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Abstract
LLMs make it increasingly easy to generate deceptive con-
tent at scale, creating a need for scalable misinformation risk
evaluation based on whether readers find such content cred-
ible and are willing to share it. A natural approach is to ask
an LLM these questions directly and treat the returned scores
as predictions of the corresponding human ratings. Implicit
in this practice is the assumption that asking about a reader
response produces the score that best predicts it. We test
this assumption using matched credibility and willingness-to-
share ratings for 290 deceptive articles from 317 participants
and eight LLM evaluators. Unexpectedly, the assumption
holds for credibility but fails for sharing. For every evalua-
tor, credibility scores track human sharing at least as closely
as sharing scores, while sharing scores offer no detectable
benefit beyond credibility when predicting responses to un-
seen scenarios. This pattern persists when the questions are
asked separately or in reversed order. Our results suggest that
directly asking for the target response may not always yield
the most effective score for predicting it. Comparing direct
scores with indirect paths through related judgments may re-
veal a more effective predictive route. Deciding what to ask
may be as important as refining how to ask it.

1 Introduction
Large language models (LLMs) have made it easier to
produce false or misleading content (Kreps, McCain, and
Brundage 2022; Spitale, Biller-Andorno, and Germani 2023)
at scale. The risk posed by generated misinformation cannot
be assessed from generation alone, since it also depends on
how readers respond (Matz et al. 2024; Bai et al. 2025; Salvi
et al. 2025; Spitale, Biller-Andorno, and Germani 2023)
when they encounter the content (Pennycook et al. 2021;
Rathje et al. 2023; Traberg et al. 2024; Stefkovics and Gere
2026). Human studies provide direct evidence of these re-
sponses, but they are costly and difficult to conduct at the pace
of model generation (Dillion et al. 2023; Bail 2024; Hullman
et al. 2026; Krsteski et al. 2026). LLMs are therefore increas-
ingly used to estimate human ratings (Chiang and Lee 2023;
Dong, Hu, and Collier 2024; Bavaresco et al. 2025; Huidrom
and Belz 2025) and reactions (Aher, Arriaga, and Kalai 2023;
Argyle et al. 2023; Park et al. 2023; Ashokkumar et al. 2026).
Using LLM scores in this way (Zheng et al. 2023; Li et al.
2025; Thakur et al. 2025; Krumdick et al. 2025) offers a
scalable approach to misinformation risk evaluation (Cui,

Li, and Zhou 2025; Wang et al. 2025; Cao et al. 2025; An-
this et al. 2025), but its usefulness depends (Lin 2024; Licht
et al. 2025; Libovický 2026; Pangakis and Wolken 2025) on
how well those scores predict the responses of human read-
ers (Bisbee et al. 2024; Petrov, Serapio-García, and Rentfrow
2024; Ivey et al. 2026; Hoq and Weninger 2026).

Misinformation research commonly evaluates two reader
responses: perceived credibility and willingness to share
(Pennycook et al. 2021; Rathje et al. 2023; Sun and Xie
2024; Globig and Sharot 2024). Perceived credibility cap-
tures whether readers regard an article and its central claims
as believable, reflecting the potential for deceptive content to
gain acceptance (Ou and Ho 2024; Phillips et al. 2025; Spi-
tale, Biller-Andorno, and Germani 2023; Stefkovics and Gere
2026). Willingness to share captures whether readers would
pass the article on to others, reflecting its potential for further
circulation (Rathje et al. 2023; Sun and Xie 2024; Globig and
Sharot 2024; Traberg et al. 2024). Both responses have also
been used to assess the effects of AI-generated misinforma-
tion (Kreps, McCain, and Brundage 2022; Spitale, Biller-
Andorno, and Germani 2023; Stefkovics and Gere 2026). In
our study, human readers and LLM evaluators answer the
same credibility and sharing questions for the same articles
(Liu et al. 2023; Fu et al. 2024; Pan et al. 2024; Huidrom
and Belz 2025). The credibility score predicts human cred-
ibility more effectively than the sharing score, as expected.
Unexpectedly, the ordering reverses for human sharing: for
every evaluator, the credibility score is more predictive of hu-
man sharing than the score obtained by asking about sharing
itself.

