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Abstract

As large language models (LLMs) enter high-stakes domains
such as healthcare, understanding their moral reasoning be-
comes essential. Decisions about scarce medical resources of-
ten hinge on judgments of responsibility, particularly when
patients’ own actions contribute to illness. We investigate
how LLMs reason about responsibility and its consequences,
using attribution theory to trace their judgments from behav-
ior to illness to denial of care. We evaluate a wide range
of LLMs, spanning different model families and capability
levels, on various clinical vignettes adapted from prior stud-
ies. Our results identify a judgment—consequence gap: LLMs
largely agree with humans that patients bear responsibility for
health-harming behaviors, yet overwhelmingly refuse to let
that judgment influence how they allocate scarce resources.
Specifically, LLMs default to random allocation, whereas
humans consistently favor the less-culpable patient. Com-
pared to humans, LLMs also place greater emphasis on ac-
cess to information, reducing responsibility judgments when
health-risk knowledge is unavailable. These findings reveal
that LLMs apply a systematically different moral framework
than humans when responsibility and resource scarcity inter-
sect, surprisingly often amplifying normative disagreement
with humans as reasoning capability increases.

1 Introduction

Large language models (LLMs) have rapidly moved beyond
generating text to actively shaping decisions across virtually
every sector of the economy, from writing code and drafting
legal documents to advising on medical diagnoses and act-
ing autonomously on behalf of users (Thirunavukarasu et al.
2023; Liu et al. 2025; Singhal et al. 2023). In healthcare, this
transformation is especially pronounced. LLMs now assist
with clinical documentation, diagnostic reasoning, and treat-
ment recommendation, and a growing number of patients
consult them directly for medical guidance (Vrdoljak et al.
2025; Shool et al. 2025; Ayers et al. 2023). As these mod-
els take on advisory and decision-making roles in clinical
contexts, the values they encode become a matter of direct
consequence for patient outcomes (Yu et al. 2024; McCrad-
den et al. 2023).
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Some of the most difficult decisions in medicine, how-
ever, go beyond identifying the best treatment for an indi-
vidual patient. When medical resources are scarce, such as a
donated organ, hospital capacity, or an expensive treatment
that not all eligible patients can receive, clinicians must de-
cide how to allocate them (Persad, Wertheimer, and Emanuel
2009; Emanuel et al. 2020). These allocation decisions are
inherently moral, forcing a link between judgment and con-
sequence. When a patient’s own behavior has contributed to
their illness, a decision must be made about whether that be-
havior should affect who receives the scarce resource (Chan
et al. 2024; Bjork, Lynge, and Juth 2015). Decades of re-
search in attribution theory show that humans reliably con-
nect perceived ‘responsibility’ to such downstream conse-
quences, with those judged responsible for their misfortune
being seen as less deserving of help (Weiner 1985; Lerner
1980). We do not necessarily advocate for LLMs to make
such decisions, but given that they are already embedded in
healthcare workflows where these trade-offs arise, auditing
how they connect responsibility to consequence is essential.

Recent work has begun to investigate how LLM moral
reasoning compares to that of humans, through moral rea-
soning benchmarks (Hendrycks et al. 2021; Scherrer et al.
2023), large-scale preference elicitation inspired by the
Moral Machine experiment (Awad et al. 2018; Takemoto
2024; bin Ahmad and Takemoto 2024), and direct evalu-
ation of LLM behavior in allocation scenarios (Dickerson
et al. 2025; Hosseini and Khanna 2026). These studies show
that while LLMs demonstrate broad familiarity with moral
norms, their judgments often diverge from human expecta-
tions on key decisions (Almeida et al. 2024; Shen, Clark,
and Mitra 2025). However, prior work has largely treated
moral reasoning as a single-step evaluation. What remains
unexplored is where in the reasoning chain the divergence
occurs. Do LLMs differ from humans in how they assess
moral responsibility, in how they translate that assessment
into a consequential decision, or in both?

We address this gap by asking: when a patient’s own
behavior contributes to their need for a scarce medical
resource, do LLLMs connect judgments of moral respon-
sibility to allocation decisions the way humans do? A re-
lated question concerns the role of the patient’s epistemic
state: does access to knowledge about health risks mod-
ulate responsibility judgments and allocation decisions



differently for LLLMs than for humans? To answer these
questions, we test a broad set of LLMs spanning multiple
model families, reasoning and non-reasoning configurations,
and both open-source and commercial models, on clinical
vignettes adapted from human studies of kidney transplant
allocation (Chan et al. 2024), lung cancer treatment (Bjork,
Lynge, and Juth 2015), and hip replacement surgery (Bjork,
Juth, and Lynge 2018).

Our experimental design traces successive stages of the
moral reasoning process, from whether the patient is respon-
sible for the harmful behavior, to whether they are respon-
sible for the resulting illness, to whether they should bear
the cost of being denied a scarce resource, enabling us to
identify precisely where human and LLM behavior diverge.

Results. We find a systematic judgment-consequence
gap: LLMs largely agree with humans that patients who en-
gage in health-harming behaviors bear moral responsibility,
yet they overwhelmingly refuse to let those judgments influ-
ence how they allocate scarce resources. Where a majority of
human participants allocate the resource to the less-culpable
patient, LLMs default to random allocation and actively en-
dorse the position that behavior-based allocation would be
unfair. Beyond this central finding, our analysis reveals:

* Knowledge sensitivity. LLMs are universally more sen-
sitive than humans to whether the patient had access
to information about health risks, sharply reducing at-
tributed responsibility when the patient was uninformed,
a pattern consistent with a principled informed-consent
framework that diverges from how people actually rea-
son.

