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Abstract

Explanations are often promoted as tools for
transparency, but they can also foster blind
trust; users may assume reasoning is correct
whenever model outputs appear acceptable.
We study this double-edged role of Chain-
of-Thought (CoT) explanations in multimodal
moral scenarios by systematically perturbing
reasoning chains and manipulating delivery
tones. Specifically, we perturb reasoning chains
generated by vision-language models (VLMs)
with three error types (omissions, contradic-
tions, hallucinations) and measure their effects
on user trust and error detection through a study
with 800 participants, alongside a parallel de-
tection task with models. Our findings reveal
two key effects: (1) users often equate trust
with outcome agreement regardless of flaws in
the model’s reasoning, and (2) confident tones
suppress scrutiny while leaving agreement and
self-reported trust largely unchanged. These
results highlight how CoT explanations can si-
multaneously clarify and mislead in tandem,
and point to user-side scrutiny, not just model-
side faithfulness, as a critical dimension for
calibrated trust in AI reasoning.1

1 Introduction

Chain-of-Thought prompting (Wei et al., 2022; Ko-
jima et al., 2022) has become a standard tool for
surfacing model reasoning, especially in deep rea-
soning models (OpenAI et al., 2024a; DeepSeek-
AI et al., 2025). By verbalizing intermediate steps,
CoT offers users an intrinsic form of explanation
and often enhances trust in model outputs. Yet, this
transparency is double-edged: reasoning chains,
whether faithful or flawed, can foster blind trust
when readers fail to detect errors that are present.

In this work, we examine error detection in CoT
explanations: when presented with a model’s rea-
soning trace, do human users critically scrutinize

1† Equal contribution. Co-last author.
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Figure 1: The trust-scrutiny gap. (a) What we study:
when reading a model’s judgment on subjective topics,
users often bypass flawed reasoning when they agree
with the verdict. (b) Framework to decompose trust: we
measure the three signals (error detection, agreement,
and self-reported trust) in response to controlled pertur-
bations of the reasoning chain.

its internal logic? While prior work has focused
on enhancing the faithfulness of CoT explanations
with respect to outputs (Lightman et al., 2024; Lan-
ham et al., 2023; Sharma et al., 2024), we examine
an orthogonal question: how CoT explanations,
regardless of faithfulness, are interpreted as a user-
facing artifact, and whether users critically engage
with their content or defer to surface cues such
as confident delivery. We instantiate this ques-
tion in multimodal moral reasoning, a domain
where the costs of uncritical trust are especially
high: unlike math or factual QA, moral scenarios
have ambiguous ground truth that makes correct-
ness hard to externally verify, readers’ own moral
intuitions invite confirmation bias, and visual con-
text amplifies the narrative coherence of a chain
even when its reasoning is flawed (Delaunay et al.,
2025). These properties make multimodal moral
reasoning a worst-case testbed for whether users,
and the automated judges increasingly used to over-
see them, can flag broken reasoning when nothing
else in the task signals that something is wrong.

To study this, we conduct parallel error-detection
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studies on the same set of perturbed reasoning
chains. On the human side, we run a controlled
between-subjects user study on 400 multimodal
moral scenarios, systematically perturbing reason-
ing chains with three error types (OMISSION, CON-
TRADICTION, HALLUCINATION) and altering con-
fidence tone. We complement subjective self-
reports of trust—which are known to dissociate
from behavior (Parasuraman and Riley, 1997; Dzin-
dolet et al., 2003; Lee and See, 2004)—with two
more behaviorally grounded measures: whether
users flag an error when one is present, and whether
they agree with the model’s verdict. On the model
side, we probe models to perform the same error de-
tection task on the same stimuli to compare human
and model sensitivity to each error type.

Together, trust and agreement appear decoupled
from scrutiny. Across our triangulated measures,
agreement and self-reported trust move together
(r≈0.8), but both anti-correlate weakly with error
detection (r=−0.29 to −0.45): users endorse and
trust flawed reasoning chains. Confident tone in
explanations further suppresses scrutiny, leaving
agreement and trust intact while reducing detec-
tion. Error detection is also selective; users catch
contradictions and hallucinations at moderate-to-
high rates, but spot OMISSIONs only 40% of the
time. When we conduct the same error-detection
task with models in place of humans, the same se-
lectivity emerges: VLMs catch contradictions and
hallucinations with high accuracy but detect omis-
sions far less reliably. Linking these patterns to
in-the-wild profiling, we also identify a prevalence–
detectability gap; omissions are simultaneously the
most frequent error type in in-the-wild VLM rea-
soning chains. Because users sustain high agree-
ment and trust even when omissions go undetected,
these patterns have direct implications for down-
stream reliance on flawed reasoning, and under-
score the need for evaluation frameworks that pro-
mote calibrated trust; encouraging critical scrutiny
rather than blind confidence in model reasoning.

Our key contributions are:
• A controlled framework for measuring error

detection in reasoning chains. We introduce a
paradigm that perturbs CoT explanations with
three ecologically valid error types (omission,
contradiction, hallucination) and orthogonally
manipulates certainty tones.

• Triangulated user-side trust measurement.
Combining error detection, agreement with

model judgments, and self-reported ratings, we
find that agreement and self-reported trust are
strongly coupled but both are decoupled from
error detection, revealing cases where users sus-
tain perceived trust despite failing to identify
flawed reasoning.

• The prevalence–detectability gap. Linking
detection rates to in-the-wild profiling of six
VLMs, omissions emerge as the most frequent
error type in real VLM reasoning chains and the
error type that neither human users nor models
reliably catch.

2 Related Work

Faithfulness in Reasoning Steps. Faithfulness
is typically defined as whether a reasoning chain
reliably supports the model’s output. Prior works
proposed perturbation-based evaluations and auto-
matic metrics to assess step-level consistency (Lan-
ham et al., 2023; Golovneva et al., 2023). Recent
approaches (Agarwal et al., 2024) further quan-
tify explanation consistency by measuring how
strongly a model’s free-text explanation supports
or contradicts its output—revealing that a large
portion of LLM explanations lack internal align-
ment. However, these metrics remain largely in-
trinsic, detached from how users perceive such rea-
soning. More recent surveys on reasoning trust-
worthiness broaden the scope to dimensions such
as truthfulness, robustness, safety, fairness, and
privacy (Wang et al., 2025; Wei Jie et al., 2024).
They emphasize that while reasoning can improve
interpretability, it also introduces vulnerabilities;
longer reasoning chains exacerbate hallucination,
degrade attention to visual inputs, and shift focus
toward instruction tokens (Xu et al., 2025; Xiao
and Gan, 2025; Huo et al., 2025). Taken together,
prior research highlights that models themselves
are not inherently trustworthy. Our work comple-
ments this by combining both model-side and user-
side perspectives; we first profile reasoning errors
and epistemic markers to characterize model-level
shortcomings and then examine how flawed reason-
ing shapes human trust, agreement, and reliance.

