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Abstract

High-stakes human—AlI collaboration systems are typ-
ically evaluated by decision accuracy, outcome qual-
ity, or user trust. Yet in morally charged environments,
a central scientific challenge is different: measuring
whether a user’s moral values remain stable across con-
texts, and distinguishing stable values from context-
specific exceptions. Moral psychology has long demon-
strated that humans endorse mathematically equivalent
outcomes differently depending on framing—most no-
tably in trolley dilemmas, where indirect harm is ac-
cepted more readily than direct harm due to differences
in perceived intention and moral aggression.

This paper argues that moral inconsistency should be
treated as a diagnostic signal, not a measurement er-
ror. We present a position and system instantiation:
a wildfire crisis simulation that tracks value consis-
tency using (i) explicit and implicit value elicitation,
(ii) longitudinal scenario decisions, and (iii) Cognitive
Value Recontextualization (CVR)—a mechanism that
probes a user’s non-aligned choice using a mathemat-
ically equivalent but more morally aggressive framing,
inspired by the switch-versus-bridge distinction in trol-
ley research.

We contrast this approach with conventional recom-
mender systems and explainable Al (XAI), which typ-
ically treat inconsistencies as noise or preference drift
and rarely provide mechanisms to probe value authen-
ticity. This reframes the role of Al in human—AlI collab-
oration: from recommending actions to helping users
recognize value conflicts and reflect on their moral
commitments—a goal consistent with normative theo-
ries that treat coherence among moral judgments as a
rational ideal.

1 Introduction

Wildfire crisis management forces decision-makers to allo-
cate limited resources while balancing civilian safety, fire-
fighter risk, infrastructure preservation, biodiversity pro-
tection, and catastrophic hazards such as nuclear facility
compromise (Finney 2005; Thompson and Calkin 2011;
Calkin, Thompson, and Finney 2015; Bar6 et al. 2021;
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Kim et al. 2024). These decisions are inherently moral:
they involve trade-offs among harms, responsibilities, and
priorities that can shift as context escalates (Greene 2001;
Cushman 2013; Slovic 2007).

Moral decision-making, however, is not purely outcome-
based. Decades of research in moral psychology demon-
strate that people often endorse the same utilitarian out-
come under one framing while rejecting it under another,
even when the underlying moral arithmetic is identical (Foot
1967). A canonical example is the trolley problem: many in-
dividuals are willing to pull a switch to sacrifice one person
in order to save five (Thomson 1976), yet refuse to push
a person off a bridge to achieve the same result (Thom-
son 1984). This divergence does not reflect numerical in-
consistency, but heightened sensitivity to intentionality, per-
sonal agency, and moral aggression (Greene et al. 2001;
Greene et al. 2009; Gottlieb et al. 2018; Waldmann and Di-
eterich 2007).

In high-stakes domains such as wildfire crisis manage-
ment, this phenomenon has critical implications. Apparent
preference contradictions may not indicate irrationality or
noise; instead, they may reveal whether a user’s stated moral
values are stable, incomplete, or highly context-dependent
(Greene 2014). Treating such contradictions as mere error
risks masking the very value tensions that decision-support
systems should help humans recognize and resolve (Cush-
man, Young, and Hauser 2006; Cushman 2013).

Despite this, most Al-driven recommendation and
decision-support systems implicitly assume that preference
inconsistency is undesirable. When users deviate from previ-
ously expressed preferences, systems typically smooth, cor-
rect, or silently adapt preference models in order to restore
coherence or improve predictive accuracy (Koren 2009;
Koren, Rendle, and Bell 2021; Amatriain, Pujol, and Oliver
2009). More recent work continues to frame inconsistency
as noise or drift to be modeled, rather than as a meaning-
ful signal requiring interpretation (Caroprese et al. 2025;
Li et al. 2019). This paper takes a different position: moral
inconsistency should be treated as a measurement target
rather than a failure.