* Reasoning widens the gap. Enabling extended thinking
increases responsibility attribution for most model fami-
lies, bringing LLMs closer to human assessments, while
(if anything) pushing allocation decisions further toward
randomization rather than toward the human pattern. The
gap widens with deeper reasoning, suggesting it reflects
a stable normative commitment rather than a processing
limitation.

* Robustness across medical contexts. These patterns
hold across multiple medical domains, behavior types,
and model configurations, indicating that the divergence
is a general property of current LLMs rather than an arti-
fact of any particular model or scenario.

2 Related Works
2.1 Responsibility Attribution

Responsibility attribution examines how humans judge an
agent’s involvement in a moral outcome. Much of the
literature builds on Weiner’s attributional model (Weiner
1985), which links perceived controllability of outcomes to
emotional and judgmental responses. A subsequent meta-
analysis provides robust empirical support for this frame-
work (Rudolph et al. 2004). Attribution research spans le-
gal defenses (Darley, Klosson, and Zanna 1978), punish-
ment (Shultz, Wright, and Schleifer 1986), and the mor-
alization of medical stigmas (Weiner, Perry, and Magnus-
son 1988). Within healthcare specifically, work has explored
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how responsibility extends beyond behavior itself to the con-
sequences of that behavior, including the prioritization or
deprivation of treatment (Chan et al. 2024; Bjork, Lynge,
and Juth 2015). Our work extends these frameworks by ex-
amining how LLMs attribute responsibility for both actions
and consequences, and the degree to which these attributions
align with human judgments.

2.2 Moral Decision Making with LLMs

A growing body of work examines the degree to which
LLMs align with human moral judgments. Several bench-
marks measure this alignment directly. ETHICS (Hendrycks
et al. 2021), MoralChoice (Scherrer et al. 2023), and
MoralExceptQA (Jin et al. 2022) evaluate moral reason-
ing through curated dilemmas, while the Delphi project
trains a dedicated model on crowd-sourced moral judg-
ments (Jiang et al. 2025). Other work probes alignment
on contentious social issues (Santurkar et al. 2023; Garcia,
Qian, and Palminteri 2024) and classic trolley-style prob-
lems (Ding et al. 2025), including the Moral Machine ex-
periment (Takemoto 2024; bin Ahmad and Takemoto 2024).

Beyond benchmarking, research has investigated the
moral values and ethical theories implicitly encoded in
LLMs (Huang et al. 2026; Shen et al. 2025; Zhou et al.
2024a), as well as alignment with principles of fairness in
resource allocation (Dickerson et al. 2025; Hosseini and
Khanna 2026; Cookson, Ebadian, and Shah 2026). Studies
have also examined how LLM decisions shift depending on
the demographic persona they are asked to represent (Sorin
et al. 2025), and have identified a value-action gap in which
stated moral positions diverge from the decisions models
ultimately make in practice (Shen, Clark, and Mitra 2025;
Hosseini and Khanna 2026). A parallel line of work demon-
strates that moral advice generated by LLMs on real-world
dilemmas is perceived by humans as superior to that of pro-
fessional ethicists (Aharoni et al. 2024; Howe et al. 2023;
Dillion et al. 2025).

We contribute to this literature by tracing different stages
of the moral reasoning process in a consequential decision-
making scenario, from judgments of behavioral responsibil-
ity through disease attribution to allocation decisions, pro-
viding further insight into the specific areas of alignment and
misalignment between humans and LLMs.

2.3 LLMs for Healthcare Decision Support

LLMs are increasingly explored for healthcare tasks rang-
ing from clinical documentation and diagnostic reasoning
to treatment recommendation (Liu et al. 2025; Xiao et al.
2025). Evaluations have benchmarked performance across
the patient journey (Wu et al. 2024), explored multi-agent
collaboration (Kim et al. 2024), and developed dynamic, it-
erative benchmarks that better reflect real-world clinical re-
quirements (Li et al. 2024). Recent work has also identified
failure modes such as inflexible reasoning under incomplete
information (Lim et al. 2025). Beyond clinical accuracy, a
parallel literature addresses normative questions about re-
sponsibility, trust, physician-Al disagreement, and the val-
ues embedded in medical Al systems (Kempt and Nagel
2022; Kempt, Heilinger, and Nagel 2023; Yu et al. 2024;



McCradden et al. 2023), arguing that these systems are not
value-neutral but encode human and institutional judgments
through their design and deployment. Comparatively little
attention has been paid to how LLMs behave in normatively
charged medical decisions involving ethical trade-offs rather
than factual uncertainty. Our work addresses this gap by em-
pirically comparing LLM moral judgments with human re-
sponses in a high-stakes allocation setting.