User Trust, Overreliance, and Framing. From
the human side, explanations often increase per-
ceived reliability even when incorrect, raising con-
cerns about overreliance. Prior works show that
explanation styles (e.g., confident vs. hedged
tone) strongly shape trust (Sharma et al., 2024; Atf
and Lewis, 2025; Zhou et al., 2025), and formats
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Figure 2: Stimulus Construction Pipeline. (a) Participants evaluate multimodal moral judgments generated by
VLMs. Each trial presents an image–scenario pair, a model-produced CoT, and a binary moral judgment. (b) We
introduce three recurrent failure patterns as perturbations of otherwise clean chains: omissions, contradictions,
and hallucinations. These respectively capture incompleteness, inconsistency, and ungrounded invention in model
reasoning. (c) Confidence tones in the reasoning chains are also manipulated with specific epistemic markers.

such as verbosity or visual cues can further inflate
trust (Sokol and Vogt, 2024; Visser et al., 2025).
They find users often anchor on surface plausibility
rather than correctness. Research on human–AI
collaboration presents overreliance as a big risk.
Evidence shows that individual attitudes toward AI
predict error detection more strongly than demo-
graphics, with favorable attitudes increasing over-
reliance (Beck et al., 2025; Basoah et al., 2025).
Others argue that measuring and mitigating overre-
liance must be central to LLM research and deploy-
ment (Ibrahim et al., 2025). These studies under-
score the limits of relying solely on self-reported
trust, which may diverge from actual reliance be-
haviors (Parasuraman and Riley, 1997; Dzindo-
let et al., 2003; Lee and See, 2004; Zhou et al.,
2024). By manipulating correctness and tone, we
test whether user trust is calibrated to reasoning
correctness or inflated by surface delivery cues.

3 User Study Setup

Our study examines how users react to (possibly)
flawed reasoning chains, focusing on how reason-
ing correctness, final model judgment, and stylistic
cues (fluency and tone) shape error detection, agree-
ment, and trust. We perturb the content and tone
of reasoning chains (Fig. 2b, c) of the model judg-
ment on multimodal social scenarios (Fig. 2a) to
measure their effects on user responses.

Scenario Selection. We use the MORALISE
benchmark (Lin et al., 2026) to draw multimodal
social scenarios, each consisting of an image and a
text annotated with a binary label (ACCEPTABLE vs.
UNACCEPTABLE). Unlike domains such as math or
logic, MORALISE emphasizes socially grounded,
multimodal situations where judgments can be am-
biguous and explanations can be persuasive even
when imperfect. We exclude scenarios containing
graphic violence or hate. From the remaining set,
we sample 200 ACCEPTABLE and 200 UNACCEPT-
ABLE scenarios, yielding 400 scenarios. For each
scenario, we construct two MORALISE-relative
verdict conditions: a correct verdict, where the
model’s final judgment matches the MORALISE
label, and an incorrect verdict, with respect to the
MORALISE label. Since our main question con-
cerns how reasoning errors and confidence tone
affect user scrutiny, we average over verdict con-
ditions in the main analysis and report verdict-
condition-stratified results in § A.4. Each scenario
is assigned one reasoning-error condition at the
scenario level. Crossing 400 scenarios with two
verdict conditions yields 800 stimuli.

Study Setup. We employ a fully between-subjects
design. Each scenario is assigned one reasoning-
error condition (CLEAN, OMISSION, CONTRA-
DICTION, or HALLUCINATION) at the scenario
level, and each stimulus is independently assigned
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one confidence tone (§3.2). Each participant is as-
signed to a single stimulus—one image–scenario
pair, one explanation, one verdict, and one tone—
and responds to three measures in a fixed order:
reasoning-error detection, verdict agreement, and
trust/willingness to rely on the model. This design
avoids carry-over effects that could arise from ex-
posing the same participant to multiple error types
or tones (Buçinca et al., 2021). We recruit 800
AMT workers, compensated at $12–15/hour.

3.1 Correctness of Reasoning Chains

Clean Reasoning Chains. We first construct faith-
ful and coherent reasoning chains that describe the
visual and textual context without contradiction or
hallucinations and flow logically from observations
to a moral conclusion, which serve as a control for
studying user trust. We use GPT-4V (OpenAI et al.,
2024b) with a prompt that enforces grounded de-
scription and coherent step-by-step reasoning (see
§A.7.1). This can be applied to reasoning chains
produced by any CoT-capable model. To confirm
that these chains are clean—i.e., free of the error
types in our taxonomy—we apply a two-stage ver-
ification. First, GPT-5.2 (OpenAI, 2025) screens
each chain against our error taxonomy, flagging any
omission, contradiction, or hallucination. Then, the
chains are verified by two independent annotators
over all clean chains for each scenario (Cohen’s
κ=0.87). We also validate robustness with Gemini-
2.5 Pro (Comanici et al., 2025), obtaining high
cross-judge agreement (91.5%). Since perturba-
tions are introduced by design, the judge’s role is
simply to verify that the intended error is present
and no unintended errors were introduced, a far
more constrained task than open-ended evaluation.

Perturbed Reasoning Chains. From the clean
chains, we induce errors of three types to
create flawed reasoning chains. These cap-
ture incompleteness (OMISSION), inconsistency
(CONTRADICTION), and ungrounded invention
(HALLUCINATION), observing taxonomies pro-
posed in faithfulness metrics (e.g., ROSCOE;
Golovneva et al., 2023), perturbation-based model
reasoning evaluations (Lanham et al., 2023), and
analyses of explanation failures in multimodal con-
texts (Manuvinakurike et al., 2025).

• OMISSION: Skipping critical premises or
inferential steps, leading to incomplete but
seemingly plausible chains (Lanham et al.,
2023; Golovneva et al., 2023). In multimodal

settings, omissions often occur when percep-
tual details are ignored.

• CONTRADICTION: Introducing internal in-
consistencies or logical conflicts, such as
negating an earlier claim or reaching a conclu-
sion unsupported by prior steps (Golovneva
et al., 2023; Manuvinakurike et al., 2025).

• HALLUCINATION: Fabricating details that
are not grounded in the input (image and text
scenario), such as adding nonexistent entities
or causal links (Ji et al., 2023; Park et al.,
2025).

With the verified CLEAN chains, we construct lo-
calized errors via controlled perturbations, which
lets us isolate the causal effect of each error type
on trust—model outputs in the wild contain mixed,
confounded patterns (§5). We generate OMISSION,
CONTRADICTION, and HALLUCINATION variants
using standardized edit rules (Alg. 1 in §A.7), and
re-run the judge to confirm that (i) the target error
is present and (ii) no additional error types are in-
troduced (§A.7.3). Finally, two annotators confirm
the presence of the intended error type in 95.8%
of cases. Unintended secondary errors occur in
3.3% of chains, most commonly involving border-
line omissions following contradiction edits. Over-
all coherence is rated as preserved in 97.5% of
cases. Inter-annotator agreement is high (Cohen’s
κ=0.84). Details to the validations are in § A.7.3.

3.2 Confidence Tones

Confidence tone is assigned to each stimulus at ran-
dom, independently of its error condition, in one of
three stylistic variants rendered by corresponding
markers: hedged (low certainty induced by modals
such as might, may, could, adverbs such as possi-
bly, perhaps, and verbs such as seems, appears),
neutral (medium certainty induced with markers
like likely, suggests), and confident (high certainty
induced by adverbs like definitely, adjectives like
clear, obvious, and phrases like without doubt, it
is evident that). These are well-established cues
for trust calibration, with hedged tones lowering
perceived trust and confident tones inflating trust
even for wrong answers (Hyland, 1998; Pavlick
and Tetreault, 2016; Mielke et al., 2022; Zhou et al.,
2024; Sharma et al., 2024; Sokol and Vogt, 2024).
Our lexical substitution approach isolates this sin-
gle dimension to enable clean causal attribution; we
verify that tone edits do not introduce surface-level
confounds (e.g., length) via checks in § A.7.4.
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3.3 Measures for Trust Calibration

Our approach operationalizes trust as a multi-
layered construct rather than a single attitude. Lee
and See (2004) describe how trust in automation
operates as a causal chain from beliefs to attitudes
to intentions to behaviors, and these layers can di-
verge: self-reported trust attitudes do not reliably
predict behavioral engagement (Visser et al., 2025;
Körber, 2018), and behavioral measures capture
dimensions that attitudinal measures miss (Buçinca
et al., 2021). Kohn et al. (2021) also note that be-
havioral measures better reflect actual engagement.
We therefore triangulate trust across three mea-
sures, separating behavioral signals (what users do
in response to a reasoning chain) from perceived
trust (what users report feeling), with each mea-
sure capturing a different layer of this causal chain
(Example stimuli are in § A.6):

1. Error Detection (binary) “Does the reason-
ing contain a factual or logical error?”: A
behavioral proxy for critical engagement with
the reasoning. Behavioral measures of criti-
cal engagement diverge meaningfully from self-
reported trust (Visser et al., 2025; Buçinca et al.,
2021); by asking participants to explicitly flag
errors, we capture reasoning-critical scrutiny
that purely attitudinal measures can miss.2

2. Agreement with Judgment (7-pt Likert)
“How much do you agree with the model’s final
judgment?”: A behavioral proxy at the outcome
level, indicating whether participants endorse
the model’s decision. Agreement is widely used
in explainability studies (Lee and See, 2004;
Bansal et al., 2021; Vereschak et al., 2024) as
an indicator of how users respond to AI outputs.