We examine this reversal using matched human and LLM
ratings of 290 deceptive articles generated by three LLMs
across 99 misinformation scenarios. The scenarios span five
public-issue topics informed by the United Nations Sustain-
able Development Goals (SDGs). Each scenario pairs a false
or misleading claim documented by Reuters Fact Check with
a concrete communication goal, producing goal-directed de-
ceptive content grounded in misinformation that has circu-
lated in practice. A total of 317 Prolific participants provided
1,256 participant–article ratings, and eight LLM evaluators
rated the same articles. Human readers and LLMs answered
the same credibility and sharing questions using the same
1–7 scales (Santurkar et al. 2023; Atari et al. 2023; Hu and
Collier 2024; Lin et al. 2026). Since human credibility and



sharing are substantially related, credibility provides a plau-
sible indirect route to predicting sharing (Pennycook et al.
2021; Rathje et al. 2023; Sun and Xie 2024; Globig and
Sharot 2024). Direct prediction uses the LLM score ob-
tained from the question about the target response. Indirect
prediction begins with the score for the related judgment and
relies on its relationship with the target response. For hu-
man sharing, we therefore compare direct prediction from
the sharing score with indirect prediction through the cred-
ibility score. The same comparison for human credibility
serves as a positive control. We compare the two routes
in their associations with human ratings, their relative per-
formance when considered jointly, and their predictions for
unseen scenarios. We also test whether sharing scores add
predictive value beyond credibility and whether the findings
persist when the questions are asked separately or in reversed
order (Tjuatja et al. 2024; Zhou et al. 2024; Shi et al. 2025;
Chen et al. 2024).

The results consistently confirm the expected pattern for
credibility. Across all eight evaluators, credibility scores pre-
dict human credibility more effectively than sharing scores.
For human sharing, the advantage runs in the opposite direc-
tion. At the article level, credibility scores are more strongly
associated with human sharing for every evaluator. When
both scores are considered jointly, sharing scores are never
reliably the stronger predictor. On unseen scenarios, cred-
ibility scores produce lower prediction error for seven of
the eight evaluators. Sharing scores never detectably out-
perform credibility scores and add no detectable predictive
value once credibility is included. As a positive control,
credibility scores explain 11.3–18.0% of held-out variation
in human credibility. The main finding persists when the
credibility and sharing questions are asked separately or in
reversed order.

In this setting, the indirect route through credibility pro-
vides a more effective prediction of human sharing than the
direct route through the sharing question. This finding dis-
tinguishes semantic alignment between a question and its
intended target from predictive alignment between the re-
sulting score and human ratings. A question can match the
target in meaning while a related question produces a score
that predicts it better. Current practice often begins by ask-
ing an LLM for the desired response and then refining the
wording or supplying additional context. Our results suggest
that the initial choice of what the model should assess also
requires empirical validation. In misinformation risk evalu-
ation, and potentially in other applications that use LLMs to
estimate human responses, an indirect path through a related
assessment may provide a more effective prediction. Decid-
ing what to ask may be as important as refining how to ask
it.

2 Methodology
We operationalize misinformation risk evaluation through
perceived credibility and willingness to share. We then com-
pare whether asking about credibility or sharing produces
the score that better predicts each human response. Human
participants and LLM evaluators rate the same articles on
perceived credibility and willingness to share. The analyses

compare each score with both human ratings, compare the
two scores while holding the human rating fixed, and mea-
sure whether the sharing score improves held-out prediction
beyond the credibility score.

2.1 Evaluation Setting
Human participants and eight LLM evaluators read the same
articles and rate their perceived credibility and willingness
to share using the same questions and anchored 1–7 scales.