2.4 LLMs for Simulating Human Subjects

LLMs are increasingly used to simulate human subjects,
whether as population-level proxies or as generators of syn-
thetic survey responses. Multi-agent simulations have recre-
ated election outcomes (Zhou et al. 2025), social interac-
tion patterns (Ji et al. 2026; Zhou et al. 2024b; Wang et al.
2024), and trust dynamics (Jia et al. 2024; Guan et al.
2025). To improve simulation fidelity, researchers have ex-
plored persona-based prompting (Tseng et al. 2024; New-
sham and Prince 2025), grounding in interview transcripts
(Park et al. 2024), and finetuning on large-scale survey data
(Suh et al. 2025; Kolluri et al. 2025). Foundation mod-
els trained directly on human behavioral data have shown
promise in predicting human choices across diverse experi-
mental paradigms (Binz et al. 2025), and dedicated bench-
marks now evaluate simulation quality systematically (Hu
et al. 2026). The Delphi project applies a similar approach
to moral judgments specifically (Jiang et al. 2025). However,
various concerns persist, such as minor prompt variations
substantially altering outputs (Schréder et al. 2025), LLMs’
tendency to compress variance and amplify majority effects
relative to humans (Almeida et al. 2024; Dickerson et al.
2025), and deeper epistemological questions arising about
whether LLMs can meaningfully stand in for human respon-
dents (Kapania et al. 2025; Anthis et al. 2025). We demon-
strate how LLMs can reliably simulate human responses in
certain stages of the thought process while systematically
deviating on consequential decisions.

2.5 Medical Resource Allocation

The allocation of scarce medical resources has been ex-
tensively studied across bioethics, health economics, and
psychology. Normative frameworks emphasize principles
such as maximizing benefit, equal treatment, and prioritiz-
ing the worst off (Emanuel et al. 2020; Persad, Wertheimer,
and Emanuel 2009), while empirical research documents
how laypeople and professionals actually prioritize patients
based on age, health status, and social roles (Furnham, Sim-
mons, and McClelland 2000; Furnham, Thomson, and Mc-
Clelland 2002; Kriitli et al. 2016; Chan et al. 2022). In kid-
ney allocation specifically, studies aggregating human pref-
erences into automated systems highlight substantial diver-
sity and instability in individual responses (Freedman et al.
2020; McElfresh et al. 2021; Keswani et al. 2026). Our work
extends these inquiries by testing whether the same patterns
of disagreement and indecision appear in LLM responses, or
whether models converge on systematically different alloca-
tion strategies.
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3 Experimental Overview
3.1 Vignette Design and Measures

Our experiments are built around clinical vignettes, i.e. sce-
narios, in which two patients require the same scarce med-
ical treatment. Patient A has no history of health-harming
behavior. Patient B has engaged in a behavior, such as heavy
drinking, drug use, smoking, or poor diet, that may have
contributed to their condition. In each scenario, Patient A
is given the treatment “on the basis of Patient B’s negative
attribute”. After reading the scenario, participants answer a
series of Likert scale questions that probe successive levels
of moral responsibility. The first level concerns behavior: is
Patient B responsible for engaging in the harmful behavior?
The second concerns disease: is Patient B responsible for
developing the illness? The third concerns deprivation: is
Patient B responsible for being denied the scarce resource?
Participants also make an explicit allocation decision: given
the scarcity of resources only one patient can receive the
treatment, should it go to Patient A, to Patient B, or should
it be decided randomly? Directly related to this question, we
also ask whether it is fair to allocate the kidney to Patient A
based on Patient B’s behavior.

This layered structure allows us to trace the full chain
from moral judgment to consequential action. The alloca-
tion decision is central to our analysis, revealing whether
attributed responsibility actually translates into differential
treatment when resources are scarce.

3.2 Kidney Transplant Allocation

We adapt the kidney transplant scenarios of (Chan et al.
2024), asking each model the same responsibility and allo-
cation questions posed to human participants in the original
study. This allows a direct comparison with a human base-
line across all measures.

The scenarios take two forms. In the first, Patient B has ei-
ther stopped or continued the harmful behavior after diagno-
sis, testing whether behavioral change is treated as morally
relevant. Four distinct behaviors (alcohol, drugs, smoking,
and poor diet) are crossed with the stopped/continued ma-
nipulation, yielding eight conditions. In the second, the be-
havior is held constant while Patient B’s access to knowl-
edge about the health risks varies across three levels, (i) the
patient knew about the risks, (ii) the patient did not know
but had easy access to information, or (iii) the patient neither
knew nor had access. We refer to these two designs through-
out as the behavior alteration vignette and the knowledge
level vignette, respectively.

Additionally, we introduce three conditions designed to
test the effect of misleading information on responsibility at-
tribution. In these conditions, the patient was actively given
incorrect information about the health risks, either by a third
party, by another person, or by an Al agent, allowing us to
also measure any influence of the source of the incorrect ad-
vice.

3.3 Lung Cancer and Hip Replacement

To assess whether the patterns observed in the kidney do-
main generalize across medical contexts, we administer both



the behavior alteration and knowledge level vignettes in
two additional medical settings, (i) lung cancer treatment,
adapted from (Bjork, Lynge, and Juth 2015), and (ii) hip
replacement surgery, adapted from (Bjork, Juth, and Lynge
2018). In both cases, smoking is the health-harming behav-
ior, and the vignette structure, questions, and conditions mir-
ror those of the kidney domain.

These two domains are chosen because they vary in the
strength of the causal link between behavior and disease.
The connection between smoking and lung cancer is widely
recognized, whereas the connection between smoking and
hip complications is less intuitive and weaker. Human base-
line data are not available for these adapted vignettes on the
specific questions we pose, so the cross-domain analysis fo-
cuses on within-LLM patterns rather than human-LLM com-
parison.

34

We test 12 commercially available and open-source LLMs
spanning a broad range of capabilities, drawn from the
Claude, GPT, DeepSeek, Gemini, and Llama families. We
use 7 of these models both with and without reasoning
(“thinking”) enabled, leading to a total of 19 distinct model
configurations and allowing for a direct measurement of the
effect of reasoning on moral judgment.

