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Modeling the Link between Confidence and Truth Judgments in the
Repetition-Based Truth Effect

Semih C. Aktepe (semih.aktepe@uni-marburg.de)1 & Daniel W. Heck (daniel.heck@uni-marburg.de)1
'Department of Psychology, Marburg University, GutenbergstraBe 18, 35037 Marburg, Germany

Abstract

Repeated exposure to information increases its perceived truth,
a phenomenon known as the illusory truth effect. Beyond influ-
encing truth judgments, repetition also increases individuals’
confidence judgments. Existing theoretical models generally
assume that confidence is lowest when statements are maxi-
mally ambiguous and highest when their truth status is known.
However, it is currently unclear how the relationship between
perceived truth and confidence can be formally modeled and
whether such models are consistent with empirical data. In this
study, we developed a Bayesian model to characterize the link
between confidence and truth judgments, with several model
variants capturing alternative assumptions about this relation-
ship. The model also accounts for the effect of repetition on
both variables. Fitting these models to two datasets provided ev-
idence for an asymmetric, V-shaped relationship between truth
and confidence. Specifically, individuals showed higher confi-
dence when judging highly true statements than when judging
highly false ones, with confidence reaching a minimum for am-
biguous statements.

Keywords: confidence; truth effect; repetition; psychometrics;
Bayesian modeling

Introduction

The illusory truth effect is a cognitive phenomenon where in-
dividuals tend to judge repeated information as more likely
to be true than novel information (Hasher et al., 1977). This
effect is widely attributed to processing fluency, the subjective
ease with which repeated information is processed, which is
assumed to be misattributed to the perceived truth of a state-
ment (Arkes et al., 1989; Unkelbach, 2007). While the truth
effect is most pronounced for ambiguous statements where
prior knowledge is absent (Dechéne et al., 2010; Newman
et al., 2020), it also occurs for very implausible statements
(Aktepe & Heck, 2025; Fazio et al., 2019).
Repetition-induced fluency has been shown to increase in-
dividuals’ confidence regarding various tasks and responses
(Fiechter & Kornell, 2021; Foster et al., 2012). Specifically,
repeated exposure to a stimulus has been found to enhance
confidence in truth judgments (Stump et al., 2022, 2024).
These findings suggest that individuals not only judge re-
peated statements as more true than novel statements, but
also report higher confidence in their judgments. Overall,
repetition-induced fluency may boost both truth judgments
and subjective confidence ratings simultaneously. However,
open questions are how the relationship between truth judg-
ments and confidence is best modeled, how exactly repetition
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Figure 1: Theoretical link between perceived truth and confi-
dence

affects the two judgment dimensions jointly, and whether such
models are consistent with data.

Previous studies generally show that confidence is lowest
at the point of maximum ambiguity of the presented state-
ments, and highest when their actual truth is known (Bruine
de Bruin et al., 2000). Such response-confidence relation-
ships often show a quadratic relationship (Koriat, 2018; Le-
breton et al., 2015). When adapted to truth judgments, for
the statements whose actual truth status is known (i.e., easier
statements), people are expected to be more confident when
judging the truth of such statements. However, when a state-
ment is ambiguous (i.e., difficult to know whether it is true or
false), confidence judgments of individuals decrease (Stump
et al., 2024). Theoretically, this truth-confidence link can be
modeled either with a U-shaped or a V-shaped function, de-
pending on how steeply confidence increases when people are
more knowledgeable about the truth status of the presented
statements compared to the ambiguous ones. As shown in
Figure 1, in the U-shaped model, for statements near am-
biguity, the growth in confidence is not steep, yet for those
statements whose truth is known (near 0% or 100%), there is
a faster quadratic confidence growth. In the V-shaped model,
confidence grows linearly on the probability scale from am-
biguity to known truth or falseness (regarding issues of scale
transformations, see Aktepe & Heck, 2025).

