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Abstract
As generative AI makes polished prose cheap to
produce, users can no longer rely on fluency as a
proxy for truth. We call this failure mode the Flu-
ency Trap: users trust fluent hallucinations while
also discounting accurate content once it is disclosed
as AI-generated. Binary “Made with AI” labels re-
spond with authorship disclosure, but they do not
show what supports a claim. We propose Prove-
nance Density, an evidence-visualization interface
that shows the density of verified claims in a text.
In a user study with 81 participants, an idealized
Provenance Density interface produced a large dis-
cernment gap between truth and fabrication (+4.15
points, d = 1.82), whereas participants given no
signal showed no detectable discrimination. A tech-
nical audit with 200 samples shows that retrieval
density alone is insufficient; unexpectedly, the Con-
sistency Veto carries most of the discriminative sig-
nal on dynamic queries. As AI-generated content
becomes indistinguishable from human writing, ef-
fective transparency must move from authorship
disclosure toward evidence visualization.

1 Introduction
The modern information ecosystem relies on a fluency heuris-
tic: we assume that high-quality, articulate, polished text sig-
nals human effort and, by extension, credibility [Hertwig et
al., 2008]. For most of history, this heuristic assumption was
rational [Hertwig et al., 2008; Marewski and Schooler, 2011].
Costly Signaling Theory explains why: a signal is trustworthy
only when faking it is prohibitively expensive [Spence, 1978;
Zahavi, 1975; Gintis et al., 2001]. Producing polished prose
once required years of education and editorial labor. Thus,
fluency served as a reliable proxy for competence, stabilizing
trust in science, law, and journalism.

The user study was approved by the University of Tokyo
institutional review process. Code, data, prompts, and au-
dit materials are available at https://github.com/artisticsciencex/
ijcai-ecai-2026-provenance-density.

Generative AI disrupts this mechanism by reducing the
marginal cost of fluency to near-zero [Galdin and Silbert,
2025]. Large Language Models (LLMs) enable the mass
production of professional-sounding text regardless of the
author’s underlying expertise. This collapse of the “sepa-
rating equilibrium” creates what we term a Fluency Trap:
a structural vulnerability where users continue to trust flu-
ent text as if it were costly, even when it is generated
cheaply by systems indifferent to truth. Psychological ev-
idence on the Illusion of Truth suggests that ease of pro-
cessing suppresses epistemic vigilance [Hasher et al., 1977;
Reber and Schwarz, 1999; Dechêne et al., 2010; Sperber
et al., 2010]. This tendency leaves humans susceptible to
“hallucinated plausibility”, text that is syntactically perfect
but semantically ungrounded [Reber and Unkelbach, 2010;
Unkelbach et al., 2011].

Current governance responses, specifically binary “Made
with AI” disclosures, fail to address this decoupling. By focus-
ing on identity (“Who wrote this?”) rather than provenance
(“What supports this?”), these measures often induce epistemic
stigmatization rather than calibrated skepticism [Nakano et al.,
2026; Simon et al., 2023]. Users frequently discount accurate
AI-generated information solely due to its synthetic origin, a
phenomenon we characterize as a “Transparency Penalty.”

We frame Provenance Density as a cognitive affordance for
reading in the LLM era. Instead of asking users to evaluate ve-
racity from prose alone, the interface shifts attention toward ex-
trinsic evidence: high-contrast indicators visualize the density
of verified claims, offloading part of the verification burden
from working memory to the interface [Chirayath et al., 2025;
Clark and Chalmers, 1998].

We validate this approach through a dual-stream evaluation.
First, we conduct an automated technical audit (N = 200) on
a composite of TruthfulQA [Lin et al., 2022] and FreshQA [Vu
et al., 2024] to test robustness against both adversarial mis-
conceptions and dynamic ambiguity. Second, we run a within-
subjects user experiment with 81 participants to measure
truth discernment. Our results empirically confirm the Flu-
ency Trap: in the absence of signals, users failed to distinguish
high-fluency hallucinations (M = 6.28) from ground truth
(M = 5.78; p = .43). While binary labels acted as a blunt
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warning, Provenance Density restored truth discernment under
correct signaling (d = 1.82, p < .001).

We make three main contributions: Theory: We synthesize
the mechanics of the Fluency Trap (Section 2), detailing how
RLHF-driven sycophancy structures the decoupling of fluency
from veracity. Design: We propose Provenance Density (Sec-
tion 3), a formalized metric (D(T )) and interaction paradigm
that imposes a computational verification handicap on gener-
ated text. Evidence: We provide convergent empirical results
(Section 4 & 5.1). Our technical audit (N = 200) confirms the
metric’s “Consistency Veto” against confident hallucinations,
while our user study (N = 81) demonstrates that the interface
increases the truth discernment gap to +4.15 points.