To accurately replicate the format of the original human
studies, we prompt each model as a simulated study partic-
ipant. A single session corresponds to one participant. The
model receives the scenario and responds to each question in
a multi-turn conversation with chat history preserved, just as
a human participant would retain context across trials within
a study session.! Between sessions, the conversation history
is cleared, so that each of the 10 independent sessions per
condition represents a fresh participant. Models respond in a
structured JSON format, providing Likert scale ratings and,
where applicable, an allocation choice for each trial.

Detailed model specifications, including API plat-
forms, thinking-mode implementations, and open-
source/commercial classification, are provided in Ap-
pendix D, which (like along with all other supplementary
material) can be found in the full version of the paper
(Hosseini, Khanna, and Pierce 2026).

Models and Prompting

4 Results

We present findings across five dimensions, (i) responsibility
attribution, (i) allocation decisions, (iii) sensitivity to epis-
temic context, (iv) generalization across medical domains,
and (v) the effect of extended reasoning. Together, these
reveal a systematic judgment-consequence gap in which
LLMs assess moral responsibility much like humans but
refuse to act on that assessment. Statistical tests for all com-
parisons are reported in Appendix E.

!To verify that our results are not an artifact of this multi-turn
format, we also run all models in a single-turn condition in which
each question is posed in isolation with no chat history from prior
questions or scenarios. The results are qualitatively unchanged. See
Appendix G for details.
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Figure 1: Mean responsibility scores (5-point scale) by ques-
tion and model group, aggregated across both behavior al-
teration conditions (continued vs. stopped). Error bars show
95% confidence intervals.*

4.1 Responsibility Attribution

In the behavior alteration vignette, each model reads a sce-
nario in which Patient B has engaged in one of four health-
harming behaviors (heavy drinking, drug use, smoking, or
poor diet) and has subsequently developed kidney disease
requiring a transplant. The scenario specifies that Patient B
has either stopped or continued the behavior after diagnosis.
The participant (human or LLM) then answers three ques-
tions on a 5-point Likert scale?, probing successively deeper
levels of responsibility: Is Patient B responsible for the be-
havior itself (Q1)? For developing the disease (Q2)? For
being deprived of the transplant (Q3)? The exact questions
(and prompts) can be found in Appendix A.

Agreement on behavioral responsibility. On the ques-
tion of responsibility for behavior, LLMs and humans are
in near-complete agreement (Figure 1). The human mean
is 4.42 on the 5-point scale, and the mean across all 19
model configurations is 4.43%, indicating that both perceive
patients to be responsible for their harmful behavior. This
convergence holds across all four behavior types and is sta-
ble across both reasoning and non-reasoning models. When
asked whether a patient who engages in a harmful behav-
ior is responsible for that behavior, human and LLM moral
judgments show no significant difference (Table 2).

2The range is “definitely no” (1) to “definitely yes” (5).

3Throughout the paper, we are primarily interested in trends
that generalize across LLMs, rather than whether any specific LLM
replicates or aligns with human choices. We therefore focus on ag-
gregations across LLMs. Additionally, individual models exhibit
limited diversity of responses, often selecting their modal response
in a majority of trials. A detailed discussion of within-model con-
sistency is provided in Appendix C.

“For LLMs, confidence intervals reflect variability across mod-
els within each group. For humans, they reflect between-subjects
variability computed from condition-level standard deviations re-
ported by (Chan et al. 2024). Because the original human study
used a within-subjects design, these intervals are not directly com-
parable to the authors’ reported significance tests; statistical claims



Divergence on downstream responsibility. The agree-
ment on behavioral responsibility does not carry through to
the more morally loaded questions. Reasoning models con-
tinue to replicate human judgments closely on both disease
responsibility and deprivation responsibility. Non-reasoning
models, however, attribute notably less responsibility on
these questions, pulling the overall LLM average below the
human baseline (Figure 1). The gap between reasoning and
non-reasoning models is largest on deprivation, the question
most directly tied to whether the patient deserves to lose
access to treatment. Per-model breakdowns are provided in
Appendix B.1.

This divergence becomes even more pronounced when
the question is framed in terms of fault rather than respon-
sibility. In a separate set of vignettes (Section 4.2 and Sec-
tion 4.3), participants are asked whether Patient B is at fault
for being deprived of a kidney. LLMs (both reasoning and
non-reasoning) are substantially less willing to assign fault
as compared to humans, even when the underlying scenario
is identical (Figure 4). Humans show no comparable sen-
sitivity to this framing distinction. This pattern echoes the
distinction drawn by Malle, Guglielmo, and Monroe (2014)
between causal judgment and evaluative response as cogni-
tively separable components of blame, since LLMs appear
willing to make the causal attribution but resist the evalua-
tive step of assigning fault. We return to this decomposition
in Section 5.

Behavioral change is selectively morally relevant.
When the scenario specifies that Patient B has stopped the
harmful behavior after diagnosis, both humans and LLMs
reduce their responsibility ratings relative to the continued-
behavior condition (Figure 2). Crucially, this reduction is
selective. In the human data, behavioral change has little
effect on whether the patient is seen as responsible for the
behavior itself, but substantially reduces perceived responsi-
bility for the disease and, most strongly, for being deprived
of treatment (Chan et al. 2024). Stopping does not retroac-
tively erase responsibility for harmful behavior, but it does
temper the judgment that the patient deserves to lose access
to care.

