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Abstract

As artificial intelligence (Al) systems increasingly support value-laden
decisions, users may judge whether an advisor’s observable choices
align with their own priorities. Prior theories of value similarity predict
that value alignment should support trust, but less is known about
whether self-reported trust varies across graded, individually
calibrated levels of objective value alignment. We tested this question
in a controlled economic-environmental trade-off task with 250
participants. Participants first completed matching and titration tasks
to estimate their subjective equivalence point between economic gain
and additional good-air-quality days. They then observed five pre-
programmed choices attributed to a simulated AI advisor. These
choices varied by objective value alignment, with four levels defined by
distance from each participant’s equivalence point, and by decision
orientation, economy-leaning versus environment-leaning. Reported
trust increased monotonically as Al-attributed choices moved closer to
participants’ calibrated trade-off points. Perceived value alignment also
increased across objective value alignment levels and was closely
associated with trust, although this post-task association should not be
interpreted as causal mediation. Environment-leaning choices showed a
small, less robust trust advantage. These findings characterize
objective value alignment as a graded cue for self-reported trust in a

controlled Al-attributed decision scenario.



Introduction

Artificial intelligence (Al) systems are increasingly integrated into human
decision-making across domains such as smart city construction [1], scientific
research [2], financial risk assessment [3], medical diagnostics [4], and
autonomous driving [5]. By leveraging large-scale data and advanced learning
algorithms, these systems can enhance decision processes and, in some contexts,
improve decision quality and efficiency [6]. However, the real-world benefits of Al
depend not only on technical performance but also on whether people are willing
to adopt and appropriately rely on AI recommendations [7,8].

Appropriate trust is essential to the acceptance and effective deployment of
Al systems [8-10]. Trust shapes whether people follow, ignore, or over-rely on Al
recommendations, often beyond what can be explained by objective system
performance alone [11]. Miscalibrated trust poses clear risks: insufficient trust can
lead to underuse of beneficial Al decision support, whereas excessive trust can
produce uncritical acceptance oi flawed recommendations, potentially resulting in
harmful outcomes [12-15]. As Al systems gain autonomy in high-stakes settings,
understanding how trust forms—and how it can be calibrated—remains an
important research concern [16].

One difficulty in forming trust is that Al decision-making can be opaque.
Machine-learning systems can be difficult to interpret because their internal
decision logic may be inaccessible, technically complex, or hard to map onto
human-understandable reasons [17,18]. Explainable-Al research has therefore
treated interpretability as relevant to whether users can decide when to trust a
model's predictions [19]. Trust in automation is also shaped by information about

system performance, process, and purpose, as well as by experience with system



behavior over time [12,13]. In value-laden decision contexts, an advisor's
observable choices can be especially informative because they reveal how
competing priorities are weighted.

This behavioral-cue account connects with established value-based theories
of trust. Trust theory links integrity to the perception that a trustee adheres to
principles acceptable to the trustor [20], and the Salient Value Similarity (SVS)
model links social trust to perceived overlap in salient values [21,22]. Recent
human-machine trust theory similarly defines value congruence in terms of
whether an advisor weights evidence, constraints, and objectives in a way that
coheres with the trustor's value hierarchy [23]. These perspectives provide a
theoretical basis for expecting users to evaluate a simuiated Al advisor partly
through the value priorities implied by its decision pattern.

Concerns about value alignment have also become prominent in Al research
and public debate. Documented risks of toxic, biased, and ethically problematic Al
outputs have intensified questions about whether Al systems act in ways
compatible with human values [24-27]. In this context, value alignment has
become a central idea in human-centered Al: Al systems should make decisions
and recommendations that are compatible with human values [28-31]. For
experimental psychology, this broader agenda raises a more specific question: how
do users translate observable value-related behavior into trust judgments in
concrete decision contexts?

Prior empirical work provides important evidence that value similarity is
associated with trust in artificial agents and automation. For example, studies have
examined human-agent value similarity in scenario-based interaction and moral

value similarity in autonomous-car and medical-automation scenarios [32,33]. This



work supports the general expectation that value alignment matters for trust.
Building on this work, the present study operationalizes value alignment as an
objective, individualized distance from each participant’s own behavioral trade-off
point and examines whether reported trust varies across ordered degrees of
alignment within the same decision domain.

To implement this approach, we operationalized objective value alignment
as the experimentally manipulated distance between the advisor’s apparent choice
threshold and each participant’s individualized economic-environmental
equivalence point. Participants first completed matching and titration tasks that
estimated how they traded off economic benefits against improvements in air
quality. The manipulation varied the advisor’s apparent choice threshold relative to
the participant’s calibrated threshold, producing four ordered observable-
alignment levels. The highest alignment level represented the closest tested
proximity to the participant's equivalence point rather than complete agreement.
This design allowed us to test whether reported trust tracks a graded, participant-
calibrated observable alignment cue rather than a binary matched-versus-
mismatched contrast.