We use English news-style articles as a common format
across five public-issue topics: Environment, Health, Inno-
vation, Livelihood, and Safety. These topics cover broadly
consequential public issues and reflect domains that recur in
fact-checking practice. Within each topic, we select 20 false
or misleading claims documented by Reuters Fact Check,
producing 100 anchor claims in total. This grounds the task
in claims documented as circulating in practice rather than
arbitrary model-invented premises. We pair each anchor
claim with a concrete communication goal describing how
the claim could be used to attract attention or shape opin-
ion. Fixing the claim and goal while leaving their rhetorical
realization open defines one disinformation scenario.

Gemini 3 Pro Preview, Qwen Plus, and Qwen3-32B each
generate one article for every scenario using the same task
template, format requirements, and length constraints. The
prompt frames generation as a propagation task evaluated by
human readers, states that readers will score the article for
credibility and willingness to share, and asks the generator to
advance the communication goal while substantively using
the anchor claim. Generation uses a single turn, temperature
0, and no external retrieval. The three generators provide
alternative textual realizations of each fixed claim–goal pair,
and the robustness analysis reports results separately for each
generator. After excluding generation refusals, one scenario
that did not satisfy the study’s safety criteria, and one ar-
ticle without complete evaluator coverage, the final dataset
contains 290 articles from 99 scenarios. Each represented
scenario contains two or three versions of the same underly-
ing claim and communication goal.

2.2 Human Ratings
We recruited participants through Prolific in two waves. Par-
ticipants provided informed consent, received compensation,
and rated up to five distinct articles. Before rating each
article, they were asked to imagine encountering it during
everyday online reading, read naturally, answer from their
first impression, refrain from looking it up online, and avoid
guessing the researchers’ intent. We retained ratings that
passed the study’s quality checks. The final dataset contains
1,256 participant–article observations from 317 participants
across all 290 articles. Each article has between 1 and 19
participant observations, with a median of four and a mean
of 4.33.

Participants answered two questions on anchored 1–7
scales, where 1 denotes the lowest response, 4 a neutral
response, and 7 the highest response:
• Credibility: “Overall, do the main claims in this text feel

believable and realistic?”



• Willingness to share: “If you saw this text in daily life,
would you personally want to forward or share it with
others?”

The primary joint analysis uses the individual participant
ratings. Article-level averages are used only for descriptive
comparisons and held-out prediction.

2.3 LLM Ratings
We evaluate the eight hosted LLM versions listed in Table 1.
Claude and Gemini are accessed through OpenRouter, and
the GPT models through the OpenAI API. Ratings were
collected from March 19 to 25, 2026.

The six GPT releases represent successive models within
one provider family. Claude and Gemini add independently
developed provider families. The evaluator set therefore
covers both within-family model variation and cross-provider
variation.

Each evaluator receives one article and returns credibility
and willingness-to-share ratings in a single response. Calls
use one user message with no system message, tools, re-
trieval, or explicit reasoning setting. The prompt asks the
evaluator to respond from its first impression as an ordi-
nary reader without fact-checking. The reader framing, focal
questions, and anchored 1–7 scales match the human task,
with credibility presented first. Responses are requested as
a JSON object containing two integer scores. Temperature
is set to 0 for Claude, Gemini, GPT-4.1, and GPT-4o. The
GPT-5-series calls use the API default because those end-
points did not accept a custom temperature. We do not set
top-p, a seed, or a completion-token limit. The client time-
out is 120 seconds. We retain one successful completion per
article, with transient request or parsing failures retried up to
four total attempts. The 290-article set has complete ratings
from all eight evaluators.

2.4 Analysis
Does Each Score Correlate More Strongly with the
Matching Human Rating? Let HC and HS denote hu-
man credibility and sharing ratings, and let MC and MS

denote the corresponding evaluator scores. We first average
the human ratings within each article and calculate the four
article-level Spearman correlations between the two evalua-
tor scores and the two human responses. For evaluator m,
we define two correlation differences:

P
(m)
C = ρ(MC , HC)− ρ(MC , HS), (1)

P
(m)
S = ρ(MS , HS)− ρ(MS , HC). (2)

A positive value means that an evaluator score correlates
more strongly with the matching human rating than with
the other human rating. This statistic compares two human
ratings for one evaluator score. It does not compare the cred-
ibility and sharing scores for one human rating. We obtain
95% intervals for article-level quantities by resampling the 99
scenarios 2,000 times. For the participant-level correlation
between the two human responses, we resample participants
2,000 times and keep all ratings from each sampled partici-
pant together.