LLMs largely replicate this selective pattern. Across all
models and all behavior types (alcohol, smoking, drugs, bad
diet), LLMs are more forgiving towards patients who dis-
continued the harmful behavior, and the reduction is concen-
trated on disease and deprivation responsibility rather than
behavioral responsibility. The magnitude varies across mod-
els, with some closely matching the human profile, while
others showing considerably larger reductions on depriva-
tion than humans do. The qualitative shape of the effect,
however, is consistent. See Appendix B.1 for more details.

4.2 Allocation Decisions

In the knowledge level vignette, participants read the same
clinical scenario (Patient B has engaged in one of three’

about the human data throughout this paper cite the original within-
subjects analyses.

SUnlike the previous stage, the “unhealthy eating” behavior is
not considered for this stage.
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Figure 2: Effect of behavioral change (stopped vs. contin-
ued) on responsibility scores. Error bars show 95% confi-
dence intervals.

health-harming behaviors and has since stopped) but are
now asked to make a consequential decision. Participants
are first presented with a forced-choice allocation question:
should the kidney go to Patient A, Patient B, or be decided
randomly? They then answer four follow-up questions on
a 7-point Likert scale®, probing whether deciding based on
Patient B’s harmful behavior would be unfair, whether Pa-
tient B is responsible for the behavior and for the kidney
failure, and whether it is Patient B’s own fault for not receiv-
ing the kidney (See Appendix A for the exact wording). The
vignette also specifies the level of access Patient B had to
information about the harmful effects of their behavior. The
effects of this manipulation are discussed in Section 4.3.

Humans hold accountable; LL.Ms refuse to. A majority
of human participants prefer to allocate the kidney to Pa-
tient A (67.6%), with a substantial minority opting to ran-
domize and very few choosing Patient B. LLMs show a
strikingly different pattern. Across all 19 model configura-
tions, the dominant response is to decide randomly, with the
vast majority of configurations selecting this option in nearly
every response (Figure 3). When aggregated by model type,
reasoning models choose Patient A only 9.4% of the time
and non-reasoning models 24.7%, both far below the human
rate. This preference holds across model families rather than
being driven by a handful, as the per-configuration break-
downs in Figure 3 and Appendix B.2 show.

Exceptions do not align with humans. While there are
some exceptions to this pattern, even the outlier models do
not fully align with humans. Llama-4-Scout chooses Pa-
tient A almost exclusively and never randomizes, making it
more extreme than humans, who still opt for random alloca-
tion roughly a third of the time. GPT-5.4-mini is the closest
to the human profile, but it selects Patient B in roughly 20%
of trials, far exceeding the human rate of 3.2%.

A normative gap, not a measurement artifact. The pref-
erence for randomization is not a failure to make nuanced

SThe range is “strongly disagree” (1) to “strongly agree” (7).
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Figure 3: Kidney allocation decisions across all 19 LLM
configurations and human participants, sorted by proportion
choosing Patient A (who never engaged in harmful behav-
ior). (T) represents “thinking mode” and (NT) represents
“non-thinking mode”.

judgments. As Section 4.1 shows, models clearly differenti-
ate levels of responsibility on the Likert scale. Rather, they
apply a distinct normative principle once the judgment be-
comes consequential. Their answers to the unfairness ques-
tion reinforce this. LLMs rate behavior-based allocation as
unfair at 5.6 on the 7-point scale, while humans average 3.9
(Figure 4). LLMs do not merely decline to act on responsi-
bility, they actively endorse that acting on it would be unfair.

This exposes a systematic normative misalignment. Both
humans and LLMs agree that patients who engage in health-
harming behaviors bear responsibility for the behavior, for
the disease, and for being deprived of treatment. But where
humans treat these judgments as grounds for differential al-
location in a life-or-death decision, LLMs refuse to do so,
and frame the very act of behavior-based allocation as un-
just.

This behavior contrasts with findings from Dickerson
et al. (2025), who show in a similar setting that LLMs rarely
choose to “flip a coin”. By re-running the allocation question
with the third option worded in other ways, such as “flip a
coin” or “leave it to chance”, we confirm that this preference
is not an artifact of how the option is worded.” This prefer-
ence instead reflects features of our scenario, namely that the
two patients are otherwise identical, that the medical effects
of the behavior are equalized, and that the only remaining
difference is one that models decline to act on. We elaborate

Tt also holds when the allocation question is asked on its own,
without the responsibility and fairness questions (Appendix G), so
it is not an artifact of eliciting responsibility alongside the decision.
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on this in Appendix F.

Reasoning traces reflect the gap. To check whether mod-
els indeed connect their responsibility judgment to the al-
location decision, as opposed to not relating the two, we
inspect the reasoning traces of thinking-enabled models
on this decision (full method and results in Appendix H).
Among responses where a model rated the patient highly re-
sponsible yet still chose to allocate randomly, the large ma-
jority first acknowledge that responsibility and then invoke
fairness or equal treatment as the reason to set it aside, rather
than ignoring it. The randomization is thus a deliberate re-
fusal to let responsibility drive the decision, not a failure to
register it, and this pattern is more pronounced in more ca-
pable models.

4.3 Effect of Access to Knowledge

The knowledge level vignette also varies the level of access
Patient B had to information about the health risks of their
behavior. In the knowledge condition, the patient knew that
the behavior creates a risk of kidney failure. In the access
condition, the patient did not know but had easy access to
this information and most people in their community were
aware of the risk. In the no-access condition, the patient nei-
ther knew nor had easy access to this information, and most
people in their community were similarly unaware. This ma-
nipulation tests whether moral responsibility, in the eyes of
humans and LLMs, requires informed choice.