2 Related Works
We argue that the decoupling of fluency from veracity is not
an accidental byproduct of LLM scaling, but a structural in-
evitability driven by two converging factors: an economic shift
from costly signaling to cheap talk, and a technical objective
function that prioritizes plausibility over truth.
From Hallucination to Indifference. While early critiques
of Large Language Models (LLMs) focused on “hallucina-
tions” as sporadic errors, recent scholarship suggests a more
structural diagnosis. The framework of “Machine Bullshit”
has been proposed to distinguish these outputs from lying, de-
fined instead by the model’s fundamental indifference to truth
value [Liang et al., 2025]. Analysis of the “Bullshit Index”
reveals that Reinforcement Learning from Human Feedback
(RLHF) exacerbates this issue, incentivizing models to priori-
tize rhetorical plausibility and “paltering” (misleading use of
truth) over factual grounding. Consequently, the resulting text
is optimized to bypass human epistemic vigilance.

This structural indifference renders traditional governance
mechanisms, such as binary warning labels, largely ineffective.
Empirical evaluations demonstrate a “failure of inoculation”:
while pre-emptive warnings about AI fallibility successfully
reduce global trust in the system, they fail to mitigate reliance
on specific misleading articles once the user is engaged with
the content [Spearing et al., 2025]. This discrepancy, where
users theoretically acknowledge AI bias but practically accept
AI fluency, underscores the limitations of heuristic warnings
and motivates our proposal for granular Provenance Density
indicators.
The Structural Decoupling of Fluency. Our analysis is
grounded in the Handicap Principle, which posits that reliable
signals must impose a cost on the signaler [Zahavi, 1975]. His-
torically, linguistic polish functioned as this handicap, creating
a Separating Equilibrium where articulate text correlated with
competence [Spence, 1978]. Generative AI collapses this bal-
ance into a Pooling Equilibrium, where expert testimony and
fabrication can share the same polished form [Spence, 1978;
Galdin and Silbert, 2025].

This shift is sustained by the technical alignment of mod-
ern LLMs. Reinforcement Learning from Human Feedback
(RLHF) can incentivize sycophancy, where models priori-
tize user agreement over factual accuracy [Sharma et al.,
2024]. Evidence shows that models will agree with illogi-
cal premises to remain “helpful” [Chen et al., 2025] and flip

arguments to match user views [Kaur, 2025]. This results in
“Machine Bullshit”—text optimized for rhetorical persuasion
rather than truth [Liang et al., 2025]. This decoupling can be-
come self-amplifying: recursive training on such high-fluency,
low-entropy data leads to Model Collapse, where the “tails” of
human variance are lost to a homogenized mean [Shumailov
et al., 2024].
The Failure of Post-Hoc Governance. Current governance
relies on the assumption that users, once warned, can critically
evaluate AI-generated text. However, empirical work shows
that polished AI prose can still appear highly credible [Jakesch
et al., 2023], and AI literacy does not reliably translate into
consistent fact-checking behavior [Rheu and Cho, 2025].

Binary disclosures (e.g., “Made with AI”) often exacerbate
the issue through Epistemic Stigmatization. Studies show
a “transparency penalty” where disclosure reduces perceived
trustworthiness even when content quality is constant [Nakano
et al., 2026; Cheong et al., 2025]. This creates a worst-case
scenario: warnings trigger global skepticism (cynicism) with-
out enabling local verification (vigilance). Users effectively
whitelist human disinformation while blacklisting accurate AI
assistance [Buder and Unfried, 2024].
Limitations of Automated Detection. While automated
detectors are proposed as an enforcement mechanism, they
exhibit substantial bias against linguistically marginalized
groups. Detectors relying on perplexity heuristics frequently
misclassify the lower-perplexity lexical patterns of non-native
speakers as AI-generated [Liang et al., 2023], leading to
“hermeneutical access injustice” [Kay et al., 2024]. The ad-
versarial nature of detection also creates an arms race that
generators inevitably win. We therefore shift the paradigm
from post-hoc detection of authorship to intrinsic signaling of
Provenance Density.

3 Defining Provenance Density
To function as a costly signal in the game-theoretic sense,
Provenance Density must be computationally hard to fake.
We define the Provenance Density score D for a given text
T as a theoretical function of verifiable claims weighted by
source reputation, contextual relevance, and internal semantic
consistency.

3.1 Proposed Metric: D(T )
We propose a density metric that integrates external verifica-
tion (Retrieval Augmented Generation) [Lewis et al., 2020]
with internal uncertainty quantification. Drawing on Farquhar
et al. [2024], we introduce a penalty term Pint based on the
Semantic Entropy of the claim to filter out confident halluci-
nations.