3. Self-Reported Trust (7-pt Likert) “Would you
trust the system to make similar judgments?”:
A perceived-trust measure, consistent with HCI
and XAI research using subjective ratings of
willingness to delegate (Lago et al., 2025; Visser
et al., 2025; Atf and Lewis, 2025). Single-
item trust measures are common in human–AI
decision-making studies (Lai et al., 2023).

Together, these measures triangulate trust across
complementary layers: error detection captures be-

2This binary probe captures spontaneous, low-friction
scrutiny—whether a reader flags a problem under condi-
tions resembling ordinary use, where explanations are often
skimmed. It does not establish exhaustive or sentence-level
review, and we do not claim it does. We report response-time
robustness checks in § A.5 showing that detection rates are
stable when fast responses are excluded.

havioral scrutiny of the reasoning, agreement cap-
tures behavioral endorsement of the verdict, and
self-reported trust captures perceived trustworthi-
ness of the system. We treat a flawed reasoning
chain as something users should detect and dis-
count. Explanations not only justify correct out-
puts but also surface reasons to distrust flawed
ones (Ribeiro et al., 2016; Jacovi et al., 2021),
and appropriate reliance is the ability to tell sound
output from flawed ones and act on that differ-
ence (Schemmer et al., 2023; Lee and See, 2004).
Miscalibration is the failure of this coupling: agree-
ing with and trusting a chain because its error went
unnoticed. This is a standard we evaluate against,
not a quantity we compute: each measure is ana-
lyzed separately, and miscalibration is measured
as the co-occurrence of a missed error with high
reliance (§A.8.4).

4 Detecting Errors in Controlled
Reasoning Chains

Our analyses address three guiding questions: (1)
How do flawed reasoning chains impact user trust
in model judgments? (2) How does certainty in
tone affect sensitivity to reasoning correctness?
(3) How well do models detect the same errors in
reasoning chains?

Q1. How do flawed reasoning chains impact
user trust in model judgments?

Table 1 summarizes participants’ responses across
error types, showing clear contrasts in detection,
agreement, and trust. We find that users’ agree-
ment with the model’s output is the most dom-
inant factor influencing trust, even when the
reasoning is flawed. Fig. 3 quantifies these pat-
terns: agreement and trust are strongly correlated
(r=+0.82), and both are inversely related to de-
tection (agreement: r=−0.29; trust: r=−0.45).
These negative associations indicate that higher
agreement and trust coincide with lower error de-
tection, suggesting users’ reported trust primarily
reflects alignment with the model’s verdict rather
than the fidelity of its reasoning.

Error types differ in how easily they are detected.
The mixed-effects model in Table 2 shows that
CONTRADICTION (β=+2.59) and HALLUCI-
NATION (β=+2.47) nearly double the detection
gain of OMISSION (β=+1.33), and significantly
reduce both agreement and trust. OMISSION,
by contrast, leaves agreement and trust largely
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Perturbation Type Detection (%) Agreement (1–7) Trust (1–7)

CLEAN 15.5 [9.6, 19.8] 4.21 [3.93, 4.49] 3.23 [2.99, 3.47]
OMISSION 39.4 [32.6, 46.6] 4.00 [3.77, 4.23] 2.86 [2.67, 3.06]
CONTRADICTION 69.0 [62.6, 75.4] 3.52 [3.30, 3.73] 2.33 [2.15, 2.51]
HALLUCINATION 66.3 [59.5, 72.6] 3.38 [3.14, 3.62] 2.22 [2.03, 2.41]

Table 1: Main outcomes across conditions. Strong agreement–trust coupling and clear error-type differences
emerge, with omissions the hardest to detect. Color intensity encodes the relative magnitude of each metric: darker
green = ↑ detection accuracy, darker blue = ↑ agreement, darker red = ↑ perceived trust.

1.00 0.75 0.50 0.25 0.00 0.25 0.50 0.75 1.00
Pearson correlation

-0.29

-0.45

+0.82

Detection
Agreement

Detection
Trust

Agreement
Trust

Figure 3: Overall cross-measure correlations. Nega-
tive correlations indicate that higher agreement and trust
coincide with reduced error detection.

unchanged; despite being logically incomplete,
omissions go unnoticed in nearly 60% of cases and
still elicit high agreement (4.00) and trust (2.86),
only marginally below CLEAN (4.21 / 3.23).

Detection Agreement Trust

Coefficients (β, vs. CLEAN / Neutral)
OMISSION +1.33† −0.22⋄ −0.37†

CONTRADICTION +2.59† −0.70† −0.90†

HALLUCINATION +2.47† −0.83† −1.01†

Confident Tone −0.49∗ −0.08 −0.00

ANOVA test statistics
Error type main 159.64† 10.09† 20.94†

Tone main 7.56∗ 0.44 0.65

Table 2: Mixed-effects model coefficients and
ANOVA results. Detection fit by logistic regression.
Agreement and Trust by OLS on 1–7 ratings. ∗p<.05,
⋄p<.01, †p<.001 (Holm-corrected).

Discussion. Our findings align with prior work
showing that users often evaluate explanations
based on outcome agreement or fluency rather than
critical scrutiny of validity (Jacovi et al., 2021;
Lanham et al., 2023). We extend this literature by
confirming a strong association between agreement
and reduced scrutiny; participants who align with
the model’s judgment are less likely to examine
the reasoning that led there. This effect holds for
both clean and perturbed chains. The low omission-
type error detection rate may partly reflect an en-
thymematic effect (Macagno and Damele, 2013): if

Flawed trials Agreement (1–7) Trust (1–7)

Error detected 3.30 1.99
Error missed 4.08 3.12
CLEAN reference 4.21 3.23

Missed error and high reliance (%)
OMISSION 27.5
CONTRADICTION 14.5
HALLUCINATION 13.0

Table 3: Missed errors sustain reliance. Top: on
flawed trials, participants who flagged the error reported
markedly lower agreement and trust than those who did
not; the latter remain near the CLEAN baseline. Bottom:
proportion of trials combining a missed error with high
reliance (Agreement ≥ 5 or Trust ≥ 5), by error type.
The detection split is measured, not assigned.

users perceive omitted steps as too obvious to men-
tion, they accept incomplete chains without scruti-
nizing whether the unstated premise is warranted,
a risk that holds whether the omission is a genuine
reasoning failure or efficient compression. This
may be amplified in multimodal settings, where
visual context further enhances plausibility (De-
launay et al., 2025). Thus, we report a failure of
error-sensitive trust: users continue to report trust
on a model even when they fail to notice flaws in
its reasoning; such misplaced trust manifests as
cases where users fail to detect reasoning error but
nevertheless show high self-reported trust.