The economic-environmental domain is well suited to this purpose because
it is both practically relevant and methodologically tractable. Sustainable-
development research treats economic development and environmental protection
as central priorities that are often evaluated together [34], and public opinion
research has long measured preferences using direct environment-versus-
economic-growth trade-off items [35,36]. Similar issues also arise in smart-city and
sustainability-related decision support, where Al applications may affect both

economic efficiency and environmental outcomes [1]. At the same time, the domain



allows preferences to be expressed through quantifiable outcomes, making it
possible to estimate each participant’s trade-off context and construct objective
value alignment levels in a controlled way.

In this experiment, participants observed five pre-programmed economic-
environmental choices attributed to a simulated AI advisor. The choices were
experimenter-controlled stimuli rather than outputs from an interactive or adaptive
Al system. Each participant was randomly assigned to one of eight conditions in a
4 x 2 design, crossing objective value alignment level with decision orientation.
After observing the Al-attributed choices, participants reported perceived value
alignment and trust in the advisor.

Perceived value alignment was included to capture participants' subjective
interpretation of the Al-attributed decision pattern. Although objective value
alignment was experimentally constructed around each participant’s calibrated
threshold, users' trust judgments may depend on whether they register the
advisor's choices as consistent with their own priorities. Measuring perceived
alignment therefore compiemented the objective manipulation by indicating how
participants interpreted the advisor's decision pattern.

Taken together, this study contributes to the value-alignment and trust
literature by providing a graded and individualized operationalization of objective
value alignment in a quantifiable economic-environmental trade-off domain. By
calibrating Al-attributed choices to each participant's equivalence point, the design
builds on prior work using broad perceived similarity or categorical match-
mismatch comparisons and examines whether reported trust varies with
incremental proximity between the advisor's decision pattern and the participant's

own trade-off point. The focus is therefore on graded, participant-specific



proximity rather than on a broad binary contrast between aligned and misaligned

values.

Results

Manipulation Check for Perceived Value Alignment

Participants’ post-task perceived value alignment increased across the four
objective value alignment levels (Figure 1). A 4 x 2 analysis of variance (ANOVA)
on perceived value alignment showed a significant main effect of objective value
alignment, F(3, 242) = 77.45, p < 0.001, 7°, = 0.490. Bayesian model comparison
provided decisive evidence for this effect (BF;o = 1.05 x 1032), The main effect of
decision orientation was not significant, A1, 242) = 0.32, p = 0.574, ?, = 0.001,
BFy; = 6.55, and the objective value alignment X decision orientation interaction
was not significant, (3, 242) = 1.56, p = 0.200, 7°, = 0.019, BFy; = 3.91. Tukey-
adjusted post hoc comparisons indicated that perceived value alignment increased
from Level 1 to Level 4, with each successive level differing significantly from the
previous one (all adjusted p < 0.05; full pairwise statistics are reported in
Supplementary Table S1).

These results indicate that participants registered the intended ordering of
the Al-attributed decision patterns. Perceived value alignment reflected
participants’ subjective interpretation of the alignment manipulation, so this

measure is treated here as a manipulation check.

Trust Across Objective Value Alignment Levels and Decision

Orientation

Trust in the Al advisor increased monotonically as the Al-attributed choices



moved closer to participants’ calibrated economic-environmental equivalence
points (Table 1, Figure 2). Perceived familiarity with AI was measured after
participants observed the advisor's decisions, so the analysis of covariance
(ANCOVA) controlled only for age and gender. The homogeneity-of-regression-
slopes check for age was not significant, (7, 233) = 1.46, p = 0.184. The ANCOVA
showed a significant main effect of objective value alignment on trust, F(3, 240) =
39.34, p< 0.001, 7°, = 0.330. Bayesian model comparison provided decisive
evidence for including objective value alignment beyond decision orientation, age,
and gender, BF;o = 8.56 x 107, Descriptive statistics for each condition are shown
in Table 1.

Tukey-adjusted pairwise comparisons supported the monotonic pattern: all
non-adjacent comparisons were significant, and the [.evel 3-Level 2 and Level 4-
Level 3 contrasts were significant. The Level 2-Level 1 contrast was positive but
did not reach significance after Tukey adjustment, p = 0.063 (Supplementary Table
S2 for full post hoc results).

The primary model also showed a small decision-orientation effect, although
subsequent sensitivity analyses indicated that this effect was less robust. Across
objective value alignment levels, participants reported higher trust in environment-
leaning decision patterns than in economy-leaning decision patterns, F(1, 240) =
5.29, p = 0.022, 7?, = 0.022. Bayesian evidence for including decision orientation
beyond objective value alignment and covariates was weak, BFo = 1.47.