Confidence-response relationships can generally be asym-
metrical (Yi & La, 2003). Regarding truth judgments, Stump
et al. (2024) found that participants are more confident when
judging a statement as true than when judging it as false,
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irrespective of its factual validity. This pattern suggests a
potential asymmetry in confidence, such that judgments of
high perceived truth are accompanied by greater confidence
than those of high perceived falseness. Theoretically, such an
asymmetry could manifest an unequal maxima of the confi-
dence peaks for statements perceived as highly true and false,
or a shift in the point of minimum confidence away from the
objective midpoint (50% truth).

A final question concerns whether the effects of repetition
on both the truth and the confidence dimension are driven by
the same underlying mechanism. If a single fluency signal
drives both effects, one would expect a strong (possibly per-
fect) correlation between the magnitude of the truth effect and
the confidence increase at the item level. If these effects are
uncorrelated, it would suggest that repetition influences truth
and confidence through distinct pathways.

Present Research

This study aims to adjudicate between different functional
shapes and investigate the coupling of item-level repetition
effects across both the truth and the confidence dimensions.
Classical statistical methods are ill-equipped to handle this
problem as they cannot easily model the intercept of confi-
dence as a non-linear function of the latent intercept of truth
while simultaneously estimating the correlation between their
respective slopes. To address this, we developed several vari-
ants of a Bayesian model formalizing these assumptions. The
competing model versions allow us to assess the evidence
for the U-shaped against the V-shaped mapping, to test for
asymmetrical relationships, and to estimate the correlation
between the repetition effects for confidence and truth across
items. We fitted these models to reanalyze datasets from
Stump et al. (2024) and Nikolaev (2025), thereby providing a
comprehensive cross-study validation of the truth-confidence
link.

Bayesian Modeling

Our Bayesian modeling approach formalizes the relationship
between overall truth perception of a statement and its overall
confidence, thereby allowing us to test how repetition affects
both dimensions. At their core, all model versions share a
common generative structure and account for judgments aver-
aged across participants. The intercept for confidence (@conf)
is a direct function of the intercept for truth (), reflect-
ing the theory that confidence is anchored in the perceived
truth of a statement. The model incorporates a fundamental
parameter, ymin, Which represents the minimum confidence
at the point of maximum ambiguity regarding the truth of a
statement. Furthermore, the model employs statement-level
random slopes for the effect of repetition on both truth (viyem)
and confidence (vcopf). By estimating the correlation between
these slopes across items, the model captures the variability in
sensitivity of how strongly a change in perceived truth due to
repetition is linked to a corresponding change in confidence.
We derived several model variants to answer our research

questions. These models differ in two aspects. First, they as-
sume that the functional relationship between perceived truth
and confidence is either U-shaped or V-shaped. While both
model versions assume that confidence is lowest at a specific
point on the truth axis and increases toward the extremes (0%
and 100% perceived truth), they differ in the sharpness of this
transition. The U-shaped variants utilize a quadratic function,
resulting in a smoother, curved transition that implies a slower
increase in confidence near the point of maximum ambiguity,
and a more rapid increase as truth approaches the extremes. In
contrast, the V-shaped variants assume a linear relationship on
the probability scale where confidence increases at a constant
rate as perceived truth approaches each of the two extremes.

Second, the model variants differ in their assumptions re-
garding the assumed symmetry across the whole spectrum of
perceived truth. Symmetry in this context is characterized by
two aspects: first, the relative magnitudes of the confidence
peaks at the extremes of perceived truth and falseness (i.e.,
statements that are considered to be true by all or none of the
participants), and second, the location of the point of maxi-
mum ambiguity regarding perceived truth, where confidence
reaches its minimum. To investigate these two aspects, we
derived three more model versions.

Model 1: Model 1 assumes a symmetrical relationship
where confidence levels at the extremes of perceived falseness
and truth are identical, governed by a single ypeak parameter.
In its V-shaped version, the perceived truth of a statement i
is mapped onto the corresponding confidence value with the
function, @conf,i = logit(('}’peak =~ Ymin) * Di + ¥Ymin), Where
D; =2x |logit_1(alrmh,,~) — 0.5|. In the U-shaped version,
D; = (2% logit" (ruth,i) — 1)2, creating a parabola centered
at 50% of perceived truth.