Table 1: Evaluator versions used for the primary ratings and
question-format checks.

Evaluator API model ID
Primary ratings
Claude Sonnet 4.5 anthropic/claude-sonnet-4.5
Gemini 3
Pro Preview

google/gemini-3-pro-preview

GPT-4.1 gpt-4.1-2025-04-14
GPT-4o gpt-4o
GPT-5 gpt-5-2025-08-07
GPT-5.1 gpt-5.1-2025-11-13
GPT-5.2 gpt-5.2-2025-12-11
GPT-5.4 gpt-5.4-2026-03-05

Additional question formats
Claude Sonnet 4.5 anthropic/claude-4.5-

sonnet-20250929
GPT-5.4 openai/gpt-5.4
Gemini 3.1
Pro Preview

google/gemini-3.1-
pro-preview

Credibility and sharing are related human responses. A
sharing score can correlate positively with human sharing
simply because both are associated with credibility. The cor-
relation differences show whether each score is more closely
related to the human rating named in its question.
Which Score Better Predicts Each Human Rating? Our
primary analysis uses all individual human ratings and places
both human responses in one standardized linear mixed
model. For each evaluator, the fixed relationships are

HC = αC + βCCMC + βCSMS + · · · , (3)
HS = αS + βSCMC + βSSMS + · · · . (4)

The two evaluator scores and the two human responses
are standardized before fitting. For human credibility,
AC = βCC − βCS is the credibility-score coefficient mi-
nus the sharing-score coefficient. For human sharing,
AS = βSS − βSC is the sharing-score coefficient minus
the credibility-score coefficient. A positive value means
that the score produced by the matching question has the
stronger relationship with the human rating. Random in-
tercepts account for differences in how participants use the
scale, differences shared by articles from the same scenario,
article-level differences, and the paired credibility and shar-
ing responses from the same participant–article observation.
The full-sample model also includes outcome-specific indi-
cators for the recruitment wave. We fit the Gaussian mixed
models by restricted maximum likelihood and calculate Wald
95% intervals from the fixed-effect covariance matrix.

The joint model retains individual human ratings instead
of treating article averages with unequal numbers of obser-
vations as equally precise labels. It also enters both evaluator
scores together, so the coefficient differences compare their
relationships with the same human rating after accounting
for information shared by the two scores.
Does the Sharing Score Add Incremental Predictive
Value? For each evaluator and human response, we com-
pare three linear prediction models using the credibility



score, the sharing score, or both scores. We use ten-fold
cross-validation grouped by scenario. All versions of the
same underlying claim remain in one fold, and every arti-
cle serves as held-out data exactly once. For human shar-
ing, the first difference is the sharing-only RMSE minus the
credibility-only RMSE, so a positive value means that the
credibility score predicts better. The second difference is
the credibility-only RMSE minus the two-score RMSE, so
a positive value indicates that adding the sharing score im-
proves prediction. Confidence intervals use 5,000 scenario-
bootstrap samples of the held-out errors. We report held-out
R2 descriptively. As a check that the procedure can recover
a predictable human rating, we also use credibility scores to
predict human credibility.

The held-out comparison measures the relative error of
the two single-score models and whether combining them
improves prediction on unseen content. Grouping folds by
scenario prevents versions of the same claim from appearing
in both training and test data. RMSE is prediction error
on the original 1–7 human article-mean scale, where lower
values are better. We calculate pooled out-of-fold R2 as
1−

∑
i(yi− ŷi)

2/
∑

i(yi− ȳ)2, where ȳ is the overall mean
of the observed article means. A value of zero matches that
constant baseline in pooled squared error, and a negative
value is worse.

