AI decision is congruent (𝑏 = −1.04, 𝑝 = 0.008), while the main
effect of context is not significant (𝑏 = −0.42, 𝑝 = 0.336). Overall, Hypothesis 2b is
not supported.

Result 2b The interaction effect of context with decision congruence is not supported.
However, decision congruence is a significant predictor of explanation demand.

A mean comparison of average defense-related motives confirms Hypothesis 3a.
Participants report stronger defense motivation in the moral context (M = 4.93,
SD = 1.07) than in the neutral context (M = 4.50, SD = 1.28, Δneutral−moral = −0.429),
𝑡(490) = −4.04, 𝑝 < 0.001.

Result 3a Defense-related motivation is higher in moral than in neutral contexts.

Additionally, as a complementary exploratory analysis, we examined whether accu-
racy motivation differs by context. Accuracy motivation shows a trend toward higher
values in the moral condition (M = 5.70, SD = 1.21) than in the neutral condition
(M = 5.49, SD = 1.47; Δneutral−moral = −0.21), but this difference is not statistically
significant, 𝑡(490) = −1.75, 𝑝 = 0.080.

We then turn to the mechanism test in Hypothesis 3b. Starting from the baseline
specification used for Hypothesis 2b (context, decision congruence, and their interac-
tion), we add accuracy and defense motivation as predictors of explanation demand,
allowing the defense effect to vary by decision congruence (defense × DC). Accuracy
motivation is a strong positive predictor of explanation demand (𝑏 = 1.17, 𝑝 < 0.001).
Defense motivation, in contrast, is associated with lower explanation demand, with a
descriptively stronger negative slope when the AI decision is incongruent (simple
slope under incongruence: 𝑏 = −0.81, 𝑝 < 0.001). The attenuation of this negative
defense association under congruence is in the expected direction (simple slope
under congruence: 𝑏 = −0.32, 𝑝 = 0.094), but only at trend level (𝑏defense × DC = 0.49,
𝑝 = 0.069). In this extended model, neither the context main effect nor the context ×
DC interaction remains significant. Figure 2.3 visualizes the corresponding coefficient
estimates.

Including the motivational measures substantially improves model fit relative to
the baseline H2b-model (LR 𝜒2(3) = 111.99, 𝑝 < 0.001), indicating that these mo-
tives account for meaningful variance in explanation demand beyond context and
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Figure 2.3: Coefficient plot of logit model (2) with motivations (Table 2.1): point estimates and 95%
Wald confidence intervals (log-odds scale).
Note. *** 𝑝 < 0.001, ** 𝑝 < 0.01, * 𝑝 < 0.05.

congruence alone. Results for both specifications are summarized in Table 2.1. In
line with the theoretical argument that congruence may primarily moderate defense
(rather than accuracy), adding an accuracy × DC interaction does not improve fit
(LR 𝜒2(1) = 0.02, 𝑝 = 0.876), so we report the reduced specification without this
interaction.

Table 2.1: Logit regression results for explanation demand, Study 2. Specification (1) estimates the
effects of context, decision congruence (DC), and their interaction. Specification (2) adds
accuracy and defense motivations.

(1) Baseline specification (2) Motivation specification
Coeff. Std. Error 𝑝 Coeff. Std. Error 𝑝

Context (moral vs. neutral) -0.415 0.431 0.336 0.071 0.477 0.881
DC (congruent vs. incongruent) -1.039 0.394 0.008∗∗ -2.260 1.334 0.090
Context × DC 0.831 0.541 0.125 -0.442 0.645 0.493
Accuracy motivation 1.172 0.143 < 0.001∗∗∗

Defense motivation -0.807 0.236 0.001∗∗∗

DC × Defense 0.486 0.267 0.069
Constant 2.351 0.331 < 0.001∗∗∗ -0.312 1.109 0.779
Note: Specification (1): LR 𝜒2(3) = 8.24, 𝑝 = 0.041, Pseudo R2 = 0.020, 𝑁 = 492.
Specification (2): LR 𝜒2(6) = 120.240, 𝑝 < 0.001, Pseudo 𝑅2 = 0.294, 𝑁 = 492.
DC = decision congruence. * 𝑝 ≤ 0.05, ** 𝑝 ≤ 0.01, *** 𝑝 ≤ 0.001.

Result 3b Accuracy motivation is positively associated with explanation demand. Defense
motivation is associated with lower explanation demand, which appears more pronounced in
cases of incongruence. However, the interaction with decision congruence is only at trend
level. Adding motivational predictors significantly improves model fit.
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As an exploratory robustness check, we estimated a generalized SEM that models
context as associated with defense and accuracy motivations, which are in turn
associated with explanation demand. The indirect effect via defense is negative
and significant under incongruence (𝑎def𝑏def|incong. = −0.346, 𝑝 = 0.009), whereas
the corresponding indirect effect under congruence is smaller and not significant
(𝑎def𝑏def|cong. = −0.138, 𝑝 = 0.122). The indirect effect via accuracy is positive but only
marginal (𝑎acc𝑏acc = 0.250, SE = 0.146, 𝑝 = 0.086; 95% CI [−0.035; 0.536]). Detailed
gSEM results are reported in Appendix B.2.2.1.

As preregistered, we conducted exploratory analyses on whether the motivational shift
is mirrored in participants’ emotional response. We first explored how affect differs
depending on context and congruence (see Appendix B.2.2.3). Dissonance discomfort
is substantially higher in the moral than in the neutral context (Mmoral = 4.07,
SDmoral = 2.14; 𝑀neutral = 2.42, SDneutral = 1.75), 𝑡(490) = 9.41, 𝑝 < 0.001. In a linear
model including decision congruence, both moral context (𝑏 = 1.51, 𝑝 < 0.001)
and decision congruence (𝑏 = −0.95, 𝑝 < 0.001) predict dissonance, while the
context × DC interaction is not significant (𝑏 = 0.26, 𝑝 = 0.459). Curiosity does not
differ on average between contexts (Mneutral = 5.18, SDneutral = 1.70; 𝑀moral = 5.24,
SDmoral = 1.50), 𝑡(490) = 0.46, 𝑝 = 0.645. However, curiosity depends on decision
congruence: congruence is associated with lower curiosity (𝑏 = −1.11, 𝑝 < 0.001),
and this congruence effect is attenuated in the moral context (context × DC: 𝑏 = 0.80,
𝑝 = 0.005). The simple effect of moral (vs. neutral) under incongruence is negative at
trend level (𝑏 = −0.37, 𝑝 = 0.072).

We further test the association between affect and explanation demand, as in Study 1,
but with the extension of decision congruence as a key boundary condition. In an
emotions-only logistic model including context, decision congruence, and the respec-
tive interactions with dissonance and curiosity, curiosity is positively associated with
explanation demand (𝑏 = 0.48, 𝑝 < 0.001), whereas dissonance is not a significant
predictor (𝑏 = −0.16, 𝑝 = 0.216). Context interactions with both emotions are not
supported. Given that affect varies systematically by decision congruence, we then
allow the emotion effects to vary by congruence. In this specification, congruence
predicts lower explanation demand (𝑏 = −2.07, 𝑝 = 0.032), and dissonance is nega-
tively associated with clicking (𝑏 = −0.34, 𝑝 = 0.008), with this negative association
attenuated under congruence (𝑏DC × dissonance: = 0.35, 𝑝 = 0.039). Curiosity remains a
positive predictor (𝑏 = 0.50, 𝑝 = 0.001) without evidence of moderation by congru-
ence (𝑝DC × curiosity = 0.426). Finally, when adding defense and accuracy motivation
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to this specification, curiosity is no longer a significant predictor of clicking. Detailed
results can be found in Appendix B.2.2.2.

In the specification with controls, utility beliefs are a strong positive predictor
of explanation demand (𝑏 = 0.61, 𝑝 < 0.001), but they do not account for the
mechanism pattern: the positive association of accuracy motivation and the negative
association of defense motivation remain in the same direction and magnitude.
The remaining controls (algorithm aversion, general attitudes toward AI, age, and
gender) show no consistent association with explanation demand. As an additional
manipulation check, moral scenarios elicited substantially higher moral conviction
(Mmoral = 5.48 vs. Mneutral = 3.86, 𝑡(490) = 10.24, 𝑝 < 0.001), and moral conviction is
positively associated with defense motivation (𝑏 = 0.24, 𝑝 < 0.001), while it shows no
independent association with clicking once motivations and controls are included
(𝑝 = 0.835).

2.3.2.4 Discussion

The data in Study 2 confirms the finding from Study 1 that moral context alone does
not change explanation demand for AI decision-making — at least in our experimental
setting, which may encourage information seeking and temper information avoidance
(see discussion of Study 1, Section 2.3.1.4). However, moral scenarios are associated
with a distinct pattern of affective and cognitive responses compared with neutral
scenarios. These responses may pull explanation demand in opposing directions, such
that aggregate context effects can cancel out. Accordingly, whether a context difference
emerges is likely contingent on the configuration of contextual features in specific use
cases, such as whether the scenario has real consequences or remains hypothetical.
Study 2 clarifies motivational pathways and affective markers through which morality
can matter even when aggregate explanation demand remains unchanged.

After Study 1 provided initial evidence, Study 2 corroborates the central role of
decision congruence in the information choice. Yet, the interaction between decision
congruence and context observed in Study 1 does not replicate in Study 2, suggesting
that the Study 1 pattern may have been partially confounded because decision
congruence was not balanced across contexts. Congruence remains a central predictor
of participants’ information choice (R2b). Consistent with Study 1, congruence in the
neutral treatment is associated with a pronounced reduction in explanation demand.
Following the framework outlined in Sections 2.2.3 and 2.2.5, which conceptualizes
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information choice as a value-based decision subject to motivated reasoning, this
decrease can be interpreted as a drop in the perceived value of the information. When
stakes are low and the decision is already aligned with one’s own, an explanation
promises little additional insight. In moral contexts, by contrast, personal values
become salient and the perceived stakes are higher — even when the scenario remains
hypothetical and consequences are not experienced directly. Moreover, compared
to the incongruent-moral case, the congruent-moral case does not pose a threat.
Elevated stakes and moral validation seeking may therefore sustain explanation
demand even when decisions are congruent.

That stakes are perceived to be higher and directional validation goals appear to
become more important when morality enters the equation — even in our hypothetical
experimental setting — is reflected in participants’ motivations. Defense increases in
the moral treatment (R3a), as expected from the literature on moral conviction and
moral motivated reasoning (Section 2.2.5); this increase is accompanied by higher
self-reported moral conviction. From this perspective, the observed rise in defensive
goals reflects a stronger motivation to protect existing beliefs and to avoid information
that could undermine one’s preferred moral stance. At the same time, accuracy shows
a weak upward trend, which is plausible because implications for human lives (rather
than property damage) may simultaneously increase a desire to be accurate. These
motivational shifts help interpret the pattern of information choice observed across
contexts.

Motives shape explanation demand. The absence of a robust decision congru-
ence × context interaction in the baseline model argues against a simple contextual
moderation of the congruence effect. Instead, the pattern is consistent with a motivated
reasoning perspective in which context and congruence affect information choice
primarily depending on the situational balance of accuracy- and defense-related goals.
Indeed, incorporating defense and accuracy provides a more informative account
of explanation demand than relying on context and congruence alone. Accuracy
is positively associated with explanation demand, whereas defense is negatively
associated with it.

We also observe suggestive evidence for congeniality bias. Although the interaction
between defense and decision congruence is only at trend level, the pattern is
consistent with the idea that defensive motivation suppresses information demand
more when decisions are incongruent. This view is echoed by the gSEM results,
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which suggest an indirect pathway. In the moral treatment, incongruent decisions
are associated with lower explanation demand via elevated defense motives.

Taken together, these findings help reconcile why an aggregate congruence × context
interaction may not emerge. If incongruent decisions simultaneously increase
epistemic value (via accuracy motivation and curiosity) and trigger threat-related
processing (via defense and dissonance), the resulting opposing behavioral impulses
can offset each other at the aggregate level, even when each pathway is substantively
meaningful.

The changes in cognitive processing are accompanied by affective markers. Indepen-
dently of context, incongruence increases dissonance, as outcomes that contradict
one’s own evaluation create an affective-cognitive conflict. Furthermore, dissonance
is at a higher baseline-level in moral decisions when ethical trade-offs and personal
values, norms, and self-concept are involved. Study 2 also reveals the translation of
anticipatory negative affect — here captured by dissonance discomfort instead of
STAI — into information avoidant behavior, a pattern that did not emerge in Study 1.
Importantly, this association is contingent on decision congruence. When new in-
formation challenges one’s own judgment, people may avoid it in order to reduce
cognitive tension. From an information-avoidance perspective, this corresponds to
deliberately not looking because the expected psychological costs (e.g., unpleasant
self- or moral implications) outweigh the potential benefits of knowing.

Curiosity appears to be shaped by decision congruence in a context-dependent
way. Incongruence may make a knowledge gap salient and thus render gap closure
intrinsically (hedonically) rewarding, whereas congruence leaves little gap to close.
Consistent with this logic, congruence in neutral scenarios produces a pronounced
drop in curiosity and correspondingly in explanation demand. In neutral decisions,
incongruence likely functions as a diagnostic signal that invites sense-making (“Why
does the AI do this?”), thereby increasing epistemic value of the information. When
decisions become moral, this informational impulse can be counteracted as anticipated
uncongenial information may be experienced as threatening, and moral views may
be perceived as less negotiable. This combination can dampen curiosity and, in turn,
reduce explanation demand (“I am not interested because I am right.”). Conversely,
under congruence, morality may preserve curiosity because explanations can serve a
validation function, supporting and legitimizing one’s moral position rather than
merely resolving uncertainty. Overall, this account aligns with information choice as



72 2 How Affect and Motivations Shape Demand for Explanations

an affective trade-off and with curiosity as an approach signal that operates alongside
motivated reasoning and congeniality bias when moral values are at stake.

2.4 General Discussion

Transparency in AI decision-making should not be treated as an end in itself.
Explanations can only function as an effective safeguard against misalignment
between morally charged outcomes of AI applications and societal values if people
are willing to look at them. Building on the conceptualization of information demand
as a value-based choice that may serve different motivations, explanation uptake
depends not only on instrumental usefulness, but also on anticipated affective and
self-regulatory consequences of “knowing” (e.g., Caplin and Leahy, 2001; Golman
et al., 2017; Loewenstein, 1994, 2006; Sharot and Sunstein, 2020; Stigler, 1961; Sweeny
et al., 2010). Our results suggest that morality systematically shifts the affective
and cognitive motives that enter this trade-off, thereby shaping explanation uptake.
Because these pathways can pull in different directions, the net effect of moral context
on explanation uptake is inherently contingent on which affective and cognitive
motives are most salient in a given use case.

2.4.1 Motivations and Selective Engagement in Moral Contexts

From this perspective, explanations are sought when their expected hedonic value
(e.g., satisfying curiosity, closing knowledge-gaps, supporting accuracy or validation
goals) outweighs their anticipated costs (e.g., discomfort, dissonance, threat to
self-image). We find empirical patterns consistent with the broader premise that
moral contexts are psychologically distinct environments that alter both sides of this
equation.

Our results show that moral implications increase anticipatory anxiety and dissonance
discomfort when participants consider reviewing an explanation. This suggests that
moral transparency can entail negative emotions — a key precursor for information-
avoidant behavior (Golman et al., 2017; Sweeny et al., 2010). However, we do not
observe direct information avoidance in the sense that heightened anxiety translates
into a simple moral-context main effect that reduces explanation demand (R1a). Moral
decisions do not uniformly suppress explanation uptake, but affect likely matters
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through more specific motivational structures that are contingent on whether user
and AI agree.

Motivated-reasoning and selective exposure therefore provide the more informative
theoretical lens. Moral context appears to shift when explanations are expected
to be psychologically beneficial or costly, depending on whether they threaten or
support one’s prior stance. Study 2 captures this mechanism directly, balancing
and analyzing decision congruence as a boundary condition and eliciting accuracy and
defense motivations. In neutral treatments, explanation demand is higher when the
AI’s outcome is incongruent with one’s own evaluation, as incongruence plausibly is
perceived as a knowledge gap that invites sense-making, increasing the perceived
epistemic value of an explanation and aligning with accuracy-oriented motives.
While this pattern changes in moral contexts, we do not find robust evidence for
a simple context-by-congruence interaction on explanation demand (R2b). This
does not necessarily imply the absence of context effects. Incongruence can increase
the perceived value of additional information while also eliciting threat-related
processing, so opposing tendencies may cancel out in aggregate uptake even when
each pathway is meaningful. Instead, model comparisons indicate that a motivation-
based specification provides a better account of explanation uptake than the context-
by-congruence term, suggesting that context effects are more accurately captured
through shifts in accuracy and defense motives. When decisions become moral,
explanations are evaluated through a more value-protective lens. This is reflected
by an increase in defense motivation in the moral treatment (R3a). Defense-related
motivation predicts lower explanation uptake, and this negative association appears
more pronounced, although only at trend-level, when the outcome is incongruent,
whereas accuracy motivation is positively associated with explanation uptake more
generally (R3b). Crucially, defense does not necessarily imply only general avoidance.
Under congruence explanations may retain value by providing validation and
justification rather than challenging one’s moral stance. Consistent with this, the
effect of congruence on explanation uptake is descriptively attenuated in moral
contexts. Overall, the pattern is consistent with moral motivated reasoning and
congeniality-based selectivity: moral context heightens defense motives, which may
selectively discourage engagement with potentially uncongenial explanations (Frey,
1986; Hart et al., 2009; Nickerson, 1998; Skitka et al., 2005, 1999; Taber and Lodge,
2006).
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2.4.2 Emotions as Signals for Approach and Avoidance

Although motives are closer to the behavioral choice itself, emotions can serve as
antecedents and markers, indicating when situations are experienced as threatening
and when defensive regulation becomes relevant for information choice. Against
this backdrop, it is notable that we observe clear affective threat signals even in
hypothetical experimental settings — anticipatory anxiety in Study 1 and dissonance-
related discomfort in Study 2. Anxiety might serve as a more general signal for arousal
or partly reflect increased engagement or arousal rather than an avoidance trigger.
Dissonance-related discomfort, by contrast, more directly complements the motivated
reasoning and selective exposure account. Classic theories of cognitive dissonance and
motivated reasoning emphasize that directional goals emerge as attempts to resolve
dissonance tension and to protect valued beliefs or self-relevant judgments (Festinger,
1957; Kunda, 1990). From this perspective, dissonance functions as a threat cue:
additional information becomes psychologically costly when it may undermine one’s
preferred stance. The dissonance pattern we find is consistent with this logic. First,
dissonance increases under incongruence across contexts, as outcomes that contradict
one’s own evaluation create an affective-cognitive conflict. Second, dissonance is
elevated at a higher baseline in moral decisions, where ethical trade-offs are tied to
personal values, norms, and self-image. Third — and most importantly for selective
exposure — dissonance translates into lower explanation demand, but crucially only
when decisions are incongruent. This congruence-contingent avoidance response
supports the interpretation that people regulate dissonance through directional
processing strategies that foster congeniality bias and selective exposure.

Curiosity complements this picture as an approach signal that is a robust predictor
of explanation uptake. Whereas dissonance indicates when explanations become
psychologically costly, curiosity tracks when explanations are perceived as epistemi-
cally valuable and worth engaging with (Loewenstein, 1994). Across both studies, it
varies with decision congruence in a context-dependent way. In neutral decisions,
congruence significantly reduces curiosity, consistent with explanations offering less
opportunity for new insight when user and AI already agree. In moral decisions,
this congruence-related drop is attenuated, and curiosity becomes more selective.
It can be suppressed under moral incongruence, when defense or validation goals
are heightened, whereas congruent explanations can retain value by validating and
legitimizing one’s prior decision. In this way, curiosity reflects both information
seeking, because higher curiosity promotes uptake, and congeniality-based selectivity,
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because moral incongruence can dampen curiosity. Consistent with this interpre-
tation, the association between curiosity and uptake weakens once accuracy and
defense motivations are included, suggesting that curiosity partly overlaps with the
motivational orientation that more directly governs the behavioral choice.

2.4.3 Implications for Oversight and Responsible Use

Our results reinforce that explanation uptake is not an automatic consequence of
making information available, but a trade-off between anticipated benefits and costs.
Moral contexts are precisely the settings in which transparency is often considered
most critical, yet they also shift affective and motivational processes in ways that may
promote or hinder engagement. This may become further relevant when outcomes
are not hypothetical and when explanations are encountered routinely, reducing
novelty. The experimental setting employed promotes accuracy goals and curiosity,
potentially dampening more aversive effects from negative anticipatory emotions and
defense goals. In real-world use cases, the relative weight between accuracy-oriented
engagement and defensive avoidance will likely vary with contextual features such
as consequence severity and immediacy, whether the decision-maker is personally
affected or outcomes primarily affect others, perceived accountability and social
evaluation, and the degree of control and reversibility users retain over the AI’s
action. This trade-off may further shift under time pressure and cognitive load,
and with repeated exposure to similar decisions over time. Real consequences may
amplify threat and avoidance when outcomes primarily affect others, while personal
affectedness may heighten accuracy motives and increase willingness to engage with
explanations.