In morally charged decision-making, contradictions can
function as diagnostic signals that distinguish stable moral
commitments from choices permitted only under less de-
manding or less aggressive framings (Awad et al. 2018).



To operationalize this stance, we introduce Cognitive Value
Recontextualization (CVR)—a mechanism inspired directly
by trolley-style moral distinctions. When a user selects an
option that does not align with their inferred stable moral
values, the system does not immediately adapt or correct
the preference model. Instead, it presents a scenario context
that is mathematically equivalent to the original choice but
framed in a more aggressive and intentional manner, analo-
gous to the difference between switching a lever and pushing
a person. This recontextualization probes whether the user
truly endorses the underlying moral principle or merely ac-
cepted it under a permissive framing (Cushman and Greene
2012; Cushman et al. 2012).

We instantiate this approach within a multi-scenario wild-
fire crisis simulation designed to track moral value consis-
tency over time. By observing how users respond to repeated
value recontextualization across escalating wildfire scenar-
ios, the system measures stable values, contextual devia-
tions, and authentic value evolution. This reframes the role
of Al in human—AI collaboration: from simply recommend-
ing actions to testing the coherence and stability of human
moral reasoning, enabling a form of collaboration in which
the human—not just the outcome—improves.

2  Why Existing Approaches Fall Short

Existing approaches to collaborative human-Al reasoning
tend to share three limiting assumptions: (i) inconsistency
in human feedback is noise to be removed; (ii) evaluation
should focus solely on decision outcomes rather than how
those outcomes are generated; and (iii) system explanations
should be functional rather than value-oriented. We examine
each in turn.

Recommendation Systems: Inconsistency Treated
as Noise

Many recommender systems and user models treat incon-
sistent feedback as measurement noise—for example, rat-
ing inconsistency or noisy implicit feedback—and develop
methods to down-weight or correct it in order to improve
predictive accuracy (Toledo, Lépez, and Mota 2013; Bag
et al. 2019; Said and Bellogin 2018; Li et al. 2019). Work
on temporal dynamics and concept drift frames changing
preferences as drift to be tracked for better recommenda-
tion, not as evidence of meaningful moral conflict (Peuk-
ert, Sen, and Claussen 2024; Koren, Rendle, and Bell 2021;
Caroprese et al. 2025; Coppolillo et al. 2025).

This framing is reasonable in entertainment or shop-
ping domains (Toledo, Mota, and Martinez-Lépez 2015;
Castro, Toledo, and Martinez-Lopez 2017; Kawai and Kita-
gawa 2016), but it is insufficient for high-stakes moral
choice. Mainstream recommenders optimize alignment to
inferred preferences but rarely attempt to test whether a user
truly endorses the moral principle implicated by a decision
under tougher framings. In wildfire decision-making, “in-
consistency” may instead reflect a user’s sensitivity to inten-
tion, perceived agency, or moral aggression—precisely the
constructs highlighted by trolley research (Zhang, Conway,
and Hidalgo 2023; Foot 1967; Thomson 1976; Greene et al.

2001; Greene et al. 2009; Awad et al. 2018).

Decision Support: Outcome Quality Is Not Value
Stability

Classical decision-support approaches emphasize outcome
optimization, risk management, or cognitive load reduc-
tion (Carneiro et al. 2019; Pendurthi et al. 2009; Kolf-
schoten, French, and Brazier 2014; Shankaranarayanan and
Zhu 2012; Rezaeian, Bayrak, and Asan 2025). This litera-
ture, however, does not treat value stability as a measurable
construct, and it provides no mechanisms for probing value
contradictions across mathematically equivalent framings—
particularly in sequential, escalating scenarios.

Explainable AI: Explanation without Value
Authenticity Testing

Explainable AI (XAI) aims to improve transparency, trust,
and user understanding by providing explanations for model
predictions or recommendations (De Bruijn, Warnier, and
Janssen 2022; Schoeffer, De-Arteaga, and Kiihl 2024). Prior
work in this area has focused on making system reasoning
more interpretable, increasing user confidence, and support-
ing accountability in Al-assisted decision-making.