Let C be the set of distinct factual claims in T , and Cv ⊆ C
be the subset of claims successfully grounded in external ev-
idence. Let Sc be the set of independent root domains sup-
porting a verified claim c. We define the Provenance Density
score D(T ) ∈ [0, 1) as:

D(T ) = (1− Pint) · tanh

 1

β

∑
c∈C

(∑
s∈Sc

w(s, c)

)λ
 (1)
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Equivalently, we first raise each claim’s source sum to the
power λ, then sum across claims. Our design choices tar-
get specific theoretical properties revealed during technical
validation:

Consistency Veto (1−Pint): We model Semantic Entropy as
a linear gating factor. For each query, we draw K = 5 stochas-
tic samples and compute ρconsistent, the fraction of unordered
sample pairs whose bidirectional NLI contradiction proba-
bility remains below 0.5. We define Pint = 1 − ρconsistent,
so internally stable generations have Pint ≈ 0 and mutually
inconsistent generations approach Pint → 1. As internal un-
certainty approaches maximum, the score collapses to zero
regardless of external evidence. This term ensures the system
filters out “fluent bullshit” (high confidence, low consistency)
before verification occurs.

Cubic Contextual Weight (w(s, c)): Unlike traditional ci-
tation metrics that rely solely on domain authority, we define
w(s, c) as the product of source reputation and semantic rele-
vance:

w(s, c) = Reputation(s) · (MatchRatio)3

We impose a cubic exponent to aggressively suppress weak
conceptual matches. Our preliminary tests indicated that
quadratic weighting (x2) remained too permissible of “key-
word stuffing,” where irrelevant sources share surface-level vo-
cabulary (MatchRatio ≈ 0.5). The cubic term (0.53 = 0.125)
acts as a noise filter, ensuring that only sources with high se-
mantic alignment contribute meaningfully to the Provenance
Density score.

Saturation Scalar (β): We introduce β as a density temper-
ature parameter (set to β = 5.0 in our reference implemen-
tation). This term scales the input to the hyperbolic tangent
function, preventing the score from saturating to 1.0 based on
a single citation. It forces the model to provide accumulated,
multi-source evidence to achieve a perfect density signal.

Concentration Exponent (λ): We set λ = 1.2 > 1, applied
to the per-claim source sum before aggregation. With λ > 1,
the term is superlinear in per-claim evidence: a claim sup-
ported by several aligned sources contributes more than the
same total evidence spread thinly across several claims. This
concentrates score on well-corroborated claims rather than
rewarding shallow citation across many claims. We note that
citation stuffing within a single claim is suppressed upstream
by the cubic relevance penalty in w(s, c), not by λ.

This formulation imposes a significant “handicap” on the
generator: achieving a high D(T ) requires the model to per-
form costly verification and achieve strict semantic alignment
between claims and sources.

3.2 Implementation of D(T )

Equation 1 is instantiated by four concrete steps: claim seg-
mentation, evidence retrieval, source-relevance scoring, and
aggregation; key implementation parameters are summarized
in Table 1. We segment T into atomic factual claims with a
deterministic gpt-4o-mini pass at τ = 0. Claims shorter than
five tokens are discarded as scaffolding. For each remaining
claim c, we issue one search query: the claim text itself when

Parameter Value Role

β 5.0 Saturation scalar in Eq. 1
λ 1.2 Concentration exponent on

per-claim sum
Search depth 3 Top-k organic results per

claim
Consistency samples K 5 Stochastic samples for Pint

Generator temperature 1.0 / 0.0 Audit sampling / segmentation
NLI threshold 0.5 Contradiction cutoff for con-

sistency

High-trust prior 1.0
Gov/edu/Wikipedia/
major news/science

Low-trust prior 0.1
Reddit/Quora/Medium/
Twitter/X

Default prior 0.5 All other domains

Table 1: Key implementation choices for the technical audit.

it contains at least eight tokens, otherwise the original question
concatenated with c.

Retrieved evidence is scored by a coarse but explicit rel-
evance prior. For each claim c, let Kc be the set of rare
keywords extracted by matching capitalized tokens (regu-
lar expression \b[A-Z][a-zA-Z0-9-]+\b) and removing a
sentence-leading stoplist. For each result s with URL u(s)
and snippet σ(s), we compute

MatchRatio(σ,Kc) =
|{k ∈ Kc : k↓ ∈ σ↓}|

max(|Kc|, 1)
,

where ↓ denotes case-folded substring matching. The source
contribution is then

w(s, c) = Reputation(u(s)) ·MatchRatio(σ,Kc)
3.

Reputation is a three-level domain prior: 1.0 for high-
trust domains (e.g., .gov, .edu, wikipedia.org, nih.gov,
reuters.com, apnews.com, nature.com), 0.1 for low-
trust domains (e.g., reddit.com, quora.com, medium.com,
twitter.com), and 0.5 otherwise. The cubic exponent is in-
tentionally aggressive: it suppresses weak keyword overlap
that would otherwise permit “keyword stuffing” from superfi-
cially related pages.