Model 2: Model 2 relaxes the symmetry assumption, al-
lowing the maximum confidence for low truth statements to

differ from that for high truth statements via the 7’;21( and
right

ypeak
low truth statements (< 50%), D; = 1 — 2 X logit™ (@uth.; )
while D; = 2 X logit_1 (@truth,i) — 1 for high truth statements.
In the U-shaped variant, the D; term is squared.

parameters, respectively. In the V-shaped variant, for

Model 3: Model 3 introduces the most flexible structure
by including a unique parameter A, which estimates the lo-
cation of the minimum confidence value on the truth axis
rather than fixing it at 50% truth. In the V-shaped model,
confidence increases linearly from A towards the boundaries.
Therefore, for statements with perceived truth lower than A,
“logit~! ,
D; = M, while for those with higher perceived
“logit™! .

truth than 2, D; = Mgltlfff“m‘““). In the U-shaped version,
D; terms are squared similar to Model 2.

Null Model: Besides these three models, we constructed a
null model to assess whether the theoretically assumed func-
tional shapes are supported by the data or whether the relation-
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Figure 2: Graphical representation of the Bayesian model. S is the numbers of statements. The data vector R is an indicator
variable with values 1 and 0, denoting whether a statement was repeated or new, respectively. For new statements, the effect of

repetition is eliminated as R,, = 0.

ship between truth judgments and confidence is completely
random. The null model shares the same structure as the
other models but does not impose any assumptions about the
relationship between the intercept terms for perceived truth
and confidence.

The likelihood of the mean truth and confidence judgments,
both scaled to the interval [0, 1], is modeled using a repa-
rameterized beta distribution. The so-called beta-proportion
distribution is particularly suited for observations bounded
between 0 and 1, as it independently models the mean (u) and
the precision (¢), where the latter is inversely related to the
variance. For each of the n observed judgment means, the
likelihood is defined as

Ytruth,n ~ Beta(ﬂtruth,n * Duruths (1- ,Utruth,n) : ¢truth)
Yconf,n ~ Beta(ﬂconf,n * @cont> (1 - ,Uconf,n) . ¢conf)-

In each beta distribution, the multiplicative components are
defined using the complementary factors y.. , and (1—p. ,) in
such a way that the two beta shape parameters sum to the pre-
cision parameter (¢.). Thereby, each distribution is centered
on the mean (u,) while allocating the remaining probability
mass symmetrically according to the specified precision.

For each of the n observed judgment means associated with
statement 7, the mean parameters are determined via the logit
link function, incorporating the specific truth-confidence rela-

tionship defined by the model variant and the repetition effect,

Htruth,n = logit_l (atruth,i + (ﬂtruth + Vtruth,i) : Rn)

HMconf,n = logit_l (@cont,i + (Beont + Veont,i) - Rn),

where R is the vector of repetition values (0 for new and 1 for
repeated).

Priors

Priors of the models were selected to provide weak regular-
ization, ensuring stable estimation while allowing the data
to dominate the posterior. The population-level intercepts
and slopes were assigned weakly informative normal priors
(Normal(0, 1.5) and Normal(0, 0.5), respectively) to prevent
extreme estimates on the logit scale. For the hierarchical struc-
ture, statement-level standard deviations (o, and o) followed
exponential distributions (Exponential(1)) to favor shrinkage
toward the population mean, while the Cholesky factor (2) of
the correlation matrix (%, ) for the random slopes was assigned
an LKJ(4) prior. The mapping parameters Ymin, ¥peak- )’;ﬁk,
y;cg;l: being bounded between 0 and 1, followed Beta(5, 5)
distributions, which center prior mass around 0.5. A pa-
rameter in Model 3 was estimated 1 = logit™!(1’) where
A" ~ Normal(0, 0.5). Finally, the precision parameters (@um
and ¢@conf) for the Beta-proportion likelihoods were assigned
Gamma(5, 3) priors, providing a robust expected range for the
observed variance. Figure 2 demonstrates an overview of the
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parameters, prior distributions, and the likelihood function of
the all model variants.

Implementation of the Models

Posterior distributions of the model parameters were estimated
by fitting each model to the data using Hamiltonian Monte
Carlo sampling in R (R Core Team, 2023) via the rstan pack-
age (Stan Development Team, 2025). Each model was fitted
using eight chains, with 1,000 warm-up iterations per chain
followed by 10,000 post—warm-up samples.