Understanding these affective and motivational pathways and how they might play
out in different settings is important for the design of transparency interventions.
Explanations that aim to establish moral oversight should not only be designed for
informational completeness, but also for psychological accessibility. In settings where
moral threat and dissonance are likely to be high, explanation interfaces may need
to reduce avoidable defensiveness and preserve epistemic engagement. This can
involve communicating the scope and limits of an explanation, avoiding framing
that implies moral indictment, and emphasizing that disagreement with the AI’s
recommendation does not signal a moral failure. At the same time, designs can
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foster accuracy-oriented engagement and curiosity by highlighting concrete decision-
relevant consequences, making uncertainty and knowledge gaps explicit even under
congruence, and preserving user agency over the final action. When users are
directly affected, emphasizing actionable guidance may further strengthen accuracy
motives, whereas when decisions primarily affect others, additional attention may
be needed to prevent defensive disengagement under incongruence. Overall, our
results suggest that effective transparency in morally charged AI settings requires
anticipating the affective and motivational conditions under which explanations
will actually be read, rather than treating explanation provision as sufficient. At
the same time, engagement under congruence is not necessarily synonymous with
oversight, because explanations may also serve a reassuring or legitimizing function
that reinforces acceptance rather than scrutiny (Bansal et al., 2021; Eiband et al., 2019).

2.4.4 Limitations and Future Research

Our findings should be interpreted in light of several limitations, which present
potential opportunities for future research. First, our studies rely on hypothetical
scenarios and explanation uptake without real consequences. Future work should
test how the same affective and motivational pathways take effect when AI decisions
have tangible implications, for example when outcomes affect participants directly
or when accountability and social evaluation are more salient. Such settings may
heighten threat and dissonance, but may also strengthen accuracy motives.

Second, each participant only reviews a single decision scenario. Novelty and situa-
tional curiosity may be comparatively high, which could dampen avoidance dynamics
and produce ceiling effects that mask directional pathways. Future research should
therefore examine repeated exposure across multiple decisions, where curiosity
may decline over time and users become habituated to AI recommendations. This
would allow testing whether selective avoidance and defense-driven disengagement
becomes more pronounced once explanations are less novel and the cost–benefit
trade-off changes.

Third, while we measure anticipatory anxiety, dissonance-related discomfort, and
curiosity, moral AI decisions may elicit a broader set of emotions. Future studies
could add more differentiated affective measures, such as moral outrage or guilt and
shame, as well as behavioral indicators that capture avoidance more directly.
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2.5 Conclusion

Prior XAI and HCI research has focused on what a “good” explanation should look like
in terms of instrumental qualities such as clarity, accessibility, and technical correctness.
Our findings complement this line of work by showing that transparency also has
a behavioral precondition. Explanations can only contribute to accountability and
ethical alignment if people choose to engage with them. We conceptualize explanation
uptake as a value-based information choice, that also entails affective and self-
regulatory costs and benefits, and is shaped by motivations. Across two studies, we
show that moral context systematically alters affective and motivational determinants
of engagement, increasing threat-related signals and defensive avoidance motivations.
As a result, moral contexts do not simply raise or lower explanation demand.
They change when explanations are experienced as epistemically valuable versus
potentially aversive, which can promote motivated selectivity and congeniality-biased
engagement.

These insights have implications for design and governance. Providing explanations
does not guarantee sufficient human oversight in morally charged AI applications,
because this safeguard may fail behaviorally when users do not consult explana-
tions or do so selectively. In real-world use, where explanations are encountered
repeatedly and become normalized, the curiosity and the perceived informational
benefit may decline while affective and self-regulatory costs remain, making disen-
gagement or selective scrutiny more likely precisely where governance depends on
consistent oversight. Moreover, engagement does not necessarily imply appropriate
scrutiny, since explanations can also serve reassuring or persuasive functions that
increase acceptance independently of correctness. Effective transparency therefore
requires attention not only to what explanations contain, but also to the affective and
motivational conditions under which they are received.
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Task-Dependent Human-Likeness of LLM-Enabled
Conversational Agents Through Mind Perception

Abstract

Large language model-enabled conversational agents (LLM CAs) are increasingly
used for a wide range of tasks. These include computer-like tasks, such as coding,
debugging, and data analysis, and human-like tasks, such as shopping advice, cus-
tomer service, healthcare, and education. Drawing on mind perception theory, we
demonstrate that the type of task is crucial for understanding and designing CA–user
interaction. Task type influences perceptions of agency (cognitive capacity) and expe-
rience (emotional capacity). Further, it shapes user preferences for anthropomorphic
design. This is particularly important as current LLM CAs autonomously adapt
their behavior to task types. Across three experimental studies with 624 participants,
we demonstrate that users prefer more anthropomorphic CAs for human-like tasks
but not for computer-like tasks (Study 1) and that the need for experience is higher
in human-like tasks, while needs for agency remain constant across different task
contexts (Study 2). Study 3 investigates real-world use scenarios with ChatGPT,
using chat data from 5,394 user prompts. While ChatGPT autonomously adapts its
experience and agency cues based on task type, these adaptations misalign with user
preferences: experience cues are insufficient, and agency cues decrease for human-like
tasks. This misalignment negatively affects trust, which is lower for human-like tasks.
However, this effect can be mitigated if the CA is perceived to have experience and
agency. Our findings advance the understanding of task-dependent anthropomorphic
design, highlighting the limitations of current autonomous adaptations, and offering
actionable insights for deliberate user-centered improvements.

0 This chapter is joint work with Anna-Maria Seeger, Jella Pfeiffer, and Armin Heinzl.
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3.1 Introduction

W ith the tremendous rise and popularity of large language model-enabled
conversational agents (LLM CAs), both public voices (Malik, 2022; Weil,
2023) and researchers (Bender et al., 2021; Mitchell and Krakauer, 2023;

Susarla et al., 2023) have been interested in how the natural language capabilities
of LLM CAs blur the line between what is human and what is artificial intelligence
(AI). Some research highlights opportunities and potential gains for efficiency and
effectiveness (Dell’Acqua et al., 2023; Kshetri et al., 2024). Other researchers call for
caution as the downstream effects of this unprecedented level of AI human-likeness
are still unknown and may be dangerous (Bender et al., 2021; Mitchell and Krakauer,
2023). Despite this duality, our understanding of both the extent to which LLM
CAs are perceived as humans and the mechanisms through which this humanness
perception occurs in interactions with LLM CAs remains limited.

Research in social psychology and human–computer interaction consistently demon-
strates that human-like cues in technology design cause mind perception and anthro-
pomorphism (Gray and Wegner, 2012; Seeger et al., 2021). Through mind perception
(Gray et al., 2007), people form cognitions of anthropomorphism, which refers to
the attribution of human qualities to a nonhuman entity, including consciousness,
intentions, and emotions (Epley et al., 2007). Given that natural language can function
as a human-like cue in interactions with technology, we draw on theories of mind
perception (Gray et al., 2007, 2012) and anthropomorphism (Epley et al., 2007; Waytz
et al., 2010c) to better understand perceived humanness of LLM CAs.

Information Systems (IS) research on human–CA interactions has investigated the role
of anthropomorphic CA design. For instance, anthropomorphic design demonstrably
increases offering bids (Schanke et al., 2021), trust (Schuetzler et al., 2021), and
customers’ service evaluations (Han et al., 2023), while it should be cautiously
employed when customers are angry (Crolic et al., 2022). These studies provide
important insights into how we engage with human-like conversational technologies,
yet their findings do not readily apply to LLM CAs for two important reasons. First,
LLM CAs cover a much broader range of use contexts and tasks than previous CAs.
For instance, earlier IS research on CAs focused on tasks such as customer service
(Gao et al., 2023; Gnewuch and Reinkemeier, 2025; Han et al., 2023; Schanke et al.,
2021) or healthcare and education (Diederich et al., 2022). We refer to these tasks as
human-like tasks. Additionally, LLM CAs are used in various other domains including
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coding, debugging, data analysis, and analytical problem-solving. We refer to these
tasks as computer-like tasks. Existing studies on human-like task domains consistently
demonstrate that users value anthropomorphic CA design. Yet, it remains unclear
whether this appreciation extends to more computer-like CA tasks. Recent studies
have explored software developers’ interactions with LLM CAs in performing coding
tasks (Qian and Cong, 2023; Ross et al., 2023), but the influence of anthropomorphic
design on user perception and behavior in such technical domains remains largely
unexplored.

Second, extant IS research on anthropomorphic CA design operates on the assumption
that the CA provider can control the anthropomorphic design and interactive behavior
of the CA by making visual design decisions, defining intents, anticipating responses,
and setting up the fulfillment logic (e.g., using Google Dialogflow). However,
with LLMs, the degree of control is limited due to the inherent randomness in the
language generation process. While providers of LLM CAs can prompt the system
to use anthropomorphic cues, they consequently do not have full control over its
anthropomorphic behavior or complete transparency into the billions of parameters
that define its foundational model. Therefore, we need to better understand the effects
of LLM CA’s autonomous anthropomorphic adaptations within user interactions on
user perceptions and evaluations. In contrast to previous studies on anthropomorphic
CA design (Gao et al., 2023; Han et al., 2023; Schanke et al., 2021; Schuetzler et al., 2021),
we explicitly focus on the interactive behavior without targeting the anthropomorphic
appearance of LLM CAs (e.g., the use of avatars, images, human names). Instead,
we intend to investigate the anthropomorphic design potential (i.e., use of verbal
and non-verbal human-like cues) — that emerges autonomously from the use of
LLMs. Since LLMs are trained on vast amounts of human-generated text data
from both human-like and computer-like task domains, we presume that LLM
CAs will autonomously exhibit more anthropomorphic interactive behavior when
performing human-like tasks than when performing computer-like tasks. To address
the identified research gaps, we aim to investigate the following research questions:

Question 1 How does the importance and choice of anthropomorphic CAs vary between
human-like and computer-like tasks?

Question 2 Do LLM CAs autonomously adapt their anthropomorphic interactive behavior
to these task types?
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Question 3 What is the effect of an LLM-enabled autonomous adaptation of anthropomorphic
design on user perceptions and evaluations?

We investigate the interactive behavior of LLM CAs across tasks through the lens
of mind perception theory, which conceptualizes experience (capacity to feel and
sense) and agency (capacity to act and think) as dimensions of mind attributed
by observers (Gray et al., 2007; Waytz et al., 2010a). Analyzing mind perception
assists us in understanding whether the nature of anthropomorphic perceptions
elicited by LLM CAs are capable of stimulating user interactions as well as how
users perceive and evaluate them across different tasks. In line with mind perception
theory, we propose that interactions with LLM CAs will demonstrate agency for both
human- and computer-like tasks, whereas experience pertains to human-like tasks
only. To test our hypotheses, we present results from three experimental studies.
Study 1 establishes the general phenomenon of how task context shapes users’ choices
regarding anthropomorphic design. Study 2 investigates user needs for experience
and agency across different task contexts to provide a theoretical account of the
phenomenon observed in Study 1. Study 3 extends this investigation into real-world
applications by conducting an experiment using a LLM CA (ChatGPT) to explore
the CA’s autonomous adaptation of anthropomorphic cues and associated user
perceptions. We analyze 5,394 prompts from this experimental study, manipulating
the task type to explore how the LLM CA adapts its anthropomorphic cues during
actual interactions. These complementary perspectives allow us to establish the
phenomenon (Study 1), understand user needs driving the phenomenon (Study 2),
and validate its relevance in practical interactions with currently available LLM CAs
(Study 3), providing a comprehensive understanding of mind perception toward
LLM CAs across task types.

Our theoretical framework and findings provide the following primary contributions
to theory and practice. Firstly, we add to mind perception theory in the context
of human–computer interaction by demonstrating that task type is an important
factor for understanding how the dimensions of experience and agency influence the
perception of anthropomorphism toward technology. Study 1 provides evidence that
users select anthropomorphic CAs over non-anthropomorphic CAs for human-like
tasks, but the opposite for computer-like tasks. Building on this finding, Study 2
reveals that the need for agency and experience differs between human-like and
computer-like tasks: users desire high levels of both agency and experience for
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human-like LLM CA tasks, whereas computer-like tasks require high levels of agency
only.

Secondly, we add novel insights to the IS literature on anthropomorphic CA design
by considering the effects of autonomous adaptation of anthropomorphic interactive
behavior enabled by LLMs. While prior IS literature focused on controllable anthro-
pomorphic design features (Gao et al., 2023; Han et al., 2023; Schanke et al., 2021),
our research investigates the LLM's inherent ability to generate anthropomorphic
interaction behavior. Our findings provide evidence that LLMs indeed autonomously
adapt such behavior; yet these mechanisms do not necessarily align with user needs
and mind perception theory as LLM CAs make only moderate use of experience cues
in human-like tasks, and agency cues are even reduced for these tasks. In terms of
user evaluations, we demonstrate that human-like tasks significantly reduce trust —
users tend to be skeptical about machines performing these tasks, consistent with
the concept of algorithm aversion (Castelo et al., 2019; Jussupow et al., 2024). This
negative effect on trust is mitigated when the CA is perceived to have experience and
agency. From a broader perspective, our research informs the ongoing debate on the
extent to which LLM CAs can provide synthetic humanness, while also elucidating
the requirements for user-oriented anthropomorphic design of LLM CAs.

3.2 Theoretical Foundations and Development of Hypotheses

3.2.1 Theories of Mind Perception and Anthropomorphism

Mind perception research revolves around the question of whether other entities, of
human or nonhuman origin, are perceived to have a mind (Gray et al., 2007, 2012;
Waytz et al., 2010a). The perception of a mind in another entity affects how individuals
interact with that entity (Gray and Wegner, 2012; Yam et al., 2021). When the other
entity is of nonhuman nature, the process of attributing human-like cognitive and
emotional capacities to that entity is named anthropomorphism (Epley and Waytz,
2010; Epley et al., 2007; Waytz et al., 2010a). Research on mind perception and
anthropomorphism argues that human and nonhuman entities are perceived along
two dimensions, namely experience and agency (Gray et al., 2007; Waytz et al., 2010a,
2014; Yam et al., 2021). Agency reflects the cognitive dimension of mind perception
(Gray et al., 2007; Waytz et al., 2010a), and refers to the perceived capacity to engage
in reasoned action, strategic planning, and goal-directed behavior, thus attributing
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to an entity the ability to form and communicate preferences, beliefs, and explicit
knowledge (Epley and Waytz, 2010). Experience reflects the emotional and social
dimension of mind perception (Gray et al., 2007; Waytz et al., 2010a) and refers to
the perceived capacity to understand and convey emotions and basic psychological
states (Epley and Waytz, 2010).

While other theoretical perspectives, such as the stereotype content model (Fiske et al.,
2002) and dehumanization theory (Haslam, 2006), provide valuable insights into
how social groups are perceived, they are less suitable for our study because they
primarily address human-to-human perception, categorization, and moral judgment.
By contrast, our research focuses on how people attribute mental capacities to
non-human agents (LLMs), making mind perception theory a better conceptual
fit.1 Anthropomorphic cues can create social presence, which influences trust and
engagement (Gefen and Straub, 2004; Nowak and Biocca, 2003; Short et al., 1976). We
therefore treat social-presence effects as captured within our task-dependent mind
perception framework.

Consistent with mind perception theory, attributions of agency and experience vary
by entity: technical partners such as robots are typically granted moderate agency
but little experience, babies and pets are granted high experience but low agency,
and only adult humans are granted high levels of both (Bigman and Gray, 2018;
Gray et al., 2007; Yam et al., 2021). Comparative work further demonstrates that
humans receive the highest attributions overall, and that anthropomorphic robots
(e.g., Google Home, Robot Kaspar) are attributed more agency and experience than
non-anthropomorphic machines (Xu and Sar, 2018).

Mind perception research has primarily examined how features of an agent affect
attributions of agency and experience, while comparatively less work examines how
the interaction context and the task influence these attributions. At the same time,
human–computer interaction research in the field of CAs has indicated that the nature
of the interaction context (Castelo et al., 2019; Glikson and Woolley, 2020; Hong et al.,
2014, 2007; Kaplan et al., 2023) plays a critical role in shaping user perceptions and
behaviors. By integrating insights from mind perception theory with findings from
CA literature, our study seeks to bridge these two areas. Specifically, we investigate
how the task type — whether predominantly human-like or computer-like — affects

1 A more detailed discussion of these alternative theoretical perspectives is provided in Ap-
pendix C.4.
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the perception of agency and experience in interactions with LLM CAs. This approach
offers a more comprehensive understanding of how both the nature of the interaction
partner and the task context jointly shape mind perception.

3.2.2 Human- and Computer-like Tasks of LLM CAs

The versatility of text-based tasks that can be performed with the help of LLM CAs is
unprecedented (Susarla et al., 2023). These tasks span a wide spectrum, including
code or text generation and analysis, general reasoning, engaging in dialogues for
various purposes (e.g., customer service, shopping advice, medical consultations,
general conversations), controlling home devices, or providing factual information
(Deng and Lin, 2023; Kocoń et al., 2023; Qin et al., 2023).

Previous studies have classified tasks performed by algorithms as objective — re-
quiring rational, logical analysis — and subjective – requiring intuition and personal
interpretation (Castelo et al., 2019; Dietvorst et al., 2015, 2016). However, this di-
chotomy may not fully capture the complexity of tasks where human-like qualities are
necessary. Research on algorithmic decision-making instead suggests distinguishing
computer-like from human-like tasks (Kordzadeh and Ghasemaghaei, 2022; Lee,
2018). This aligns with the dimensional view of mind perception. Human-like tasks
hinge on experience and can involve varying degrees of agency. Computer-like tasks
primarily draw on agency, while placing minimal demands on experience.

Human-like tasks are defined by the need for a CA to substitute for a human interaction
partner (Doyle, 1999; Lankton et al., 2015; Norman, 1994). These tasks often involve
nuanced conversations that require mutual exchange of complex ideas, information,
and emotions (Doyle, 1999; Seeger et al., 2021; Waytz et al., 2014). Many of these
tasks are subjective, open to interpretation and informed by personal experiences,
gut feelings, and intuition (Castelo et al., 2019; Logg, 2017). However, human-like
tasks may involve both analytical and emotional components. For example, offering
medical advice includes an objective component that involves logical assessments
of facts (Castelo et al., 2019; Clark et al., 2025), but also requires subjective elements,
such as offering empathetic feedback (Seeger et al., 2021) and ensuring that patients
feel their unique circumstances are considered (Longoni et al., 2019). Similarly,
conducting a moral or jurisdictive judgment requires an objective analysis of facts
and reasoning (Castelo et al., 2019), but the ultimate decision on what is morally or
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legally right or wrong depends on personal normative interpretation (Awad et al.,
2018; Gogoll and Müller, 2017).

Computer-like tasks are those where the CA does not substitute for a human
interaction partner but is rather seen as a technical tool (Lankton et al., 2015). These
tasks typically fall within the objective domain, focusing on solving problems based
on quantifiable and measurable facts (Castelo et al., 2019; Logg et al., 2019). LLM
CAs are proficient in handling a wide range of such tasks, including data analysis,
software coding, problem-solving, and system control.

User perceptions may evolve and the border between human-like and computer-like
might be fuzzy. What is perceived to be a traditionally more human-like task and
what may be perceived as more computer-like may change as LLM CAs become more
advanced. In order to still be able to make causal claims by assigning participants to
either human-like or computer-like treatments, we therefore operationalize task type
empirically: in a pre-study participants rate tasks on a scale to be more human-like
or computer-like, and we use the most prototypical tasks in subsequent studies.

3.2.3 Research Model Development

Our research model integrates three complementary perspectives to provide a
comprehensive understanding of mind perception toward LLM CAs across different
task types. First, we demonstrate the phenomenon by providing evidence that users
choose different anthropomorphic CA designs based on the specific nature of the
task at hand. Next, we investigate the reasons behind these choices and compare
user needs across different tasks, identifying the specific demands placed on LLM
CAs through the lens of mind perception theory, particularly in terms of agency
and experience. Finally, we analyze real user interactions with LLM CAs, providing
insights into how mind perception is reflected in practical or jurisdictive use and how
it is automatically embedded in current technology.

3.2.3.1 The Phenomenon: Task Dependent Choice of Anthropomorphic CA Design

Extant IS research repeatedly finds that anthropomorphic CA design — via visual,
auditory, and language cues — tends to have positive effects and raises user trust (e.g.
Gao et al., 2023; Han et al., 2023; Lee et al., 2020; Schanke et al., 2021; Schuetzler et al.,
2021; Seymour et al., 2025). Most evidence comes from customer-service (Blut et al.,
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2021; Cheng et al., 2022) and online shopping advice (Hess et al., 2009; Morana et al.,
2020; Qiu and Benbasat, 2009; Yuan and Dennis, 2019), i.e., human-like tasks that mix
information processing with empathy and personalization. There is, however, a huge
potential for LLM CA adoption in the domain of computer-like tasks such as coding
support and data analysis (Susarla et al., 2023).