However, most XAI approaches remain retrospective:
they justify why a particular recommendation was produced
(Dodge et al. 2019; Verhagen et al. 2022), rather than help-
ing users probe whether that recommendation aligns with
their stable moral commitments or explore how alternative
value priorities would change the trade-offs. Empirical evi-
dence further suggests that explanation alone does not reli-
ably improve human decision-making quality (Alufaisan et
al. 2021). While explanations may increase perceived trust
or transparency, they can also lead to over-reliance, confir-
mation bias, or misplaced confidence—particularly in high-
stakes settings where moral responsibility remains with the
human.

More recent work in human-centered XAI and HCI has
begun to advocate for sensemaking-oriented and interactive
explanation paradigms that emphasize exploration, compari-
son, and what-if analysis rather than static justification (Kaur
et al. 2022). These approaches recognize that understanding
emerges through interaction, not merely through exposure
to explanations. Nevertheless, even interactive XAl systems
rarely include mechanisms to test the authenticity of users’
value commitments under intensified moral framing. They
support exploration of outcomes or model behavior, but do
not distinguish between decisions that reflect stable moral
principles and those accepted only under less morally salient
or less aggressive framings.

This limitation motivates the need for decision-support
mechanisms that go beyond explanation, and instead ac-
tively engage users in examining whether their choices re-
main consistent when the same moral logic is re-presented
in a more intentional or morally demanding context.

3 Proposed Paradigm:
Value-Recontextualizing Decision Support



We propose Value-Recontextualizing Decision Support
(VRDS): a decision-support paradigm in which the system is
designed not only to recommend or explain, but to measure
and clarify stable moral priorities through structured reflec-
tion tests.

Core claim: Preference inconsistency in moral decision-
making is often an informative signal. A collaboration inter-
face should therefore:

1. detect non-aligned choices relative to stable values,

2. test the underlying moral endorsement under tougher
framings (CVR), and

3. allow explicit, user-confirmed adaptation when contradic-
tions reveal ambiguity (Adaptive Preference Alignment,
or APA).

VRDS reframes the goal of decision support from “select-
ing better options” to “producing better decision-makers.”
In morally charged collaboration, the central scientific ques-
tion is not only whether the final decision is acceptable,
but whether the system can help users recognize value con-
flicts, clarify commitments, and become more consistent—
or more consciously flexible—across evolving scenarios.

4 Wildfire Crisis Simulation Testbed
Scenarios

The simulation uses three escalating wildfire scenarios: (1) a
wildfire approaching a town; (2) a wildfire threatening a nu-
clear facility near residential areas; and (3) a wildfire threat-
ening a biodiversity reserve alongside villages and critical
infrastructure. These scenarios are designed to surface trade-
offs among lives saved, casualties, resource expenditure, in-
frastructure damage, biodiversity loss, property, and nuclear
safety.

Baseline Value Elicitation: Explicit and Implicit

Users first provide explicit values via straightforward moral
questions that map onto five core values: Safety, Efficiency,
Sustainability, Fairness, and Nonmaleficence. The system
then infers “stable values” from an implicit assessment and
identifies the top two or three matched stable values as an
alignment benchmark for subsequent scenario decisions.

Exploration Design: Randomized Initial Options

A deliberate design choice randomizes the first set of options
shown in each scenario to measure exploration versus satis-
ficing behavior, rather than allowing early alignment to drive
passive acceptance (Simon 1955; Ball et al. 2001). This en-
sures that users engage with the full option space before con-
verging on a preferred choice.

5 Cognitive Value Recontextualization
Alignment Checking and CVR Trigger

After a user selects an option, the system checks whether the
option’s primary moral value matches one of the user’s top
inferred stable values. If there is no alignment, the system
triggers CVR to answer a diagnostic question: is this a gen-
uine value endorsement or a framing-permitted deviation?