The interaction between objective value alignment level and decision
orientation was not significant, (3, 240) = 1.40, p = 0.242, 7°, = 0.017; Bayesian
model comparison favored the additive model over the interaction model, BFy; =

4.72. Thus, there was no clear evidence that the alignment effect differed by



orientation in this sample.

Age and gender were not significant predictors in the primary ANCOVA
(age: A1, 240) = 0.30, p = 0.582, n°, = 0.001; gender: A1, 240) = 1.82, p= 0.178,
7°p = 0.008).

In a full factorial sensitivity model that added post-task perceived familiarity
with Al, the objective value alignment effect remained significant (Supplementary
Table S3), F(3, 239) = 40.21, p < 0.001, 7%, = 0.335, BF1o = 2.54 x 10'8. Decision
orientation also remained significant, (1, 239) = 6.39, p = 0.012, 7?, = 0.026,
BF10 = 2.54. The objective value alignment X decision orientation interaction was
not significant, A3, 239) = 1.32, p = 0.270, 7°, = 0.016, BFy; = 5.17. Post-task
perceived familiarity was positively associated with trust, £11, 239) = 8.04, p =
0.005, 7%, = 0.033, BF1p = 8.51. We did not use this model for primary inference
because familiarity was measured after the task and its homogeneity-of-regression-
slopes check suggested possible nonparallel slopes, A7, 232) = 2.64, p = 0.012.

A second full factorial sensitivity model excluded the reverse-coded trust
item (Supplementary Table S3). The objective value alignment effect remained,
H3, 240) = 43.94, p < 0.001, 7°, = 0.355, BF10 = 5.79 x 101°. The small
orientation effect was attenuated, F(1, 240) = 3.21, p = 0.075, 7%, = 0.013, BFy; =
1.80. The interaction remained unsupported, A3, 240) = 1.72, p = 0.163, 7, =
0.021, BFy; = 3.18. Balance, exclusion, and model-assumption checks are reported
in Supplementary Table S4. Together, the sensitivity analyses indicated that the
graded alignment effect was robust to including post-task familiarity and to
excluding the reverse-coded trust item, whereas the smaller decision-orientation

effect was less stable.



Monotonic Trend in Reported Trust Across Objective Value

Alignment Levels

To examine whether the monotonic alignment-trust pattern was consistent
with linearity, we fitted sequential polynomial regression models. In the linear
model, objective value alignment was positively associated with trust after
controlling for decision orientation, age, and gender, B = 0.49, SE = 0.04, #245) =
10.86, p < 0.001. This model explained 34.3% of the variance in trust. Adding
quadratic and cubic terms did not meaningfully improve fit (quadratic: AR? =
0.002, p = 0.412; cubic: AR? < 0.001, p = 0.717). Bayesian Information Criterion
(BIC)-approximated Bayes factors favored the simpler trend models
(Supplementary Table S5). Given the four ordered alignment levels and bounded
Likert outcome, these analyses indicate that the data were consistent with a linear
pattern within the tested range, but they do not establish the functional form

definitively.

Exploratory Analysis of Perceived Value Alignment and Trust

As an exploratory descriptive check, perceived value alignment covaried
with both the objective value alignment manipulation and reported trust. Because
perceived alignment and trust were measured in the same post-task questionnaire,
and because perceived alignment also served partly as a manipulation-check
measure, this analysis was not interpreted as temporal or causal mediation. The
indirect association was significant in a bootstrap analysis with 5,000 resamples,
ab = 0.390, 95% CI [0.296, 0.489]. The full descriptive model is reported in

Supplementary Table S6.



Discussion

Using an economic-environmental decision task, we found three main
patterns. First, reported trust increased as pre-programmed choices attributed to a
simulated AI advisor moved closer to participants’ calibrated trade-off points.
Second, perceived value alignment tracked the intended ordering of the
manipulation and was closely associated with reported trust, although this
exploratory association should not be interpreted as causal mediation. Third,
environment-leaning decision patterns received slightly higher trust than economy-
leaning patterns, but this effect was small and less robust across sensitivity
analyses. Overall, the findings characterize objective value alignment as a graded
cue for self-reported trust within a controlled Al-attributed decision scenario.

The increase in reported trust across higher levels of objective value
alignment is consistent with established work linking shared values, integrity,
trustworthiness, and human-machine value alignment to trust [20,22,23,32,33,37].
The present study adds to this literature by operationalizing value alignment as a
graded, participant-specific distance from each individual’s economic-
environmental trade-off point. This allowed reported trust to be examined across
ordered alignment cues rather than only through broad perceived similarity or a
binary match-mismatch comparison.