Missed errors sustain reliance. The preced-
ing analyses aggregate over participants. To test
whether reliance is coupled to scrutiny at the par-
ticipant level, we split flawed trials by whether the
participant flagged an error (Table 3). Participants
who detected the error reported substantially lower
agreement (3.30) and trust (1.99) than those who
missed it (4.08 and 3.12) and those who missed
it remained statistically indistinguishable from the
CLEAN baseline (4.21 / 3.23). The asymmetry
is largest for omissions: 27.5% of omission trials
combine a missed error with high reliance, ver-
sus 14.5% for contradictions and 13.0% for hal-

46693



Tones Detection (%) Agreement (1–7) Trust (1–7)

Hedged 50.4 [44.0, 56.8] 3.70 [3.48, 3.92] 2.56 [2.38, 2.75]

Neutral 47.0 [40.9, 53.2] 3.85 [3.62, 4.06] 2.70 [2.52, 2.88]

Confident 40.5 [34.6, 46.7] 3.78 [3.58, 3.98] 2.70 [2.53, 2.89]

Table 4: Confidence tone effects. Numbers show mean
with 95% bootstrap CIs. Neutral denotes the baseline
wording of each chain before tone edits.

lucinations. Our findings therefore do not show
that agreement causes less attention, but show that
when an error goes unnoticed, reliance proceeds as
though the chain was free of errors.

Q2. How does certainty in tone affect sensitivity
to reasoning correctness?

Table 4 reports detection, agreement, and trust
across tone conditions, averaged across the three
error types as reasoning chains—both clean and
perturbed—are tone-modulated in identical ways.
Across all conditions, confident tones consis-
tently suppress error detection; participants are
less likely to notice reasoning flaws, while leav-
ing agreement and self-reported trust largely un-
changed.

To confirm this asymmetry, we fit separate
mixed-effects models per outcome. Error detection
(binary) is fit with logistic mixed-effects regression;
agreement and trust (1–7) with linear mixed-effects
regression. Fixed effects are reasoning-error
condition, expressed-confidence tone, benchmark-
relative verdict correctness, and their interactions;
reference categories are CLEAN and NEU-
TRAL. All models include scenario-level random
intercepts to absorb item-specific difficulty, so coef-
ficients reflect within-item contrasts rather than dif-
ferences in scenario ambiguity. Post-hoc contrasts
are Holm-corrected. The results in Table 2 show
that the tone main effect on detection is significant,
with confident framing reducing detection log-odds
(β=−0.49), whereas tone effects on agreement and
trust are null (both F<1, p>.5). Fig. 4 nonetheless
shows that the effect is most pronounced for
OMISSION errors, and that confident explanations
sustain perceived trust—suggesting tone shapes
how users evaluate the process of reasoning, not
just whether they agree with its outcome.

Discussion. Our results resonate with prior works
on linguistic framing showing that confident deliv-
ery inflates perceived trustworthiness even when
the content is incorrect (Zhou et al., 2024, 2025;
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Figure 4: Error detection rates by tones. Points show
observed error detections, and vertical error bars indi-
cate 95% confidence intervals computed separately for
each tone × perturbation-type.

Sharma et al., 2024). We extend this line of work by
showing that tone effects persist when confidence
is expressed within reasoning grounded in multi-
modal evidence, and by separating its effects across
our three measures: confident tone suppresses de-
tection while leaving agreement and reported trust
unchanged. Users therefore keep relying on outputs
whose errors they have not noticed—a dissociation
between scrutiny and endorsement that points to
a need for explanations balancing informativeness
with epistemic humility.

Q3. How well do models detect errors in flawed
reasoning chains?

Beyond the human side, we ask whether models
themselves can detect the reasoning flaws shown
to participants. This question is motivated by
the generate-then-verify paradigm, in which
LLMs are increasingly deployed as judges of their
own or other model’s reasoning chains (Weng
et al., 2023; Zheng et al., 2023)—an approach
validated by whether verifier models can flag
the same errors as human reviewers. We also
prompt six VLMs—spanning three closed-source
models (GPT-5.2 (OpenAI, 2025), Claude
Sonnet 4.6 (Anthropic, 2026), and Gemini
2.5 Pro (Comanici et al., 2025)) and three
open-weight models (LLaVA-OneVision-7B (Li
et al., 2025), Qwen3-VL-8B (Bai et al., 2025),
and Molmo-7B-D (Deitke et al., 2025))—with the
image, the perturbed reasoning chain, and the
final judgment, and ask them to identify whether
an error is present and if so, which type. Fig. 5
reports false-positive rates on CLEAN chains and
true-positive rates on OMISSION, CONTRADIC-
TION, and HALLUCINATION chains. Mirroring
the human-side results, OMISSION remains the
hardest error type to detect across all models
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Figure 5: Model-side error detection across pertur-
bation types. CLEAN bars show false-positive rate (↓);
the other three show true-positive rate (↑) per error type.

(30–68%), substantially below CONTRADICTION

(70–94%) and HALLUCINATION (50–88%).

Stability of model-side detection. Single-call de-
tection may understate variance, so we re-run the
verifier task with five independent calls per item
on a fixed subset (50 chains per condition). Con-
tradictions are correctly identified in 100% of calls
and hallucinations in 95.6%, while omissions reach
only 28.4%. Item-level stability shows that contra-
dictions are detected in all five calls for every item,
whereas only 42.0% of omissions are detected even
once. Omission detection is thus not merely lower
on average but unstable across samples.

Discussion. Omissions being the hardest error for
both humans and models point to a shared mecha-
nism: detecting an omission means noticing what is
absent, whereas contradictions and hallucinations
present a concrete, locatable cue. Spotting miss-
ing premises is therefore harder than flagging an
inconsistency or a fabrication, for both human read-
ers and model verifiers. This has a direct implica-
tion for the generate-then-verify paradigm: model-
based verification is useful, but it should not be
treated as sufficient across all error types.

Verifier detection depends on how the verifier
is asked. Posing the same question to models and
humans keeps the tasks comparable but conflates
verifier capability with prompt framing. Across
three judge prompts (§ A.8), we find that contradic-
tion and hallucination detection is largely prompt-
insensitive, while omission detection ranges from
31% under a generic prompt to 79% under a
taxonomy-based prompt (used for our analysis) at
the same 20% false-positive rate on CLEAN chains,
and to 90% under an omission-targeted prompt at
a 50% false-positive rate. Closing the omission
gap through targeted prompting therefore trades
sensitivity against specificity.

5 Error Profiling of VLM Reasoning

While our controlled user study isolates effects of
specific reasoning flaws, we also ask whether such
patterns naturally arise in real-world outputs and
reasoning chains, by profiling prevalence of the
error and epistemic markers in the same VLMs
evaluated in § 4.

Reasoning Error Prevalence Profiling For 200
sampled multimodal scenarios, we collect expla-
nations from each model. Each chain is evaluated
using GPT-5.2, following the same error taxonomy
as in our user study (§3.1). To validate the reliabil-
ity of these automatic judgments, two annotators
independently review a stratified subset of chains
across models and templates, showing 92% agree-
ment (Cohen’s κ=0.86) for error profiling and 94%
agreement (Cohen’s κ=0.89) for tone profiling. As
Fig. 6 shows, omissions are the dominant error type
across models, accounting for roughly 56–68% of
profiled chains, while contradictions and hallucina-
tions occur less frequently.

To further test whether these rates are artifacts of
our elicitation prompt, we re-ran the profiling with
paraphrased and strictly grounded prompts, shifting
GPT-5.2’s judged error rate from 23.0% to 26.0%
and 19.0% (§ A.8): errors persist under all three, in-
cluding a prompt that explicitly instructs the model
to stay grounded and hedge under uncertainty. This
suggests that these distributions are a characteri-
zation of reasoning under CoT prompting practice
rather than prompt-invariant intrinsic error rates.
Linking these distributions to human sensitivity
(§4), we observe a clear prevalence–detectability
gap: OMISSION errors are the least detectable by
humans yet dominate in practice.