For reproducibility, the audit uses gpt-4o-mini for gen-
eration and deterministic segmentation, a DeBERTa-based
NLI checker to estimate Pint from pairwise agreement across
K = 5 samples, and Serper as the retrieval backend for evi-
dence collection. The released code and data include the exact
prompts, model calls, judge labels, and scripts used in the
audit.

3.3 Operationalization: The Oracle Protocol
Equation 1 defines the target signal for a deployed system, but
a user study introduces a separate methodological question:
does the visual signal itself improve truth discernment when
its underlying value is correct? To separate that interaction
question from retriever noise, the empirical study in Section 5
uses a Wizard-of-Oz (Oracle) protocol.

In this protocol, participants do not see the live output of
the auditing pipeline. Instead, the interface displays idealized
endpoint values of the signal: grounded summaries are paired
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with high-density indicators and fabricated summaries with
null indicators. This lets the user study estimate the interac-
tion effect of PDI under known-correct signaling, while the
technical audit in Section 4 independently evaluates whether
the real pipeline can approximate that ideal in practice.

3.4 Design Rationale: Countering Pseudo-Profound
Fluency

The visualization of D(T ) is designed to counter “pseudo-
profound bullshit”—syntactically persuasive but semantically
vacuous text [Pennycook et al., 2015]. Rather than asking
users to infer truth from fluency, PDI presents evidence density
as a high-contrast cue (Figure 2) that can interrupt fast System
1 judgments and invite more deliberate System 2 evaluation
[Kahneman, 2011].

4 Technical Validation
Before evaluating the interaction paradigm with users, we
audited the proposed metric (D(T )) to determine which part
of the signal actually separates grounded truth from halluci-
nation. Our expectation was that retrieval density would be
the workhorse; the audit showed the opposite. Density alone
was near chance overall, while the internal Consistency Veto
carried most of the discriminative signal on dynamic queries.

Experimental Setup. To evaluate the metric across both
established knowledge and emerging information, we con-
structed a composite dataset (N = 200): Static Knowledge
(N = 150), randomly sampled from the TRUTHFULQA gen-
eration task, and Dynamic Knowledge (N = 50), a curated
FRESHQA subset focused on post-2024 events (e.g., elections,
stock prices) designed to probe the “Cold Start” regime where
model training weights are outdated. Per-row hallucination
labels were produced by gpt-4o (temperature 0) using the
dataset’s official reference answers when available. For the
static subset, the judge was given TruthfulQA’s official correct
/ incorrect answer lists; for the dynamic subset, judgement
was closed-book. Audit latency measured during this pipeline
ranged from 17.0s (Dynamic) to 26.4s (Static), with exact
timing logs included in the released audit materials. Static
items were slower because TruthfulQA’s adversarial prompts
elicited longer generations from gpt-4o-mini (mean 98 vs.
54 words), which produced more atomic claims and therefore
more retrieval and scoring calls.

4.1 Results: Ecological Sensitivity and
Hallucination Detection

Ecological Sensitivity (Static vs. Dynamic). As shown in Fig-
ure 1, the metric reproduces the established / emerging knowl-
edge separation reported in prior work. Static TruthfulQA
items cluster above the high-trust threshold (M = 0.79), while
dynamic FreshQA items yield a lower mean (M = 0.64) and
broader spread. This confirms that D(T ) tracks epistemic
maturity as well as truth, warning users when information is
novel and consensus remains unsettled.

Hallucination Detection. To quantify the metric’s discrim-
inative power, we labelled every audited generation with a
gpt-4o judge. Across all 200 generations, the judge marked

0.0 0.2 0.4 0.6 0.8 1.0
Provenance Density Score D(T)

0.0

0.5

1.0

1.5

2.0

2.5

D
en

si
ty

Dynamic FreshQA  (n=50,  M=0.64)
Static TruthfulQA  (n=150,  M=0.79)
High-trust threshold D(T) 0.7

Figure 1: Ecological Sensitivity of the Metric. Distribution of
Provenance Density scores D(T ) for Static Knowledge (TruthfulQA,
green) and Dynamic/Fresh Knowledge (FreshQA, red). Static items
cluster above the high-trust threshold (M = 0.79), whereas FreshQA
items have a lower mean (M = 0.64) and broader spread, allowing
the metric to signal when information is newer or less settled. The
dashed high-trust threshold denotes D(T ) ≥ 0.7.