This pattern suggests that, in this controlled task, reported trust was
sensitive to ordered differences in objective value alignment. Economic-
environmental trade-offs are a useful setting because they connect environmental
protection with economic development, two value domains central to sustainability
research [34]. In this experiment, the trade-off could also be represented

numerically, allowing choices to be calibrated around each participant’s own



equivalence point. In practical decision-support settings, alignment may often be a
matter of degree rather than a perfect match. The present results suggest that
users can be sensitive to these incremental differences when the relevant trade-off
is concrete, repeated, and easy to compare with their own preferences.

Perceived value alignment provides information about how participants
understood the choice sequence. It tracked the objective value alignment
manipulation and was closely associated with trust, which is consistent with
participants noticing the value-relevant pattern in the Al-attributed choices. At the
same time, perceived alignment and trust were measured in the same post-task
questionnaire and are conceptually close. The indirect-association analysis is
therefore best read as descriptive evidence that perceived alignment covaried with
both the manipulation and trust, not as a causal mediation test.

The association between perceived alignment and trust is consistent with
the possibility that value legibility matters: users may need enough behavioral or
explanatory cues to form a coherernt impression of what a system appears to
prioritize. Work on explanation and interpretability shows that clearer decision
logic can support users’ understanding of Al systems and collaboration with them
[38-40]. In the present study, this point remains a hypothesis rather than a directly
tested mechanism, because explanation, transparency, and value-legibility cues
were not manipulated. Future work should directly test whether making value-
relevant trade-offs more transparent improves users’ ability to evaluate system
alignment and calibrate reliance.

Several features of the data and design constrain interpretation. First, the
monotonic alignment-trust pattern should not be read as a precise functional form.

The four alignment levels and bounded Likert trust measure limit the ability to



distinguish a linear pattern from threshold, saturation, or other monotonic
patterns. The data are therefore most appropriately interpreted as showing a
graded increase within the tested range. Studies with more alignment levels,
repeated observations, and behavioral outcomes would be needed to characterize
the shape of this relationship more precisely.

Second, the decision-orientation effect was smaller and more context-
dependent than the alignment effect. Participants reported slightly higher trust in
environment-leaning than economy-leaning Al-attributed choices, but this effect
was attenuated when the reverse-coded trust item was excluded. Environmental
protection may have carried stronger moral salience in this task, consistent with
work on protected or sacred values [41-43], and the asymmetric air-quality
framing may have made environmental benefits more vivid than economic benefits.
Broader public concern about climate and environmental protection provides a
relevant contextual backdrop for this possibility [35,36,44]. For these reasons, the
orientation result is better viewed as a context-bound baseline difference rather
than a general prefereiice for environment-leaning Al-attributed choices.

Third, the calibration results also qualify the interpretation of
individualization. The matching value Yvaried widely across participants, whereas
the final day-based equivalence point Zwas concentrated near the center of the
titration range (Supplementary Table S8 and Supplementary Figure S1). Thus, the
procedure individualized the monetary scale more strongly than it individualized
the final Zvalues. The alignment manipulation was still calibrated around each
participant’s trade-off context, but the final equivalence points were less dispersed

than the initial monetary valuations.



These findings offer a focused theoretical and applied contribution.
Theoretically, they extend established value-congruence accounts of trust to a
controlled Al-attributed decision context by operationalizing objective value
alignment as graded, participant-calibrated proximity to an individual trade-off
point. The association between perceived alignment and trust further suggests that
value legibility may matter: objective value alignment may inform trust most
clearly when users can infer what a system appears to prioritize. Applied to Al
decision support, the findings suggest that alignment should not be treated only as
a binary property of matched versus mismatched values. Designers may instead
benefit from mechanisms that reduce value distance incrementally, communicate
the trade-offs behind recommendations, and allow users to inspect or adjust value-
relevant parameters. Such design features may help users evaluate the system’s
value stance more clearly, although future work is needed to test whether they
improve calibrated reliance in interactive Al systems.

Several limitations should be noted. First, the task limits ecological validity.
Participants evaluated a short sequence of pre-programmed choices attributed to a
simulated Al advisor; they did not interact with an actual AI model, face
uncertainty, observe adaptive behavior, or receive outcome feedback. Trust was
measured as a post-task self-report rather than as behavioral reliance during
ongoing human-AlI collaboration, a distinction emphasized in automation research
[12-15]. Although Al-attributed or vignette-style paradigms can be useful for
isolating responses to controlled decision cues [45], they do not reproduce the
dynamics of real Al use, where performance feedback, errors, opacity, and

repeated interaction may shape trust differently.



Second, the alignment manipulation bundled several sequence-related cues.
Because choices appeared in a fixed order, value distance, agreement frequency,
and timing of disagreement were not fully separable. The results should therefore
be interpreted as reflecting responses to graded observable-alignment sequences,
rather than as isolating the effect of value distance alone. Although the sequence
of agreement and disagreement was mirrored across economy-leaning and
environment-leaning conditions, future studies should randomize decision order or
independently manipulate agreement frequency and agreement position.