Eliciting Epistemic Markers. To probe stylistic
confidence, we test how often models produce epis-
temic markers of certainty or uncertainty in reason-
ing chains. Following Zhou et al. (2024), we use
three prompting templates: (1) CoT-only (“Explain
your reasoning step by step”), (2) Certainty-only
(“Provide your judgment with an explicit certainty
level”), and (3) CoT+Certainty (“Explain step by
step, explicitly marking certainty or uncertainty”).
From 50 samples per model per template, we
evaluate outputs using an LLM-as-a-Judge (GPT-
5.2) to identify boosters (certainty markers, e.g.,
definitely) and hedges (uncertainty markers, e.g.,
might). Across all models (Fig. 7), boosters appear
in roughly 35–50% of generations, while hedges
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Figure 6: In-the-wild error distribution by mod-
els. Stacked bar plots of reasoning chain perturbations
across six VLMs.

appear in 24–48%. Boosters are more frequent than
hedges, though the gap varies across models.

Discussion These in-the-wild analyses reveal two
compounding risks. First, omissions of steps are
both frequent (especially in closed-source models)
and under-detected by humans, making them a hid-
den driver of overtrust. Second, models overuse cer-
tainty markers relative to hedges, biasing their ex-
planations toward confident reasoning styles. This
combination, frequent omissions paired with con-
fident delivery, suggests that reasoning chains can
be prone to fostering blind trust and amplifying
miscalibration in model explanations.

6 Conclusion

We introduce a framework for controlled experi-
ments to examine how flawed reasoning chains and
confidence tones shape user trust in moral judg-
ments and explanations by VLMs. By systemati-
cally perturbing reasoning correctness (OMISSION,
CONTRADICTION, HALLUCINATION) and ma-
nipulating tones, we triangulate miscalibrated
trust through error detection, agreement, and self-
reported trust. We show that users often overlook
reasoning flaws when they agree with the final out-
come, with OMISSIONs emerging as both the most
frequent error in real model outputs and the hardest
to detect.

We also find that confident tones suppress
scrutiny while leaving self-reported trust intact, so
reliance is sustained even when the underlying rea-
soning is flawed. Together, these findings highlight
a prevalence–detectability gap in real-world mod-
els: explanation styles, both in structure and in tone,
can actively shape overtrust rather than passively
convey reasoning. Most explainability research
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Figure 7: Epistemic marker usage across models.
Strengtheners (boosters) are far more common than
weakeners (hedges), suggesting a systematic bias to-
ward confident reasoning styles.

has focused on the model side, improving the faith-
fulness, calibration, and interpretability of gener-
ated explanations (Lyu et al., 2023; Chen et al.,
2025; Turpin et al., 2023). Our findings suggest the
user side deserves comparable attention: even well-
formed reasoning chains fail to support calibrated
trust when users do not critically scrutinize them.
More broadly, our results have implications for
monitorability research (Korbak et al., 2025; Meek
et al., 2025), which has largely framed oversight as
a question of whether internal reasoning faithfully
reflects model behavior. Our findings suggest a
complementary front: external scrutiny of reason-
ing is driven less by chain quality than by surface
signals like outcome agreement and tone, so even
faithful reasoning chains may go unaudited when
the verdict feels right. Outcome-level signals such
as user–model disagreement could therefore be use-
ful for closer reasoning audits. We manipulate
error type and expressed confidence; whether epis-
temic humility or disagreement-triggered audits
improve detection is testable within it—the same
stimuli with an added audit-prompt condition—but
untested here. We therefore offer these as design
implications rather than validated interventions.

7 Limitations

While our study provides new insights into how
reasoning chains and confidence tone shape user
trust, several limitations remain. First, our design
relies on systematically constructed perturbations
rather than reasoning chains generated in-the-wild.
Although this lets us isolate error types and control
for correctness, model outputs often contain mixed
or subtler error patterns that our taxonomy may not
fully capture. In particular, some omission errors
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may have been perceived by participants as "too ob-
vious to mention" rather than as genuine reasoning
failures, potentially leading to under-detection. Fu-
ture work could examine whether different classes
of omissions (missing inferential steps versus omit-
ted but socially implicit information) have qualita-
tively distinct effects on user trust.

Second, our study focuses on a specific domain
of model usage, multimodal moral judgment. This
setting is well-suited for probing trust because
it involves intuitive, socially grounded reasoning
to which most participants can relate, yet it may
limit generalizability. Extending the design to text-
only domains, where the perceptual layer is absent,
would clarify whether confidence-induced overtrust
is driven by the structure and tone of the reason-
ing chain itself or whether multimodal perception
introduces an additional source of uncertainty.

Third, our manipulation of confidence tone uses
controlled lexical substitutions (hedges, boosters,
neutrals). This ensures internal validity but may not
capture the full pragmatic richness of tone in natu-
ral dialogue, such as prosody, discourse context, or
stylistic variation across languages; studying mul-
timodal delivery (e.g., voice, gesture, or interface
framing) remains an open challenge.

Fourth, our model-side detection study (§4 Q3)
prompts VLM verifiers with the same generic error-
detection question given to human participants.
While this keeps the human and model tasks compa-
rable, it likely understates model capability: a veri-
fier explicitly asked whether a necessary premise
is missing may detect omissions far more reliably
than what we observe under generic prompting.
Our model-side rates should therefore be read as a
floor rather than a ceiling, and pairing model-based
checks with targeted prompts or human validation
is a concrete direction for future work.

Finally, our measures of trust—detection, agree-
ment, and self-report—capture complementary as-
pects of user engagement but are not exhaustive.
We do not measure downstream reliance in con-
sequential tasks (e.g., decision-making or delega-
tion), which would provide stronger evidence of
real-world impact.

Overall, these limitations reflect the tradeoff be-
tween experimental control and ecological validity.
We see our work as a step toward a more com-
prehensive understanding of trust calibration, and
encourage future work to test our framework across
broader domains, user populations, and multimodal
delivery settings.

8 Ethical Considerations

Participant Safety and Consent. All user stud-
ies were conducted under IRB approval from our
institution. Participants were recruited via the Ama-
zon Mechanical Turk platform and provided in-
formed consent prior to participation. The moral
scenarios used in this study were drawn from pub-
licly available datasets (MORALISE (Lin et al.,
2026)) and were screened to exclude depictions
of graphic violence, hate speech, or personally
identifiable information. Participants were also
informed that they could withdraw at any time
without penalty. All collected responses were
anonymized and stored securely. No personally
identifiable information was collected beyond ba-
sic demographics (e.g., age group, country). Data
were used exclusively for research purposes and
will be released only in an aggregate form to ensure
participant privacy.

Model Outputs and Potential Harms. The
study involves evaluating and manipulating out-
puts from VLMs. While reasoning chains were
filtered for appropriateness, some text might con-
tain implicit biases or morally ambiguous content.