LLMs factor in access to knowledge; humans do not.
Human responses are largely consistent across the three
knowledge conditions, with minimal variation on all four
Likert questions relative to the 7-point scale. LLMs, by con-
trast, show dramatically greater sensitivity. While they draw
little distinction between the knowledge and access condi-
tions, they assign substantially lower responsibility and fault
scores when the patient had no access to information about
the risks. Nearly every one of the 19 LLM configurations is
more sensitive to the knowledge manipulation than humans
on every question (Figure 4; see Appendix B.3 for per-model
breakdowns). In Section 5, we discuss how this relates to the
principle of informed consent in medical ethics (Emanuel
et al. 2020).

The knowledge sensitivity also extends to allocation deci-
sions. Among non-reasoning models, which show the most
willingness to choose Patient A, the rate of Patient A al-
location drops from 37.4% in the knowledge condition to
12.6% in the no-access condition. The knowledge manip-
ulation thus modulates not only LLMs’ stated moral judg-
ments but also their consequential decisions, in a way that
human allocation decisions reflect only weakly. Per-model
allocation breakdowns by knowledge condition are shown
in Appendix B.2.

Incorrect advice is treated as equivalent to no access. In
addition to the three knowledge conditions, we include three
ill-advised conditions in which the patient was actively ill-
advised, (i) told by a third party, (ii) by another person, or
(iii) by an Al agent that the behavior does not create a risk of
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kidney failure. These conditions test whether LLMs distin-
guish between ignorance (no access to correct information)
and being ill-informed (access to incorrect information).

They largely do not. Across all four Likert questions,
mean LLM scores in the ill-advised conditions are far closer
to the no-access condition than to the knowledge or access
conditions (Figure 5). The same pattern holds for allocation
decisions, where the rate of Patient A choices in ill-advised
conditions is comparable to the no-access rate. The source
of the incorrect advice also makes little difference. Whether
the incorrect information came from another person, an Al
agent, or an unspecified third party, the resulting scores are
nearly indistinguishable. For LLMs, being misled is morally
equivalent to never having known.

4.4 Reasoning Capabilities Amplify
Responsibility Attribution

In Section 4.1, we observed that reasoning models tend to
assign higher responsibility scores than non-reasoning ones.
To isolate the effect of reasoning from other architectural
differences, we directly compare the seven model families
that support both a thinking-enabled and a thinking-disabled
mode.

Thinking amplifies responsibility attribution for most
models. For five of the seven families, enabling think-
ing increases responsibility scores, with the strongest ef-
fects on disease responsibility and deprivation responsibil-
ity (Figure 6b—c). Claude Haiku and DeepSeek Flash show
the largest shifts, with average increases exceeding 0.7 scale
points across the three questions. Behavioral responsibility
(Figure 6a) is less affected, likely because scores are already
near the ceiling of the scale regardless of mode. The effect is
not universal, however, with Claude Opus and Gemini Flash-
Lite showing near-zero or slightly negative shifts, indicating
that the thinking toggle does not uniformly push all architec-
tures in the same direction. Similar trends appear for the un-
fairness and fault questions in the knowledge level vignette,
though the pattern is less clear (See Appendix B.5).

The normative gap persists. Despite these shifts in re-
sponsibility ratings, the core finding from Section 4.2 holds
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across both modes, i.e. thinking-enabled and thinking-
disabled models alike overwhelmingly choose to random-
ize rather than de-prioritizing the responsible patient. Ex-
tended reasoning amplifies the attribution of responsibility
and, if anything, pushes models further toward randomiza-
tion rather than toward the human pattern of differential allo-
cation, reinforcing the interpretation that LLMs treat respon-
sibility attribution and allocation as normatively distinct.

4.5 Generalization Across Medical Domains

To test whether these patterns are specific to kidney allo-
cation, we replicate the experimental design across two ad-
ditional domains, lung cancer treatment and hip replace-
ment surgery (Bjork, Lynge, and Juth 2015; Bjork, Juth, and
Lynge 2018). All three use smoking as the health-harming
behavior, allowing direct comparison. Although the vignette
structure and questions are identical across domains, the de-
scriptions differ in how smoking relates to the medical con-
dition. For lung cancer and kidney disease, smoking is de-
scribed as contributing to the disease itself, while for hip re-
placement, smoking is unrelated to the underlying condition
(namely, osteoarthritis) and instead complicates surgical re-
covery (see Appendix A for exact framing).

Core patterns replicate across domains. The central
finding from the kidney allocation setting holds across all
three medical contexts. In each domain, the vast majority of
models overwhelmingly prefer to random allocation (Fig-
ure 7b), and the knowledge-sensitivity gradient observed in
Section 4.3 is preserved (Figure 10). Responsibility attri-
bution patterns from the behavior alteration vignette (Sec-
tion 4.1) are also stable. Perceived responsibility for the be-
havior remains high across all three domains, while respon-
sibility for disease and deprivation is comparable between
lung cancer and kidney disease (Figure 7a).

Hip replacement is a partial exception. Randomization
still dominates in all three domains. A few models allocate
to Patient A more often in the hip context, which lifts the av-
erage Patient A rate to 23% versus 16% for kidney and 12%
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for lung (Figure 7b),%, and this shift is not significant across
models (Appendix E.4). Where the domains do differ is in
responsibility for the disease. Perceived disease responsibil-
ity is much lower for hip replacement, where smoking com-
plicates surgical recovery rather than causing the underlying
condition (Figure 7a and c). This gives models a forward-
looking reason to weigh the behavior without treating it as
the cause of the illness.

