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Abstract

Emotion judgements are central to wellbeing and mental health, yet the fundamental principles determining
how they arise remain poorly characterised. A key challenge is that repeated emotion ratings show substantial
variability, typically treated as noise. Here we propose that emotion judgements, like perceptual judgements,
arise from probabilistic inference under representational constraints. Using behavioural and computational
approaches, we show that this variability is structured and meaningful. Emotion judgements are biased
toward prior expectations when evidence is weak, consistent with Bayesian inference, and representational
precision scales with the frequency of experienced intensities, consistent with efficient coding. Confidence
decreases as uncertainty increases, indicating partial awareness of this uncertainty. A single model combining
efficient encoding with Bayesian decoding captures these behavioural signatures. Notably, these signatures
were largely preserved across variation in anxiety symptoms. These findings link emotion self-report to the
principles of perceptual inference, providing a computational account of how uncertainty structures emotion
judgements.
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Summary

Emotion judgements are central to everyday social life, basic research and mental health, yet the mechanisms
by which people judge and report their own emotional states remain poorly understood. A key challenge is
that repeated emotion ratings show robust variability, typically dismissed as noise, although this variability
may instead reflect uncertainty in an underlying inferential process. Constructed and appraisal theories of
emotion imply a role for such uncertainty, but this has not been formally tested in emotion judgements [1, 2]. In
sensory perception, uncertainty is captured by Bayesian inference and efficient coding [3, 4]. Here we show that
these same principles apply to emotion judgements. Across five independent samples, including a pre-registered
replication, repeated emotion ratings predicted downstream behaviour, reported intensities were drawn toward
prior expectations when evidence was weak, and discriminability was enhanced for more frequently experienced
intensities. Confidence further tracked this uncertainty, and a single computational model combining efficient
encoding with Bayesian decoding captured the resulting variability, bias and discriminability. These findings
suggest that emotion judgements obey the same core principles that govern perceptual inference, and provide
a formal framework for analysing emotional inference in health and disease.
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1 Introduction

Emotion judgements shape many aspects of society, influencing how we interact with others and make deci-
sions, and their objective measurement plays a core role in the diagnosis and treatment of mental illness. Yet,
the fundamental cognitive processes that govern emotion judgements remain poorly understood [5-15]. A cen-
tral challenge lies in the conflict between the assumption that emotion judgements provide direct access to a
‘true’ internal emotion intensity and the empirical reality that repeated ratings in emotion measurements show
substantial variability [16]. When we ask someone how they feel, we typically assume their answer reflects that
internal truth, and treat their report as authoritative - if I say I feel happy right now, what grounds do you
have to disagree? Yet such variability reveals that emotion judgements are far less stable than this assumption
implies.

This tension is reflected in prominent emotion theories, which offer contrasting views on the nature of emotion
and emotion judgements. Basic-emotion accounts treat emotions as discrete and innate, with stable signatures
across contexts, leaving little room for graded variation [17, 18]. Other accounts emphasise the integration of
multiple sources of information, though they differ in how this process is formalised. Appraisal theories view
emotions as evaluations of goal relevance, implying context-dependent integration [2]. Constructed accounts
emphasise context-sensitive categorisation from core affect and conceptual knowledge [1, 9]. Componential
models foreground coordination across appraisal, physiological, action and feeling components [19], and neural
perspectives emphasise distributed population codes integrating interoceptive and exteroceptive signals [12].

Despite their differences, these perspectives converge on an inferential view: emotion judgements arise from
integrating multiple, noisy sources of information, such that variability may reflect uncertainty in this inferential
process rather than mere measurement noise.

We build on this idea by proposing that emotion judgements constitute a form of perceptual inference. As
in perception, the true intensity of an emotion elicited by a stimulus is not directly accessible; the brain must
infer it from noisy internal signals, yielding estimates that vary with context and task demands. This inference
depends on how prior knowledge is weighted against incoming sensory evidence and how representational pre-
cision is allocated. In sensory domains, these computations are well captured by Bayesian and efficient coding
principles, providing a potential framework for understanding variability in emotion judgements. Efficient cod-
ing formalises how limited neural resources are allocated in proportion to the statistics of encountered values in
the environment [3, 20-22]. These principles have also been extended beyond sensory perception to subjective
value-based decision-making [4].

If emotion judgements are indeed perceptual in this sense, they should exhibit the same computational
signatures observed in other perceptual domains. This framework raises several questions about how emotion
judgements operate, which we tested across multiple emotions. First, is the variability observed in emotion
judgements meaningful rather than noise, and does it predict downstream behaviour? Second, do emotion
judgements follow Bayesian inference, such that estimates are drawn toward prior expectations when evidence is
weak? Third, is representational precision allocated according to efficient coding principles, with higher precision
near frequently experienced intensities? Finally, does confidence reflect reliability, decreasing when repeated
ratings are more variable?