CVR Mechanism: Mathematically Equivalent,
More Aggressive Framing

CVR is directly inspired by trolley findings. A user’s initial
choice may resemble a “switch” framing (indirect harm),
while the recontextualized probe presents the same moral
trade-off under a “push/bridge” framing (direct, intentional
harm). The outcomes remain mathematically equivalent, but
the second framing increases moral salience through height-
ened agency and perceived aggression (Thomson 1976;
Greene et al. 2001; Greene et al. 2009; Greene 2018;
Foot 1967). By observing whether endorsement persists un-
der this intensified framing, CVR tests whether a choice re-
flects a stable moral principle or a context-dependent devia-
tion.

Interpreting CVR Responses

If the user endorses the recontextualized (more aggressive)
version, the system treats this as evidence of genuine value
endorsement and updates the stable value hierarchy accord-
ingly. If the user rejects the recontextualized version while
having accepted the original, the system treats this as a
meaningful contradiction consistent with moral framing ef-
fects, and triggers a clarification pathway via APA.

6 Adaptive Preference Alignment

Adaptive Preference Alignment (APA) is not designed to
correct user behavior or update preferences automatically.
Instead, APA serves a diagnostic clarification role when
CVR reveals a contradiction between a user’s selected op-
tion and their previously inferred stable moral values.

When a user accepts an initial decision but rejects its
recontextualized, more aggressive counterpart, the system
detects a mathematical equivalence with divergent moral
acceptance. This pattern mirrors well-established findings
from trolley-style dilemmas, where individuals endorse in-
direct harm (e.g., switching a lever) but reject direct, inten-
tional harm (e.g., pushing a person), despite identical out-
comes. In such cases, the system cannot assume either pref-
erence instability or value change without further clarifica-
tion from the user.

APA explicitly asks the user to explain the source of the
contradiction, offering two mutually exclusive interpretation
pathways.

Contextual Outcome Prioritization

In the first pathway, users may indicate that their deci-
sion was driven by situation-specific outcome considerations
rather than abstract moral principles. Here, users reorder
concrete simulation metrics—such as lives saved, infrastruc-
ture damage, or biodiversity loss—to reflect what mattered
most in that specific scenario.

This choice signals that the user’s underlying moral values
remain intact, and that the deviation was a contextual calcu-
lation rather than a shift in principle. Selecting this pathway
does not modify the user’s stable value profile, and future
scenarios are not adapted based on this decision. The sys-
tem treats this as legitimate contextual reasoning rather than
inconsistency or error.



Moral Value Reprioritization

In the second pathway, users may indicate that the contra-
diction reflects a genuine change in moral priority. In this
case, users explicitly reorder their moral values—Safety,
Efficiency, Sustainability, Fairness, Nonmaleficence—to re-
flect their current authentic commitments.

Only under this explicit confirmation does the system up-
date the user’s stable value hierarchy and adapt subsequent
scenarios accordingly. This ensures that value change is in-
tentional, transparent, and user-authorized, rather than in-
ferred implicitly from behavior.

Why APA Matters

The key contribution of APA is not adaptation, but disam-
biguation. By separating contextual outcome prioritization
from fundamental value change, APA allows the system to:

* avoid misclassifying situational trade-offs as preference
drift,

* respect legitimate context-sensitive reasoning, and

 update value models only when users explicitly endorse a
value-based reinterpretation.

In this sense, APA complements CVR by transform-
ing detected moral contradictions into interpretable sig-
nals about how users reason, rather than forcing prema-
ture alignment or smoothing inconsistencies. This explicit-
confirmation approach contrasts with common implicit pref-
erence updating in recommender systems, and aligns with
emerging calls for interactive, sensemaking-centered Al
support rather than passive personalization (Miller 2023;
Bauer, von Zahn, and Hinz 2023; Kaur et al. 2022). To-
gether, CVR and APA enable the system to track moral value
consistency, contextual deviation, and authentic value evolu-
tion across multiple wildfire crisis scenarios—shifting the
role of Al from recommending actions to measuring and
supporting reflective moral reasoning.