Uncertainty and Robustness. We repeat the joint-model
and held-out analyses using only the second recruitment
wave. We also fit a joint fixed-effects model with stan-
dard errors clustered by participant and scenario. Finally,
we stratify the articles by their generating model and repeat
the correlation, clustered coefficient, and held-out prediction
analyses within each generator subset. All reported intervals
are two-sided 95% intervals.

Because the original prompt requests both scores in one
response and presents credibility first, we also test whether
this prompt format creates the result. Claude Sonnet 4.5
rates all 290 articles under four prompt versions: the original
credibility-then-sharing order, the reversed order, credibility
only, and sharing only. GPT-5.4 and Gemini 3.1 Pro Preview
rate a deterministic 99-article subset under the same prompt
versions. The subset contains one article from every scenario
and is balanced across the three article generators, with 33
articles from each. Wording, scales, and API parameters
remain unchanged except for question order and separation.
Calls were made through OpenRouter on July 12–13, 2026.
Claude, GPT-5.4, and Gemini were routed through Ama-
zon Bedrock, OpenAI, and Google AI Studio, respectively.
Their returned model IDs are listed in Table 1. We compare
how strongly the separately obtained sharing and credibility
scores correlate with human sharing, estimate the interval of
their difference with 5,000 scenario-bootstrap samples, and
repeat the individual-rating and scenario-held-out analyses
for these scores.

3 Results
Across all eight evaluators, asking about credibility produced
a score at least as strongly associated with human sharing
as asking about sharing itself. The sharing question there-

fore provided no predictive advantage for human sharing.
In joint models of individual human ratings, the credibil-
ity score was more strongly related to human credibility than
the sharing score for all eight evaluators, whereas the sharing
score was never reliably more strongly related to human shar-
ing than the credibility score. When predicting unseen sce-
narios, sharing-only models did not detectably outperform
credibility-only models, and adding the sharing score pro-
duced no detectable improvement. These findings persisted
across recruitment waves, statistical analyses, and article gen-
erators. They also remained when the questions were asked
separately or in reversed order. Sharing scores nevertheless
remained positively correlated with human sharing, showing
why comparisons limited to correspondingly named scores
and responses can miss this outcome misalignment.

3.1 Correlations with the Matching and Other
Human Ratings

Human credibility and willingness to share are substan-
tially related. Their Spearman correlation is .639 at the
participant–article level, with a participant-bootstrap 95%
interval of [.585, .689], and .620 between the article means.
This relationship makes the conventional same-outcome
comparison appear favorable. Across the eight evaluators,
the article-level correlation between model and human credi-
bility ranges from .369 to .450, while the correlation between
model and human sharing ranges from .145 to .226. All
16 same-outcome correlations are positive, with scenario-
bootstrap intervals above zero.

Table 2 compares each evaluator score with both human
responses. For credibility scores, the correlation difference
PC ranges from .161 to .223 and is positive for all eight eval-
uators, with every interval above zero. For sharing scores,
PS ranges from −.124 to .019. Only GPT-5.1 has a positive
point estimate, and no PS interval lies above zero. Each
statistic fixes one evaluator score and compares its correla-
tions with the two human ratings. The same table also fixes
human sharing and compares the two evaluator scores. For
every evaluator, the credibility score is at least as strongly
correlated with human sharing as the sharing score is. Posi-
tive correlation between a sharing score and human sharing
can therefore coexist with an equally strong or stronger cor-
relation from the credibility score.

3.2 Comparing the Two Scores in Individual
Human Ratings

The joint models evaluate both scores simultaneously while
retaining variation across individual human responses. Fig-
ure 1A and Table 3 show that the coefficient difference AC

ranges from .224 to .466, and all eight 95% intervals lie
above zero. Thus, the credibility score is more strongly re-
lated to human credibility than the sharing score for every
evaluator. For human sharing, AS ranges from −.088 to
.050, and none of the eight intervals lies above zero. The
sharing score is therefore never reliably more strongly related
to human sharing than the credibility score.
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Figure 1: Comparing evaluator scores for human credibility and sharing. Panel A reports the standardized coefficient difference
between the score from the matching question and the other score for each human rating. Positive values favor the matching
question. Panel B reports held-out RMSEC-only − RMSEC+S for human sharing. Positive values indicate improvement from
adding the sharing score. Points show estimates and bars show 95% intervals.