Third, generalizability is limited by the sample and decision domain.
Participants were recruited from a Chinese online platform, and perceived Al
alignment may vary across cultural contexts and may riot always track objective
value alignment in the same way [46]. The observed association between objective
and perceived alignment should therefore be tested in more culturally diverse
samples. The study also focused on a single economic-environmental value
domain. Although this domain is useful because trade-offs can be quantified and
individualized, human values are multidimensional and may conflict in less easily
quantifiable ways.

Finally, since the study was not preregistered, the indirect-association,
polynomial, and sensitivity analyses should be treated as exploratory. Future
preregistered studies should test whether the present graded alignment-trust
pattern generalizes to interactive Al systems, behavioral reliance outcomes, and
other value domains.

Overall, the findings support a view of value alignment as an observable,
graded cue for self-reported trust in an Al-attributed decision task. Reported trust

increased across higher objective-alignment levels in simulated advisor choice



sequences, perceived value alignment tracked this manipulation, and decision
orientation showed a small, context-bound association with trust. Future
preregistered studies using interactive Al systems, behavioral reliance measures,
outcome feedback, and culturally diverse samples are needed to test how far this

pattern generalizes.

Methods

Experimental Design and Participants

We used a 4 x 2 between-subjects factorial design to examine how objective
value alignment relates to reported trust in an Al-attributed decision task. The
dependent measure was trust in the Al advisor. The independent variables were
objective value alignment (four levels, from Level 1 to Level 4) and Al decision
orientation (economy-leaning versus environment-leaning). In this study, objective
value alignment refers to the experimentally imposed proximity between the
advisor's apparent choice threshold and the participant's calibrated economic-
environmental trade-otf threshold. Participants' perceived value alignment with the
advisor was assessed after the task and served as the manipulation-check measure
and as an exploratory association variable; analyses involving this measure were
treated as descriptive and non-causal.

Sample size was determined a priori using G*Power 3.1 [47]. For our two-
factor analysis of variance design with a significance level of a = 0.05, statistical
power of 1-5 = 0.90, and a medium effect size of £= 0.25 [48], the minimum
required sample size was 231 participants to ensure detection of both main effects

and interaction effects.



We recruited 280 participants through Credamo (www.credamo.com), a data
collection platform functionally similar to Amazon Mechanical Turk. Credamo
integrates with WeChat and requires account authentication, which minimizes the
risk of duplicate or automated (bot) responses. Participants were randomly
assigned to one of eight experimental conditions (35 per condition). After
excluding participants who failed attention checks (involving recall of Al decision
patterns), the final analysis included 250 participants (88 males; Mage = 28.66, SD
= 5.82, range: 19-49 years), representing an 89.29% valid response rate.
Exclusions by condition were as follows: economy-leaning Level 1 = 4, Level 2 = 5,
Level 3 = 3, and Level 4 = 2; environment-leaning Level 1 = 7, Level 2 = 4, Level 3
= 2, and Level 4 = 3. Exclusions did not show clear imbalance across the eight
cells, y4(7) = 5.20, p = 0.636. A Monte Carlo Fisher exact test gave the same

conclusion, p = 0.639 (Supplementary Tabie S7).

Ethics approval and consent to participate

This work was approved by the Ethics Committee of the Department of
Psychology and Behavioral Sciences at Zhejiang University (Approval Number:
027, Date: February 29, 2024) and conducted in accordance with the principles of
the Declaration of Helsinki. Informed consent was obtained from all participants

prior to participation.

Experimental Procedure

The experiment proceeded in three sequential phases (Figure 3).



Phase 1: Determining Participants’ Subjective Equivalence Point for
Economic-Environmental Values

To precisely quantify participants’ relative weighting of economic versus
environmental values, we employed matching and titration procedures commonly
used to estimate subjective equivalence points in judgment and decision-making
research. The matching task elicited each participant's monetary value Y for 35
good air quality days, and the titration task used this individualized Y value to
estimate a day-based reversal point Z. This Z value served as the participant's
subjective equivalence point, indicating the threshold at which economic and

environmental considerations were perceived as equally valuable.

(1) Matching Task

First, participants provided a monetary matching value Y, defined as the
economic benefit they judged subjectively equivalent to a 35-day increase in good
air quality. This step individualized the monetary scale used in the subsequent
titration task.

The task was described as follows (see Supplementary Note: Economic-
Environmental Matching Scale for detail):

Imagine you are a decision-maker for a city who needs to evaluate trade-offs
between economic development and environmental protection. Please judge how
much economic growth in Plan B would make it subjectively equivalent to Plan A.
Fill in the appropriate number on the blank line.

Plan A: Increase the city’s annual number of good air quality days by 35
days compared to before implementation, but with no change in annual economic

benefits.



Plan B: Increase the city’s annual economic benefits by 10-million-yuan
units compared to before implementation, but with no change in annual good air

quality days.