For model comparison, Bayes factors were computed using
bridge sampling (Bennett, 1976; Meng & Wong, 1996) as
implemented in the bridgesampling package (Gronau et al.,
2020). In addition, predictive performance was assessed using
leave-one-out cross-validation (LOOCYV; Vehtari et al., 2017)
via the loo package (Vehtari et al., 2024).

Reanalyses of Experimental Data

To get the parameter estimates and to select the best-
performing model capturing the relationship between per-
ceived truth and confidence, we fitted all models to two
datasets.

Stump et al. (2024): This study investigated the cognitive
processes underlying subjective confidence by extending a
referential theoretical account and testing whether judging a
statement as true enhances confidence. In this study, partici-
pants provided binary truth judgments and confidence ratings
on a 6-point scale. A total of 75 participants completed the
study, evaluating 120 statements. These statements consisted
of difficult, affectively neutral trivia facts, balanced for factual
truth. The main findings revealed that repetition significantly
increased confidence ratings. Critically, participants reported
higher confidence when they judged a statement as true rather
than false, and a significant interaction showed that the boost-
ing effect of repetition on confidence was most pronounced
for statements perceived as true.

Nikolaev (2025): This study explored whether the elicita-
tion of confidence ratings influences the magnitude of the
truth effect. The study utilized an experiment with 131 par-
ticipants assigned to four groups to manipulate the presence
and timing of confidence ratings: 1) before truth judgment
and 2) after truth judgment. The 64 presented statements
were selected to be ambiguous trivia items to ensure a lack
of certain prior knowledge, thereby facilitating the influence
of repetition. Participants provided binary truth judgments
and confidence judgments on a 6-point Likert scale. The re-
sults confirmed a repetition-based truth effect. Furthermore,
repetition significantly increased confidence judgments. The
findings also revealed that providing a confidence rating either
before or after giving a truth judgment did not moderate the
influence of repetition.

Data processing: In these two datasets, we aggregated bi-
nary truth ratings and 6-point Likert-scale confidence judg-

ments at the item level separately for new and repeated state-
ments. Truth judgments had values between 0 and 1. To
match the scale of the different types of judgments, Likert
scale confidence judgments between 1 and 6 were mapped
onto 0 and 1. The final datasets included four means for each
statement (i.e., average truth and confidence judgments under
repeated and new presentation).

Results
Data of Stump et al. (2024)

To determine whether perceived truth serves as reliable pre-
dictor for baseline confidence, we first compared all in-
formed models against the null model, which assumes no
structural mapping between perceived truth and confidence.
Bayes factors indicate substantial to strong evidence in fa-
vor of all proposed models over the null (all BF > 11).
Specifically, the symmetrical V-shaped version of Model V1
showed the strongest evidence relative to the null model
(BFy1/0 = 34.93), suggesting that assuming a specific re-
lationship between confidence and perceived truth provides a
better account of the data than an unconstrained model.

Regarding the functional form of the relationship, Bayes
factors favored the V-shaped (linear) models over their U-
shaped (quadratic) counterparts across all variants. However,
the evidence was only anecdotal. The Bayes factors were
BFy,y = 1.70 for Model 1, 1.34 for Model 2, and 1.10 for
Model 3. All Bayes factors favoring U-shaped models were
weaker (BFy,y < 1).

As the V-shaped models were slightly favored, we continued
with these versions to select the best model variant (i.e., sym-
metrical, asymmetrical, and undefined minimum). Among
the V-shaped variants, the symmetrical Model V1 emerged
as the best-fitting model (Figure 3). Assuming equal model
prior odds, Model 1 had the highest posterior probability
(P(Model V1 | Data) = .489). However, the corresponding
Bayes factors indicated that the evidence for Model V1 was
ambiguous (BFy/y2 = 1.46; BFy,y3 = 3.03). Therefore,
it is not clear whether the additional parameters sufficiently
improve the model fit to justify the added complexity. In
line with these results, LOOIC results showed that Model V1
yielded the highest expected log point-wise predictive density
among the other models (ELPD = 387.61).