While previous studies on human-like tasks support positive effects of anthropo-
morphic design, we argue that it may not yield similar benefits for computer-like
tasks, where users may appreciate CAs for their programmed technical superiority
in terms of rationality, reliability, and objectivity. Here, anthropomorphic design may
signal human fallibility rather than algorithmic precision. Evidence from high-stakes
technical settings aligns with this view: in professional environments (i.e., nuclear
power plants, air navigation) users rate decision support systems for such computer-
like tasks as more skilled and knowledgeable than human experts (Dzindolet et al.,
2001; Skitka et al., 1999) and added anthropomorphism does not increase user trust
(de Visser et al., 2016; Gruber et al., 2018).

Prior research has highlighted different preferences for experience and agency in
specific contexts (Adam et al., 2022; Appel et al., 2020; Wiese et al., 2022): preferences
shift across sales stages; “emotional” robots (high experience/high agency) are
favored for social tasks, “unemotional” robots (low experience/high agency) for
arithmetic tasks; and higher experience can evoke eeriness, mitigated in nursing.
However, the influence of task-context has not been systematically explored for
human-like versus computer-like tasks and mind perception was manipulated only
by description of the robots.

In summary, we argue that anthropomorphic design is valuable to users when an
LLM CA is supposed to perform a human-like task, because such design signals
the emotional and cognitive capacities considered necessary for performing these
tasks. By contrast, when an LLM CA is expected to perform a computer-like task,
anthropomorphic design conflicts with the idea of precision and rationality required
in such contexts.

Hypothesis 1 For human-like tasks, users choose anthropomorphic CAs over non-anthro-
pomorphic ones; for computer-like tasks, the opposite is true (to be tested in Study 1).
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3.2.3.2 User Needs

In a next step, we seek to understand and account for differing user needs that explain
the choice phenomenon for anthropomorphic design across task types by building
upon research on mind perception. In their early applications, robots or bots have
traditionally taken on tasks that relate to the computer-like task domain, including
classification, navigation, object recognition and manipulation (e.g. De Santis et al.,
2008; Sheridan, 2016). Similarly, mind perception studies have often examined robots
while they perform computer-like tasks, such as object identification and pick-up (Xu
and Sar, 2018; Yam et al., 2021) or autonomous movement (Gray and Wegner, 2012;
Xu and Sar, 2018). In recent years, specific research has explored the effect of mind
perception on the acceptance and perception of social robots in the context of nursing
and eldercare (Appel et al., 2020; Stafford et al., 2014). We argue that robot-based
findings on agency and experience extend to LLM CAs performing computer-like
tasks. Accordingly, such CAs should exhibit moderate agency to signal rational
competence and low experience to fit the task.

As described in Section 3.2.2, human-like tasks require nuanced exchanges involving
emotions, intuition, and logical assessment, making users value agents that display
emotional understanding (experience) and independent reasoning (agency). Adult
humans are the benchmark for both agency and experience (Gray et al., 2007; Xu and
Sar, 2018). Accordingly, LLM CAs performing human-like tasks should convey high
levels of both. Experience cues enable meaningful interaction by signaling emotional
and experiential capacity, while agency cues signal the cognitive competence required
for the task. Figure 3.1 positions the two task types along these dimensions.

Hypothesis 2 For human-like tasks, users desire more experience-based (H2a) and more
agency-based (H2b) anthropomorphism compared to computer-like tasks (to be tested in Study
2).

3.2.3.3 Autonomous Design Adaptation across Task Types

Next, we seek to investigate the actual behavior of LLM CAs in terms of anthropo-
morphic design across task types. Generative text AI utilizes LLMs to read, analyze
and generate text content (Susarla et al., 2023). The transformer architecture enabled
effective long-range context modeling, underpinning today’s LLMs, which are spe-
cialized via fine-tuning (Bender et al., 2021; Vaswani et al., 2017). LLMs, such as GPT,
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Figure 3.1: Dimensions of mind perception by Gray et al. (2007) with the proposed location of LLM
CA task types.

Gemini, Claude and DeepSeek are trained on massive web-scale corpora (Susarla
et al., 2023), e.g., CommonCrawl (Brown et al., 2020). As statistical pattern learners,
LLM CAs can reproduce and amplify dataset biases (Bender et al., 2021; Lucy and
Bamman, 2021; Lund and Wang, 2023).

Analogously, we examine whether LLM CAs exhibit an autonomous, task-dependent
anthropomorphic bias along the agency and experience dimensions. Because LLMs
generate text by statistically mirroring domain-specific corpora, their outputs likely
reflect each domain’s anthropomorphic density: human-like domains (e.g., customer
reviews, health forums) contain abundant experience cues and some agency cues,
whereas computer-like domains (e.g., scientific papers, coding forums) offer moderate
agency cues and few experience cues. Consequently, we expect more anthropomor-
phic language — especially experience cues, and also agency cues — in human-like
tasks than in computer-like tasks.

Adaptation of language used in the communication in human–computer interaction
may be bidirectional. Prior research shows that perception of the AI’s intelligence
and anthropomorphism influences users’ language style (Wang et al., 2021). Mind
perception may not only influence how users engage with AI but also shape how AI
responds, reinforcing a dynamic feedback loop in AI-user interaction.
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Hypothesis 3 LLM CAs autonomously adapt their anthropomorphic style to the task type,
using more experience cues (H3a) and more agency cues (H3b) in human-like-tasks than in
computer-like tasks (to be tested in Study 3).

Prior work shows that increasing experience and agency cues raises the corresponding
attributions to artificial agents (Bigman and Gray, 2018; Gray and Wegner, 2012);
therefore, if LLM CAs use more of these cues in human-like tasks, users should report
higher perceived experience and agency.

Hypothesis 4 Human-like tasks as opposed to computer-like tasks have a positive indirect
effect on perceived experience, via increased use of experience cues by the LLM CA (H4a), and
perceived agency via increased use of agency cues (H4b, to be tested in Study 3).

Finally, a key question is how LLM CA’s autonomous, task-dependent adaptation
of anthropomorphic language cues affects user evaluations. Research on CAs and
other technological agents has reported that individuals rely on and trust technology
more for tasks that require objective and rational analysis of facts as opposed to tasks
that also entail emotional intelligence (Bigman and Gray, 2018; Castelo et al., 2019;
Logg et al., 2019). This provides a basis to expect that trust in LLM CAs is higher for
computer-like than for human-like tasks. Thus, we hypothesize:

Hypothesis 5 User trust in LLM CAs is higher for computer-like tasks than for human-like
tasks (to be tested in Study 3).

At the same time, we expect that despite this overall negative effect of human-like
versus computer-like tasks on user trust, the increased perception of experience
and agency in human-like tasks can benefit trust. Agency and experience can make
the LLM CA appear more trustworthy for human-like tasks because these tasks
require the LLM CA to demonstrate empathy, intuition, goal-directed behavior, and
mindfulness. By contrast, computer-like tasks require a CA to demonstrate technical
competence reflected in rational, measurable, and predictable behavior. When talking
about personal health issues, for example, CAs that appear to care about the unique
circumstances of the user whilst showing empathy are perceived as more competent
and trustworthy than CAs that simply list measures and statistics to the user’s
individual problem (Longoni et al., 2019). Extant research on human–CA interactions
in the context of customer service and online shopping has corroborated this point,
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Figure 3.2: Overview of research model and studies.

suggesting that when CAs are anthropomorphized, they tend to be evaluated more
positively (Morana et al., 2020; Schanke et al., 2021; Schuetzler et al., 2021).

Extensions of H5: Human-like tasks as opposed to computer-like tasks have a positive
indirect effect on user trust through increased perception of experience (H5a) and agency
(H5b).

3.3 Research Design

To empirically evaluate our research model, we conducted three experimental
studies, each focusing on one specific aspect of our overarching research model
(Figure 3.2) to reveal the underlying mechanisms of mind perception toward LLM
CAs (Maruping et al., 2025). Study 1 demonstrates the phenomenon of task-dependent
choices for anthropomorphic design in a laboratory experiment. Study 2 investigates
task-dependent choices by examining the specific requirements for experience and
agency across human- and computer-like tasks, using an online experiment. Finally,
Study 3 shifts to a use perspective by examining actual interactions with an LLM
CA in a classroom-experiment to explain how the agent autonomously adapts its
anthropomorphic language cues across human- and computer-like tasks and how
users evaluate this adaptation. Together, these studies offer complementary insights
that enhance our understanding of mind perception toward LLM CAs, emphasizing
the interplay between perceived characteristics, user needs, and user interactions
across different task types.
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3.3.1 Study 1: The Phenomenon on User Choice

In Study 1, we investigate users’ task-dependent preferences for anthropomorphic
design toward CAs as suggested by Hypothesis 1.2 We conduct a laboratory scenario
experiment with a 2 (within-subjects factor: low vs. high anthropomorphic design) ×
2 (between-subjects factor: human-like vs. computer-like task) factorial design.

3.3.1.1 Procedure and Measures

Participants were invited via a standard subject pool in a university-owned research
lab. An a priori G*Power analysis (𝜔 = 0.3, 𝛼 = 0.05, 1 − 𝛽 = 0.85) indicated
a required sample of 100 (Erdfelder et al., 1996; Faul et al., 2007). To allow for
exclusions, 120 participants were invited. Seven failed an attention check and were
excluded, yielding a sample size of 𝑁 = 113 (Mage = 22.53, SD = 2.58; 38 female,
33.6%). Participants received a show-up fee of e5 and the study lasted approximately
13 minutes (M = 10.37, SD = 3.42).

Upon arrival in the lab, participants read and agreed to the experiment’s terms
and conditions. Afterward, we provided participants with a general description of
CAs to ensure that everyone recognized that CAs are computer programs and not
human interaction partners as well as to provide a common understanding of the
technology. Each participant was then randomly assigned to one of the two task
types (computer- vs. human-like). The CA performing the human-like task was a
health agent that listens to users’ mental health related problems and provides advice
to handle such problems. The CA performing a computer-like task was a smart
home agent that monitors and controls connected lighting and heating systems and
provides usage statistics. These two CA types were adapted from Seeger et al. (2018,
2021), who identify them as among the most human-like and most computer-like
types with respect to their tasks. Next, participants were provided with an interactive
demonstration of two versions of the CA for their assigned task — one with low and
one with high anthropomorphic design — before selecting the CA version that they
preferred to perform the respective task. For the manipulation of the low and high
anthropomorphic CA designs, we relied on previous studies that manipulate the

2 Study 1 draws on an experimental paradigm and a subset of data previously used and reported by
Seeger (2021). While the underlying experimental design and part of the data overlap, the present
dissertation pursues a different research question and adopts a distinct analytical focus.
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human-likeness of text-based CAs through verbal and non-verbal cues (Diederich
et al., 2019a,b; Feine et al., 2019; Morana et al., 2020; Seeger et al., 2018). We did not
manipulate any human identity cues (e.g. adding a human name or image) to make
the CA manipulation comparable to publicly available LLM CA tools (e.g. ChatGPT,
Google Gemini), which are used in Study 3. Anthropomorphic verbal cues manipulate
the linguistic behavior of the CA and are reflected in the use of self-references (i.e., “I,”
“me”), salutations (i.e., “hello!”), and emotional expressions (i.e., apologies, concerns)
by the high anthropomorphic CA. Anthropomorphic nonverbal cues are behavioral
cues that are not purely linguistic and are reflected in the use of emoticons by the
high anthropomorphic CA. An example is provided in Appendix C.1.1, Table C.1.

The order of the demonstration of each of the two CA versions (low vs. high an-
thropomorphic design) was randomized. In each version of the CA, participants
navigated through a dialogue between a user and a CA. Participants had to press
the space bar to trigger the next text message in the dialogue. Such interactive video
vignettes create a more engaging and realistic scenario than static screenshots and
have successfully been applied to research on interactions with anthropomorphic
technological agents (Dennis et al., 2020; Mozafari et al., 2020; Nørskov et al., 2020;
Stolte, 1994). After each CA demo (low and high anthropomorphic design), partic-
ipants answered questionnaire items measuring perceived anthropomorphism as
a manipulation check. Then participants had to decide which of the two versions
they preferred for the specific task type. The experiment ended with a questionnaire
including measures for task type manipulation check and demographic data.

3.3.1.2 Results

To verify the effectiveness of our task manipulation (between-subject), we asked
participants to indicate if the presented task of the CA was more typical to be
performed by a human or by a computer (1 = “very human-like”, 7 = “very computer-
like”). We adapted this approach of categorizing elements along a human–computer
continuum from Touré-Tillery and McGill (2015). An independent sample t-test
indicated a significant group difference, 𝑡(111) = −6.14, 𝑝 < 0.001, confirming that
participants in the human-like task condition perceived the tasks as more human-
like (M = 3.17, SD = 0.23) than participants in the computer-like task condition
(M = 5.09, SD = 0.21).
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Figure 3.3: User choice between low versus high anthropomorphic CA design in human-like versus
computer-like tasks.

Second, to verify the anthropomorphic design manipulation and confirm that par-
ticipants noticed the difference between the CA versions, we compared perceived
anthropomorphism ratings for the low- versus high-anthropomorphic CA. Partic-
ipants were asked to indicate the extent to which they believed the CA appeared
to have a “mind of its own”, “intentions”, “free will”, “consciousness”, “desires”,
“beliefs” and the “ability to experience emotions” on a seven-point Likert scale.
This is an established measure of perceived anthropomorphism (Gray et al., 2012;
Waytz et al., 2014, 2010c). These items were averaged into a composite (𝛼 = 0.94).
A paired t-test confirmed the manipulation. The high-anthropomorphism design
was rated more anthropomorphic (Mhigh = 3.01, SD = 0.14) than the low design
(Mlow = 2.68, SD = 0.13, 𝑡(112) = −3.91, 𝑝 < 0.001).

Table 3.1 presents how often participants in the computer- vs. human-like treatment
group selected the low or high anthropomorphic CA design. Analyzing these data
with Pearson’s 𝜒2 test indicated that participants in the computer-like treatment group
preferred the low anthropomorphic CA design (70.37%), as opposed to participants
in the human-like treatment group who preferred the high anthropomorphic CA
design (62.71%), 𝜒2(1) = 12.39, 𝑝 < 0.001, as depicted in Figure 3.3. The preference
decision provides support for Hypothesis 1.
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Table 3.1: User choice between low versus high anthropomorphic CA design in human-like versus
computer-like tasks.

Anthropomorphic Design
Low High

Task Type

Human-like Observed Frequency 22 37
Expected Frequency 31.3 27.7

Computer-like Observed Frequency 38 16
Expected Frequency 28.7 25.3

Pearson 𝜒2(1) = 12.3904, 𝑝 < 0.001

3.3.1.3 Discussion

Study 1 shows that user needs and evaluations regarding anthropomorphic CA
design vary by task (H1). While prior IS work often finds positive effects of anthro-
pomorphism, it largely examines human-like contexts (e.g. Gao et al., 2023; Han
et al., 2023; Schanke et al., 2021; Schuetzler et al., 2021). Our results indicate that
for computer-like tasks, users prefer less anthropomorphic designs. These findings
motivate Study 2, which examines how needs differ across tasks, and Study 3, which
examines how users evaluate LLM CAs’ autonomous task-dependent adaptation.

3.3.2 Study 2: User Needs

Study 2 tests whether task-dependent preferences for anthropomorphic CAs are
reflected in differing needs for agency and experience across human-like vs. computer-
like tasks and CA vs. human partners.3

3.3.2.1 Pre-Study on Task Type

In Study 1, we relied on one human-like and one computer-like task from previous
work. In this study, we improved the robustness of our findings by increasing the
number of tasks to two per task type. Given that task classifications may change
over time (Seeger et al., 2021), we sought to ensure that the classification of tasks as
human-like or computer-like was up to date. Therefore, we conducted a pretest to

3 Preregistered at AsPredicted #165013, ethics certificate at German Association for Experimental
Economic Research e.V. #ZSoRFiHx.

https://aspredicted.org/khkg-qdxd.pdf
https://gfew.de/ethik/ZSoRFiHx
https://gfew.de/ethik/ZSoRFiHx
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establish our manipulation of human- and computer-like CA tasks and to consider
additional possible CA tasks that LLM-based CAs can support before the main
experiment. In a separate Prolific study, participants rated whether each of 12 tasks
was more typically performed by a computer or by a human (1 = “very computer-like”,
7 = “very human-like”; see Appendix C.1.2). Of 200 invited participants, two failed
language checks and one failed an attention check. Thus, the final sample comprised
𝑁 = 197 (133 female; Mage = 43.92, SD = 13.96). The mean completion time was 3.02
minutes (SD = 1.32). Table 3.2 provides an overview of the ratings across all tasks.

A paired-samples t-test comparing the averages across human-like versus computer-
like tasks indicated a significant difference, 𝑡(196) = −38.34, 𝑝 < 0.001, with lower
ratings for computer-like tasks (M = 2.72, SD = 0.06) than for human-like tasks
(M = 5.66, SD = 0.05). This pattern held even for the closest pair: the top computer-
like task (Data Analysis and Interpretation; M = 3.38, SD = 0.12) was rated lower
than the lowest human-like task (Shopping Recommendation; M = 4.78, SD = 0.11;
𝑡(196) = −8.33, 𝑝 < 0.001).

Based on this pretest, we selected two computer-like and two human-like tasks to be
used in the main Study 2. For the computer-like tasks to be used in the main study,
we chose the coding task (Task 4) and the information search task (Task 5), as these
two are well-suited to be performed with publicly available versions of LLM CAs.
Tasks that involve calculations (Tasks 2, 3, 6) may result in errors with these LLM CAs
and Task 1 requires integration and application with existing smart home systems,
which cannot be achieved with the public version of the LLM CA. For the human-like
task context, we selected the two most human-like tasks (Task 11 and 12).

3.3.2.2 Main Study 2

We conducted an online experiment through Prolific using a 2 (within-subjects factor:
human-like vs. computer-like task) x 2 (between-subjects factor: LLM CA or human
interaction partner) factorial design. An a priori G*Power analysis assuming a small
effect ( 𝑓 = 0.143) and power = 0.90 indicated a minimum 𝑁 = 132. To allow for
exclusions, we invited 160 participants; three failed the language check and four
failed the attention check, yielding a final sample of 𝑁 = 153 (118 female).

Procedure and Measures. Participants were randomly assigned to complete the tasks
either with the help of an LLM CA (treatment group) or with a human interaction
partner (control group). Each participant was confronted with all four task scenarios
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Table 3.2: Human- vs. computer-likeness ratings for all candidate tasks, pretest.

Task Task Description Task Type N Mean Std. dev. Min Max
Task1 Monitor Smart Home System computer-like 197 1.99 1.31 1 7
Task2 Statistical Tests/Predictions computer-like 197 2.23 1.14 1 7
Task3 Solve Mathematical Problem computer-like 197 2.87 1.59 1 7
Task4 Coding computer-like 197 2.90 1.65 1 7
Task5 Information Search computer-like 197 2.96 1.70 1 7
Task6 Data Analysis and Interpretation computer-like 197 3.38 1.74 1 7
Task7 Shopping Recommendations human-like 197 4.78 1.48 1 7
Task8 Customer Service human-like 197 5.09 1.58 1 7
Task9 Teaching a Language human-like 197 5.27 1.24 1 7
Task10 Diagnose Physical Health Condition human-like 197 5.97 1.15 2 7
Task11 Determine Moral Responsibility human-like 197 6.41 1.01 1 7
Task12 Diagnose Mental Health Condition human-like 197 6.43 0.80 2 7

(within-subject factor). After a general introduction to the experiment, participants
in the LLM CA condition were provided with a basic explanation and examples of
LLM CAs to ensure they understood this technology. Subsequently, the four task
scenarios were presented to each participant in random order. Participants were
instructed to imagine completing each task with the help of an LLM CA (treatment
group) or with a human interaction partner (control group). After reading each task
scenario, participants completed a questionnaire to identify their task-dependent
need for agency and experience.

We used established scales from the mind perception literature to measure the two
dimensions of agency and experience (Bigman and Gray, 2018; Gray et al., 2007; Gray
and Wegner, 2012; Yam et al., 2021). Accordingly, experience and agency were assessed
using four items each, rated on a seven-point Likert scale (e.g., for experience: “...can
feel pleasure”; for agency: “...can plan actions”). After participants evaluated all four
task scenarios, we administered an attention-check question followed by questions
to assess our control variables (gender, age, experience with LLM CAs, coding
experience). All measurement items used in this study are listed in Appendix C.2.