Split n Hall. Detector AUC 95% CI AP

All 200 41 D(T ) 0.535 [0.43, 0.64] 0.27
All 200 41 Density only 0.470 [0.37, 0.57] 0.21
All 200 41 Pint (Veto) 0.601 [0.52, 0.69] 0.29
TruthfulQA 150 38 D(T ) 0.577 [0.46, 0.69] 0.35
TruthfulQA 150 38 Density only 0.537 [0.43, 0.65] 0.31
TruthfulQA 150 38 Pint (Veto) 0.592 [0.51, 0.67] 0.33
FreshQA 50 3 D(T ) 0.716 [0.49, 0.98] 0.19
FreshQA 50 3 Density only 0.284 [0.07, 0.63] 0.05
FreshQA 50 3 Pint (Veto) 0.918 [0.81, 1.00] 0.37

Table 2: Hallucination-detection performance for three detectors
derived from Eq. 1. Evidence density alone is near chance overall
and anti-discriminative on FreshQA, while the Consistency Veto
Pint is the strongest discriminator, especially on dynamic queries.
FreshQA estimates should be interpreted cautiously because the split
contains only three hallucinated items.

nH = 41 as hallucinations (nstatic
H = 38, ndynamic

H = 3). Ta-
ble 2 reports ROC-AUC and average precision for three can-
didate detectors derived from Eq. 1: the full D(T ) score,
evidence density alone, and the Consistency Veto Pint.

Three findings stand out. First, retrieval density is not
the workhorse. Evidence density alone is near chance over-
all (AUC = 0.47) and anti-discriminative on FreshQA (AUC
= 0.28), indicating that high-density retrieval can still support
false claims when a misconception is popular or a topic is in
transition. Second, the Consistency Veto Pint is the princi-
pal discriminator on dynamic queries and contributes most
of the signal in the combined score. It achieves the strongest
overall AUC (0.60) and reaches AUC = 0.92 on dynamic
queries, precisely where the model is most likely to be uncer-
tain about post-cutoff claims. However, because the FreshQA
split contains only three hallucinated items, these dynamic-
query AUC estimates should be interpreted as suggestive rather
than definitive. Third, the combined D(T ) score inherits
some of the Veto’s signal through the (1 − Pint) gate. It
reaches AUC = 0.72 on FreshQA while preserving sensitivity
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to epistemic maturity on static knowledge, although it remains
weaker than the veto alone because density is noisy on ad-
versarial misconceptions. In this sense, Pint is the stronger
standalone hallucination detector, whereas D(T ) is retained
as a composite signal because it adds ecological sensitivity to
epistemic maturity that the veto alone does not express.

The large FreshQA gap between density alone and the Veto
(AUC 0.28 vs. 0.92) operationalizes the “Consistency Veto”
motivated by the Indonesia-capital transition case: when
queried about Indonesia’s capital during the Jakarta–Nusantara
transition, retrieval can return high-density evidence for com-
peting time-sensitive answers, but internally unstable genera-
tions should not receive high Provenance Density scores.

5 Empirical Evaluation: Interaction Paradigm
Having validated the computational feasibility of the D(T )
metric (Section 4), we turn to the critical Human-Centered AI
question: Does visualizing this “costly signal” actually enable
users to overcome the Fluency Trap?

We conducted a within-subjects controlled experiment to
measure Trust Calibration, the alignment between a user’s
confidence and the factual veracity of the content—under
different interface conditions.

Silk Matcha Quantum

Group 1 Control (Hall.) Binary (True) PDI (True)
Group 2 Binary (True) PDI (Hall.) Control (True)
Group 3 PDI (True) Control (Hall.) Binary (Hall.)

Table 3: 3×3 Latin Square Design. Participants were counterbal-
anced across topics and conditions so that PDI was evaluated on both
grounded (True) and hallucinated (Hall.) content, reducing topic-
specific bias through partial counterbalancing.

Experimental Design. We utilized a 3 × 3 Latin Square
within-subjects design (N = 81) (Table 3). The indepen-
dent variable was the Interaction Paradigm with three levels:
Control (The Status Quo): Standard text with no disclosure,
representing the current “Pooling Equilibrium” where fluency
is the only visible signal. Binary Disclosure: A static “Made
with AI” banner. This represents the current industry standard
for transparency. Provenance Density (PDI): Our proposed in-
terface (Figure 2), visualizing the density of verification traces
(e.g., “5/5 Claims Verified”).
Stimuli and Oracle Assignment. The key design goal was
to separate algorithmic error from interaction failure. Ac-
cordingly, the user study did not expose participants to live
retrieval outputs. Instead, in the PDI condition we used the Or-
acle protocol introduced in Section 3.3: grounded summaries
were shown with high-density indicators (D(T ) ≈ 1.0),
and hallucinated summaries were shown with null indicators
(D(T ) ≈ 0.0). This makes the user study a test of whether
the visualization can override the fluency heuristic when the
signal is correct, rather than a test of search quality.