As the slightly better model, the parameter estimates
for the symmetrical Model V1 showed that the base-
line confidence at the point of maximum ambiguity was
Fmin = .28 (95% Crl: [.25,.32]). The estimated confi-
dence at the extremes of falseness and truth was ?peak =
.53 (95% Crl: [.38, .68]). The results also showed that
repetition has a positive effect for both truth @ =
0.61, 95% Crl: [0.47, 0.74]) and confidence (E = 0.32,
95% CrlI: [0.19, 0.44]). However, the correlation between the
truth and confidence effects across statements was estimated
to be zero (p = .00, 95% Crl: [-.63, .63]). The very wide
credible interval indicates that the data were not sufficiently
informative for estimating the correlation.
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P(Model V1 | Data) = 0.489

P(Model V2 | Data) = 0.335

P(Model V3 | Data) = 0.162
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Figure 3: Fit of the three competing models for the data of Stump et al. (2024). Gray lines connect judgment means under new

and repeated presentation of the same statement.

Data of Nikolaev (2025)

The comparison of the informed models against the null model
revealed clear evidence in favor of a structural mapping be-
tween perceived truth and baseline confidence. Bayes factors
relative to the null were substantially higher than in Stump
et al. (2024), with the asymmetrical V-shaped model showing
the strongest support (BFy2,0 > 10%). Consistent with the
findings from Stump et al. (2024), the functional form was
better captured by the V-shaped models rather than the U-
shaped models, but with stronger evidence. The Bayes factors
were BFy,y = 7.53 for Model 1, 115.69 for Model 2, and
7.48 for Model 3.

As the V-shaped models were again favored, we contin-
ued model selection with these versions. In terms of specific
model variants, the asymmetrical Model V2 was clearly better
than Model V1 (BFy,;v; = 53.56) and relatively better than
Model V3 (BFy5,v3 = 1.31). This model yielded the high-
est posterior probability (P(Model V2 | Data) = .561) and the
best predictive performance according to LOOIC (ELPD =
185.59). While the symmetrical Model V1 was heavily dis-
counted (P(Model V1 | Data) = .01; ELPDgig = —10.756),
the model with an undefined minimum (Model V3) was com-
petitive (P(Model V3 | Data) = .428, ELPDgiz = —0.538).
However, the higher parsimony of Model V2, which fixes the
minimum confidence at 0.5 while allowing for asymmetri-
cal confidence peaks, was slightly favored against Model V3
(Figure 4).

The parameter estimates for Model V2 showed that the
baseline confidence at the point of maximum ambiguity was
Fmin = .26 (95% Crl: [.21, .31]). A striking disparity was
observed between the confidence peaks. While the peak
confidence for statements perceived as certainly false was
relatively low (y)o = .33, 95% Crl: [.15, .56]), the peak
confidence for statements perceived as certainly true was

much higher (?preiit = .76, (95% Crl: [.59, .90]). This in-

dicates that in Nikolaev (2025), the subjective perception
of truth is associated with a much higher confidence peak
than the perception of falseness. Finally, both perceived truth
(B = 0.75, 95% Crl: [0.55, 0.95]) and confidence (B = 0.62,
95% CrlI: [0.41, 0.83]) showed robust increases as a result of
repetition. Nevertheless, similar to Stump et al. (2024), the es-
timated correlation between the statement-level random slopes
was nearly zero (p = .02, 95% Crl: [-.62, .64]). Again, the
wide credible interval indicates that the data were not suffi-
ciently informative.

Discussion

This study aimed to formalize and adjudicate between differ-
ent functional mappings of the relationship between perceived
truth and confidence within the context of the repetition-based
truth effect. By employing a Bayesian hierarchical framework,
we tested structural assumptions about how fluency induced
by repetition affects both dimensions jointly.

Our results provided consistent evidence against the null
model, confirming that confidence is not an independent judg-
ment dimension but rather structurally linked to the perceived
truth of a statement. Across both datasets, the V-shaped (lin-
ear) models outperformed the U-shaped (quadratic) model
variants, which are often suggested in the broader metacogni-
tion literature (Koriat, 2018). Our findings suggest that in the
domain of truth judgments, confidence grows linearly on the
probability scale. This indicates that the transition from uncer-
tainty to certainty follows a constant rate of growth rather than
an accelerating one. However, note that relying on nonlinear
link functions (e.g., logit and probit transformations) may lead
to different conclusions regarding the functional shape of the
relationship (Aktepe & Heck, 2025; Loftus, 1978).