3.3.2.3 Results

A factor analysis confirmed the reliability of the mind perception scales drawn from
the literature, with Cronbach's 𝛼 equal to 0.95 for experience, 0.75 for agency. The
composite reliability (CR) and the average variance extracted (AVE) were greater than



98 3 ChatGPT, Do You Interact Like a Human?

the recommended 0.7 and 0.5 thresholds, respectively (Fornell and Larcker, 1981).
The scale items, Cronbach's 𝛼, CR, and AVE values for each construct are detailed in
Appendix C.3.1.

Figure 3.4: Descriptives for agency and experience.

Figure 3.4 illustrates the descriptives for agency and experience across the within-
subjects (task type) and between-subjects (interaction partner) manipulations. To
test whether required experience and agency differ depending on the task type, we
conducted two mixed-model ANOVAs with interaction partner (LLM CA or human)
as the between-subjects factor and task type (computer-like and human-like task) as
the within-subject factor. In Appendix C.3.2, we additionally report the results of
two ANCOVAs that included all control variables. Since the results were not affected
by any controls, we focus on the interpretation of the mixed ANOVA findings.

A significant main effect of task type on experience was observed, 𝐹(1, 151) =

65.42, 𝑝 < 0.001, 𝜂2 = 0.302. Specifically, average experience was significantly higher
for human-like tasks (M = 4.14, SD = 1.45) compared to computer-like tasks (M =

3.36, SD = 1.60). Furthermore, there was also a significant main effect of interaction
partner on experience, 𝐹(1, 151) = 133.41, 𝑝 < 0.001, 𝜂2 = 0.469. Experience was
significantly higher for human interaction partners (M = 4.68, SD = 0.1) than for LLM
CAs (M = 2.76, SD = 0.1). However, there was no significant interaction effect between
task type and interaction partner, 𝐹(1, 151) = 0.51, 𝑝 = 0.47, 𝜂2 = 0.005. Figure
3.5a illustrates the relationships of the factors. As hypothesized in Hypothesis 2a,
independent of the type of interaction partner, the required experience is significantly
higher when human-like tasks are performed.

A mixed ANOVA on agency revealed that there was no significant main effect of
task type on agency, 𝐹(1, 151) = 0.02, 𝑝 = 0.9, 𝜂2 = 0.00. Average agency was not
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Figure 3.5: Required experience and agency by task type and interaction partner.

significantly different for human-like tasks (M = 6.13, SD = 0.73) and computer-
like tasks (M = 6.14, SD = 0.79). However, there was a significant main effect of
interaction partner on agency 𝐹(1, 151) = 22.43, 𝑝 < 0.001, 𝜂2 = 0.13. Agency was
significantly higher for human interaction partners (M = 6.37, SD = 0.05) than for
LLM CAs (M = 5.87, SD = 0.07). Additionally, there was also a significant interaction
effect between task type and interaction partner 𝐹(1, 151) = 7.05, 𝑝 = 0.009, 𝜂2 = 0.05,
as illustrated in Figure 3.5b. A paired t-test on the subsample with between-subject
factor LLM CA was not significant, 𝑡(73) = −1.6, 𝑝 = 0.11 (Mcl = 5.81, SDcl =

0.09; Mhl = 5.93, SDhl = 0.09). A paired t-test on the subsample with between-
subject factor human interaction partner was significant, 𝑡(78) = 2.23, 𝑝 = 0.03
(𝑀cl = 6.44, SDcl = 0.07; Mhl = 6.31, SDhl = 0.07). Task type had no main effect on
agency, indicating that the type of task (human-like or computer-like) did not have a
significant impact on the required agency. Thus, Hypothesis 2b is not supported.

3.3.2.4 Discussion

Study 2 provides important insights to understand why individuals evaluate an-
thropomorphic design differently across task types. We reveal that individuals seek
significantly more experience in an interaction partner when asked to perform a
human-like task with its help, supporting Hypothesis 2a. This finding suggests that
anthropomorphic designs that signal emotional capabilities correspond to users’ need
for experience in this task context. Contrary to Hypothesis 2b, we found no significant
effect on users’ need for agency. Instead, the level of required agency is independent
of the type of task that users seek to perform with a LLM CA. Nevertheless, it is
important to note that in accordance with mind perception literature (Gray et al.,
2007; Gray and Wegner, 2012; Xu and Sar, 2018; Yam et al., 2021), both the required
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agency and experience are significantly higher when performing tasks with a human
interaction partner compared to a LLM CA. This finding indicates that people do
not need or desire a LLM CA to possess the same level of agency and experience
as a human. Instead, task-dependent needs shape their expectations regarding the
experience dimension of anthropomorphism.

Building upon our understanding of task-dependent preferences and the need
for anthropomorphism across different task types, our focus now shifts to LLM
CAs’ behavior in real-world use. In Study 3, we investigate whether LLM CAs
autonomously adjust their anthropomorphic behavior across human- and computer-
like tasks and how users evaluate such adjustment depending on task type. This
allows us to assess whether real-world LLM CA behavior aligns with the preferences
and needs identified in Study 2.

3.3.3 Study 3: LLM CA Behavior and User Evaluations

In Study 3, we aim to analyze whether LLM CAs autonomously adapt their anthro-
pomorphic behavior as suggested in Hypotheses 3a and 3b, and to evaluate users'
perceptions and evaluations of this anthropomorphic adaptation (H4, H4a, H4b, H5,
H5a, H5b).4

Participants were recruited from three classes in business informatics (bachelor’s
and master’s levels) at two universities. Since our experimental computer-like task
involved coding-related tasks, we deliberately chose this sampling approach to ensure
that participants possessed a basic understanding of such tasks. In total, 204 students
participated in the experimental study. Of these, we excluded four participants due to
server issues, 10 participants who failed the language check, and 11 participants who
failed the attention check, which was a randomly placed question asking participants
to select “undecided”. The sample size underlying our data analysis was therefore
𝑁 = 179. The average age of the participants was 20.21 (SD = 4.23), and 42 (23.5%)
participants were female. The experimental study took place during a scheduled
lecture session to ensure that participants had sufficient time and were motivated
to complete the study. On average, the study took 74.88 minutes (SD = 14.16) to be
completed. As an additional incentive to ensure ongoing motivation, every eighth

4 Preregistered at AsPredicted #146851, ethics certificate at German Association for Experimental
Economic Research e.V. #IdxreJIE

https://aspredicted.org/RX6_Y87
https://gfew.de/ethik/IdxreJIE
https://gfew.de/ethik/IdxreJIE
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person wone50 for complete participation (random draw) and the five best responses
also won e50 each. The best responses were identified after the sessions by two
researchers who assessed the quality of task completion for all experimental tasks.

3.3.3.1 ChatGPT Integration

In this study, we asked participants to complete four different tasks (two computer-like
tasks and two human-like tasks) with the assistance of ChatGPT. For this purpose,
we integrated GPT-3.5-turbo through an iframe into our survey tool. This setup
allowed participants to converse with ChatGPT in an integrated chat window without
leaving the experimental platform, enabling us to collect all chat data for analysis.
We consciously chose not to manipulate any behavior of ChatGPT as we aimed
to analyze its autonomous adaptation to different task contexts. For each task, a
new session with ChatGPT was initiated, ensuring that there was no information
from previous sessions available or stored in memory. To encourage participants to
engage in prolonged interactions with ChatGPT, they were required to use at least six
prompts to complete each task. On average, each participant sent 7.53 prompts per
task. In total, we analyzed chat data based on 5,394 user prompts.

Due to our focus on prolonged interactions to complete tasks with ChatGPT, we
utilized GPT-3.5-turbo with a maximum token limit of 16,385, as the token limit for
GPT-4 at the time of this study was 8,192 tokens. This ensured that ChatGPT retained
context for each task. Retaining context within a session increases the total number
of tokens handled by the model. Each prompt from previous interactions adds to the
overall context considered by the AI model when generating responses to subsequent
prompts within the same session. Consequently, the total number of tokens processed
by the model accumulates with each new prompt. To maintain context retention
during task completion with ChatGPT, we opted to implement GPT-3.5-turbo.

3.3.3.2 Procedure and Measures

Following a general briefing on the experimental procedure, including a short
introduction to LLM CAs, participants were instructed to complete four tasks using
the integrated version of ChatGPT. The order of the tasks was randomized. While
a general description of the task context was provided within the experimental
online tool, specific task instructions for interacting with ChatGPT were given to
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each participant as a printed handout. This approach ensured that participants
used their own words when completing the tasks. Consistent with Study 2, the
two computer-like tasks involved coding-related and information search activities,
while the two human-like tasks comprised a mental health discussion and a moral
discussion. Detailed descriptions of each task can be found in Appendix C.1.3.

Following the completion of each task, participants were asked to complete a ques-
tionnaire to measure agency, experience, trust, eeriness, and human likeness for
that particular task. In addition, participants were prompted to write an open-text
reflection on their user experience regarding both the computer-like and human-like
tasks with ChatGPT. They were explicitly instructed to consider what they liked or
felt was lacking in the interaction. Finally, the study concluded with a questionnaire
regarding demographics and previous experience with LLM CAs and coding in
general.

We utilized the same established scales to measure agency, experience, and task
human likeness as in Study 2. Additionally, we used established scales to measure
trust (McKnight and Choudhury, 2002) and the control variable eeriness (Gray and
Wegner, 2012; Ho and MacDorman, 2010). All measurement items deployed in this
study are listed in Appendix C.2.

3.3.3.3 Text Analysis

We used the Linguistic Inquiry and Word Count (LIWC; Pennebaker et al., 2001), a
text analysis software, to examine the extent to which the task-dependent responses
of ChatGPT reflected anthropomorphic behavior in terms of agency and experience.
LIWC is a state-of-the-art psycholinguistic software that has more recently been
applied to text analysis in IS studies (Gnewuch et al., 2024; Kumar et al., 2022). LIWC
uses default psycholinguistic dictionaries to analyze the linguistic features of text
data by calculating percentages of words belonging to different categories. In our
analysis of ChatGPT’s chat data, we operationalized experience and agency using
established psycholinguistic categories of LIWC that reflect emotional and analytical
language cues. Detailed analysis can be found in Appendix C.3.4.

For each task, we analyzed the dialogue text produced by ChatGPT with respect to
experience and agency. Accordingly, the resulting scores for experience and agency
isolate the anthropomorphic cues employed by ChatGPT.
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3.3.3.4 Results

We conducted a factor analysis to assess the reliability of the measured constructs. Due
to a high correlation between one item of our agency scale and the competence-based
trust dimension, we had to exclude this item from our analysis. Additionally, one
item of the benevolence-based trust dimension was removed due to factor loadings
smaller than 0.5. The scale items, along with Cronbach's 𝛼, CR, and AVE values for
each construct, are detailed in Appendix C.3.1.

To verify the effectiveness of our task manipulation, we conducted a paired t-test on
the task human-likeness ratings that range from 1 (very computer-like) to 7 (very
human-like) which is the same as in Study 1. The t-test indicated a significant
difference, 𝑡(178) = 15.71, 𝑝 < 0.001, confirming that participants perceived the
human-like tasks as more human-like (M = 5.33, SD = 0.11) while they perceived the
computer-like task as more computer-like (M = 3.32, SD = 0.09).

To test whether ChatGPT exhibits task-dependent autonomous anthropomorphic
adaptation in its conversational behavior (H3a, H3b), we conducted two paired t-tests
comparing ChatGPT’s use of experience and agency in the interactions across task
types. The first t-test indicated a significant difference, 𝑡(178) = 43.89, 𝑝 < 0.001,
confirming that in the human-like task dialogues, more experience cues (M =

12.6, SD = 0.19) were used than in the computer-like task dialogues (M = 3.19, SD =

0.11), thus supporting Hypothesis 3a. The second t-test indicated a significant
difference, 𝑡(178) = −24.10, 𝑝 < 0.001, demonstrating that, contrary to Hypothesis 3b,
in the human-like tasks dialogues, fewer agency cues (M = 70.42, SD = 0.79) were
used than in the computer-like task dialogues (M = 89.17, SD = 0.39). Thus,
Hypothesis 3b cannot be confirmed; instead, we find a significant difference in the
opposite direction.

Taken together, these findings indicate that the anthropomorphic style of the con-
versation varies by task type, with more experience cues in human-like tasks and,
unexpectedly, fewer agency cues. We further investigated whether this task effect
carries over to users’ mind perception, accounting for potential indirect effects via
experience and agency cues (H4a, H4b). To do so, we conducted mediation analyses
using the SPSS MEMORE macro (Montoya and Hayes, 2017), which allows estimation
of mediation models for two-instance within-subjects design using a bootstrapping
approach (Judd et al., 2001).
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The first analysis examined whether experience cues in ChatGPT’s dialogue text
mediated the effect of task type on perceived experience, using 5,000 bootstrap
samples (Figure 3.6a). Although task type significantly affected ChatGPT’s use of
experience cues (path 𝑎), the indirect effect was not significant (𝑎𝑏 = −0.05, SE = 0.40,
95% CI [−0.92, 0.62]). The total effect of task type on perceived experience was positive
and significant (𝛽 = 0.30, SE = 0.06, 𝑡(178) = 4.85, 𝑝 < 0.001). Thus, although task
type affects perceived experience, we find no support for Hypothesis 4a. The increased
use of experience cues (H3a) did not mediate the effect of task type on perceived
experience. When accounting for the indirect path via experience cues, task type had
no direct effect on perceived experience (𝛽 = 0.35, SE = 0.31, 𝑡(176) = 1.14, 𝑝 = 0.26).
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Experience

6.3
3∗
∗

0.35 ns

-0.01 ns
• Experience: a*b path coefficient = -0.05, SE = 0.40,

95%CI = [-0.92, 0.62]
• Total Effect: 0.30 **

(a) Effect of Task Type on Experience Perception.

Task Type
cl vs. hl.

Agency
Cues
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Agency

-16
.98

∗∗
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0.02 ∗

• Agency: a*b path coefficient = -0.42*, SE = 0.21,
95%CI = [-1.01, -0.19]

• Total Effect: 0.13 *

(b) Effect of Task Type on Agency Perception.

Figure 3.6: Effect of computer-like (cl) vs. human-like (hl) task type on mind perception.

The second analysis examined the effect of task type on perceived agency via
ChatGPT’s use of agency cues, based on 5,000 bootstrap samples (Figure 3.6b). Results
revealed that the indirect effect through agency cues was negative and significant
(𝑎𝑏 = −0.42, SE = 0.21, 95% CI [−1.02, −0.18]). Thus, there is a significant indirect
effect of task type on perceived agency through agency cues, but this effect is in the
opposite direction to that hypothesized (H4b). Specifically, agency cues had a positive
association with perceived agency (path 𝑏: 𝑏 = 0.025, SE = 0.008, 𝑡(176) = 3.24,
𝑝 = 0.0014), while the reduced use of agency cues in human-like tasks produced an
overall negative indirect effect. Yet, the mediation is only partial because accounting
for the indirect path via agency cues, task type still had a positive direct effect on
perceived agency (𝛽 = 0.54, SE = 0.14, 𝑡(176) = 3.81, 𝑝 = 0.0002). Accordingly, while
perceived agency decreases in human-like tasks because of reduced usage of agency
cues, human-like tasks retain a direct positive effect on perceived agency that is not
accounted for by agency cues. This direct effect is substantial and offsets the negative
indirect effect, such that the total effect of task type on perceived agency remained
positive and significant (𝛽 = 0.125, SE = 0.06, 𝑡(178) = 2.01, 𝑝 = 0.046).
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Having examined how task type shapes anthropomorphic interaction style and
perceived anthropomorphism, we move our focus to users’ evaluations, specifically
trust in the LLM CA (H5, H5a, H5b). We analyzed the effect of task type on user trust
through agency and experience, using 5,000 bootstrapped samples. Results revealed
that the indirect effect through agency was positive and significant (𝑎𝑏 = 0.036,
SE = 0.02, 95% CI [0.001, 0.07]), which supports Hypothesis 5b. The indirect effect
through experience was positive and marginally significant (𝑎𝑏 = 0.029, SE = 0.016,
95% CI [0.0006, 0.076]), which partially supports Hypothesis 5a. The direct effect of
task type on trust was negative and significant (𝛽 = −0.22, SE = 0.04, 𝑡(174) = −5.53,
𝑝 < 0.001). Additionally, the total effect of task type on trust was negative and
significant (𝛽 = −0.16, SE = 0.04, 𝑡(178) = −3.71, 𝑝 < 0.001), supporting Hypothesis 5.
Figure 3.7 illustrates these results.

Task Type
cl vs. hl

Agency

Experience

Trust
0.13∗

0.30 ∗∗

-0.22∗∗
0.29 ∗∗

0.10∗

• Agency: a*b path coefficient = 0.04, SE = 0.02, 95 % CI = [0.001, 0.076]
• Experience: a*b path coefficient = 0.03, SE = 0.02, 95 % CI = [-0.001, 0.062]
• Total Effect: -0.16 **
Figure 3.7: Effect of computer-like (cl) vs. human-like (hl) task type on user trust.

In summary, we find that people trust LLM CAs more to perform computer-like
tasks than human-like tasks (H5). For human-like tasks, however, this negative
effect is attenuated through perceptions of agency (H5b) and experience (H5a). To
further unpack these effects, we estimated the same mediation model for the two trust
sub-dimensions (competence-based trust and goodwill-based trust). The additional
mediation models are provided in Appendix C.3.3. They reveal that perceived
agency, but not perceived experience, has a significant positive indirect effect on
competence-based trust, whereas both perceived agency and perceived experience
have significant positive indirect effects on goodwill-based trust.

In addition to the reported analyses, we conducted further analyses with regard
to the control variables gender, experience, dispositional anthropomorphism, and
eeriness. These analyses did not affect the interpretation of our results (Figure C.2).
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3.3.3.5 Discussion

Study 3 presents several important findings. First, our analysis reveals that the LLM
CA’s anthropomorphic style adaptation is significantly influenced by the type of task
being performed. Specifically, we observe that in contexts resembling human tasks,
the use of experience cues is significantly higher compared to contexts resembling
computer tasks. Contrary to expectations, the use of agency cues is significantly lower
in human-like task contexts than in computer-like task contexts. This suggests that
the language style of ChatGPT becomes less analytical in human-like task contexts.
This outcome contradicts H3b and prior mind perception literature, which would
predict that human-like tasks elicit more agency cues than computer-like tasks. Our
findings suggest that the training data for computer-like tasks contain more analytical
language than those for human-like tasks. However, other aspects of agency such as
forming opinions and preferences may not be adequately captured by the analytical
language score. Further investigation using qualitative data offers the potential to
verify this.

3.4 General Discussion

Table 3.3 summarizes our empirical findings. We demonstrate that users choose
anthropomorphized LLM CAs only for human-like tasks (Study 1), in particular they
have a higher need for experience in human-like compared to computer-like tasks
(Study 2). In contrast, the users’ needs for agency remain consistent across task-types,
challenging expectations from mind perception literature (Gray et al., 2007; Gray
and Wegner, 2012; Xu and Sar, 2018; Yam et al., 2021). We further analyzed how
the behavior of LLM CAs complements these user needs in real-world use scenarios
(Study 3). We discovered that task-type-specific automatic adaptations align to a
certain extent: LLM CAs use more experience cues when solving human-like tasks
but fewer agency cues. Notably, only agency cues have a significant positive effect on
user perception. User trust in LLM CAs is generally higher for computer-like tasks
than for human-like tasks, although this effect is mitigated by the increased mind
perception for LLM CAs in human-like tasks.



3.4 General Discussion 107

Table 3.3: Overview of empirical findings

Study Hypothesis Result
Study 1 H1: Task-dependent choice

for anthropomorphism in
CAs

Confirmed: anthropomorphic CAs chosen for hl tasks

Study 2 H2: Need for agency and
experience

Experience: confirmed, higher need for hl tasks
Agency: not confirmed, no difference between hl and cl
tasks

Study 3 H3: Task-dependent anthro-
pomorphic design adapta-
tion

Experience: confirmed, in hl tasks more usage;
Agency: contradicted, in hl tasks less usage

H4: Task-dependent anthro-
pomorphism perception me-
diated through cues

Experience: not confirmed, no effect on perception;
Agency: contradicted, positive effect of cues on perceived
agency, but less usage of agency cues in hl tasks

H5: Task-dependent user
trust

Task Dependent User Trust: confirmed, more trust for cl
tasks;
Experience & Agency: confirmed, higher perception in hl
tasks mitigates lower trust

Note: hl = human-like, cl = computer-like

3.4.1 Theoretical Contributions

Our three studies offer new insights into task-dependent differences in the dimensions
of mind perception — agency and experience. While prior work in mind perception
has primarily focused on the nature of the entity being evaluated, comparing the
perception of machines versus human decision makers (Epley et al., 2007; Gray
et al., 2007, 2012; Lee et al., 2020; Yam et al., 2021), few studies have highlighted
context-dependent preferences for experience and agency in AI (Appel et al., 2020;
Wiese et al., 2022). In contrast, we have systematically examined task-dependent
mind perception in interactions with LLM CAs, focusing both on user perceptions
and how these agents autonomously adapt their anthropomorphic behavior across
a range of human-like and computer-like tasks. Our results reveal that task type is
a significant antecedent of mind perception, independent of the anthropomorphic
design features of the agent. Human-like tasks have a positive direct effect on users’
agency perception. The effect on experience appears more complex and is likely to
be mediated through additional factors. This result challenges the perception that
dialogue behavior throughout the interaction alone determines whether a CA is
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perceived as human-like. It suggests that task types should become an integral part
of mind perception theory.