7 What This Enables: Measures Beyond
Accuracy

Because the system is designed to test value stability rather
than optimize decision outcomes, it captures a richer set of
behavioral and reflective measures across scenarios. These
include: aligned versus non-aligned option selections, CVR
trigger rate and outcomes, APA utilization and pathway di-
rection (metrics versus values), value evolution trajectories,
option switching behavior, time spent per decision, and ex-
ploration depth. The system also produces a final analysis
view comparing value distributions across explicit elicita-
tion, implicit assessment, and scenario decisions, and pro-
vides stability scores and longitudinal trends.

Position implication: In morally charged collaboration,
“good performance” should be evaluated not only by deci-
sion outcomes but by whether the system improves the user’s
ability to recognize and resolve value conflict over time. Ac-
curacy metrics alone cannot capture this dimension of qual-

1ty.

8 Design Principles for Reflective Human—Al
Collaboration

The VRDS paradigm yields the following design principles
for morally aware human—AlI collaboration systems:

1. Treat inconsistency as evidence, not noise. Moral framing
research demonstrates that divergent responses to equiv-
alent choices are psychologically meaningful (Thomson
1976; Greene et al. 2001; Greene et al. 2009; Greene
2018; Foot 1967).

2. Test value authenticity with mathematically matched,
morally intensified probes (CVR). Passive preference
modeling cannot distinguish stable commitments from
framing-dependent concessions.

3. Separate contextual outcome prioritization from moral
value revision (APA). These are distinct cognitive acts
with different implications for the value model.

4. Require explicit user confirmation for value-model up-
dates. Human-approved adaptation preserves user agency
and supports accountability.

5. Support exploration with structured comparisons rather
than option overload. Sensemaking-oriented interface de-
sign aids deliberation without inducing decision fatigue
(Miller 2023; Bauer, von Zahn, and Hinz 2023; Kaur et
al. 2022).

These principles generalize to other domains where in-
tention, harm, and accountability are morally salient—
including medical triage, infrastructure protection, and
human-robot teaming.

9 Conclusion

This paper has argued that moral inconsistency in human—
Al collaboration should be treated as a diagnostic measure-
ment target rather than as noise to be removed. Drawing on
decades of research in moral psychology—particularly find-
ings on framing effects in trolley-style dilemmas—we have
proposed Cognitive Value Recontextualization (CVR) as a
mechanism for probing whether a user’s choice reflects a
stable moral principle or a framing-permitted deviation.
The proposed Value-Recontextualizing Decision Support
(VRDS) paradigm, instantiated in a multi-scenario wild-
fire crisis simulation, advances two complementary mech-
anisms. CVR tests value authenticity by presenting a mathe-
matically equivalent but more morally aggressive version of
the user’s non-aligned choice. Adaptive Preference Align-
ment (APA) then disambiguates contextual outcome priori-
tization from genuine value change, ensuring that preference
model updates occur only with explicit user authorization.
Together, these mechanisms shift the primary objective of
Al-assisted collaboration from outcome optimization to the
support of reflective moral reasoning. The wildfire domain
provides a compelling testbed because it combines time
pressure, escalating stakes, and genuine moral trade-offs
among lives, infrastructure, biodiversity, and nuclear safety.
In such settings, the coherence of a human decision-maker’s
moral commitments—not merely the quality of any single



decision—is itself a system-level outcome worth measuring
and supporting.

The principles underlying VRDS—treating inconsistency
as evidence, testing value authenticity under intensified
framing, and requiring explicit confirmation for model
updates—generalize to other high-stakes domains where hu-
man moral accountability is essential. Future work will em-
pirically evaluate CVR and APA in user studies, measuring
the relationship between recontextualization responses and
longitudinal value stability across the wildfire scenario se-
quence.
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