(2) Titration Task

Building on the matching task, we used a titration task to more precisely
measure each participant’s subjective equivalence point. The titration task
consisted of 15 decision pairs, requiring participants to choose one plan from each
pair. The questionnaire structure was as follows (see Supplementary Note:
Economic-Environmental Titration Scale for detail):

Plan A: Increase the city’s annual number of good air quality days by X days
compared to before implementation (X represeniing 15 values from 5 to 75,
Increasing in increments of 5), but with no change in annual economic benefits.

Plan B: Increase the city’s annual/ economic benefits by Y 10-million-yuan
units compared to before implemeintation, but with no change in annual good air
quality days (Y fixed as the value provided by the participant in the matching task).

We quantified each participant's subjective equivalence point Z by
identifying the preference reversal point between Plan B and Plan A. As X
increased, we calculated Zas the midpoint between the highest X value at which
the participant preferred Plan B and the lowest X value at which the participant
preferred Plan A. This equivalence point represents the number of good air quality
days perceived as equivalent to the specified economic benefit Y. For example, if a
participant selected Plan B when offered X = 40 days but switched to Plan A when
X = 45 days, we computed the subjective equivalence point as Z = (40 + 45)/2 =

42.5 days.



In the final sample, the matching value Ywas strongly right-skewed (M =
550.81, SD = 1933.60, median = 15.00, range = 1.30-15000.00, expressed in units
of 10-million-yuan). This skewness was expected given that Ywas elicited through
an open-ended matching task and reflected participants’ subjective monetary
valuation of 35 additional good air quality days. Some participants assigned very
high monetary values to city-wide air-quality improvement; because these
responses were task-consistent and the participants passed the attention checks,
they were retained rather than treated as invalid outliers. The participant-level
subjective equivalence point Zwas more narrowly distributed (M = 37.36, SD =
3.73, median = 37.50, range = 27.50-47.50 good air quality days; Supplementary
Table S8 and Supplementary Figure S1).

This distribution should be interpreted in light of the calibration procedure.
The matching task first elicited each participant’s monetary value Yfor 35 good air
quality days, and the subsequent titration task used that individualized Yvalue to
estimate a day-based reversal point Z. Thus, the procedure allowed the monetary
scale to vary substantially across participants while using the titration task to
locate each participant’s economic-environmental equivalence point. The
subsequent objective value alignment manipulation was calibrated relative to each
participant’s own Zvalue, so the Al-attributed decision patterns remained

participant-specific.

Phase 2: Participants Observe Al-Attributed Choices

We randomly assigned participants to one of eight experimental conditions.
In each condition, participants observed five pre-programmed economic-

environmental trade-off choices attributed to a simulated Al advisor in the same



context as Phase 1. The choices appeared sequentially on the computer screen and
were generated by the experimental program according to the condition-specific
parameters. The advisor was labeled “Artificial intelligence E” throughout the task,
and the same label was used in the post-task questionnaire.

To manipulate the Al decision orientation and objective value alignment
level, we established decision parameters for the simulated Al advisor across
experimental conditions as follows:

First, we manipulated AI decision orientation by adjusting the number of
good air quality days X'in plan A. Across the five decision tasks, the economic
benefit in Plan B remained fixed at value Y (provided by the participant in the
matching method), while X'was set to five distinct values either above or below the
participant’s subjective equivalence point Z.

In the environment-leaning condition, X was set below Z, indicating that the
Al’s equivalence point favored environmental values more strongly than the
participant’s (i.e., the Al considered fewer good air quality days equivalent to
economic benefit ¥). Conversely, in the economy-leaning condition, X was set
above Z, signifying that the AI’s equivalence point favored economic values more
prominently than the participant’s (i.e., the Al required more good air quality days
to be equivalent to economic benefit ¥).

Second, we manipulated objective value alignment by varying the distance
between the Al’s inflection point and the participant’s inflection point across the
five decisions. The magnitude of this difference inversely correlated with value
alignment—Ilarger differences represented lower alignment between human and Al
values. Operationally, higher alignment levels placed the inferred advisor

threshold progressively closer to the participant's threshold and, in the examples



shown in Tables 2 and 3, corresponded to 1, 2, 3, and 4 advisor choices matching
the participant's implied preferences across the five displayed decisions. Thus,
Level 4 represented the highest tested alignment level rather than complete
agreement across all five choices.

To illustrate, consider a participant with a subjective equivalence point Z of
42.5 days (inflection point between 40 and 45 days). In the environment-leaning Al
condition, we set the number of good air quality days X'in Plan A to 20, 25, 30, 35,
and 40 days across the five decisions. Under these parameters, participants would
consistently select Plan B, demonstrating preference for increased annual
economic benefits. Table 2 presents the systematic manipulation of the Al’s choice
inflection point across incremental objective value alignment levels for this
condition.