Furthermore, our study extends IS research on human–CA interaction and trust
in technology. The context of the interaction is pivotal in shaping user trust in
artificial intelligence (Castelo et al., 2019; Glikson and Woolley, 2020; Kaplan et al.,
2023). Extant research has shown that anthropomorphism impacts user trust and
that different aspects of anthropomorphism — like experience or warmth and agency
or competency — affect trust in distinct ways (Blut et al., 2021; Cheng et al., 2022;
Waytz et al., 2014). Our findings provide a deeper understanding by analyzing
both of these factors within one cohesive theoretical framework of mind perception
theory. In particular in human-like tasks compared to computer-like tasks, users
prefer more human-likeness in CAs specifically with regard to emotional capability
(i.e., experience) but not agency. We hypothesized that discrepancies between these
task-specific user expectations and LLM CA behavior result in poorer user evaluations
and diminished trust, whereas fulfilling these needs can promote development of
trust. Our findings confirm this relationship: in human-like tasks, where user trust is
initially lower, a stronger perception of anthropomorphism across both dimensions
effectively counteracts this trust deficit.

Our framework allows for a systematic analysis of ChatGPT’s behavior as a prominent
LLM CA and the fastest-growing consumer application (Hu, 2023; Reuters, 2023).
We find that task-dependent user needs for experience and agency are reflected
to some extent this real-world application. The LLM CA automatically adapts its
anthropomorphic features based on the task at hand. However, this automatic
adaptation is neither optimally aligned to the user’s preferences nor does it have
a positive impact on mind perception. We postulated that the increased mind
perception that we found in human-like tasks would largely be explained by the
usage of more experience and agency cues. Considering that LLM CAs digest vast
amounts of human-produced dialogue data on the internet, we hypothesized that, in
alignment with mind perception theory, they employ both agency and experience
cues more frequently in human-like tasks — as humans do. Yet, our results indicate
that this is not the case. Instead, CAs reduce the usage of agency cues in human-like
tasks. This may be a crucial limitation when trying to build trust, as agency cues
could have a significant positive effect on agency perception, which in turn has a
positive effect on user trust. Furthermore, while LLM CAs do use more experience
cues in human-like tasks, these cues do not have an effect on users’ perception of
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experience. Therefore, it is important to identify experience cues that address user
expectations more effectively.

An important observation in the anthropomorphism literature is that anthropo-
morphic features are often manipulated deliberately through specific design cues
(Feine et al., 2019; Gnewuch et al., 2024; Schanke et al., 2021; Schuetzler et al., 2021;
Seeger et al., 2021). Our research demonstrates, however, that LLMs adjust their
behavior automatically depending on the context, which can influence perceptions
of anthropomorphism beyond deliberate manipulations. It is therefore crucial for
researchers to be aware of such automatic processes and to account for them in their
experimental designs.

Finally, our research contributes to the rising field of algorithm aversion. Some work
in this field differentiates between objective and subjective tasks (Castelo et al., 2019;
Dietvorst et al., 2015, 2016; Jussupow et al., 2024). Reconsidering this categorization
may be beneficial to capture the full nature of the tasks performed by LLM CAs,
which often combine objective and subjective elements. Human-like tasks typically
emphasize subjective aspects requiring emotional abilities (experience) but also
involve objective components requiring cognitive skills (agency) to varying degrees.
In contrast, computer-like tasks mostly contain objective elements that require agency.
This distinction clarifies task effects on experience and agency perception, allowing
us to pinpoint more precisely when and why AI aversion arises. Our study raises
the prospect of “spillover” effects. A distinct feature of LLM CAs is their versatility,
allowing them to perform both computer-like and human-like tasks. This may enable
positive experiences in computer-like tasks — where trust is already higher — to
mitigate aversion in human-like tasks (Castelo et al., 2019). In other words, trust
and familiarity built with a CA in computer-like tasks can reduce aversion to using
it in human-like tasks, fostering broader acceptance over time. Effective automatic
adaptation by CAs supports this process by addressing evolving task-dependent
needs and sustaining trust across applications.

3.4.2 Practical and Societal Implications

Our findings carry important implications for both the design and societal under-
standing of CAs. First, we demonstrate that users do not require CAs to exhibit the
same level of agency or experience as human interaction partners. This suggests
that striving to mimic human mental capacities as closely as possible in CAs is
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not always the best approach. Tying into the concept of the uncanny valley, the
discomfort that too much focus on anthropomorphism can evoke seems to provide
limitations (Gray and Wegner, 2012; Waytz et al., 2014). However, with advances in
robotics and immersive technologies dissolving the boundaries between physical and
digital presence, societal perceptions of the uncanny may evolve. Furthermore, if,
as self-humanization theory suggests (Haslam, 2006), humans anchor their identity
in traits like morality and autonomy, then the design of such systems must not only
consider functionality, but also calls for societal discourse on how closely we want
machines to mirror such traits.

From a practical perspective, our results provide guidance for improving the design
of CAs, especially in contexts where trust is a key consideration. To mitigate lower
trust in CAs for human-like tasks, designers should focus on fostering trust by
stimulating users’ mind perception of the CA. Users state a higher need for experience
in human-like tasks, but the impact of the CA’s experience cues is limited.

Our findings on the adaptation of experience and agency cues suggest that there
is substantial room for design improvements in current LLM CAs. Advanced tech-
nologies, such as virtual reality (VR) or three-dimensional display technologies (3D
displays), may enable more immersive and impactful experience cues by incorpo-
rating nonverbal signals, such as gestures, facial expressions, and shared gazes, that
can better convey emotional capabilities (Cassell et al., 1999; Ghazali et al., 2018).
Embodying conversational agents with human-like avatars in 3D environments has
been demonstrated to deepen connections with users, enriching interactions through
additional social and nonverbal cues (Barlow et al., 2004; Holzwarth et al., 2006). Sim-
ilarly, audio output leveraging tonal variations offers another avenue for enhancing
the emotional depth of interactions (Heßler et al., 2023). However, implementing
these advanced cues may require greater technological effort compared to agency
cues, which are more readily conveyed through language and 2D graphics.

The limited effectiveness of observed experience cues, coupled with the significant
positive impact of agency cues on mind perception and consequently user trust,
underscores the need to maintain strong agency capabilities regardless of the task
context. Automatic adaptation to domain-specific data that results in reduced agency
for human-like tasks may backfire and instead require purposeful design interventions
to ensure that agency remains high. Issues around misdirected automatic adaptation
of LLM CAs could be amplified by AI systems potentially learning from each other’s
output, leading to a self-reinforcing spiral of AI becoming more human-like in
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tone with regards to experience (Alemohammad et al., 2023; Briesch et al., 2024;
Martínez et al., 2023). In contrast, recent models (e.g., GPT-4o) capable of delivering
explanations alongside their solutions (OpenAI, 2024; Wei et al., 2022) may heighten
perceptions of anthropomorphism by mirroring human analytical behavior and
signaling agency.

Practitioners should be aware that not only conscious design decisions — such
as giving the CA a name, picture, or emoticons — determine anthropomorphism.
LLM CAs now independently learn to use agency and experience cues from the
vast amounts of interaction data they are trained on, thus moving beyond purely
manual design choices. Such CAs adjust their behavior based on context, learning
the very mechanisms that we attempt to investigate causally through experiments.
In addition to training LLMs on the basis of human-generated content, tuning and
alignment procedures further shape model behavior and can reinforce human-like
interaction patterns. Recent studies demonstrate that alignment processes can lead
to sycophantic and socially desirable responses, reflecting anthropomorphic traits
(Sharma et al., 2023). Together, these processes likely contribute to the task-dependent
emergence of agency and experience cues. The way in which they adapt raises critical
implications for user adoption and acceptance in practical applications. Ideally, LLM
CAs could perfectly adapt to user needs, but our findings suggest the opposite —
particularly regarding the improper use of agency cues. This suggests that either
current LLM CA capabilities to adapt are not yet advanced enough or that insights
from literature, such as those regarding user needs, need to be explicitly integrated
into these systems rather than relying solely on automatic adaptation.

In both society and research, there is growing concern about the blurring boundaries
between human and machine perception (Bender et al., 2021; Susarla et al., 2023). This
issue extends beyond design choices and includes the selection of tasks assigned to
CAs, as demonstrated by our findings. Therefore, design constraints or enhancements
are not solely responsible for determining how CAs are perceived. The increasing
capacity of CAs to perform tasks traditionally associated with humans raises questions
about how society navigates the potential overlap in decision-making roles between
humans and machines.
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3.4.3 Limitations and Future Research

Despite offering valuable insights into user preferences for anthropomorphism in
CAs, our study bears some limitations that open avenues for future research.

First, while our study identifies user preferences for agency and experience cues in
CAs, it remains unclear what drives these preferences. Whether our findings on
lowered needs for agency and experience compared to a human interaction partner
stem from the users’ appraisal of what is actually technologically possible or their
real ideal wish remains unanswered by our paper. The difference we observe may be
due to individuals not wanting AI to reach the same level of capability as humans,
preserving the notion of humans occupying a unique and special role. Alternatively,
it could reflect users’ underlying belief that AI is not yet capable of fully replicating
human abilities, which influences the expectations individuals set for the technology.
Future research is deemed necessary to distinguish these influences.

Second, our sample consisted of bachelor and master students from business infor-
matics classes that presumably had more knowledge than the average population
on the subject. Additionally, our study did not account for potential cultural effects,
which could play a significant role in how users perceive agency and experience
cues in CAs. Subsequent studies should aim to include participants from various
backgrounds to explore user perceptions more comprehensively across different
demographics and cultures.

Third, we analyzed agency and experience cues in the LLM CAs using LIWC, which is
well-suited for assessing linguistic features but may have limitations in fully capturing
the complexity of how users perceive these dimensions in text-based interactions. For
example, LIWC focuses on predefined word categories, which might overlook subtle
contextual or stylistic aspects that influence user perceptions. Future research could
explore complementary methods, such as fine-tuned natural language processing
models, to deeper analyze textual cues for agency and experience.

3.5 Conclusion

Our study contributes to the understanding of task-dependent anthropomorphic
design in CAs by integrating mind perception theory into human–computer interac-
tion research. By differentiating agency and experience as distinct dimensions, we
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reveal how task contexts shape user expectations and trust. Our findings highlight
a misalignment between user preferences and autonomous adaptations of CAs for
human-like tasks. While individuals desire sustained high levels of agency coupled
with increased experience, LLMs reduce agency cues and employ ineffective experi-
ence cues. As LLM CAs become increasingly integrated into diverse domains, our
insights emphasize the need for deliberate, user-centered design to ensure these
systems effectively support user trust and engagement. Our results contribute to a
better understanding of how LLM CAs can navigate the complexities of human-like
interaction more effectively, thereby refining mind perception theory and opening
avenues for future work on more adaptive and context-sensitive design.
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A.1 Instructions

[Welcome and Instructions]
Welcome! Thank you for your participation in a behavioral economics study conducted by the
Karlsruhe Institute of Technology (KIT), one of the largest research universities in Germany.

Please complete the study in a quiet place where you will not be distracted. Ideally, you
should not take long breaks during the study, but rather complete it without interruption.

Please DO NOT use the back button on your browser while completing the survey.

The study takes approx. 5 to 10 minutes to complete.

Important: Participants who have not read the instructions, or randomly marked answers
may be disqualified from payment.
Comprehension questions are used to verify that the instructions have been read.

[Consent form]

[Sociodemographics (Office of Management and Budget (OMB), 2024; Statistisches Bundesamt
(Destatis), 2022; U.S. Census Bureau, 2023, 2024)]

1. What sex are you?

2. How old are you?

3. What is your ethnicity? [For US-sample]

4. What is the highest diploma/degree or level of school you have completed?
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[Decision Consequence]
***In RealCons Treatments***
Your decisions have real consequences!
As in all behavioral economic studies at KIT, all the facts described in the study are true.

At the end of the study, the computer randomly selects about one in ten participants.

The decisions made by these selected participants in the study are implemented exactly
as described. Your decisions in this study are therefore not hypothetical, they can have
real-world consequences.

Therefore, make your decision carefully.

***In HypoCons Treatments***
Hypothetical Decision Scenarios!
As in all behavioral economic studies at KIT, all the facts described in the study are true.
Your decisions in this study exclusively concern hypothetical scenarios.
Nevertheless, your decisions are essential to research. Therefore, please decide carefully.

On the following pages we present the work of two reputable charities. Please read the
information carefully. You will need it in the further course of the study.

[Donation Information (AMF) — English Version]
***In RealCons, Gain Treatment***
Against Malaria Foundation
In the following, a donation of 5 dollars to the Against Malaria Foundation will be made by
us in your name.
With this donation, a child can be saved from malaria, from which it might otherwise die.

Fighting Malaria
• Each year, more than 600,000 people die from malaria.

• More than 70% of them are children under the age of 5.

• Malaria can be prevented: Anti-malaria nets are an
effective form of protection.

[Image of
child receiving help]

Against Malaria Foundation

... distributes long-lasting insecticidal nets (LLINs) in malaria
endemic countries.

Recipients of nets hang and sleep under them so they are not
bitten by malaria-carrying mosquitoes.

• Nets save lives!

• Providing one net
costs ca. $5.
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***In Loss Treatment***
Against Malaria Foundation
There is a donation voucher in your name worth 5 dollars to the Against Malaria Foundation.
Upon completion of this study, we will redeem this donation voucher on your behalf, and the
corresponding amount will be donated to the organization in question.
With this donation, a child can be saved from malaria, from which it might otherwise die.
Subsequent Information identical as above

***In HypoCons Treatment***
Against Malaria Foundation
Donations to the Against Malaria Foundation protect children from malaria that could
otherwise kill them.

Subsequent Information identical as above

[Donation Information (HKI)- English Version]
***In RealCons, Gain Treatment***
Helen Keller International
You can also actively intervene and donate 7 dollars to Helen Keller International instead.
With this donation, seven children will receive vitamin A who might otherwise die from a
deficiency.

Fighting Vitamin A Deficiency
• Vitamin A deficiency makes children susceptible to infec-

tions and can lead to death.

• Each year, more than 200,000 children’s deaths are at-
tributed to vitamin A deficiency.

• Providing vitamin A supplements saves children’s lives!

[Image of
child receiving help]

Helen Keller International

... distributes long-lasting vitamin A supplements.

In areas where vitamin A deficiency is a public health prob-
lem, children aged 6 months to 5 years receive a high dose of
vitamin A.

• Vitamin A saves lives!

• Vitamin A for a child
under 5 costs ca. $1.
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***In Loss Treatment***
Helen Keller International
Additionally, there is a donation voucher worth 7 dollars to Helen Keller International.
This donation will provide Vitamin A to 7 children who might otherwise be at risk of dying
from a deficiency.

Subsequent Information identical as above

***In HypoCons Treatment***
Helen Keller International
With this donation, seven children will receive vitamin A who might otherwise die from
a deficiency.

Subsequent Information identical as above

Please note:
According to the independent initiative GiveWell, which evaluates charities, both programs
are among the top donation opportunities.
Selected are donation organizations that are particularly efficient, whose impact is par-
ticularly well documented, that work particularly transparently, that require additional
donations and that meet other criteria.

[Donation and Delegation Option]

***RealCons***
Your donation
On the following screens you can influence which donation will be made.
Alternatively, you can delegate to [another participant in this study/an artificial intelligence
(AI)].
Then you will not be confronted with the situation and you will also not be informed which
donation will be made in the end.
Instead, [another participant will be randomly drawn and their behavior will be implemented./an AI
will then determine which donation is made.]

***HypoCons***
A donation
Imagine you could decide which of these two charities should receive a donation.
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Alternatively, you could delegate to [another participant in this study/an artificial intelli-
gence (AI)].
Then you would not be confronted with the situation any further and would also not be
informed which donation would have been made in the end.
Instead, [another participant would then be randomly selected and their behavior implemented./an
artificial intelligence would then determine which donation to make.]

[Comprehension questions]
Comprehension question on basic instructions. Participants that answered incorrectly more than twice
were disqualified.

[Decision – RealCons]
***Gain Treatments***
Your donation
On the next screen, 20 seconds will count down

• If you do nothing, the donation to the Against Malaria Foundation (option A) will be
made.

• You can also actively intervene and donate to Helen Keller International (option B)
instead

***Loss Treatments***
Your donation
On the next screen, 20 seconds will count down

• If you do nothing, the donation voucher to Helen Keller International (option B) will
be destroyed.

• You can also actively intervene and destroy the donation voucher to the Against
Malaria Foundation (option A) instead.

If you prefer, you can also delegate to [another participant in this study/an artificial intelligence
(AI)] instead.
Then you will not be confronted with the situation and you will also not be informed which
donation will be made in the end.
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Instead, another participant is randomly drawn and their behavior is implemented/Instead,
an AI will then determine which donation is made.

If you want to delegate to [another participant/the AI], click the button.

Otherwise, click "Next" to proceed to the donation options.

***If "Next" (No Delegation), Gain***
Which donation should be made?

Option A:
$5 to the Against Malaria
Foundation.

Option B:
$7 to Helen Keller Interna-
tional.

Remaining time: 20s

***If "Next" (No Delegation), Loss***
Which donation should be destroyed?

Option A:
Destroy $7-donation voucher to
Helen Keller International.

Option B:
Destroy $5-donation voucher to
Against Malaria Foundation.

Remaining time: 20s

***If Button (Delegation)***
You have delegated the decision to [another participant/the AI] in this study.

[Delegation Decision – HypoCons]
***Human Treatment***
How would you decide? [random order]
In the situation described, would you delegate to another participant or make the decision
yourself?
Please note that this decision is purely hypothetical and will not be implemented over the
course of this study.
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• I would decide myself which of the two charities would receive the donation.

• I would delegate the decision about which of the two charities receives the donation to
another participant.

***AI Treatment***
How would you decide? [random order]
In the situation described, would you delegate to an artificial intelligence or make the
decision yourself?
Please note that this decision is purely hypothetical and will not be implemented over the
course of this study.

• I would decide myself which of the two charities would receive the donation.

• I would delegate the decision about which of the two charities receives the donation to
an artificial intelligence.

[Follow-Up Questions]
[Decision Justification for RealCons/HypoCons]
Why [did/would] you [/not] delegate the decision? Multiple answers possible

***If Delegated***

• The [other participant/AI] [will/would] make a better decision.
• The decision [was/would be] too difficult or I [didn’t/wouldn’t] have a clear preference.
• I [had/would have] too little information about the decision.
• I [wanted/would want] to hand over responsibility for the decision.
• I [wanted/would want] to keep it as simple as possible and not have to deal with the

decision any further.
• Other (please specify): _____

Corresponding opposite reasons provided if the decision was not delegated.

[Responsibility for RealCons/HypoCons]
Please indicate to what extent you agree or disagree with each of the following statements.
5-point scale: 1 = strongly disagree, 5 = strongly agree

• I would like to be fully responsible for the decision, whatever the outcome.
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• I [feel/would feel] responsible for the outcome of this decision.

• I have/would have a moral obligation to make such a decision.

How confident are you that you have made the right decision about whether to delegate or
make the decision to donate yourself?
How difficult do you find the decision between the two donation options?
How important are the following criteria to you when making a donation?
5-point scales

• Cost-effectiveness of the donation, i.e. how much donation money is needed to save a
life.

• Number of people affected, i.e., how many people are fatally threatened by the issue
being addressed (e.g., disease or hunger).

[Rating of AI’s capability for moral decision-making]
The following questions are about your assessment of the capabilities of artificial intelli-
gence (AI).
5-point scale: 1 = strongly disagree, 5 = strongly agree

• In a situation as described in this study, an artificial intelligence (AI) can make a better
decision between two donations than I can.

• I have full confidence that an AI can make a high-quality decision between two donations
in a situation like this.

• AI can make good moral decisions.

[Mind Perception Scale (Bigman and Gray, 2018)]
To what extent do you think an AI can/is ...
5-point scale: 1 = Not at all, 5 = Extremely
***Experience***

• ... sensitive to pain?
• ... experience happiness?
• ... experience fear?
• ... experience compassion?
• ... experience empathy?
• ... experience guilt?

***Agency***
• ... communicate with others?
• ... able of thinking?
• ... plans its actions?
• ... is intelligent?
• ... has foresight?
• ... is able to think things through?
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A.2 Robustness Check: No Effect of Burden-Disclaimer

In the original study, participants in human treatments were informed that in case of
delegation “another participant will be randomly drawn and their behavior will be implemented”
in the instructions and on the decision screen (see A.1). Our intention was to convey that
no additional decision burden would be imposed on the selected delegate. However, the
phrasing may have been perceived as ambiguous.