We generated six academic summaries. For the hallucinated
items, we wrote high-fluency fabrications (e.g., a fictional
“Hua Dynasty” or “Theanine-B” molecule) matched to the

grounded summaries in length, tone, and apparent scholarly
style. These adversarial stimuli intentionally preserve sur-
face plausibility so that any improvement in ratings can be
attributed to the interface rather than to obvious textual defects.
Layout Control. To avoid a layout confound, all conditions
used the same fixed-width text column (approximately 520
px). In the Control and Binary conditions, the sidebar region
was preserved as an invisible container so that line breaks,
whitespace, and reading flow remained constant across condi-
tions.
Procedure and Participants. Participants (N = 81) were
recruited via Prolific (Fluent English, Approval Rate > 95%).
To ensure we measured the “layperson’s reliance on fluency,”
we excluded participants with self-reported expert domain
knowledge in the specific topics (History, Chemistry, Physics).
Each participant rated the Perceived Veracity of claims on a
scale of 0 (Completely Fabricated) to 10 (Completely Fac-
tual). Because each participant contributed three ratings, all
inferential analyses used a linear mixed model with a random
intercept for participant.

5.1 Results: Restoring the Separating Equilibrium
A linear mixed model fit with lme4 in R and a random intercept
for participant (rating ∼ Interface × Veracity + (1
| participant)) revealed a significant Interface × Veracity
interaction (likelihood-ratio test χ2(2) = 31.32, p < .001).
This substantial effect confirms that the choice of interaction
paradigm fundamentally alters the user’s epistemic stance.
Confirming the Fluency Trap (Control): In the absence
of signals, participants showed no detectable discrimination.
High-Fluency Hallucinations (M = 6.28) were rated sta-
tistically indistinguishable from Ground Truth (M = 5.78;
p = .43, d = −0.21). This pattern is consistent with a col-
lapse of the separating equilibrium: without external scaf-
folding, participants’ ratings treated fluency as statistically
indistinguishable from veracity.
Stigmatization vs. Calibration (Binary vs. PDI): While
both interventions reduced trust in hallucinations, they did
so via distinct cognitive mechanisms (Figure 3): Binary Dis-
closure (Stigmatization): The “Made with AI” label func-
tioned as a crude penalty. It reduced trust in hallucinations
(M = 5.04) but failed to meaningfully restore confidence in
the truth (M = 6.70). Provenance Density (Calibration): In
contrast, PDI produced a large separation between truth and
fabrication ratings. It penalized ungrounded content nearly
twice as severely as binary labels (M = 3.93), while simul-
taneously elevating trust in verified content to the highest ob-
served level (M = 8.08). Post-hoc Tukey HSD comparisons
across the Interface × Veracity estimated marginal means
confirm that PDI significantly restores confidence in verified
content compared to standard Binary Disclosure (p = .039),
effectively reversing the Transparency Penalty.
The “Discernment Gap”: Table 4 summarizes the “Dis-
cernment Gap” (∆ = RatingTrue −RatingHall). Control:
Negative Gap (−0.50). Users rated fabrications numerically
above ground truth (non-significant; see p = .43 above). Bi-
nary: Moderate Gap (+1.66). Users were skeptical of every-
thing. PDI: Large Gap (+4.15). Users successfully filtered
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(a) Control

Silk production began in
ancient China around 2500
BCE under Emperor Xianmu
of the Hua Dynasty. Empress
Zhilian devised a spindle
system that improved cocoon
unwinding… 

⚠  AI GENERATED CONTENT

(b) Binary

Matcha, a finely ground
powder of cultivated green tea
leaves, is renowned for its
bioactive compounds. Shade
growing increases chlorophyll
and L-theanine content… 

(c) PDI

PROVENANCE
DENSITY

HIGH / VERIFIED

Claims 5 / 5

Sources 3

SOURCE TRACES

Nature Physics

MIT Tech Rev.

IBM Quantum

Quantum computing
harnesses the principles of
quantum mechanics to
perform computations using
qubits. Unlike classical bits,
qubits can exist in
superpositions… 

Figure 2: Experimental stimuli (Group 1; schematic). Simplified mock-ups of the three interaction paradigms tested in the user study: (a)
Control, shown without an external signal; (b) Binary Disclosure, shown with a static “AI-Generated Content” banner; and (c) Provenance
Density (PDI), shown with a density sidebar indicating a high proportion of verified claims (D(T )≈1.0). Body text is abbreviated for layout
clarity; full-fidelity stimulus screens are included in the supplementary release.
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Figure 3: User-study results (N = 243 ratings: 81 participants × 3
ratings each). (a) Mean rating ± 95% CI shows the Interface × Ve-
racity interaction (χ2(2) = 31.32, p < .001). (b) Discernment gap
∆ = MTrue −MHall with Cohen’s d annotated; PDI produces the
largest separation (d = 1.82).

information. The large effect size for PDI (d = 1.82) con-
firms that visualizing the density of evidence allows users to
offload the cognitive burden of verification, transforming a
high-friction expert task into a low-friction perceptual task.