Conversely, in the economy-leaning Al condition, we set the number of good
air quality days X'in Plan A to 45, 50, 55, 60, and 65 days across the five decisions.
Given these parameters, participarits would select Plan A in all instances,
indicating preference for increased annual good air quality days. Table 3 illustrates
the manipulation of the AI’s choice inflection point across incremental objective

value alignment levels for this condition.

Phase 3: Participants Complete Questionnaire Measures

We measured participants’ perceived value alignment with the Al advisor,
trust in the Al advisor, and perceived familiarity through questionnaires (see
Supplementary Table S9). All questionnaires used 5-point scoring. The perceived
value alignment questionnaire (Cronbach’s a = 0.93) was adapted from Yokoi and

Nakayachi [33]. The trust questionnaire (Cronbach’s a = 0.89) was adapted from



Verberne et al. [49] and Yokoi and Nakayachi [33]. The reverse-coded item
referred specifically to the experimental advisor, labeled Artificial intelligence E.
Additionally, attention tests concerning experimental scenario details were
included to verify participants’ engagement. These tests selected two economic-
environmental trade-off decision pairs from Phase 2 and required participants to

recall the Al’s choices.

Data Analysis

We conducted statistical analyses using JASP [50] and R [51] software.

First, we performed a 4 x 2 ANOVA on perceived value alignment with
objective value alignment level and decision orientation as between-subjects
factors. This analysis treated perceived value alignment as the post-task
manipulation-check measure. Tukey-adjusted comparisons of estimated marginal
means were used to compare objective value alignment levels collapsed across
decision orientation.

Second, we performed two-factor analysis of covariance (ANCOVA) to
examine differences in self-reported trust in the Al advisor under objective value
alignment levels and Al decision orientations, while controlling for participants’
demographic characteristics (gender and age). The primary model retained the
objective value alignment X decision orientation factorial structure and tested
whether the interaction was supported before interpreting the overall alignment
and orientation patterns. We evaluated the homogeneity-of-regression-slopes
assumption for the primary continuous covariate by adding condition-by-age

interactions. Because perceived familiarity with AI was measured after the



experimental task, it was not included in the primary ANCOVA and was instead
examined in a sensitivity analysis.

Third, we employed sequential polynomial regression analysis to examine
whether the alignment-trust pattern was consistent with linearity within the tested
range, controlling for decision orientation, gender, and age. Since objective value
alignment had ordered levels from low to high, we coded it as a continuous
variable from 1 to 4. We then constructed linear (first-order), quadratic (second-
order), and cubic (third-order) models and evaluated whether higher-order terms
improved fit using changes in explained variance, information criteria, nested
model comparisons, and BIC-approximated Bayes factors. Because the design
included only four ordered levels, these analyses described the observed
monotonic pattern rather than definitively establishing the functional form.

Finally, we conducted an exploratory indirect-association analysis in R using
the lavaan package [52] with bootstrap confidence intervals to describe how post-
task perceived value alignment was related to objective value alignment and trust.
Objective value alignnment was entered as an ordered numeric predictor coded 1-4,
so coefficients represent the expected change associated with a one-level increase
in objective value alignment. The model used 5,000 bootstrap resamples while
controlling for decision orientation, gender, and age. Because perceived value
alignment also served as the manipulation-check measure and was measured in
the same post-task questionnaire as trust, this analysis describes associations
rather than temporal or causal ordering.

For ANOVA and ANCOVA models, we reported F'tests, p values, and partial
eta-squared (7%,). For selected pairwise comparisons, we reported Cohen’s d using

the relevant model residual standard deviation. Regression and indirect-



association analyses included regression coefficients, model explained variance
(R?), and bootstrap confidence intervals for indirect associations. Bayes factors
were reported as complementary evidence indices: BF; indicates evidence
favoring inclusion of the tested effect or model, whereas BFj; indicates evidence
favoring the simpler model. Bayes factors for ANOVA and ANCOVA model
comparisons were computed in R using JZS priors with the BayesFactor package,
and Bayes factors for polynomial model comparisons were approximated from BIC
values. BF values of 1-3 indicate anecdotal evidence, 3-10 moderate evidence, 10-
30 strong evidence, 30-100 very strong evidence, and >100 extremely strong
evidence. Unlike traditional p-values, which cannot quantify evidence favoring the
null hypothesis, Bayes Factors provide direct quantification of relative evidence
strength for competing hypotheses.

We also conducted sensitivity analyses to evaluate robustness. These
included excluding the reverse-coded trust item, adding post-task perceived
familiarity with Al as a covariate, adding log-transformed Y as a covariate, and
excluding participants with Yvalues above the 95th percentile. The latter two
checks were included because the matching value Y was highly right-skewed.
Sensitivity-analysis results are reported in Supplementary Table S3 and were used
to assess robustness rather than primary inference.