To address this concern, we conducted an additional study (U.S. representative sample via
Prolific)1. We employed the two real-consequence treatments from the main studies (Human
delegate, AI delegate) and added a No-Burden Human treatment. This treatment was identical
to the original Human delegate condition, but included the following disclaimer both in
the instructions as well as on the decision screen, visually highlighted in red font: "The
selected participant will be drawn from those who have already made a decision. Their choice
will be implemented without requiring any further action or awareness on their part". Since
live filtering was not technically possible, we applied the same exclusion criteria as in the
main studies retrospectively: participants who failed the comprehension question, failed
the attention check, or completed the study too quickly (Leiner, 2019) were excluded. After
applying these criteria, the final sample consisted of 𝑁 = 592 participants.

As shown in Figure A.1, delegation rates in the No-Burden Human condition (11.6%) were
nearly identical to the Standard Human condition (11%). A chi-square test confirmed that
this difference was not statistically significant (𝑝 = 0.846). Delegation to AI (18.6%) remained
substantially higher, indicating that the increased delegation to AI we find in our studies
cannot be explained by concerns about imposing a burden on a human delegate.
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Figure A.1: Delegation rates across Standard Human, No-Burden Human, and AI treatment. Explicitly
clarifying that the human delegate would not bear any additional burden did not affect
delegation rates. (𝜒2(1, 𝑁 = 398) = 0.0377, 𝑝 = 0.846).

1 Preregistration at AsPredicted.org: https://aspredicted.org/79sb-jb38.pdf

https://aspredicted.org/79sb-jb38.pdf
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A.3 Additional Results & Statistical Analyses

Table A.1: Logistic regression results for delegation behavior by delegate type and framing.

𝑂𝑅 Std. Error
Delegate (AI vs. Human) 4.551*** 1.763
Framing (Loss vs. Gain) 2.077 0.875
Delegate × Framing 0.433 0.216
Constant 0.047*** 0.016
Note: LR 𝜒2(3) = 24.01, Pseudo R2 = 0.0412, 𝑁 = 800.
* 𝑝 ≤ 0.05, ** 𝑝 ≤ 0.01, *** 𝑝 ≤ 0.001.

Table A.2: Logistic regression results for delegation behavior by delegate and decision impact.

𝑂𝑅 Std. Error
Delegate (AI vs. Human) 2.233*** 0.226
Decision Impact (HypoCons vs. RealCons) 1.375** 0.145
Delegate × Decision Impact 0.601*** 0.084
Constant 0.190*** 0.015
Note: LR 𝜒2(3) = 75.15, 𝑝 < 0.001, Pseudo R2 = 0.0144, 𝑁 = 4, 839.
* 𝑝 ≤ 0.05, ** 𝑝 ≤ 0.01, *** 𝑝 ≤ 0.001.

Table A.3: Regression analysis of responsibility ratings on a 5-point scale by delegation decision and
delegate type.

𝛽 Std. Error
Delegate (AI vs. Human) 0.163*** 0.027
Delegation Decision (Yes vs. No) -0.755*** 0.043
Interaction (AI × Delegation = Yes) -0.241*** 0.057
Constant 3.966*** 0.018
Note: 𝐹(3, 4839) = 342.06, 𝑝 < 0.001, 𝑅2 = 0.1750.
* 𝑝 ≤ 0.05, ** 𝑝 ≤ 0.01, *** 𝑝 ≤ 0.001.
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Table A.4: Regression analysis of capability ratings on a 5-point scale as a function of delegate type
and decision impact.

𝛽 Std. Error
Delegate (AI vs. Human) 0.331*** 0.042
Decision Impact (HypoCons vs. RealCons) -0.008 0.042
Interaction (AI × HypoCons) -0.163** 0.060
Constant 2.475*** 0.030
Note: 𝐹(3, 4839) = 28.56, 𝑝 < 0.001, 𝑅2 = 0.0174.
* 𝑝 ≤ 0.05, ** 𝑝 ≤ 0.01, *** 𝑝 ≤ 0.001.

Table A.5: Regression analysis of capability ratings on a 5-point scale as a function of delegate type
and delegation behavior.

𝛽 Std. Error
Delegate (AI vs. Human) 0.012 0.032
Delegation Behavior (Yes vs. No) 0.348*** 0.051
Interaction (AI × Delegation = Yes) 0.732*** 0.068
Constant 2.407*** 0.022
Note: F(3, 4839) = 238.19, 𝑝 < 0.001, 𝑅2 = 0.1287.
* 𝑝 ≤ 0.05, ** 𝑝 ≤ 0.01, *** 𝑝 ≤ 0.001.

Table A.6: Open-text responses from delegating participants by delegate type (Study 1).

Reason for Delegation Delegation to
Human (%)

Delegation to AI
(%)

Better decision 3.70% 44.12%
Decision difficult or uncertain / no clear preference 51.85% 32.35%
Too little information 18.52% 10.29%
Hand over responsibility 44.44% 19.12%
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Table A.7: Logistic regression results for reasons to delegate.

Reason DelegateDecision
Impact

Inter-
action

Significance Notes

Delegate makes
better decision

0.51**
(0.19)

-0.44
(0.22)

0.28
(0.27)

Delegation to AI is justified by "better decisions" more often,
especially in RealCons. HypoCons reduces this justification.

Decision diffi-
cult or unclear
preference

0.52**
(0.19)

0.81***
(0.20)

-
0.70**
(0.25)

Difficulty drives justification for AI delegation, particularly
in RealCons scenarios. HypoCons reduces this reasoning
for AI.

Insufficient in-
formation

-0.42
(0.22)

0.47*
(0.22)

-0.11
(0.29)

HypoCons increases this justification, while AI is slightly
less likely to elicit it compared to humans.

Hand over re-
sponsibility

0.06
(0.24)

0.56*
(0.24)

-0.46
(0.32)

Responsibility-shifting is justified more often in HypoCons,
regardless of delegate type.

Simplify and
avoid dealing

0.28
(0.25)

0.34
(0.26)

0.12
(0.11)

No significant differences. Less prominent justification
overall.

Note: The findings from the multiple-choice question after the decision shed light on how participants
rationalize their delegation decisions, rather than uncovering the true motivational drivers. These
results support the hypothesis that delegation to AI is justified more frequently by perceived capability
(e.g., "better decisions") and decision difficulty, particularly in RealCons conditions. Responsibility-
shifting appears more prominent in HypoCons scenarios, which might reflect greater willingness to
admit to this justification when the decision lacks real consequences.
* 𝑝 ≤ 0.05, ** 𝑝 ≤ 0.01, *** 𝑝 ≤ 0.001.

Table A.8: Distribution of moral relevance ratings: "How morally significant do you find the situation?"

Moral Relevance Frequency Percent Cumulative Percent
... very significant 147 18.38% 18.38%
... significant 397 49.62% 68.00%
... slightly significant 169 21.12% 89.12%
... insignificant 64 8.00% 97.12%
... morally very insignificant 23 2.88% 100.00%
Total 800 100.00%
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Table A.9: Donation decisions by condition in Study 1.

Positive framing (gain)
Option Freq. Percent
Option A: e5 to the Against Malaria Foundation 157 43.98
Option B: e7 to Helen Keller International 200 56.02
Total 357 100.00

Negative framing (loss)
Option Freq. Percent
Option A: Destroy e7 donation voucher to Helen
Keller International

142 40.80

Option B: Destroye5 donation voucher to the Against
Malaria Foundation

206 59.20

Total 348 100.00

Table A.10: Donation decisions by condition in Study 2, restricted to the real-consequence condition.

German representative sample
Option Freq. Percent
Option A: e5 to the Against Malaria Foundation 204 59.30
Option B: e7 to Helen Keller International 140 40.70
Total 344 100.00

U.S. representative sample
Option Freq. Percent
Option A: $5 to the Against Malaria Foundation 971 64.60
Option B: $7 to Helen Keller International 532 35.40
Total 1,503 100.00



128 A Appendix for Chapter 1

Table A.11: Stated reasons for choosing the Against Malaria Foundation (AMF) in open-text form in
Study 1.

Theme Brief description Example (EN translation; partic-
ipant ID)

Severity/urgency
& mortality

Malaria perceived as acute and more lethal (often
citing higher annual death tolls).

“Malaria is deadly; vitamin
A deficiency is not necessarily.
Malaria is more widespread.”
(ID 130)

Durability &
reusability of nets

Nets seen as one-off, long-lasting, reusable; can
protect multiple sleepers.

“The net can be used multiple
times and is not a consumable
product. So perhaps it can also
save lives in the long term.” (ID
175)

Concreteness & fa-
miliarity

Problem/solution felt more tangible or better
understood; personal experience common.

“I am aware of the problem
with malaria and I know that
mosquito nets help.” (ID 95)

Direct, visible im-
pact (“save a life”)

Clear line from donation to concrete protection
of a child / life saved.

“Because a specific human life
would be saved, I chose it.” (ID
487)

Cost-effectiveness
& numbers (e.g.,
GiveWell)

Perceived efficiency and references to rank-
ings/ratios.

“On the GiveWell website, the
Malaria Project currently had
higher costs per life saved than
the other charity. Additional do-
nations thus would theoretically
help more with the realization of
this project than the other dona-
tion. However, the decision was
not easy, as both projects are im-
portant.” (ID 178)

Skepticism about
Vitamin-A route

View that vitamin A can be obtained via diet or
is less critical/immediate.

“I believe that vitamin A can also
be consumed in ways other than
through supplements . . . ” (ID
58)

Other (simplicity,
autonomy, fair-
ness)

Preference to decide oneself; belief others will
fund vitamin A, etc.

“I did not delegate the decision
because I wanted to decide my-
self.” (ID 168)
“I assumed more people would
donate to Option B because it’s
the larger amount, so I chose A.”
(662)

Notes: Translations by the authors; lightly edited for brevity. Multiple themes can co-occur. Participants
frequently weighed several considerations simultaneously (e.g., severity/urgency vs. breadth of
beneficiaries; durability/reusability vs. compliance concerns).
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Table A.12: Stated reasons for choosing Helen Keller International (HKI) in open-text form in Study 1.

Theme Brief description Example (EN translation; partic-
ipant ID)

More beneficiaries
(“7 > 1”) &
higher amount
(e7 vs. e5)

Preference to help more children with a single
donation and/or to send the larger amount.

“With e7 I can help seven chil-
dren; with nets for e5 I can only
help one person.” (ID 337)

Concerns about
net usage/com-
pliance

Nets protect mainly at night, may be unused/mis-
used/stolen/break; protection not assured.

“. . . I was also skeptical about
how effective a mosquito net is if
it only provides protection from
bites while you are sleeping. . . ”
(ID 77)

Broader health
benefits / basic
nutrition

Vitamin A strengthens immunity and prevents
multiple illnesses (cause-oriented support).

“Supplementing with vitamins
can prevent several diseases . . . ”
(ID 106)

Cost-effectiveness
(lives per e)

HKI perceived to save more lives per euro in the
presented setup.

“. . . the estimated cost-per-life-
saved ratio is lower for Helen
Keller.” (ID 370)

Implementation
reliability/ease

Supplement delivery seen as simpler or more
reliable than correct net installation/use.

“. . . A one-time treatment can
help. I’m not sure mosquito nets
are feasible in recipients’ every-
day lives.” (ID 202)

Other (balanc-
ing attention,
personal ties,
autonomy)

Malaria already well known/funded; desire to
back the other cause; personal trust/experience.

“I assumed more people would
choose the better-known cause
(malaria) and wanted to support
the other organization. . . ” (ID
349)

Notes: Translations by the authors; lightly edited for brevity. Multiple themes can co-occur. Participants
frequently weighed several considerations simultaneously (e.g., severity/urgency vs. breadth of
beneficiaries; durability/reusability vs. compliance concerns).
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Figure A.2: Interaction plots for responsibility measures (1)–(3), showing effects of delegation (No
vs. Yes) and delegate type (Human vs. AI). (01) “I would like to be fully responsible
for the decision, whatever the outcome.”, (02) “I feel responsible for the outcome of this
decision.”, and (03) “I have a moral obligation to make such a decision myself.” Error bars
represent 95% confidence intervals.
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Figure A.3: Comparison of AI’s capability ratings by decision impact on a five-point scale (1 = strongly
disagree to 5 = strongly agree) for three questions: (1) "In a situation as described in this
study, an artificial intelligence (AI) can make a better decision between two donations than
I can" (t-test, 𝑝 = 0.0720); (2) "I have full confidence that an AI can make a high-quality
decision between two donations in a situation like this" (𝑝 = 0.0029); and (3) "AI can make
good moral decisions." (𝑝 = 0.0001). Error bars represent 95% confidence intervals.
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(a) Study 1: Delegation increases as the difficulty level rises
from 9.68% to 23.73%
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(b) Study 2: Delegation increases as the difficulty level rises

from 16.8% to 41.00%

Figure A.4: Delegation rates for each level of decision difficulty on a 5-point scale for both samples.
Difficulty is significantly higher for delegators than non-delegators (Sample 1 𝜒2(4, 𝑁 =

800) = 26.16, 𝑝 < 0.001, Sample 2 𝜒2(4, 𝑁 = 4, 843) = 136.58, 𝑝 < 0.001).
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Figure A.5: Delegation rates by condition and delegate type. Bars show means (%) with 95% confidence
intervals. Overall rates are weighted across all situations and both studies.
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B.1 Materials and Measures

B.1.1 Instructions

Neutral scenario example

In this case, the self-driving
car with sudden brake failure
will continue ahead.
This will result in a collision
with . . .

• A traffic sign on the left
side (side impact)

• A branch on the left side
(side impact)

• A tree trunk in front (front
impact)

Note that this side of the
street is dry.

In this case, the self-driving
car with sudden brake failure
will swerve and drive onto
the other lane.
This will result in a collision
with . . .

• Two pylons on the left side
(side impact)

• A concrete column in front
(front impact)

• Two pylons on the right
side (side impact)

Note that this side of the
street is wet, which reduces
braking efficiency.

Moral scenario example

In this case, the self-driving
car with sudden brake failure
will continue ahead and drive
through a pedestrian crossing
ahead.
This will result in . . .
Dead:
• One man
• One girl
• One female athlete
Note that the affected
pedestrians are flouting the
law by crossing on the red
signal.

In this case, the self-driving
car with sudden brake failure
will swerve and drive
through a pedestrian crossing
in the other lane.
This will result in . . .
Dead:
• Four old men
• One boy
Note that the affected
pedestrians are abiding by
the law by crossing on the
green signal.

Figure B.1: Example of matched neutral and moral scenario. The moral scenario images were generated
using the scenario creation feature of the Moral Machine online experimental platform
(Awad et al., 2018) and are used with permission. The matched neutral scenario images
were created by the authors using the Moral Machine road background and AI-generated
object images.
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Neutral scenario example
The AI’s Decision
The AI of the autonomous vehicle decides whether the vehicle
should stay on course or take evasive action and move into the
other lane. The AI considers factors such as the number of
obstacles, the characteristics of the obstacles (e.g. size and
hardness), and the road conditions affecting brake efficiency.
In this case, the AI decides to continue ahead. The car collides
with three obstacles: one traffic sign (side impact), one
branch (side impact), one tree trunk (front impact).

Moral scenario example
The AI’s Decision
The AI of the autonomous vehicle decides whether the vehicle
should stay on course or take evasive action and move into the
other lane. The AI considers factors such as the number of
affected individuals, the characteristics of the persons (e.g. age
and gender), and whether they are obeying traffic laws.
In this case, the AI decides to continue ahead.
Three individuals are killed: one man, one girl, one female
athlete.

Figure B.2: Example decision screen for matched moral and neutral scenario with decision, outcomes,
and short information on the AI’s decision logic.
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Neutral scenario example

The AI’s approach: The AI’s decision-making process involves
evaluating factors, such as the road conditions affecting braking (e.g.
dry or wet), the number of objects on each lane and their
characteristics, as well as their position and resulting impact angle
(front vs. side impact). Based on these factors, the AI assigns a value
for the severity of the expected property damage on each lane and
makes the decision: the car will drive toward the lane with the lower
assigned value, resulting in a crash with the objects on that lane,
while the lane with the objects on the other side will be avoided.
Factors that lower a lane’s value increase the likelihood that the car
will proceed in that direction. Factors that increase a lane’s value
encourage avoiding that lane.
Factors in this scenario:
On the left lane, the autonomous vehicle would collide with three
obstacles: a traffic sign and a branch on the left side (side impact),
and a tree trunk in front (front impact). The road on this side is dry,
meaning braking efficiency is not affected, which reduces the
assigned risk value. The tree trunk poses the largest risk on this lane
due to its large size and solidity. This is further amplified by its
central position. The traffic sign slightly increases the assigned value
further while the branch—being lightweight and movable—reduced
the value somewhat.
On the right lane, the vehicle would collide with five obstacles: a
concrete column in front (front impact), and two pylons on each side
(side impact). The road on this lane is wet, which negatively affects
braking efficiency, increasing the assigned risk. The concrete column
is the primary contributor to the high assigned value due to its solid
structure and central position. While the pylons are less hazardous
and help lower the overall value slightly despite their number, they
cannot offset the effect of the centrally positioned concrete column
coupled with the unfavorable road conditions.
Ultimately, the AI chose to continue ahead, hitting the obstacles on
the left lane. The decision was driven by the extremely high impact
value of the concrete column on the right lane, which outweighed
the combined contributions of the tree trunk and traffic sign on the
left, despite the dry road conditions on that lane.
If an additional tree trunk were located in the middle of the left lane,
the AI would still have maintained its original decision. Although
two tree trunk would then have a higher impact than before, the risk
of the concrete column in the middle is still rated substantially higher.
If the tree trunk on the left lane and the concrete column on the right
lane switched sides, the AI would change its decision. This is
because the left lane would then contain the concrete column, which
contributes a much higher risk than the tree trunk now located on
the right, outweighing other factors. As a result, the total assigned
damage value would be higher for the left lane, making the right
lane the more favorable choice despite its wet road conditions.

Moral scenario example

The AI’s approach: The AI’s decision-making process involves
evaluating factors, such as whether the car continues on its current
path or requires intervention to swerve, whether pedestrians are
crossing legally (e.g., at a green light) or illegally (e.g., at a red light),
the number of individuals on each lane, and their characteristics.
Based on these factors, the AI assigns a value to the collective entities
on each lane and makes the decision: the car will drive toward the
lane with the lower assigned value, resulting in the death of the
individuals on that lane, while the individuals on the other lane will
be spared. Factors that lower a lane’s value increase the likelihood
that the car will proceed in that direction. Factors that increase a
lane’s value encourage avoiding that side and thus saving the
individuals on it.
Factors in this scenario:
On the left lane, the autonomous vehicle would collide with three
individuals: one man, one girl, and one female athlete. This group is
crossing illegally against a red light, which reduces their assigned
value. Sparing them would require intervention, which slightly
decreases this group’s value further. The girl makes the most
significant positive contribution to this group’s value. The man and
the female athlete also slightly increase the assigned value. However,
the effect of illegal crossing partially offsets these individual
characteristics. Thus, overall, the left lane is assigned a low to
medium value.
On the right lane, the autonomous vehicle would collide with five
individuals: four elderly men and one boy. This group is crossing
legally with a green light, which significantly increases their
assigned value. No intervention is required to spare this group,
which slightly increases their favorability in the AI’s decision further.
The high number of individuals on this lane contributes strongly to
the group’s total value. While the elderly men reduce the assigned
value slightly, this effect is outweighed by the presence of the boy.
Overall, the right lane is thus assigned a high value.
Ultimately, the AI chose to continue ahead, sparing the group on the
right and sacrificing the group on the left. The decision was driven
by the legal crossing behavior and higher number of individuals on
the right, which outweighed the stronger individual contributions
on the left lane.
If an additional girl had been present on the left lane, the AI would
still have maintained its original decision. Although her presence
would have significantly increased the assigned value of the left lane
and slightly reduced the difference in the number of individuals
between the lanes, the group would still be penalized for illegal
crossing and for requiring intervention to be spared. These factors
would continue to outweigh the individual contributions, and the
right lane would remain more valuable overall.
If the boy from the right lane had been on the left lane instead, the
AI would have changed its decision. This is because both lanes
would then contain the same number of individuals, but the group
on the left would consist entirely of individuals with positive value
contributions: the girl, the boy, the man, and the female athlete. In
contrast, the group on the right would consist only of elderly men,
who substantially lower the lane’s assigned value. In this case, the
higher individual value of the left-lane group would outweigh the
penalties from illegal crossing and required intervention, prompting
the AI to swerve and spare them.