6 Discussion
Our quantitative results confirm that Provenance Density indi-
cators (PDI) significantly outperform both Control and Binary
Disclosure conditions in restoring truth discernment. By tri-
angulating these statistical findings with the technical audit

Interface Rating (Hall) Rating (True) Gap (∆) Effect Size (d)
Control 6.28 5.78 -0.50 -0.21
Binary 5.04 6.70 +1.66 0.68
PDI 3.93 8.08 +4.15 1.82

Table 4: Quantifying Discernment. PDI creates the largest separation
(d = 1.82) between truth and fabrication.

(N = 200) and qualitative participant feedback (N = 81), we
infer the cognitive mechanisms driving these effects.

Mechanism of the Fluency Trap: Heuristic Substitution.
The failure of participants to distinguish between truth and
hallucination in the Control condition (p = .43) validates
the psychological framework of “pseudo-profound bullshit”
[Pennycook et al., 2015]. In the absence of provenance signals,
users substituted veracity (is this true?) with fluency (does this
sound professional?).

Multiple participants explicitly described this strategy. P25
noted, “They sound believable and well written... It didn’t
seem made up to me,” while P81 judged accuracy based on
“how the text was worded and flowed.” This confirms that when
the cost of generating professional-sounding text approaches
zero, style ceases to be a reliable proxy for substance, leading
to the “Illusion of Truth” effects observed in our data.

The “Warning” Effect of Binary Labels. While prior
work suggests that AI labels can lower perceived credibil-
ity of labeled content generally [Wittenberg et al., 2025;
Li and Yang, 2024], our analysis suggests that Binary Disclo-
sure operated through a blunt mechanism of epistemic stigma-
tization. Users interpreted the label not as a transparency aid,
but as a risk marker.

P23 described the interaction vividly: “The AI banner
seemed like a warning vs being informative.” This empiri-
cally confirms the risks identified by Simon et al. [2023], who
argued that general warnings might induce a “vigilant skep-
ticism” that reduces credibility across the board rather than
enabling specific verification. This broad penalty also aligns
with concerns about the normative fairness of mandatory dis-
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closure [Hosseini et al., 2025], as it punishes the use of the
tool rather than the accuracy of the content [Cheong et al.,
2025].

Cognitive Offloading and the Consistency Veto. In the
PDI condition, participant strategies shifted from intrinsic text
evaluation to extrinsic evidence evaluation. The high discern-
ment gap (+4.15) was driven by users treating the Provenance
Density score as an evidence cue.

Calibrated Reliance: A critical question in HAI is whether
such “cognitive offloading” functions as extended cogni-
tion [Chirayath et al., 2025; Clark and Chalmers, 1998].
Our technical validation (Section 4) suggests cautious sup-
port, but with important limits. The metric’s Consistency
Veto—demonstrated by the suppression of scores in ambigu-
ous queries such as the Indonesia capital transition—provides
a partial safety rail for this offloading, not a guarantee. Users
like P6 (“One of the passages also had a measurement of
claims verified... I was more inclined to believe that”) are not
blindly trusting the AI; they are trusting a verified attribute of
the information. However, because high-density misconcep-
tions can still evade the veto, the interface should be under-
stood as improving truth discernment rather than eliminating
the “False Assurance” pitfall common in retrieval systems.

Ecological Alignment: The metric’s sensitivity to informa-
tion age (Ecological Sensitivity) aligns user trust with the
stability of knowledge. As shown in our technical results, es-
tablished facts yielded higher density signals (M = 0.79) than
emerging dynamic topics (M = 0.64). PDI therefore func-
tions as a “Time-Aware” signal, implicitly guiding users to be
more skeptical of breaking news (FreshQA) than settled sci-
ence (TruthfulQA), mirroring the actual epistemic reliability
of those domains.

7 Limitations and Future Work
From Oracle to Deployment. The Oracle protocol in Sec-
tion 5 shows that PDI has interaction value when the signal
is correct, but deployment depends on how closely the live
pipeline approaches that ideal. The technical audit clarifies
that this approximation is uneven: the full score is driven pri-
marily by the Consistency Veto, while retrieval density alone
can be misleading on dynamic queries. In Table 2, density-
only scoring is anti-discriminative on FreshQA (AUC = 0.28),
whereas the combined D(T ) score performs better (AUC
= 0.72) by suppressing internally inconsistent generations.
The user-study result should therefore be interpreted as an up-
per bound on interface efficacy under correct signaling; a key
next step is to study near-miss cases, especially false-positive
high-density signals. A second design caveat is that the 3× 3
Latin-square assignment did not fully cross interface, veracity,
and topic: the PDI–Hallucinated cell was measured on Matcha,
whereas the Control–Hallucinated cell averaged over Silk and
Matcha. Thus, the observed PDI penalty (M = 3.93) should
be interpreted as strong evidence for the interface under these
stimuli, rather than as a fully topic-independent estimate; a
fully crossed replication is a clear next step.