Table 2: Article-level Spearman correlations between each
evaluator score and the two human responses. Bold marks
the larger correlation within each evaluator score.

Credibility score Sharing score
Evaluator HC HS HC HS

Claude-4.5 .399 .238 .283 .159
Gemini-3-Pro .369 .146 .261 .145
GPT-4.1 .439 .239 .283 .195
GPT-4o .425 .246 .309 .226
GPT-5 .425 .241 .301 .183
GPT-5.1 .433 .249 .193 .212
GPT-5.2 .450 .250 .238 .219
GPT-5.4 .439 .254 .217 .198

3.3 Sharing Scores Do Not Improve Prediction on
Unseen Scenarios

For unseen claims and communication goals, we first com-
pare credibility-only and sharing-only prediction. Ta-
ble 4 shows that credibility-only prediction has lower point-
estimate error for seven of eight evaluators, while sharing-
only prediction has slightly lower error for Gemini. The dif-
ference ∆d = RMSE(S)−RMSE(C) ranges from −.0082
to .0197, and all eight 95% intervals include zero. Thus,
asking about sharing produces no detectable advantage over
asking about credibility.

Figure 1B and Table 4 show whether the sharing score im-
proves prediction after the credibility score is known. Adding
the sharing score produces a detectable reduction in human-
sharing prediction error for none of the eight evaluators. The

Table 3: Standardized coefficient differences from joint mod-
els of individual human ratings. AC compares the credibility
and sharing scores for human credibility. AS compares the
sharing and credibility scores for human sharing. Positive
values favor the score from the matching question.

Credibility Sharing
Evaluator AC p AS p

Claude-4.5 .331 < .001 −.079 .333
Gemini-3-Pro .224 .006 .050 .541
GPT-4.1 .392 < .001 −.088 .188
GPT-4o .466 < .001 −.048 .595
GPT-5 .303 < .001 −.052 .432
GPT-5.1 .311 < .001 −.024 .655
GPT-5.2 .264 < .001 −.031 .564
GPT-5.4 .347 < .001 −.084 .122

RMSE difference ∆a = RMSE(C)−RMSE(C+S) ranges
from−.0049 to .0060, and every 95% interval either includes
zero or lies below it. Positive values favor adding the sharing
score. The observed values are close to zero or negative, in-
dicating no improvement and in several cases slightly greater
prediction error.

Human-sharing prediction is weak for both single-score
models. The largest pooled out-of-fold R2 is .048, so the
best model reduces squared prediction error by 4.8% relative
to predicting the overall mean of the observed article means.
Gemini’s negative credibility-onlyR2 indicates performance
slightly worse than that constant baseline.

For human credibility, the credibility-only models reduce



pooled squared prediction error by 11.3% to 18.0% relative
to the overall-mean baseline. The evaluation setting and
validation procedure can therefore detect predictive signal
for a human response, while the score obtained by asking
about sharing supplies no detectable improvement beyond
the credibility score for predicting human sharing.

3.4 Robustness Across Question Formats, Human
Samples, and Analyses

The main result could be caused by the original prompt
format because credibility appears before sharing and both
scores are requested in one response. We therefore repeated
the evaluation with sharing presented first and with each
question asked in a separate call. Neither change made the
sharing score more predictive of human sharing than the
credibility score.

When the questions are asked separately, the sharing-
score minus credibility-score correlation differences for hu-
man sharing are −.051 [−.154, .053] for Claude, −.039
[−.211, .130] for GPT-5.4, and−.037 [−.205, .123] for Gem-
ini. Presenting sharing first produces corresponding dif-
ferences of −.089 [−.161,−.023], .007 [−.144, .145], and
−.032 [−.176, .107]. The individual-rating analyses yield
the same conclusion. When the questions are asked sepa-
rately, the coefficient differences favoring the sharing score
are −.070 [−.174, .033] for Claude, −.082 [−.259, .095]
for GPT-5.4, and −.048 [−.189, .094] for Gemini. In
scenario-held-out prediction, sharing-only minus credibility-
only RMSE is .011 [−.015, .039], .019 [−.018, .056], and
.013 [−.020, .047], respectively. None favors the score ob-
tained by asking about sharing. The credibility checks re-
main positive for all three models, with RMSE gains of .074
[.012, .143], .091 [.010, .171], and .084 [.010, .166].