Behavior type has minimal effect. Within the kidney ex-
periments, which tested four different health-harming be-
haviors (heavy drinking, drug use, smoking, and poor diet),
neither humans nor LLMs show meaningful variation in al-
location decisions or responsibility ratings depending on the
specific behavior. This suggests the findings are driven by
the structure of the moral scenario rather than by attitudes
toward any particular substance (Figure 11).

5 Discussion

The judgment-consequence gap. Our most consistent
finding is a disconnect between how LLLMs assess moral re-
sponsibility and what they do with it. LLMs agree with hu-

8This is concentrated in a few models, as Claude-Haiku (NT)
allocates to Patient A in 85% of hip trials despite randomizing in
100% of kidney and lung trials, and DeepSeek-v4-Pro (NT) shifts
from 33% to 73%.
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mans that patients bear responsibility for the behavior, the
resulting disease, and, to a lesser extent, their deprivation
of treatment. Yet in a consequential allocation decision they
refuse to deprioritize the responsible patient and endorse
the view that doing so would be unfair (5.6 vs. the human
3.9 on the unfairness question). We term this the judgment-
consequence gap. LLMs treat responsibility as a backward-
looking assessment (“B caused this”) but decline to make it
prescriptive (“therefore B should bear the cost”). The rea-
soning traces make the separation explicit, as randomizing
models acknowledge responsibility before setting it aside on
fairness grounds rather than ignoring it (Section 4.2).

This separation has precedent in human moral cognition,
where blame decomposes into a causal judgment about an
agent’s role and a separable evaluative response (Malle,
Guglielmo, and Monroe 2014; Shultz, Wright, and Schleifer
1986). Our data represent an extreme form, with the causal
judgment intact but the evaluative response suppressed. In
humans this gap usually arises from self-interest or situa-
tional pressure (Saltzstein 2010), whereas in LLMs it ap-
pears to be a principled refusal grounded in a competing
fairness norm rather than a failure to act on a judgment.

Reasoning amplifies the gap. This interpretation is rein-
forced by our reasoning analysis (Section 4.4). Enabling ex-
tended thinking increases responsibility attribution for most
model families, bringing LLMs closer to human judgments
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on the assessment side. Yet allocation decisions remain un-
changed, with thinking-enabled and thinking-disabled mod-
els alike overwhelmingly preferring randomization. Deeper
reasoning widens the judgment-consequence gap rather than
closing it, suggesting that the gap is not a product of shallow
processing but reflects a stable normative commitment.

Relationship to the value-action gap. A growing litera-
ture documents a value-action gap in LLMs, in which mod-
els’ stated value preferences diverge from the choices they
make in scenario-based tasks (Shen, Clark, and Mitra 2025;
Huang et al. 2026; Hosseini and Khanna 2026). Our finding
is structurally distinct, since our LLMs are internally consis-
tent, assessing responsibility while endorsing the fairness of
setting it aside. The human pattern reflects desert-based rea-
soning, on which responsibility bears on who should shoul-
der a cost, whereas the LLM pattern reflects a contractual-
ist (Scanlon 1998) or egalitarian (Rawls 1971) commitment
to equal treatment regardless of desert (Persad, Wertheimer,
and Emanuel 2009; Emanuel et al. 2020). We aim to de-
scribe this divergence, not endorse it, since there is no con-
sensus that behavior-based allocation is justified. The dis-
tinction matters practically, as interventions that improve
behavioral consistency will not move a model that is al-
ready consistent but normatively different, consistent with
Lei et al. (2024), who find GPT-40 more oriented toward so-
cial justice than humans in unfair moral dilemmas.

Knowledge sensitivity and the role of epistemic state.
Our second major finding is that LLMs are far more sen-
sitive than humans to whether the patient could have known
the health risks (Section 4.3). Human responses are largely
flat across knowledge conditions, while LLMs sharply re-
duce responsibility and fault when the patient lacked access
to information. This suggests LLMs weight informed con-
sent, a foundational principle in medical ethics (Emanuel
et al. 2020), more heavily than humans do, applying a more
“textbook” framework that diverges from how people actu-
ally reason. Cushman (2008) show that human judgments
often rely on intuitive heuristics rather than reasoning about
an agent’s epistemic state. The asymmetry also carries an
equity implication. Because accurate health information is
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itself unequally available, a model that conditions responsi-
bility on prior access extends more leniency to patients from
under-informed communities. Whether seen as sensitivity to
structural disadvantage or as a judgment resting on circum-
stances irrelevant to present need, it is a distributive effect
that stakeholders would benefit by recognizing.

Not merely an alignment artifact. Reinforcement learn-
ing from human feedback (Christiano et al. 2017; Ouyang
et al. 2022) penalizes outputs that could appear biased
or discriminatory, which plausibly reinforces a preference
for equal-chance allocation (Khamassi, Nahon, and Chatila
2024). Alignment training does not, however, account for
the full pattern. Rather than passively abstaining, the models
actively rate behavior-based allocation as unfair (5.6 vs. the
human 3.9 on the unfairness question), and the gap grows
with extended reasoning (Section 4.4) rather than fading.
Our experiment on framing effects (Appendix F) shows that
the preference depends on whether the third option means
equal-chance allocation, not on how it is worded, and the
reasoning traces (Appendix H) show models acknowledg-
ing responsibility before setting it aside on fairness grounds.
Together these point to a stable normative commitment to
procedural fairness rather than a surface-level avoidance of
controversial outputs.