Figure B.3: Example explanation for matched moral and neutral scenario. Explanations follow established post-hoc XAI
formats and include: (1) a brief description of the AI’s decision logic, example features considered, and the
value-calculation process; (2) a local feature-attribution summary indicating which scenario elements mattered
most and in which direction, together with the resulting decision; and (3) counterfactual “what-if” statements
showing how plausible single-feature changes would affect the decision, including one change that leaves the
decision unchanged and one that flips it.
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B.1.2 Scales

B.1.2.1 Affect Scales

Table B.1: Item wording for STAI (anticipated state anxiety), MCI (epistemic curiosity), and dissonance
discomfort.

Scale Wording
STAI, state anxiety (Marteau
and Bekker, 1992; Spielberger
et al., 1971)

I feel calm.; I am tense.; I feel upset.; (I am relaxed.); I feel content.; I am
worried.

MCI, state curiosity (Naylor,
1981)

I want to know more.; I want things to make sense.; I am speculating
about what is happening.; I feel inquisitive.; I want to explore possibili-
ties.; (I am feeling puzzled.)

Dissonance discomfort (Elliot
and Devine, 1994; Matz and
Wood, 2005)

I feel uncomfortable.; I feel uneasy.; I feel bothered.; I feel tense.; I feel
concerned.

Notes. All items use the same stem shown in the survey: “At the thought of reading the explanation
for the AI decision, right now, at this moment . . . ” In Study 1, STAI and the selected items of the
MCI used a 4-point response scale (“Not at all”, “Somewhat”, “Moderately”, “Very much”), while
dissonance discomfort used a 7-point scale anchored by “Not at all” and “Very much”. In Study 2,
MCI and dissonance discomfort used a 7-point scale anchored by “Not at all” and “Very much”. Item
4 of STAI had to be excluded due to almost perfect correlations with Items 1 and 5 (Heywood case).
Item 6 of the MCI had to be excluded to reach acceptable model fit.

B.1.2.2 Motivations

Table B.2: Item wording for accuracy motivation and defense motivation.

Measure Wording
Accuracy To what extent have you been thinking about different factors in the

scenario?
In this scenario, it is important to me to understand which decision is
best based on the facts, regardless of the decision I made.
I wanted to obtain the most accurate possible understanding of the
situation.

Defense The possibility that the explanation would challenge my view/evalua-
tion of the situation influenced my decision about whether I wanted to
look at it.
To what extent did you think about your own original decision in the
situation when evaluating the AI’s decision?
For me, sticking with my own judgment in this scenario was more
important than following the AI’s decision.

Notes. Items use a 7-point response scale anchored by “Not at all” and “Very much”.
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B.1.2.3 Scales for Controls

Table B.3: Item wording for the Miller Behavioral Style Scale (MBSS; Miller, 1987).

Scenario
Dentist scenario

1. I would ask the dentist exactly what he was going to do.
2. I would take a tranquilliser or have a drink before going.
3. I would try to think about pleasant memories.
4. I would want the dentist to tell me when I would feel pain.
5. I would try to sleep.
6. I would watch all the dentist’s movements and listen for the

sound of the drill.
7. I would watch the flow of water from my mouth to see if it

contained blood.
8. I would do mental puzzles in my mind.

Lay-off scenario
1. I would talk to my fellow workers to see if they knew anything

about what the supervisor’s evaluation of me said.
2. I would review the list of duties for my present job and try to

figure out if I had fulfilled them all.
3. I would go to the movies to take my mind off things.
4. I would try to remember any arguments or disagreements I

might have had with the supervisor that would have lowered his
opinion of me.

5. I would push all thoughts of being laid off out of my mind.
6. I would tell my spouse that I would rather not discuss my chances

of being laid off.
7. I would try to think which employees in my department the

supervisor might have thought had done the worst job.
8. I would continue doing my work as if nothing special was hap-

pening.
Notes. Participants tick all statements that might apply to them.
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Table B.4: Item wording for algorithm aversion, affinity for technology, moral conviction, utility, and
attitude toward AI.

Measure Wording
Algorithm aversion Which decision maker would you choose?
Affinity for technology (Franke
et al., 2019)

It is enough for me that a technical system works; I don’t care how or
why.
I try to understand how a technical system exactly works.
I predominantly deal with technical systems because I have to.
I try to make full use of the capabilities of a technical system.
I enjoy spending time becoming acquainted with a new technical system.
It is enough for me to know the basic functions of a technical system.
When I have a new technical system in front of me, I try it out intensively.
I like testing the functions of new technical systems.
I like to occupy myself in greater detail with technical systems.
It is important that you pay attention to this study. Please tick ‘Com-
pletely disagree’.

Moral conviction (Skitka,
2010; Skitka et al., 2005)

. . . connected to your core moral beliefs or convictions?

. . . based on fundamental questions of right and wrong?

. . . based on moral principles?
Utility (Davis, 1989) . . . would help me to better understand and evaluate the AI’s decision.

. . . would improve my decision-making in similar situations.
Attitude toward AI (Grassini,
2023)

I believe that AI will improve my professional or personal projects.
I think AI technology is positive for humanity.
I think I will use AI technology in the future.
I believe that AI will improve my life.

Notes. Algorithm aversion uses a 7-point response scale anchored by “Definitely a human decision
maker” and “Definitely an AI decision maker”. Affinity for technology uses a 7-point Likert response
(“Completely disagree” – “Completely agree”). The final statement is an attention check. Moral
conviction and utility items use a 7-point response scale anchored by “Not at all” and “Very much”.
Attitude toward AI items use a 7-point agreement scale anchored by “Not at all” and “Completely
agree”.

B.1.3 AI Model

In this study, we developed an AI model to make binary decisions based on scenarios derived from
the Moral Machine experiment (Awad et al., 2018), a dataset that is publicly accessible. Our focus
was on only pedestrians’ scenarios from the USA, reflecting a subset of the data (N=17,850,148). We
further refined this dataset by selecting only those scenarios involving pedestrians on both sides,
and excluding entries with missing values, resulting in 15,723,644 observations. Because of limited
computing power we trimmed the dataset to 10,000,000 which is still more than enough data to train
our algorithm. Given the binary nature of the decision-making process in our study, we required an
algorithm capable of comparing two options directly. To this end, we employed a ranking algorithm,
specifically a gradient boosting tree algorithm implemented via the XGBoost package (Chen and
Guestrin, 2016). Ranking algorithms, akin to the logic employed by search engines, prioritize options
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based on a relevance score, even when limited to comparing only two entries at a time. The final
model assigned a value to the group of pedestrians on each side of the street based on behavior data
of real humans. Finally, we employed SHAP (SHapley Additive exPlanations) values to interpret AI
decision-making (Lundberg and Lee, 2017). We used SHAP values to elucidate the influence of each
feature on the model’s decisions. They allow us to compare both scenarios and build understandable
explanations.

B.2 Additional Analyses

B.2.1 Study 1

B.2.1.1 Context × Affect

Table B.5: Logistic regression results for explanation demand with context × emotion interaction
(item-consistent with SEM), Study 1.

𝑂𝑅 Std. Error
Context (Moral vs. Neutral) 0.609 0.694
STAI (Neutral) 0.515* 0.159
Context × STAI (Moral) 2.199* 0.869
MCI (Neutral) 2.823*** 0.698
Context × MCI (Moral) 0.674 0.232
Constant 1.362 1.120
Note: Robust standard errors. Wald 𝜒2(5) = 28.32, Pseudo R2 = 0.0912, 𝑁 = 393.
* 𝑝 ≤ 0.05, ** 𝑝 ≤ 0.01, *** 𝑝 ≤ 0.001.

Neutral
Anxiety

Curiosity

ED

-0.300 ∗

0.520∗∗
∗

• Anxiety: 𝑏1 = −0.300, 95% CI [−0.549; −0.050],
𝑝 = 0.019

• Curiosity: 𝑏2 = 0.520, 95% CI [0.303; 0.737],
𝑝 < 0.001

Moral
Anxiety

Curiosity

ED

0.070

0.355∗∗
∗

• Anxiety: 𝑏1 = 0.070, 95% CI [−0.163; 0.302],
𝑝 = 0.558

• Curiosity: 𝑏2 = 0.355, 95% CI [0.139; 0.570],
𝑝 = 0.001

Cross-group differences in path coefficients (neutral−moral): Δ𝑏Anxiety = −0.369, 𝑝 < 0.001; Δ𝑏Curiosity = 0.166, 𝑝 = 0.084.
∗𝑝 < .05, ∗∗𝑝 < .01, ∗∗∗𝑝 ≤ .001.

Figure B.4: Multi-group paths predicting explanation demand (neutral vs. moral decision context),
Study 1. Values are unstandardized probit coefficients (WLSMV).
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B.2.1.2 Context × Decision Congruence Interaction

Table B.6: Logit regression results for explanation demand depending on context, decision congruence,
and their interaction, Study 1.

Coefficient Std. Error
Context (Moral vs. Neutral) -1.1359* 0.4581
Decision congruence -0.6807 0.4414
Context × Decision congruence 1.5077* 0.6048
Constant 2.3321*** 0.3312
Note: LR 𝜒2(3) = 7.0700, 𝑝 = 0.0697, Pseudo R2 = 0.0227, 𝑁 = 393.0000.
* 𝑝 ≤ 0.05, ** 𝑝 ≤ 0.01, *** 𝑝 ≤ 0.001.

Table B.7: Predicted explanation demand from a logistic model with a context × decision congruence
interaction, Study 1.

Neutral context Moral context

Incongruent decision 0.912 0.768
Congruent decision 0.839 0.883

Moral − Neutral (simple effects)
Incongruent −14.4 pp, 𝑝 = .021
Congruent +4.4 pp, 𝑝 = .358

Congruence effects within context
Congruent vs. Incongruent in Neutral −7.2 pp, 𝑝 = .128
Congruent vs. Incongruent in Moral +11.5 pp, 𝑝 = .066

Difference-in-differences +18.8 pp, 𝑝 = .017

Note. “pp” denotes percentage points. The context × congruence interaction is statistically significant
(𝑝 = .013). Marginal predictions are reported for each cell.

Table B.8: Exploratory OLS regressions, Study 1: state curiosity (MCI) and state anxiety (STAI)
depending on context, decision congruence, and their interaction.

MCI STAI
Coefficient Std. Error Coefficient Std. Error

Context (moral vs. neutral) −0.433∗∗ 0.133 0.606∗∗∗ 0.133
Decision congruence (DC= 1) −0.512∗∗∗ 0.116 −0.053 0.116
Context × DC 0.565∗∗ 0.173 −0.044 0.174
Constant 3.058∗∗∗ 0.076 1.745∗∗∗ 0.077
Note. OLS regressions. Two-sided tests. Curiosity: 𝐹(3, 389)=8.03, 𝑝 < 0.001, 𝑅2=0.0583, Adj.
𝑅2=0.0511, 𝑁=393. STAI: 𝐹(3, 389)=15.78, 𝑝 < 0.001, 𝑅2=0.1085, Adj. 𝑅2=0.1016, 𝑁=393.
∗𝑝 ≤ 0.05, ∗∗𝑝 ≤ 0.01, ∗∗∗𝑝 ≤ 0.001.
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B.2.1.3 Robustness Check

Table B.9: Exploratory moderated mediation, Study 1: Wald tests for moderation by decision congru-
ence (DC) of the 𝑎- and 𝑏-paths in the controlled latent CB-SEM (ED as binary outcome).

Effect Wald 𝜒2 𝑝 Interpretation (English)

Anxiety×DC → ED 0.635 0.425 No evidence that decision congruence moderates the
anxiety–ED link.

Curiosity×DC → ED 8.286 0.004 Curiosity predicts ED more strongly under agreement
with the AI decision.

Moderation (DC), both 𝑏-paths (joint) 8.772 0.013 At least one 𝑏-path differs by decision congruence.
Slope anxiety → ED | DC= 0 1.202 0.273 Anxiety slope is not reliably different from zero under

incongruence.
Slope anxiety → ED | DC= 1 1.572 0.210 Anxiety slope is not reliably different from zero under

congruence.
Slope curiosity → ED | DC= 0 8.372 0.004 Curiosity positively predicts ED under incongruence.
Slope curiosity → ED | DC= 1 15.940 6.54 × 10−5 Curiosity positively predicts ED under congruence.

Context×DC → anxiety 4.247 0.039 The context effect on anxiety depends on decision
congruence.

Context×DC → Curiosity 5.313 0.021 The context effect on curiosity depends on decision
congruence.

Context×DC, both mediators (joint) 8.889 0.012 At least one 𝑎-path is moderated by decision congru-
ence.

DC → anxiety (main effect) 1.464 0.226 No overall anxiety difference by congruence.
DC → Curiosity (main effect) 2.883 0.090 Trend-level overall difference in curiosity by congru-

ence.
DC → ED (direct) 0.203 0.652 No direct effect of congruence on ED.

Controls → anxiety (joint) 5.362 0.252 Controls do not jointly predict anxiety.
Controls → Curiosity (joint) 13.296 0.010 Controls jointly predict curiosity.
Controls → ED (joint) 2.480 0.648 Controls do not jointly predict ED.

Residual covariance
anxiety↔Curiosity

17.012 3.72 × 10−5 Positive residual covariance between anxiety and cu-
riosity.

ATI → Curiosity (main effect) 7.773 0.005 Higher ATI is associated with higher curiosity.
ATI → anxiety (main effect) 1.071 0.301 ATI is not reliably associated with anxiety.
ATI → ED (direct) 0.750 0.387 ATI is not directly associated with ED.

Note. DC indicates decision congruence with the AI decision (DC= 0 incongruence, DC= 1
congruence). Anxiety and curiosity denote latent factors measured by STAI and MCI items,

respectively. Wald tests are two-sided.
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Table B.10: Exploratory robustness check, Study 1: standardized key path estimates from the latent
mediation model without vs. with the preregistered control block (including DC interac-
tions).

Without controls With controls

Effect Est. 𝑝 Est. 𝑝

Context → anxiety 0.349*** < .001 0.495*** < .001
Context → Curiosity −0.132* .015 −0.369*** < .001
Context → ED (𝑐′) 0.017 .829 −0.137 .261
Anxiety → ED (𝑏1) −0.095 .233 −0.073 .273
Curiosity → ED (𝑏2) 0.410*** < .001 0.178** .004
Context×DC → anxiety – – −0.546* .039
Context×DC → Curiosity – – 0.451* .021
Anxiety×DC → ED – – −0.086 .425
Curiosity×DC → ED – – 0.268** .004

Indirect effects

ind_anxiety (overall) −0.033 .239 – –
ind_Curiosity (overall) −0.054* .026 – –
ind_Anxiety | DC= 0 – – −0.036 .272
ind_Anxiety | DC= 1 – – 0.008 .775
ind_Curiosity | DC= 0 – – −0.066** .008
ind_Curiosity | DC= 1 – – 0.037 .594
Total (overall) −0.070 .381 – –
Total indirect (overall) −0.087* .013 – –
Total | DC= 0 – – −0.238 .065
Total | DC= 1 – – −0.092 .547

Note. DC = decision congruence. Controls include the full preregistered control block; the qualitative
pattern remains unchanged (no direct context effect; curiosity robustly predicts explanation demand).

Significance levels * 𝑝 ≤ 0.05, ** 𝑝 ≤ 0.01, *** 𝑝 ≤ 0.001.
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B.2.2 Study 2

B.2.2.1 Motivations as Mechanism

Incongruent

Context
moral vs.
neutral

Defense

Accuracy

ED
0.4

29
∗∗∗

0.214 †

0.071 (n.s.)

-0.807 ∗∗

1.1
72

∗∗∗

𝑏def|incong = −0.807

Congruent

Context
moral vs.
neutral

Defense

Accuracy

ED
0.4

29
∗∗∗

0.214 †

-0.371 (n.s.)

-0.321 †

1.1
72

∗∗∗

𝑏def|cong = −0.807 + 0.486 = −0.321

† 𝑝 < .10, ∗ 𝑝 < .05, ∗∗ 𝑝 < .01, ∗∗∗ 𝑝 < .001.
Figure B.5: Reduced gSEM (R3b), Study 2. Decision congruence moderates the effect of defense on

ED. Other paths are identical across panels. Indirect effects are reported in Table B.11.

Table B.11: Exploratory gSEM with indirect effects of context on explanation demand via defense and
accuracy, Study 2.

Indirect effect Estimate SE z p 95% CI
𝑎def𝑏def|incong. -0.346 0.133 -2.61 0.009 [−0.606, −0.086]
𝑎def𝑏def|cong. -0.138 0.089 -1.55 0.122 [−0.312, 0.037]
𝑎acc𝑏acc 0.250 0.146 1.72 0.086 [−0.035, 0.536]

B.2.2.2 Regression Models for Explanation Demand

Table B.12: Logit regression results for explanation demand including emotions with context modera-
tion, Study 2.

Coefficient Std. Error
Context (moral vs. neutral) -1.535 1.001
Decision congruence (congruent) -0.622 0.441
Context × Decision congruence 0.652 0.620
Dissonance discomfort -0.156 0.126
Context × Dissonance 0.014 0.165
Curiosity 0.481*** 0.110
Context × Curiosity 0.317 0.178
Constant 0.205 0.666
Note: LR 𝜒2(7) = 70.310, 𝑝 < 0.001, Pseudo R2 = 0.172, 𝑁 = 492.
* 𝑝 ≤ 0.05, ** 𝑝 ≤ 0.01, *** 𝑝 ≤ 0.001.
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Table B.13: Logit regression results for explanation demand including emotions with decision congru-
ence moderation, Study 2.

Coefficient Std. Error
Context (moral vs. neutral) 0.293 0.495
Decision congruence (congruent) -2.074* 0.970
Context × Decision congruence -0.168 0.637
Dissonance discomfort -0.335** 0.126
Decision congruence × Dissonance 0.346* 0.168
Curiosity 0.503*** 0.149
Decision congruence × Curiosity 0.146 0.184
Constant 0.705 0.853
Note: LR 𝜒2(7) = 73.100, 𝑝 < 0.001, Pseudo R2 = 0.178, 𝑁 = 492.
* 𝑝 ≤ 0.05, ** 𝑝 ≤ 0.01, *** 𝑝 ≤ 0.001.

Table B.14: Logit regression results for explanation demand including emotions and motivations,
Study 2.

Coefficient Std. Error
Context (moral vs. neutral) 0.606 0.519
Decision congruence (congruent) -3.125* 1.429
Context × Decision congruence -1.021 0.710
Dissonance discomfort -0.366** 0.131
Decision congruence × Dissonance 0.347 0.182
Curiosity 0.250 0.201
Decision congruence × Curiosity 0.107 0.239
Defense motivation -0.792** 0.281
Decision congruence × Defense 0.366 0.323
Accuracy motivation 1.098*** 0.162
Constant -0.067 1.192
Note: LR 𝜒2(10) = 137.740, 𝑝 < 0.001, Pseudo R2 = 0.336, 𝑁 = 492.
* 𝑝 ≤ 0.05, ** 𝑝 ≤ 0.01, *** 𝑝 ≤ 0.001.
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Table B.15: Logit regression results for explanation demand including motivations, controls, and
moral conviction, Study 2.

Coefficient Std. Error
Context (moral vs. neutral) 0.513 0.547
Decision congruence (congruent vs. incongruent) -1.982 1.401
Context × Decision congruence -0.661 0.698
Accuracy motivation 0.973*** 0.156
Defense motivation -0.850*** 0.261
Decision congruence × Defense 0.448 0.280
Utility beliefs 0.608*** 0.124
Algorithm aversion 0.029 0.110
Attitude toward AI -0.138 0.128
Gender (male) -0.462 0.343
Gender (other) -1.919 1.145
Age 0.010 0.010
Moral conviction -0.051 0.101
Constant -1.574 1.418
Note: LR 𝜒2(13) = 150.460, 𝑝 < 0.001, Pseudo 𝑅2 = 0.368, 𝑁 = 491.
Gender category “prefer not to answer” is omitted due to perfect prediction (one observation dropped).
* 𝑝 ≤ 0.05, ** 𝑝 ≤ 0.01, *** 𝑝 ≤ 0.001.

B.2.2.3 Analysis of Dissonance and Curiosity

Table B.16: Preregistered exploratory OLS regressions, Study 2: curiosity and dissonance depending
on context, decision congruence, and their interaction.

Curiosity Dissonance
Coefficient Std. Error Coefficient Std. Error

Context (moral vs. neutral) −0.367 0.203 1.505∗∗∗ 0.250
DC (congruent vs. incongruent) −1.110∗∗∗ 0.198 −0.947∗∗∗ 0.244
Context × DC 0.800∗∗ 0.281 0.256 0.345
Constant 5.770∗∗∗ 0.145 2.922∗∗∗ 0.178
Note. OLS regressions. Two-sided tests. For curiosity, 𝐹(3, 488)=11.320, 𝑝 < 0.001, 𝑅2=0.065, adj.
𝑅2=0.059, 𝑁=492. For dissonance, 𝐹(3, 488)=38.530, 𝑝 < 0.001, 𝑅2=0.192, adj. 𝑅2=0.187, 𝑁=492.
∗𝑝 ≤ 0.05, ∗∗𝑝 ≤ 0.01, ∗∗∗𝑝 ≤ 0.001.
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B.2.2.4 Moral Conviction and Defense Motivation

Table B.17: OLS regression results for defense motivation depending on context and moral conviction.