Broader Impacts and Responsible Use. Our
findings highlight that explanations, especially
well-structured reasoning chains, can inadvertently
foster blind trust. We caution against deploying
unfaithful or overconfident reasoning outputs in
high-stakes contexts such as healthcare, education,
or legal decision support. Developers and prac-
titioners should treat explanatory reasoning as a
communication feature that requires careful cali-
bration and user testing, not as a guarantee of model
reliability.
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A Appendix

A.1 Artifact Licensing and Intended Use

Scenarios are drawn from MORALISE (Lin et al.,
2026), released under the Apache 2.0 license,
which permits use, modification, and redistribution,
including for research. Our use of MORALISE,
sampling image–text moral scenarios to construct
controlled stimuli, is consistent with its intended
use as a benchmark for evaluating moral alignment
in vision-language models. We additionally use
seven models as generators or judges: GPT family
models, Gemini 2.5 Pro, and Claude Sonnet 4.6 via
their respective APIs under their terms of service,
and the open-weight models LLaVA-OneVision-
7B, Qwen3-VL-8B, and Molmo-7B-D under the
licenses provided by their authors. All models are
used solely for research, consistent with their in-
tended use. The artifacts we create—our perturbed
reasoning-chain stimuli (clean, omission, contra-
diction, and hallucination variants with confidence-
tone renderings)—are intended for research on AI
reasoning, trust, and evaluation, and will be re-
leased for research use only. Because these stimuli
are derivatives of MORALISE, we release them un-
der terms no more permissive than MORALISE’s
Apache 2.0 license and restrict their use to research
contexts, consistent with the access conditions of
the source data.

A.2 Model Inference Details

We list inference statistics for all six VLMs eval-
uated; three are open-weight with ∼7–8B pa-
rameters (LLaVA-OneVision-7B, Qwen3-VL-8B,
Molmo-7B-D) and three are API-accessed (GPT-
5.2, Gemini 2.5 Pro, Claude Sonnet 4.6). We
train no models; all model-side experiments are
inference-only. Open-weight inference was run on
a single NVIDIA Quadro RTX 6000 (24 GB), to-
taling approximately 5–10 GPU-hours across CoT
generation.

Inference settings. All model-side experi-
ments are inference-only. API models: GPT-
5.2 (gpt-5.2) with max_completion_tokens=1500
and temperature left at the provider default;
Claude Sonnet 4.6 (claude-sonnet-4-6) with
temperature=0.0, max_tokens=1500; Gemini
2.5 Pro (gemini-2.5-pro) with temperature=0.0,
max_output_tokens=1500. Open-weight models
(LLaVA-OneVision-7B, Qwen3-VL-8B, Molmo-
7B-D) use greedy decoding (do_sample=False)
with max_new_tokens=600; Molmo additionally

uses <|endoftext|> as a stop string. Unless other-
wise noted, results are from a single call per item;
the repeated-sampling check in § 4 is the exception.

A.3 Validating Perturbations with ROSCOE
To verify that our perturbations leave the expected
automatic diagnostic footprints, we evaluate ev-
ery chain with ROSCOE (Golovneva et al., 2023),
an automatic suite for reasoning-quality evalua-
tion. We use ROSCOE as a reference-relative per-
turbation check rather than as an absolute scorer:
because the clean chain serves as the reference
for reference-based ROSCOE dimensions, clean
scores can saturate by construction, so we report
CLEAN→perturbed shifts rather than interpreting
raw clean scores as independent estimates of rea-
soning quality.

We focus on the two ROSCOE dimensions
whose assumptions align most directly with our
manipulations: Missing-Step for omitted premises
and Self-Consistency for internal contradictions.
We do not apply ROSCOE’s Source-Consistency
dimension as an automatic check for HALLUCINA-
TION. ROSCOE’s Source-Consistency evaluates
a chain against its textual source, but in our mul-
timodal moral setting that source is intentionally
thin—a short scenario sentence—while many hallu-
cination perturbations are fabricated visual details
that the text neither states nor contradicts, and so
leave no source-level inconsistency for the metric
to detect. Our human annotators and VLM-judge
are instead given the image as ground truth, al-
lowing them to verify whether a perturbed detail
is actually grounded in the visual input. We use
the official ROSCOE implementation, computing
the Missing-Step and Self-Consistency diagnostics
with its default SBERT all-mpnet-base-v2 sen-
tence embeddings and DeBERTa-v3-large MNLI
scorer; all settings are left at their released defaults.

As Table 5 shows, the perturbations produce
the expected diagnostic footprints. Omissions
move Missing-Step most strongly (d = +2.38)
while leaving Self-Consistency essentially un-
changed (d = +0.03). Contradictions move Self-
Consistency as intended (d = +1.04); they also
register a smaller shift on Missing-Step (d =
+1.24), which is expected, since negating a load-
bearing step necessarily alters reference-aligned
step structure as well as internal consistency, and
does not indicate an unintended omission. Each
perturbation type is most strongly associated with
its target diagnostic, supporting the validity of the
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ROSCOE diagnostic dimension

Perturbation Missing-Step
(Omission)

Self-Consist.
(Contradiction)

OMISSION
+2.38

[+2.04,+2.86]

+0.03
[−0.20,+0.27]

CONTRADICTION
+1.24

[+1.08,+1.48]

+1.04
[+0.84,+1.28]

Table 5: Automatic diagnostic checks for perturba-
tion validity. Each cell reports the reference-relative
CLEAN→perturbed shift as Cohen’s d with 95% paired-
bootstrap CIs. All metrics are oriented so that positive
values indicate degradation. Bold marks the diagnostic
most directly associated with each perturbation; each
perturbation moves its own diagnostic while leaving the
other essentially unchanged.

targeted edits.

A.4 Judgment Correctness

Table 6 reports the main outcomes stratified by
MORALISE (Lin et al., 2026)-relative verdict cor-
rectness. We define a verdict as correct when the
model’s final judgment matches the MORALISE
binary label, and incorrect otherwise. We empha-
size that this notion of correctness is benchmark-
relative: binary labels reflect the annotator consen-
sus rather than absolute moral ground truth.

The stratified results show expected level shifts
across verdict conditions. Incorrect verdicts gen-
erally reduce agreement and trust, and increase er-
ror reports, including false alarms on clean chains.
This suggests that some participants may treat dis-
agreement with the final verdict as evidence that
the reasoning itself contains an error. However, the
central pattern remains stable across both verdict
conditions: omissions are less reliably detected
than contradictions and hallucinations, while agree-
ment and trust remain more closely tied to verdict
endorsement than to reasoning-error detection.

These results support our main-analysis choice
to average over verdict condition. Since our pri-
mary question concerns how reasoning errors and
confidence tone shape user scrutiny, rather than
the independent effect of benchmark-relative ver-
dict correctness, the main text reports marginal
outcomes over verdict condition while retaining
the stratified analysis here as a robustness check.

A.5 User Study Set Up

We recruit 800 U.S.–based AMT workers, com-
pensated at $12–15/hour. For annotation quality
control, we further exclude responses completed

in under 60 seconds, well below the median com-
pletion time. The median completion time is 6.8
minutes. While we did not collect granular mea-
sures of AI literacy or domain expertise, random
assignment ensures individual differences are dis-
tributed across conditions rather than confounded
with experimental manipulations.

A.6 User Study Examples
We include examples of the annotation interface
used in our user study in Figure 8 to illustrate the
task setup and participant experience. Each partici-
pant views a single randomly assigned image–text
scenario, generated by a Vision–Language Model
(VLM) with samples from MORALISE, and evalu-
ates the model’s reasoning and moral judgment.

Each stimulus consists of four components: (1)
an image, (2) a brief scenario description, (3) a
model’s step-by-step reasoning chain, and (4) its fi-
nal moral judgment (e.g., “Morally wrong” or “Not
morally wrong”). Participants then answer three
questions: (a) whether they detect any reasoning er-
ror (Yes/No), (b) how strongly they agree with the
model’s final judgment on a 1–7 Likert scale, and
(c) how much they trust the model’s response over-
all (1–7). An optional free-text field is provided for
brief rationales.

A.7 Stimulus Construction and Verification
A.7.1 Prompt for CLEAN Reasoning Chain

Generation
We generate clean reasoning chains using GPT-
4V with a constrained prompt designed to ensure
grounded, coherent, and non-hallucinatory expla-
nations. Below we provide a representative prompt
used for all CLEAN-chain generation.