Implications for healthcare. LLM:s are increasingly used
as clinical decision-support tools (Liu et al. 2025; Xiao et al.
2025), and patients consult them on normative questions of
prioritization and fairness, not only factual ones (Aharoni
et al. 2024). Our findings highlight a risk beyond generic
worries about accuracy, that of partial alignment creating
false confidence. A clinician would see the model correctly
identify that a patient bears responsibility, matching their
own assessment, and might expect its recommendation to
follow through. Instead the model refuses to deprioritize the
patient and frames doing so as unjust. The danger is not a
wrong answer but a right first step that obscures a normative
divergence in the second. The risk is sharpest in conditions
where the decision-maker is ill-advised (Section 4.3), where
a model excuses a patient misled by an Al agent as readily
as one misled by a person. As patients increasingly turn to



LLMs for health information, a model that discounts respon-
sibility for those misinformed by Al may absorb the cost of
other systems’ errors into its own moral accounting.

Implications for alignment research. Our results suggest
current alignment methods produce what Khamassi, Na-
hon, and Chatila (2024) call “weak alignment”, a surface-
level correspondence with human values that breaks down
when models must compose moral assessments into de-
cisions. The gap is not a knowledge deficit, since LLMs
demonstrably possess the relevant moral knowledge through
their accurate attributions, sensitivity to informed consent,
and recognition that behavioral change matters. The deficit
is in translating that knowledge into action, a composi-
tional problem where models perform each sub-task com-
petently but apply a different rule when combining them.
Current fine-tuning and RLHF may be insufficient here, as
they target surface behavior rather than the decision rules
connecting assessment to action. Methods that address the
bridge between judgment and action, alongside study of how
training data and reward signals shape those rules, may be
needed.

6 Limitations and Future Work

Stylized scenarios. Our scenarios deliberately abstract
away from the clinical, logistical, and regulatory complexi-
ties of real-world organ allocation. This is by design, since
the goal is not to evaluate LLMs for clinical deployment but
to identify where they agree with or diverge from humans
in morally charged reasoning, and to understand what might
happen if they were consulted for advice in such contexts.
Whether the judgment-consequence gap persists in richer,
multi-factor settings is a natural extension.

Human baselines. Our human comparison data are drawn
from prior studies (Chan et al. 2024; Bjork, Lynge, and Juth
2015) that we replicate as closely as possible in our LLM
experiments. However, the human samples primarily reflect
Western, educated populations (Henrich, Heine, and Noren-
zayan 2010), and moral reasoning norms vary across cul-
tures and societies. The judgment-consequence gap itself is
a phenomenon we observe within LLMs, and what is mea-
sured against these baselines is how sharply that gap di-
verges from human judgment. Since desert-based intuitions
vary across cultures, that divergence could widen or narrow
with more diverse human data, making replication with cul-
turally varied human samples an important direction for fu-
ture work.

Prompt sensitivity. Because our primary question is
about alignment with human moral judgments, we adapt
the prompt structure directly from the original human stud-
ies. LLM responses are nonetheless known to be sensi-
tive to prompt wording, question ordering, and response
format (Schroder et al. 2025). We show that exposure to
other questions or scenarios does not affect our overall re-
sults (Appendix G), that the medical context does not (Sec-
tion 4.5), and that relabeling the third allocation option does
not (Appendix F). Since different framings can carry dif-
ferent ethical connotations, more systematic variation of
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prompt framing and response format remains a meaningful
direction for future work.

Absence of deliberative interaction. Our protocol
queries each model in a single turn with no opportunity
for follow-up or deliberation. In practice, clinical decision
support involves iterative dialogue in which a human
can probe the model’s reasoning and request alternative
framings. The judgment-consequence gap might narrow
or widen under such interactive conditions, and evaluating
LLM moral reasoning in multi-turn settings is an important
direction for future work.

Scope of moral scenarios. While we test across three
medical domains and multiple behavior types, all our sce-
narios involve self-inflicted health risks and pairwise patient
comparisons. The findings may not generalize to allocation
dilemmas involving non-behavioral factors (e.g., age, dis-
ability, social role) or to settings with more than two can-
didates. Extending to these broader scenarios would test
whether the judgment-consequence gap is specific to desert-
based reasoning or reflects a more general property of LLM
moral cognition.

Moral versus legal framing. Our experiments frame re-
sponsibility in moral terms, but in legal contexts responsi-
bility is constitutively linked to consequences. Legal liability
entails penalties, sentencing, or differential treatment (Duff
2009; Arenella 1991). Whether LLMs would exhibit the
same judgment-consequence gap under a legal framing is an
open question. Moore, Stevens, and Conway (2011) show
that sensitivity to punishment predicts moral judgment in
humans, and LLMs’ apparent insensitivity to the punitive
implications of their assessments may reflect the absence of
experiential grounding in reward and punishment. Testing
whether a legal framing closes the gap would help clarify
whether it is a domain-general property of LLM moral rea-
soning or specific to contexts where consequences remain
implicit.

7 Conclusion

LLMs can identify moral responsibility with human-like
accuracy, yet they systematically refuse to act on those
judgments when allocating scarce medical resources. This
judgment-consequence gap is not a reasoning failure, rather
a stable normative commitment to procedural fairness that
deepens with extended thinking and persists across model
families and medical domains. As LLMs are increasingly
consulted in contexts where moral assessment must inform
consequential decisions, understanding where and why their
moral reasoning diverges from human expectations is essen-
tial for building systems that are not just aligned on the sur-
face but aligned in how they connect judgment to action.
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