The study was not preregistered. Accordingly, the indirect-association
analysis, polynomial model comparisons, and sensitivity checks were treated as

exploratory or robustness analyses rather than confirmatory tests.

Data Availability

The data are available on the Open Science Framework (OSF):

https://osf.io/h4u2n/?view only=4a3e60b8e507439587d3197cb6caee54.
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Figure 1. Perceived value alignraent across objective value alignment
levels. Violin and box plots show the distribution, with jittered points
indicating individual cbservations. The central box indicates the
interquartile range, and the horizontal line represents the median. Stars

reflect selected Tukey-adjusted pairwise comparisons shown in the figure. *
p < 0.05, * p< 0.01, ** p< 0.001.
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Figure 2. Trust across objective value alignment levels. Violin and box plots
show the distribution of trust scores, with jittered points indicating individual
observations. The central box indicates the interquartile range, and the horizontal
line represents the median. The dashed line represents the fitted linear trend
across the tested range, with the unstandardized regression coefficient (5) and
explained variance (/%) shown for reference. Stars reflect selected Tukey-adjusted

pairwise comparisons shown in the figure. * p < 0.05, ** p < 0.01, *** p < 0.001.
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Observe Al decisions
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Al choices varied by

assigned alignment level
and decision orientation.

Matching Task: Titration Task:
estimate V estimate Z

Exposure: 5 Al decisions

sobjective value alignment: defined
relative to Z (Levels 1-4)

*Al decision orientation: economy-
leaning (X > Z) vs. environment-
leaning (X < Z)

*Trust
*Perceived value alignment
*Familiarity with Al

economic benefit equivalent 15 paired choices; ¥
to 35 good air quality days fixed; X:5 — 75, step 5

Figure 3. Experimental procedure and design overview. Participants
completed three phases. In Phase 1, an individual equivalence point (2) for the
economic-environmental trade-off was estimated in two steps: a matching task to
estimate Y (the economic benefit judged equivalent to 35 good air quality days),
followed by a titration task (15 paired choices; ¥ fixed; X /good air quality days/
increasing from 5 to 75) to obtain Z. In Phase 2, participants observed five pre-
programmed Al-attributed choices which were systematically varied by (i)
objective value alignment level defined relative to Z (Levels 1-4) and (ii) Al
decision orientation (economy-leaning: X > Z vs environment-leaning: X < Z). In
Phase 3, participants compleied post-task measures, including trust, perceived

value alignment, and perceived familiarity with Al

Table 1. Descriptive statistics for human-AI trust by objective value

alignment levels and AI decision orientation

Objective Value Al Decision

Alignment Levels Orientation M SD a
Alignment Level 1 Economy-leaning 2.18 0.74 31
Environment- 2.49 0.90 28

eaning
Alignment Level 2 Economy-leaning 2.48 0.78 30
Fnvironment- 2.98 0.84 31

eaning
Alignment Level 3 Economy-leaning 3.15 0.83 32
Environment- 3.36 0.95 33

eaning

Alignment Level 4 Economy-leaning 3.81 0.62 33



Environment-

leaning

3.77

0.62

32

Table 2. Example of manipulating choice inflection points for environment-

leaning Al at incremental objective value alignment levels

Good Air Quality 20 days 25 days 30 days 35 days 40 days
Days Setting
Alignment Level 1 Choose B | Choose A Choose A Choose A Choose A
Alignment Level 2 Choose B Choose B | Choose A Choose A Choose A
Alignment Level 3  Choose B Choose B Choose B | Choose A Choose A
Alignment Level 4 Choose B Choose B Choose B Choose B | Choose A

Note. “Choose A” indicates the Al selected “Increase annual good air quality days”

in that decision pair, while “Choose B” indicates the Al selected “Increase annual

economic benefits.” The vertical line represents the location of the Al’s inflection

point. In this example, since the participant’s inflection point is between 40 and 45

days, they would choose Plan B in all of the above decision pairs.

Table 3. Example of manipulating cheoice inflection points for economy-

leaning Al at incremental objective value alignment levels

Good Air Quality
Days Setting

Alignment Level 1
Alignment Level 2
Alignment Level 3
Alignment Level 4

45 days 50 days 55 days 60 days 65 days
Choose B Choose B Choose B Choose B | Choose A
Choose B  Choose B Choose B | Choose A Choose A
Choose B Choose B | Choose A Choose A Choose A
Choose B | Choose A Choose A Choose A Choose A

Note. “Choose A” indicates the Al selected “Increase annual good air quality days”

in that decision pair, while “Choose B” indicates the Al selected “Increase annual

economic benefits.” The vertical line represents the location of the Al’s inflection

point. In this example, since the participant’s inflection point is between 40 and 45

days, they would choose Plan A in all of the above decision pairs.
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