The findings also remain when the human sample and sta-
tistical analysis change. Table 5 summarizes these checks.
When the joint models use only the second recruitment wave,
the credibility score is more strongly related to human cred-
ibility than the sharing score for seven of eight evaluators,
while the sharing score is more strongly related to human
sharing for none. When standard errors are clustered by
participant and scenario, the corresponding counts are eight
of eight and zero of eight in both the full sample and the
second-wave sample. The credibility coefficient difference
also exceeds the sharing coefficient difference for seven of
eight evaluators in each analysis. Gemini is the exception
because its interval for the difference includes zero. Re-
peating held-out prediction with only the second wave again
produces no detectable improvement from the sharing score
for any evaluator. The maximum human-sharing R2 is .029,
while the credibility check ranges from .068 to .125.

The result also persists across the three models that gen-
erated the articles. Credibility-score correlation differences
are positive in all 24 generator-by-evaluator combinations.
Scenario-bootstrap intervals are above zero for 8 of 8 eval-
uators on Gemini-generated articles, 1 of 8 on Qwen-Plus
articles, and 2 of 8 on Qwen3-32B articles. In the participant-
by-scenario clustered analysis, the credibility score is more
strongly related to human credibility than the sharing score
for 8 of 8, 3 of 8, and 7 of 8 evaluators, respectively. No

Table 4: Scenario-held-out prediction. Panel A compares
credibility-only and sharing-only prediction for human shar-
ing. Panel B tests whether adding sharing improves on
credibility-only prediction and reports the credibility posi-
tive control. Positive ∆d favors credibility-only; positive ∆a

favors adding sharing.

A. Direct comparison for human sharing
Evaluator R2

S(C) R2
S(S) ∆d [95% CI]

Claude-4.5 .036 .004 .0170 [−.0058, .0427]
Gemini-3-Pro -.002 .014 −.0082 [−.0251, .0080]
GPT-4.1 .030 .000 .0156 [−.0033, .0424]
GPT-4o .040 .029 .0058 [−.0093, .0236]
GPT-5 .033 -.005 .0197 [−.0098, .0599]
GPT-5.1 .048 .013 .0182 [−.0089, .0547]
GPT-5.2 .035 .025 .0050 [−.0172, .0274]
GPT-5.4 .033 .000 .0170 [−.0093, .0491]

B. Incremental prediction and positive control
Evaluator R2

S(C+S) ∆a [95% CI] R2
C(C)

Claude-4.5 .029 −.0041 [−.0080,−.0009] .141
Gemini-3-Pro .009 .0060 [−.0115, .0242] .113
GPT-4.1 .021 −.0049 [−.0111,−.0004] .167
GPT-4o .034 −.0031 [−.0101, .0028] .165
GPT-5 .028 −.0024 [−.0067, .0009] .155
GPT-5.1 .046 −.0006 [−.0119, .0092] .180
GPT-5.2 .036 .0008 [−.0098, .0110] .177
GPT-5.4 .024 −.0043 [−.0096,−.0001] .162

Table 5: Number of evaluators for which the 95% interval
favors the score from the matching question. The final col-
umn compares the coefficient differences for credibility and
sharing.

Analysis Credibility Sharing Cred. > Sharing
Mixed model, full 8/8 0/8 7/8
Mixed model, wave 2 7/8 0/8 7/8
Two-way cluster, full 8/8 0/8 7/8
Two-way cluster, wave 2 8/8 0/8 7/8

generator subset shows that the sharing score is reliably more
strongly related to human sharing than the credibility score.
Adding the sharing score yields no detectable held-out im-
provement in any of the 24 combinations, while credibility
R2 values range from .017 to .302. The pattern is therefore
not attributable to articles from only one generator, although
the strength of the credibility result varies across generator
subsets.