System: You are an AI assistant that carefully
reasons about multimodal social situations.

User: You are given an image and a short descrip-
tion of a social situation. Your task is to produce a
step-by-step reasoning chain that leads to a moral
judgment.

1. Describe only what is visible in the image
and stated in the text.

2. Do not introduce entities, actions, or inten-
tions that are not grounded in the input.

3. Reason step by step, ensuring that each step
logically follows from the previous one.

4. Do not skip critical inferential steps.
5. Do not contradict earlier statements.
6. Conclude with a clear moral judgment

(Morally acceptable or Morally unaccept-
able).

If any information is uncertain, state it explicitly
rather than inventing details.

46702



Final Judgment Error Type Detection (%) Agreement (1-7) Trust (1-7)

Correct CLEAN 4 5.86 4.45
OMISSION 31 5.15 3.72
CONTRADICTION 55 4.62 3.10
HALLUCINATION 51 4.68 3.02

Incorrect CLEAN 27 2.54 1.97
OMISSION 48 2.81 1.98
CONTRADICTION 82 2.45 1.55
HALLUCINATION 78 2.07 1.43

Table 6: Main outcomes across conditions (error type × correctness). We see strong agreement-trust coupling
and clear error-type differences, with omissions the hardest to detect. Color intensity encodes a relative magnitude
of each metric: darker green = ↑ detection accuracy, darker blue = ↑ agreement, darker red = ↑ perceived trust.

A.7.2 Verification of CLEAN Reasoning
Chains

To ensure that CLEAN reasoning chains are com-
plete, coherent, and free of the targeted error types,
we conduct full human verification over all 800
clean chains prior to any perturbation.

Verification criteria. Annotators evaluate each
chain along four binary criteria derived from our
error taxonomy: (1) No OMISSION: the chain con-
tains all critical inferential steps linking observa-
tions to the final judgment; (2) No CONTRADIC-
TION: the chain contains no internal logical in-
consistency; (3) No HALLUCINATION: all entities,
actions, and attributes are grounded in the image or
scenario text; and (4) Logical coherence: the steps
follow a coherent progression from perception to
moral judgment. A chain is marked as CLEAN only
if it satisfies all four criteria.

Human annotation procedure. The authors re-
view the full set of 800 clean chains. Annotators are
blind to the downstream experimental conditions
and evaluate chains independently. Disagreements
are resolved by discussion only for the purpose
of reporting final labels; agreement statistics are
computed on the pre-discussion annotations.

Inter-annotator agreement. Across the 800
chains, annotators achieve a raw agreement of
96.6% and Cohen’s κ = 0.87, indicating strong
reliability. Most disagreements involve borderline
cases of perceived omission, rather than clear hal-
lucinations or contradictions. Chains that fail any
criterion are discarded and regenerated using the
same prompt until they pass both automatic and
human verification.

A.7.3 Validation of Perturbed Reasoning
Chains

Algorithm 1 Constructing perturbed reasoning
chains from a clean chain.
Input: Clean chain C = (s1, . . . , sT ), sce-

nario text x, image I , target type τ ∈
{OMISSION, CONTRADICTION, HALLUCINATION}

Output: Perturbed chain C′

1: Identify candidate sentence set S using a judge to score
sentence “load-bearingness” for the verdict

2: Select sentence index k ∼ SELECT(S) with constraints
(localized, minimal rewrite)

3: if τ = OMISSION then
4: Remove sk; minimally edit adjacent transitions for

fluency
5: else if τ = CONTRADICTION then
6: Rewrite sk to negate its core claim while keeping

structure (introduce internal inconsistency with earlier sj)
7: else if τ = HALLUCINATION then
8: Insert or rewrite a perception sentence to include a

plausible but unsupported detail not in (I, x)
9: end if

10: Run judge on C′ to verify: (i) target error present, (ii)
other error types absent

11: if verification fails then
12: Regenerate edit with a new k or revised minimal

rewrite
13: end if
14: return C′

Perturbation procedure. To estimate residual
noise introduced by our perturbation procedure, we
manually validate a stratified subset of perturbed
reasoning chains.

Sampling protocol. We sample a stratified sub-
set of N = 120 perturbed chains (40 per error type:
OMISSION, CONTRADICTION, HALLUCINATION),
balanced across verdict correctness (correct vs. in-
correct) and uniformly across scenarios.

Validation criteria. Each sampled chain is inde-
pendently reviewed by two annotators using the
same error taxonomy as in clean-chain verification.
Annotators check (1) whether the intended error
type is present, (2) whether any additional unin-
tended error types are introduced, and (3) whether
overall coherence and grammar are preserved.
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A.7.4 Tone Manipulation Checks
To verify that our tone manipulation does not un-
intentionally alter semantic presentations beyond
epistemic certainty, we conduct a post-hoc manipu-
lation check on all tone-variant reasoning chains.

Measures. For each reasoning chain rendered in
the three tone variants (Hedges, Boosters, Neu-
tral), we compute: (1) Token length, measured
as the number of wordpiece tokens; (2) Epistemic
marker counts, verifying that tone differences are
driven by the intended hedge/booster insertions.
Across all chains, differences in token length be-
tween tone variants are minimal (mean difference
= 1.5 tokens) and not statistically significant (one-
way ANOVA, p > .30). As intended, hedged vari-
ants contain significantly more uncertainty markers
(e.g., modals and hedging verbs), while confident
variants contain significantly more boosters (e.g.,
certainty adverbs and assertive phrases) (p < .001).
Neutral variants fall between the two. These results
confirm that tone manipulation primarily affects
expressed certainty rather than content.

Together, these checks indicate that our tone ma-
nipulation successfully isolates epistemic stance
without confounding tone with length, or overall
presentation quality.

A.8 Prompt Sensitivity Analyses

Prompt sensitivity can enter our model-side anal-
yses at two distinct stages, and we treat them
separately because they support different claims.
Stage 1 is the generation prompt used to elicit rea-
soning chains from VLMs in the in-the-wild pro-
filing of §5; sensitivity here affects how we should
interpret the reported error prevalence. Stage 2 is
the judge prompt used to classify a chain into our er-
ror taxonomy; sensitivity here affects the reliability
of our error labels and of the model-side detection
results in §4. A prompt that changes prevalence
estimates says something about models’ reasoning
behavior; a prompt that changes judge labels says
something about our measurement instrument.

A.8.1 Generation-Prompt Sensitivity
Setup. We re-ran the profiling procedure with
GPT-5.2 under three generation prompts on 50
MORALISE scenarios each (150 generations total).
In every condition the model receives the image
and the moral question and produces both a verdict
and a step-by-step explanation; chains are then la-
beled with the same taxonomy-based judge used

Generation prompt Judged error rate (%)

Original 23.0
Paraphrased 26.0
Strict-grounded 19.0

Table 7: Generation-prompt sensitivity. Proportion of
GPT-5.2 chains judged to contain at least one taxonomy
error, across three elicitation prompts (n = 50 scenarios
per prompt).

throughout (§5).

• Original. The prompt used in §5: reason step
by step about the image and give a final moral
judgment.

• Paraphrased. Same task, reworded: asks
whether the depicted or described action is
morally right or wrong, and explicitly requests
the visual or textual evidence and the moral con-
sideration behind the verdict.

• Strict-grounded. Adds constraints targeted at
the error types in our taxonomy: use only vis-
ible or stated information, distinguish observa-
tion from inference, avoid unsupported claims
about motives or relationships, avoid contradict-
ing earlier steps, and state uncertainty rather than
inventing details.