Coefficient Std. Error
Context (moral vs. neutral) 0.041 0.107
Moral conviction 0.238*** 0.031
Constant 3.581*** 0.146
Note: Robust SEs. 𝐹(2, 489) = 37.010, 𝑝 < 0.001, 𝑅2 = 0.155, 𝑁 = 492.
* 𝑝 ≤ 0.05, ** 𝑝 ≤ 0.01, *** 𝑝 ≤ 0.001.
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C.1 Material

C.1.1 Human- and Computer-like Task & Anthropomorphic LLM CA Design
Cues

Task Description:
In the following, you will observe three exemplary dialogs with a conversational agent. You have
the role of a potential user who wants to get to know different variants of the conversational agent
in order to then decide on one of the variants. For this task, it is important that you understand the
user’s needs and select the best variant of the conversational agent based on them.

A: Health Agent:
Recently, you have felt a lot of stress in your everyday life and have often felt left alone with it. You
want to do something about it, as you know that this can have a negative impact on your health and
quality of life in the long term. Through a search on the Internet, you came across the “health agent”,
who regularly talks to you about your mental and physical well-being and offers you advice if you
have any problems.

You would like to use this conversational agent and now have the opportunity to look at different
versions of the health agent and choose the one you like best afterwards. Please take a close look at
the following dialogs with the conversation agent.

Put yourself in the role of the user (dialog box with blue background) who is talking to the health agent
(dialog box with light grey background). By clicking the space bar, you can call up the next part of
the dialog. After you have seen a variant of the agent, you will be asked to make some assessments of
the conversation agent. After you have seen all the variants, you will be asked to make your preference
decision. Please take your time to watch the entire dialog.

B: SmartHome agent:
A year ago, you installed a SmartHome system in your home to intelligently control the heating
and lighting system. The aim and purpose of this retrofit was to be able to conveniently control
the temperature and light from anywhere in order to optimize your consumption. To make it even
easier to interact with your SmartHome system, the system provider now offers a conversation-based
SmartHome agent. This agent can control the “smart” systems in your home, make consumption-
optimizing recommendations and provide information on past consumption. You would like to use
this conversation agent and now have the opportunity to look at different variants of the SmartHome
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agent and select the variant that you like best afterwards. Please take a close look at the following
dialogs with the conversation agent. [. . . ]

Neutral ANT Low ANT High ANT

Table C.1: Example scenario vignette for the Smarthome agent.

Social Presence and Efficiency (randomized order)

• The agent conveys a sense of human contact personality warmth | togetherness | human
sensitivity.

• The user only had to interact briefly with the agent to perform the task.
• The interaction with the agent was less time-consuming for the user.
• The agent tried to perform the task quickly.

Preference Decision:
Please decide now. Which variant of the SmartHome agent / health agent best meets your requirements
for a social interaction partner? Please rank all three versions according to your preference (1= highest
preference; 3= lowest preference)

• I trust new technologies until I have a contrary experience.
• I usually trust new technologies unless they give me a reason to the contrary.
• If in doubt, I would tend to trust a new technology.

Please rate the following statements.

• Technologies, devices or
machines (e.g. comput-
ers, cars, televisions) have
intentions.

• A fish has free will.
• A mountain has free will.
• A television set has feel-

ings.

• A robot has its own con-
sciousness.

• Cows have intentions.
• A car has free will.
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• The ocean has its own con-
sciousness.

• A computer has a mind of
its own.

• A big cat has feelings.

• The environment has feel-
ings.

• An insect has a mind of
its own.

• A tree has a mind of its
own.

• The wind has intentions.
• A reptile has its own con-

sciousness.

C.1.2 Task Human-Likeness – Pretest Study

Please rate the following list of tasks with regard to whether you think each task is more computer-like
(1) or human-like (7):

• Solve a mathematical problem.
• Analyze and interpret data to extract mean-

ingful insights.
• Guidance and advice for making purchase

decisions
• Supporting code writing for a software pro-

gram.
• Providing solutions for customer service

inquiries.
• Search and access relevant information.

• Use statistical tests to forecast future out-
comes (e.g., stocks, elections, performance)

• Determine the moral responsibility for an
accident that occurred.

• Teaching a language.
• Diagnose a physical health condition.
• Diagnose a mental health condition.
• Monitor a smart home system to ensure

performance and problem detection.

C.1.3 Tasks Solved with ChatGPT – Study 3

Moral Dilemma Task

Please imagine you are tasked with assessing responsibility in the following scenario. You intend to
use ChatGPT to discuss potential assignments of responsibility. Please familiarize yourself with the
scenario.

The Scenario

A state-of-the-art self-driving car (RoboCar) is traveling on a two-lane country road with a passenger
named Kim. The car is following the speed limit and driving in the right lane. As the RoboCar
approaches a curve, it detects a man running on the right lane at a short distance ahead. The RoboCar
attempts to brake, but the brakes are locked, and it cannot stop in time. If the RoboCar continues on its
current path, it will hit and kill the man. However, the RoboCar recognizes that the left lane is empty,
and there is no oncoming traffic. It has the option to switch to the left lane, which would prevent the
accident and spare the man’s life.

1. The RoboCar decides not to change lanes.
2. Kim, the passenger, has the ability to inter-

vene and change lanes.
3. If Kim changes lanes, nobody will be hit.

4. If Kim doesn’t change lanes, the man will
be hit and killed.

5. Kim decides not to change lanes.
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Health Task

Please imagine that you are Toni in the following scenario. You intend to use ChatGPT to discuss
the reasons for your symptoms and explore potential solu-tions. Please familiarize yourself with the
scenario:

The Scenario

Toni is 22 years old and has just moved to a new city to pursue a master’s degree. Toni lives alone
and finds the studies demanding, leaving little time to make social connections. The university offers
various events and initiatives to meet new people, but Toni hasn’t taken advantage of them yet due to
the need for study time. Achieving a strong degree is vital to Toni, as it would enhance job prospects
and aid in repaying a substantial student loan. Recently, Toni has been waking up in the middle of the
night, experiencing rapid heartbeat, sweating, and nausea. These sudden symptoms are not related to
nightmares and disappear quickly. Now, Toni is becoming concerned about what this could develop
into.

SQL Task

SQL Introduction

SELECT name, age, salary FROM employee WHERE age > 40;

The above statement will select all values in the Name,
Age, and Salary columns from the Employee table
where the age is greater than 40. You can use following
operators in the select statement:

= equal to <= less than or equal to
> greater than <> or != not equal to
< less than LIKE character/string comparison
>= greater than or equal to

Python Task

Please read this short introduction to Python coding. Afterwards, you will be asked to answer six
questions about the Python project provided at the end of this page with the help of ChatGPT.

Introduction

Python is a high-level, general-purpose programming language known for its simplicity and readability.
It’s widely used for web development, data science, artificial intelligence, automation, and more.

Some Python Basics:

Please take a look at the following Python coding project.
After reading it, please take the task sheet titled "Python
Task" and respond to all questions with the help of ChatGPT.

Python Coding Project:

def check_guess(guess, answer):
global score
still_guessing = True
attempt = 0
while still_guessing and attempt < 3:

print("Your Score is "+ str(score))
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C.2 Scales and Variables Measured

Table C.2: Mind perception items, 7-point scale (Bigman and Gray, 2018; Gray et al., 2007; Gray and
Wegner, 2012).

To what extent do you think an AI can/is . . .
Experience . . . can feel pleasure

. . . can have desires

. . . can express a personality

. . . can be happy
Agency . . . can think

. . . can communicate with others

. . . can remember things

. . . can plan actions
Notes. Items are presented in random order within each dimension.

Table C.3: Items measuring knowledge of AI technologies and software coding skills.

Knowledge of AI technologies Please rate your familiarity and knowledge of AI technologies.
Please choose only one of the following:
No Knowledge
Basic Knowledge
Proficient Knowledge
Expert Knowledge

Software coding skills Please rate your familiarity and proficiency in software coding skills.
(. . . )

Table C.4: Trust items, 7-point scale (McKnight and Choudhury, 2002).

Measure Wording
Goodwill trust (benevolence &
integrity)

I believe that ChatGPT/the agent would act in my best interest.
If I required help, ChatGPT/the agent would do its best to help me.
ChatGPT/the agent is interested in my well-being, not just its own.
ChatGPT/the agent is truthful in its dealings with me.
I would characterize ChatGPT/the agent as honest.
ChatGPT/the agent would keep its commitments.

Competence trust ChatGPT/the agent is competent and effective in helping with complet-
ing the task.
ChatGPT/the agent performs its role of assisting with task completion
very well.
Overall, ChatGPT/the agent is capable and proficient.
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Table C.5: Eeriness items (Gray and Wegner, 2012; Ho and MacDorman, 2010)

Measure Wording
Eeriness index ChatGPT seemed | reassuring | eerie
Humanness index ChatGPT seemed | natural | artificial
Uncanniness ChatGPT seemed | comforting | unnerving

C.3 Additional Analyses

C.3.1 Findings from Factor Analysis for Composite Reliability

Table C.6: Rotated component matrix, Study 2.

Item Experience Agency
Agency-1 0.205 0.758
Agency-2 0.269 0.627
Agency-3 -0.082 0.849
Agency-4 -0.017 0.853
Experience-1 0.929 0.121
Experience-2 0.934 0.098
Experience-3 0.909 0.069
Experience-4 0.928 0.092

Note. Extraction method: principal component analysis. Rotation method: varimax with Kaiser
normalization. Rotation converged in 3 iterations.

Table C.7: Convergent and discriminant validity, Study 2.

Latent construct Composite
reliability

Cronbach’s
alpha AVE 1 2

1. Agency 0.858 0.750 0.604 0.777 —
2. Experience 0.960 0.949 0.856 0.201 0.925
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Table C.8: Rotated component matrix, Study 3. Factor loadings and cross-loadings of the measures.

Anthro-
pomorphism

Trusting belief:
Benevolence

Trusting belief:
Integrity

Trusting belief:
Competence

Dispositional
trust

ANT_1 0.873 0.097 0.003 0.024 0.007
ANT_2 0.706 0.048 0.036 0.01 0.172
ANT_3 0.862 0.018 0.006 -0.106 -0.057
ANT_4 0.895 0.016 0.039 -0.01 -0.057
ANT_5 0.825 0.022 0.065 0.101 0.073
ANT_6 0.875 -0.05 -0.075 0.019 0.029
ANT_7 0.826 0.026 0.117 -0.057 0.058
TB_BEN_1 -0.025 0.697 0.431 0.251 0.209
TB_BEN_2 -0.039 0.559 0.469 0.418 0.093
TB_BEN_3 0.08 0.901 0.122 0.159 0.074
TB_INT_1 0.031 0.329 0.79 0.295 0.062
TB_INT_2 -0.003 0.36 0.811 0.231 0.067
TB_INT_3 0.071 0.087 0.743 0.39 0.072
TB_CMP_1 -0.031 0.17 0.281 0.877 0.066
TB_CMP_2 0.006 0.275 0.291 0.828 0.082
TB_CMP_3 0.018 0.264 0.335 0.826 0.084
DT_1 0.078 0.078 0.081 0.02 0.888
DT_2 0.062 0.069 0.145 -0.066 0.896
DT_3 -0.068 0.111 -0.054 0.243 0.745

Note. Extraction method: principal component analysis. Rotation method: equamax with Kaiser
normalization. Rotation converged in 6 iterations.

Table C.9: Construct attributes (e.g., reliability and related measurement statistics).

Latent construct Composite
reliability

Cronbach’s
alpha AVE 1 2 3 4 5

1. Anthropomorphism 0.94 0.93 0.70 0.84
2. Trusting Belief: Benevolence 0.77 0.83 0.54 0.05 0.73
3. Trusting Belief: Integrity 0.82 0.87 0.61 0.07 0.69∗ 0.78
4. Trusting Belief: Competence 0.88 0.93 0.71 0.01 0.63∗ 0.66∗ 0.84
5. Dispositional Trust 0.88 0.82 0.72 0.07 0.27∗ 0.20∗ 0.19∗ 0.85

Note. Square roots of AVE are shown on the diagonal. The lower triangle reports correlations between
constructs. ∗𝑝 < .01 (two-tailed).
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C.3.2 ANOVA Agency and Experience with Control Variables

Table C.10: ANOVA for experience including control variables, Study 2.

Within-subjects factor (Task)

Effect 𝐹 df 𝑝

Task (Main Effect) 5.692 1,147 0.018
Task ∗ Gender 0.515 1,147 0.474
Task ∗ Age 2.518 1,147 0.115
Task ∗ AI Experience 0.636 1,147 0.426
Task ∗ Coding Experience 2.361 1,147 0.127
Task ∗ Partner 0.683 1,147 0.410

Between-subjects factor (Interaction partner)

Effect 𝐹 df 𝑝

Intercept 89.775 1 < .001
SEX 2.254 1 0.135
Age 0.218 1 0.641
AIExp 1.702 1 0.194
CodingExp 0.981 1 0.324
Partner 129.685 1 < .001

Table C.11: ANOVA for agency including control variables, Study 2.

Within-subjects factor (Task)

Effect 𝐹 df 𝑝

Task (Main Effect) 2.265 1 0.134
Task ∗ Gender 2.667 1 0.105
Task ∗ Age 3.531 1 0.062
Task ∗ AI Experience 1.413 1 0.236
Task ∗ Coding Experience 0.382 1 0.538
Task ∗ Partner 5.379 1 0.022

Between-subjects factor (Interaction partner)

Effect 𝐹 df 𝑝

Intercept 396.044 1 < .001
SEX 0.034 1 0.853
Age 2.696 1 0.103
AIExp 0.483 1 0.488
CodingExp 3.454 1 0.065
Partner 25.742 1 < .001

C.3.3 Mediation Models

Human-
vs.

Computer-
like Task

Agency

Experience

Compe
tence-
based
Trust

.12
5∗

.301 ∗∗

-.224∗∗

.464 ∗∗

.02
8

(a) Agency: a*b coeff. =.06, SE =0.03, 95% CI =[.001, .126]
Experience: a*b coeff. =.01, SE =0.02, 95% CI =[-.034, .049],

ns
Total Effect: -.442 **

Human-
vs.

Computer-
like Task

Agency

Experience

Goodwill-
based
Trust

.12
5∗

.301 ∗∗

-.053

.18 ∗∗

.14
∗∗

(b) Agency: a*b coeff. =.02, SE =0.01, 95% CI =[.000, .052]
Experience: a*b coeff. =.04, SE =0.02, 95% CI =[.006, .078]
Total Effect: .012

Figure C.1: Mediation models for competence-based and goodwill-based trust, Study 3.
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Task Type (computer-
vs. human-like)

Agency

Experience

Trust
Gender, IDAQ,

Age, Coding Exp

0.125∗

0.301 ∗∗

-0.224∗∗
0.286 ∗∗

0.100∗

Figure C.2: Moderated mediation with gender, IDAQ, age, and coding experience, Study 3.
Note. Experience: a*b path coefficient = 0.029, SE = 0.016, 95% CI = [-0.002, 0.062].
Agency: a*b path coefficient = 0.036, SE = 0.020, 95% CI = [0.002, 0.078].
The moderation analysis shows that age, gender, IDAQ and coding experience have no significant
influence on the mediation paths. The main effects remain stable, indicating that mediation is robust
to individual differences.

Human-
vs.

Computer-
like Task

Experience
Cues

Perceived
Experience

9.4
1∗
∗

-.612∗
-0.33 ns

(a) a*b coeff. =-.31, SE =.28, 95% CI =[-.83, 0.25]
Total Effect: .3010 **

Human-
vs.

Computer-
like Task

Agency
Cues

Perceived
Agency

-18
.75

∗∗

.432∗∗

0.016 ∗

(b) a*b coeff. =-.3, SE =.14, 95% CI =[-.63, -.05]
Total Effect: .125 *

Figure C.3: Mediation with ChatGPT’s and users’ language cues, Study 3.

C.3.4 LIWC Analysis

Table C.12: LIWC word count for human-like and computer-like tasks, Study 3.

Human-like Tasks Computer-like Tasks
ChatGPT 1411.36 (SD=375.73) 894.66 (SD=327.83)
User 241.78 (SD=96.14) 236.24 (SD=154.03)

Experience: Experience encompasses the emotional and social aspects of anthropomorphism (Gray et
al. 2007, Waytz et al. 2010a) and is operationalized through the two default LIWC categories: affective
processes (e.g., happy, sad, sweet) and prosocial behavior (e.g., help, thanks) words. Both categories
have been demonstrated to correlate with the experience dimension of mind perception (Schweitzer
and Waytz 2021). Consistent with the construction of LIWC summary variables (Pennebaker et al.
2014), we employed an additive model to calculate our experience score. This computation yields a
percentage of all experience-related (affective and prosocial) words in the text. A higher experience
score indicates a greater utilization of experience-related language cues.
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Agency: We operationalize agency through the LIWC-based default variable—analytical thinking.
Agency reflects the cognitive dimension of anthropomorphism, demonstrating the ability to think,
plan and be rational (Gray et al. 2007, Waytz et al. 2010a). The LIWC analytical thinking score
measures whether individuals write in an analytic and logical style based on the use of function words
(Pennebaker et al. 2014). Low analytical thinking scores reflect more intuitive and personal language
(Jordan et al. 2019), while high scores reflect advanced cognitive abilities (Jordan and Pennebaker
2017, Pennebaker et al. 2014).

C.4 Additional Theories

Description Why it is less applicable

St
er

eo
ty

pe
C

on
te

nt
M

od
el

(S
C

M
)

SCM proposes that warmth (Friendliness, Trustworthi-
ness) and competence (Capability, Assertiveness) are
two fundamental dimensions of social perception that
reliably differentiate societal group stereotypes across
cultures. The model distinguishes four broad stereotype
categories, each associated with distinct emotional and
behavioral responses (Cuddy et al., 2008; Fiske, 2018):

• High warmth and high competence elicit admi-
ration and ative facilitation (e.g helping)

• high warmth and low competence elicit pity and
passive facilitation (e.g. allowing privileges)

• Low warmth and high competence elicit envy
and passive harm (e.g. exclusion)

• Low warmth and low competence elicit con-
tempt and active harm (e.g. discrimination)

Warmth and competence are influenced by perceived
social structure: status predicts competence, competition
predicts low warmth (Fiske et al., 2002).

SCM primarily focuses on perception and categorization
of humans and social groups, while our study examines
perceptions of artificial agents (Large Language Models).
While SCM has been applied to human-machine interac-
tions, including studies on robots and chatbots (Krügel
et al., 2022; Seiler and Schär, 2021), it originates from
research on stereotypes and social perception in human
groups. There are conceptual overlaps between SCM and
MPT with warmth and experience capturing emotional
capacity and competence and agency capturing cognitive
capacity (Cuddy et al., 2008; Gray et al., 2007). Although
SCM could thus be considered a relevant alternative, its
behavioral consequences – helping, privileges exclusion,
and discrimination – are fundamentally different from
the mechanisms we study. Furthermore, mind percep-
tion theory has been developed to understand when and
why people attribute mental states to others, specifically
including non-human entities, and has been more widely
applied in AI research, particularly in analyzing anthropo-
morphism in conversational agents and robots, making it
the more suitable theoretical foundation for our study.(Gray
et al., 2007; Kawai et al., 2023; Waytz et al., 2010b).

D
eh

um
an

iz
at

io
n

Dehumanization refers to the denial of human-like men-
tal attributes to individuals or social groups (Haslam,
2006). Haslam (2006) distinguishes two forms: mecha-
nistic dehumanization (denying emotional capacity and
warmth, treating entities as cold, robotic) and animalistic
dehumanization (denying cognitive capacity, treating
entities as primitive or irrational). Dehumanization is
linked to intergroup biases, moral disengagement, and
justification of harm, with empirical evidence highlight-
ing its role in discrimination, violence, and exclusion
(Haslam and Loughnan, 2014; Kelman, 2017). The the-
ory is frequently ap-plied in contexts of ethnic conflict,
political propaganda, and the denial of moral considera-
tion to outgroups. As artificial agents are often seen as
high in agency but low in experience (Gray and Wegner,
2012), this could be judged as a form of mechanistic
dehumanization.

Traditional dehumanization research focuses on interper-
sonal and intergroup contexts, where humans dehumanize
other humans. In contrast, our study investigates how
non-human agents (LLMs) are anthropomorphized, not
dehumanized, since LLMs were never considered fully
human. Dehumanization is further especially relevant
to moral judgement and prosocial scenarios, where some
research has applied it to AI (Heßler et al., 2022; Swiderska
and Küster, 2020). However, in this study we do not fo-
cus on moral judgement about the LLM. Mind Perception
Theory (MPT) provides a framework better tailored to our
context, explaining how users attribute different levels of
mind perception without implying prior human status.
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