4 Discussion
In LLM-based misinformation risk evaluation, semantic
alignment between a question and its intended response does
not guarantee predictive alignment between the resulting
score and that response. In our experiments, the question
explicitly asked about willingness to share, yet the resulting
score was no more closely related to human sharing than the
score obtained from the credibility question across all eight



evaluators. The same pattern persisted when the questions
were asked separately and when sharing appeared first. Thus,
changing what an evaluator is asked to score can change the
label and numerical output without changing which human
response the score predicts best.

LLM evaluators are often asked to assign separate scores
to related properties of the same output, including help-
fulness, harmlessness, persuasiveness, and trustworthiness
(Zheng et al. 2023; Li et al. 2025). LLMs are also used
to estimate likely human or user responses (Dong, Hu, and
Collier 2024; Choi, Young, and Ferrara 2026). Each ques-
tion can produce a distinct numerical score while the scores
still recover largely overlapping human signals. When they
are used as labels, rewards, ranking criteria, or optimiza-
tion objectives, multiple scores may repeatedly emphasize
the same predictable property while providing little control
over the other intended dimensions. The number of explic-
itly requested dimensions can therefore exceed the number
of dimensions that the evaluator distinguishes in practice.

The broader scientific question concerns the relationship
between semantic structure and predictive structure in LLM-
based risk evaluation and related human-response estimation
tasks. Concepts are organized by meaning: credibility and
willingness to share are related but substantively distinct, and
each question is semantically closest to its correspondingly
named human response. Scores produced by those ques-
tions induce a second structure, defined by which human
responses they actually predict and how strongly. A simple
correspondence between the two structures would make the
sharing question the best predictor of human sharing. Our
results provide a clear counterexample: the semantic match
remains exact, while the predictive ordering is reversed or
indistinguishable across evaluators. The central research
problem is therefore to determine when semantic relations
among concepts are preserved in the predictive relations of
LLM scores, when they are reordered, and what governs the
mapping between the two structures. This mapping can be
studied across sets of related concepts and human outcomes,
revealing whether semantic proximity reliably identifies the
most predictive model judgment.

5 Limitations
This study focuses on 290 English news-style deceptive ar-
ticles spanning five public-issue topics, with human ratings
collected from a Prolific participant sample. The study mea-
sures stated willingness to share rather than observed sharing
behavior. The applicability of the findings to other content
forms, languages, populations, and behavioral outcomes re-
mains to be established.

All eight evaluators are tested under one matched, content-
only evaluation procedure. The separate-question and
reversed-order checks cover three provider families, with all
290 articles for Claude and a scenario-balanced 99-article
subset for GPT-5.4 and Gemini 3.1 Pro Preview. The Gem-
ini check uses the available successor to the Gemini 3 Pro
Preview model in the main study, and the other five evalua-
tors are not tested under these additional formats. Providing
reader profiles, audiences, incentives, sharing contexts, or a
different question design may change the information carried

by the sharing score. The absence of a detectable held-out
improvement here does not establish that sharing scores con-
tain no independent information under every setting.

6 Ethics Statement
The study received institutional ethics approval. All partici-
pants took part voluntarily after providing informed consent
and received compensation through Prolific. We did not
collect names or other direct identifiers. Analysis data use
study-specific identifiers and exclude platform identifiers,
timestamps, demographic variables, and free-text responses.

The research materials contain synthetic false or mislead-
ing claims and were handled as potentially harmful content.
Materials released for reproducibility will be clearly identi-
fied as synthetic research artifacts rather than factual news.

Generative AI tools were used to assist with language
editing and manuscript preparation. All claims, analyses,
citations, and final text were verified by the authors, who
take full responsibility for the manuscript.

7 Data and Code Availability
Upon publication, we will release the 290 articles, de-
identified participant–article ratings, frozen evaluator scores,
evaluation prompts, and code required to reproduce the re-
ported analyses, tables, and figures.
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