Result. Table 7 shows that judged error rates
shift with prompt wording but do not disappear:
explicitly instructing the model to stay grounded,
distinguish observation from inference, and hedge
under uncertainty reduces the judged error rate by
only 4 points relative to the original prompt, and
errors remain present in roughly one chain in five.
Paraphrasing without added constraints slightly in-
creases the rate.

Implication. We therefore do not present the
prevalence distributions in §5 as prompt-invariant
intrinsic error rates. They characterize what rea-
soning chains look like under typical CoT prompt-
ing practice, which is the condition users actually
encounter. The stability of the ordering across
prompts—rather than the absolute rates—is what
supports the prevalence–detectability argument.
This analysis covers a single model and a 50-
scenario subset, and we report it as a directional
robustness check rather than a full replication of
§5.
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CLEAN True-positive rate (%)

Judge prompt FP (%) OMI CON HAL

Generic 20 31 75 82
Taxonomy 20 79 98 99
Omission-targeted 50 90 82 80

Table 8: Judge-prompt sensitivity. False-positive rate
on CLEAN chains (↓) and true-positive rate per error
type (↑), evaluated against human-validated stimulus
labels. Omission detection varies by 59 points across
prompts; contradiction and hallucination detection re-
main high under the generic and taxonomy prompts.

A.8.2 Judge-Prompt Sensitivity
Setup. To test whether our error-labeling step
depends on judge-prompt wording, we evaluate
three judge prompts against the human-validated
labels of our controlled stimuli (§3.1), where the
ground-truth error type is known by construction
and confirmed by annotators. Because the stimulus
labels are fixed, disagreement here is attributable
to the judge prompt rather than to label ambiguity.

• Generic. Asks only whether the reasoning con-
tains a factual or logical error—matching the
question posed to human participants (§3.3).

• Taxonomy. Supplies definitions of OMISSION,
CONTRADICTION, and HALLUCINATION and
asks the judge to identify which, if any, is
present. This is the prompt used for error la-
beling throughout the paper.

• Omission-targeted. Additionally directs the
judge to check whether a premise necessary for
the verdict is missing.

Result. Table 8 shows a strong asymmetry. Con-
tradiction and hallucination detection is largely in-
sensitive to prompt wording, staying above 75% in
every condition. Omission detection ranges from
31% to 90%. Moving from the generic to the tax-
onomy prompt raises omission detection by 48
points at no cost in false positives on CLEAN chains.
Pushing further with an omission-targeted prompt
gains another 11 points but raises the CLEAN false-
positive rate from 20% to 50% and degrades con-
tradiction and hallucination detection, suggesting
the judge over-applies the primed category.

Implication. Two consequences follow. First,
our labeling choice is conservative with respect
to our own claims: the taxonomy prompt used
throughout the paper is the variant that detects omis-
sions best at a controlled false-positive rate, so our

reported omission prevalence is not an artifact of
an insensitive judge. Second, the model-side detec-
tion results in §4 use the generic prompt in order
to match the question posed to human participants,
which places those rates near the low end of this
range. As noted in §7, they should be read as a
floor on verifier capability rather than a ceiling.
More broadly, model-based verification is not a
fixed capability: what a verifier catches depends in
part on whether the operator already suspects the
error type in question—a circularity that matters
for the generate-then-verify paradigm, where the
error types most in need of detection are precisely
those the operator has not anticipated.

A.8.3 Cross-Validating Model-Verified Clean
Chains

Because VLM-as-a-judge is used for automatic
screening and large-scale profiling, we evaluate the
robustness of judge decisions by comparing GPT-
5.2 verifications with an independent model judge.

Cross-judge evaluation setup. We re-evaluate
the retained set of 400 clean reasoning chains us-
ing Gemini-2.5 Pro as an independent judge. The
model is prompted with the same error taxonomy
and instructed to identify the presence of OMIS-
SION, CONTRADICTION, or HALLUCINATION, or
to confirm that a chain is CLEAN.

Cross-judge agreement. Gemini-2.5 Pro agrees
with GPT-5.2’s labels on 91.5% of chains, with
Cohen’s κ = 0.82. Disagreements primarily arise
in edge cases involving subtle omissions, where
one judge marks a step as insufficiently explicit
while the other accepts it as implicit.

Implications for robustness. The high agree-
ment between two frontier models from different
families suggests that our clean-chain verification
is not idiosyncratic to a single model. Both judges
consistently identify hallucinations and contradic-
tions, which are the most salient failure modes for
downstream user trust. This cross-judge validation
supports the coherence of clean chains used in our
study.

A.8.4 Miscalibration Rates by Condition

We report per-condition trust miscalibration rates,
defined as cases where participants fail to detect
a reasoning error but nevertheless report high re-
liance (Agreement ≥ 5) or high trust (Trust ≥ 5).
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Definition. We define trust miscalibration as
cases in which participants fail to detect a reason-
ing error, yet still report high reliance on the model.
Concretely, a response is counted as miscalibrated
if the participant answers No to the error detec-
tion question while reporting either high agreement
with the model’s judgment (Agreement ≥ 5) or
high self-reported trust (Trust ≥ 5).

Estimation. Rates are computed per error type
and verdict correctness condition. We report Wil-
son score 95% confidence intervals to account for
binomial uncertainty.

Table 9: Miscalibration rates (missed error + high re-
liance/trust) by condition. Values show proportion with
95% CI in brackets.

Error Type Correct Verdict Incorrect Verdict

OMISSION 0.42 [0.36, 0.48] 0.35 [0.29, 0.41]
CONTRADICTION 0.11 [0.07, 0.16] 0.14 [0.09, 0.19]
HALLUCINATION 0.09 [0.05, 0.14] 0.12 [0.08, 0.18]

Takeaway. Omission errors exhibit substantially
higher miscalibration rates than contradictions or
hallucinations across verdict conditions, confirm-
ing that omissions are both less detectable and more
likely to sustain overtrust.

A.8.5 Mixed-Effects Statistical Models and
Robustness Checks

Model specifications. We fit mixed-effects mod-
els with scenario-level random intercepts to control
for item-specific difficulty. For error detection,
which is a binary outcome, we fit a logistic mixed-
effects regression model with fixed effects for ver-
dict correctness, error type, tone, and all interac-
tions among them, and a scenario-level random
intercept to account for item-specific variability.
For agreement and trust, which are measured on
1–7 Likert scales, we fit linear mixed-effects regres-
sion models with the same fixed-effect structure
and scenario-level random intercepts.

Inference and multiple comparisons. We report
fixed-effect coefficients with 95% confidence in-
tervals. Post-hoc contrasts are Holm-corrected to
control for multiple comparisons. Unless otherwise
stated, reported effects are statistically significant
after correction.

Robustness checks. We verify robustness un-
der: (i) alternative Likert binarizations (Agree-
ment/Trust ≥ 4 vs. ≥ 5), (ii) exclusion of bor-

derline omissions, and (iii) models with additional
covariates (scenario ambiguity and visual salience).
Across model specifications, omissions and confi-
dent tone are the strongest predictors of trust mis-
calibration.
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Figure 8: Example stimuli used in our user study. Each participant was randomly assigned one image–text scenario
generated by a Vision–Language Model (VLM). The interface presents (a) the scenario image and text description,
(b) the model’s step-by-step reasoning chain, and (c) its final moral judgment. Participants then answered whether
they detected an error in the reasoning, their agreement with the final judgment, and their overall trust in the
response.
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Figure 9: Overview of the study description and task instructions shown to participants. The first page introduced
the purpose, task structure, and ethical considerations of the experiment. Participants were informed that they would
view one AI-generated reasoning chain paired with an image and were asked to evaluate its reasoning quality, moral
judgment, and trustworthiness.

46708