We observed notable differences in asymmetry between the
two datasets. While the data of Stump et al. (2024) were rel-
atively ambiguous regarding symmetry, the data of Nikolaev
(2025) strongly supported an asymmetrical mapping. In the
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Figure 4: Fit of the three competing models for the data of Nikolaev (2025). Gray lines connect judgment means under new

and repeated presentation of the same statement.

latter, the peak of confidence for the statements perceived as
certainly true was substantially higher than for those perceived
as certainly false. This suggests that the subjective perception
of truth is accompanied by a higher meta-cognitive certainty
than that of falseness, potentially reflecting a truth bias where
participants are more prepared to be certain about the truth
of a fact than its falseness (Brown & Nix, 1996). However,
if our model were to utilized in fake news research, the pat-
terns could be different. Individuals exhibit greater skepticism
when evaluating the truthfulness of genuine news, while ex-
pressing higher confidence when spotting fake news as false
(Pfiander & Altay, 2025). Thus, the truth—confidence asym-
metry may be particularly pronounced in fake news contexts,
and the direction of this asymmetry may be reversed relative
to that in the data of Nikolaev (2025).

A central question was whether the repetition-induced in-
crease in binary truth judgments and confidence ratings stems
from a single underlying fluency signal (Stump et al., 2024;
Unkelbach, 2007). If so, a strong positive correlation between
the respective random slopes would be expected at the item
level. However, our analyses were not informative as the es-
timated correlation was near zero, and the credible intervals
were very wide. This suggests that while we can estimate the
average effect of repetition both on perceived truth and con-
fidence, the two reanalyzed datasets do not cover sufficiently
many statements to determine whether the effects are driven
by a single, underlying mechanism.

Finally, the Bayesian models developed here offer two ma-
jor advantages for future research in cognitive psychology
more broadly. First, truth and confidence judgments are tradi-
tionally analyzed using separate regressions (Nikolaev, 2025;
Stump et al., 2022, 2024). Our approach enables the simul-
taneous estimation of these parameters, allowing the inter-
cept of confidence to be a direct function of latent, perceived
truth. Second, researchers often use a single joint response
format to measure perceived truth and confidence (e.g, a Lik-

ert scale with response options from ‘definitely false’ to ‘defi-
nitely true’). However, such a joint response format conflates
plausibility (whether the statement is perceived as true) with
meta-cognitive certainty (how sure the participant is). By
collecting separate judgments for perceived truth and confi-
dence, and then analyzing both dimensions via our models,
researchers can maintain the psychometric properties of these
two constructs in a joint analysis.

Despite the strengths of our modeling approach, two key
limitations remain. First, as noted, the two datasets did not
contain sufficiently many statements to provide a precise esti-
mate of the correlation between repetition effects across items.
Future studies should employ larger item pools specifically de-
signed for testing this association. Second, our current mod-
els focus on mean truth and confidence judgments and do not
fully capture subject-level variation at the trial level. Inves-
tigating the relationship of perceived truth and confidence at
the subject-level is inherently difficult in typical experimental
paradigms investigating the truth effect. Participants cannot
judge the same statement twice once as repeated and once as
new. When statements are repeatedly presented in different
experimental blocks, their responses are correlated, which di-
minishes the size of the truth effect (Nadarevic & Erdfelder,
2014).

Conclusion

Our study formalized the relationship of perceived truth and
confidence through a Bayesian hierarchical framework. We
demonstrated that the relationship between perceived truth
and confidence is best described by a linear V-shaped map-
ping rather than a quadratic curve, often characterized by an
asymmetry. Nevertheless, our data did not allow us to an-
swer the question of whether a single fluency signal drives
the increase in both truth and confidence judgments. Over-
all, our Bayesian models offer a robust framework for future
researchers to jointly model truth and confidence judgments.
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