Ecological Conservatism (The Cold Start Problem).
Provenance Density is inherently conservative: it privileges

established consensus (M = 0.79) over emerging novelty
(M = 0.64). Legitimate new information, such as breaking
news or novel scientific hypotheses, may lack the citation
network required to achieve high density (Sc = ∅), risking
classification of “the new” as “the unverified.” Future itera-
tions should integrate temporal metadata to distinguish low
provenance due to fabrication from low provenance due to
novelty.

Latency Constraints. The “Consistency Veto” is computa-
tionally costly: with audit-measured inference latencies rang-
ing from 17.0s (Dynamic) to 26.4s (Static), D(T ) is unsuitable
for synchronous, turn-by-turn chat. As noted in Section 4, the
higher Static latency reflects longer TruthfulQA generations
rather than a swapped label. Future work should explore asyn-
chronous interface patterns, such as “Check in Background”
or “Deep Check,” that integrate verification latency without
blocking interaction. Because latency was not experimentally
manipulated in our study, future experiments should also test
whether this friction functions as a costly signal that improves
discernment, or merely as an engineering constraint.

Adversarial Gaming and Automation Bias. PDI also intro-
duces second-order risks. The cubic MatchRatio term in Sec-
tion 3.1 is designed to reduce citation-laundering by suppress-
ing weak surface overlap, but the technical audit also surfaces
vulnerabilities including domain spoofing, empty-keyword
exploitation, SEO-style inflation, and mimetic misconception
inheritance from open-web consensus. Hardening the ref-
erence implementation will require stricter domain parsing,
conservative handling of vague claims, caps on per-domain
contribution, and checks for duplicated evidence. The risk of
automation bias [Cummings, 2017] remains: if users transi-
tion from “reading the text” to “scanning for the green bar,”
future designs should add frictional elements that periodically
force manual verification.

8 Conclusion

This paper argues that AI-generated misinformation is a prob-
lem of signaling as well as generation. As fluency becomes
cheap, style no longer reliably signals substance: without ex-
ternal scaffolding, users in our study could not distinguish
grounded truth from high-fluency hallucination.

Binary “Made with AI” labels address this crisis through
identity disclosure, but our findings show that they act as crude
warnings, producing a Transparency Penalty in which accurate
AI-generated information is discounted alongside fabrication.
Provenance Density offers a more calibrated alternative by
visualizing verification rather than authorship. In the user
study, PDI created a large positive discernment gap (+4.15),
restoring users’ ability to separate truth from fabrication under
correct signaling. The technical audit qualifies this promise
by showing that high-density evidence can still support mis-
conceptions.

AI transparency should therefore shift from detecting who
wrote a text toward visualizing what supports it, with interfaces
that make verification visible, intuitive, and contestable.
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Ethical Statement
This research was conducted in accordance with the ethical
standards of the University of Tokyo institutional review pro-
cess. We recruited 81 participants for the user study via Pro-
lific, all of whom provided informed consent before engaging
with the study materials. Prolific submission IDs were col-
lected solely for payment processing, stored separately from
response data, and are not retained in the released datasets; no
other personally identifying information was collected. All
analyses and shared materials use pseudonymous participant
codes (e.g., P_G1_01); raw survey exports are excluded from
the open-science release in accordance with the consent form,
while the verbatim consent protocol and the de-identified par-
ticipant ratings are included. Participants were compensated
for their time in accordance with fair labor standards.

Beyond procedural compliance, we acknowledge the
broader sociotechnical implications of proposing Provenance
Density as a credibility standard. While PDI effectively mit-
igates hallucinations in digitized high-resource domains, it
introduces a risk of Systemic Authority Bias [Milgram, 1963;
Jackson et al., 2012]. By algorithmically privileging infor-
mation with a traceable digital lineage, citation-based metrics
may inadvertently disenfranchise non-digitized knowledge
systems—including indigenous epistemologies, oral histo-
ries, and low-resource languages—that lack dense citation
networks. There is a specific risk that users may conflate “un-
verified” (lack of digital evidence) with “untrue” (falsehood).
Consequently, we advocate that PDI be deployed strictly as
a verification tool for digitized consensus, rather than a uni-
versal arbiter of truth, to prevent the exacerbation of existing
epistemic exclusions.
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