We then asked whether a single computational model combining efficient encoding with Bayesian decod-
ing could jointly account for these patterns. These hypotheses were tested in three independent samples and
evaluated for robustness in a larger, pre-registered replication. In the replication, we additionally conducted
exploratory analyses examining how the mechanisms proposed in our model of emotion judgements relate to
symptoms of anxiety, given the central role of emotion judgements in psychopathology and its diagnosis. Finally,
we ran a fifth study in a group of participants reporting anxiety symptoms to test these hypotheses with greater
power.

2 Results

2.1 Variability in emotion judgements shapes choices

Emotion judgements are known to vary across observations. However, what remains unclear is whether this
variability is mere measurement noise added after the underlying 'true’ emotion has been identified and judged,
or whether it reflects a more meaningful feature of the internal processes or representations that generate
the emotion judgement itself. If the variability were only noise, its associated uncertainty would be irrelevant
when combining or comparing judgements. If, instead, the variability arises within the generative process,
the uncertainty should propagate to any behaviour that relies on these judgements, as is routinely observed
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Fig. 1 Variability in Emotion Judgements Predicts Choice Behaviour. a. Video Viewing. Participants (Study 1, N = 57) viewed
142 brief video clips selected to elicit joy, romance, anxiety, disgust or sadness, in a random order, while performing an unrelated
attention task. b. Snapshot Rating. On each trial, participants were shown a target emotion (e.g. “Joy”) and then a snapshot
clearly identifying one of the videos viewed previously. They then had 0.9s or 2.6s introspection time followed by 4s to enter the
rating of the target emotion on a continuous scale. The snapshot rating phase was repeated a second time without prior warning,
resulting in two ratings for each snapshot, one with 0.9s, the other with 2.6s introspection time. c. Emotion Discrimination.
After rating all snapshots twice, participants chose which of two clips would be most helpful to induce a target emotional state in
themselves. They were presented with two snapshots of the videos they previously rated, and were asked to choose the one that would
best set them in the mood for the target emotion. Every fourth choice, they also reported their confidence. d. Rating variability.
Snapshot ratings between the two phases per participant and emotion varied at all levels of intensity. Medium average ratings
elicited more variable ratings than snapshots with high or low average ratings. e. Choices. The left snapshot was chosen more
frequently when it had higher relative average rating on the target emotion. f. Choice consistency and rating difference. Choice
consistency increased with increasing difference between the mean ratings of the snapshots. g. Choice consistency and rating
variability. Choice consistency decreased with increasing variability of snapshot ratings. h. Predicting choice at trial level.
Logistic regression coefficients predicting choice consistency from summed ratings (the sum of both options’ mean emotion intensity
ratings), summed variability (the sum of both options’ standard deviations of emotion intensity ratings), and rating difference (the
absolute difference between the options’ mean emotion intensity ratings). i. Effects of adding rating variability to predict
choice. Adding summed variability to predict choice consistency improves model fit (Ax?2) for every emotion category. Bars reflect
the improvement in model fit from nested model comparisons. j. Predicting choice at participant level. Mixed-effects logistic
regression slopes (effect of rating difference on choice consistency) plotted against rating variability per participant-emotion pair.
The higher the participant’s overall rating variability for an emotion, the weaker their sensitivity to rating differences for that
emotion. Throughout, boxplot centre lines show medians; boxes show 25th—75th percentiles; whiskers extend 1.5 the IQR; outliers
shown as points. Asterisks indicate statistical significance (*** p < 0.001). Where shown, blue indicates empirical data and red
indicates results from analyses repeated on data generated by the efficient coding model fit to Study 1 rating and choice data.

with perceptual phenomena, within domains such as vision, audition, and proprioception [23-25], and when
integrating information across modalities such as vision and proprioception [26, 27]. To test which account holds,
we first quantified the variability in participants’ emotion judgements and then asked whether that variability
carried functional consequences.

Participants in Study 1 (N=57) watched validated emotional video clips eliciting joy (n=30 videos), romance
(n=27 videos), anxiety (n=30 videos), disgust (n=28 videos) and sadness (n=27 videos; Fig. 1a). They then rated
one snapshot from each clip on a continuous scale, judging how strongly the video from which the snapshot was
taken elicited a specific target emotion (Fig. 1b). After providing one rating for all snapshots, participants were
asked, without prior warning, to provide a second rating for each snapshot. Participant-level rating distributions
revealed substantial heterogeneity across individuals for all emotions (Supplementary Figs. S1-S5). As expected,
emotion-intensity ratings differed across the two rating phases, with greater variability at medium than at
extreme intensities (Fig. 1d).
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To test whether this variability had functional importance, we next asked participants to use their judgements
of emotional intensity to make a choice. If the variability observed in Fig. 1d arose purely from a process
downstream of the evaluation itself, it should not have affected how those intensity judgements were used in
subsequent choices, because the true judged intensity would have been internally known. Choices would then
have been independent of rating variability. By contrast, if rating variability reflected a meaningful internal
process or representation, it should also have influenced choices in a manner consistent with that uncertainty. We
therefore asked participants to imagine themselves as actors having to put themselves into a specific emotional
state. On each trial, they were presented with two previously rated snapshots and asked to choose which video
would better help them achieve that emotional state if they viewed it again (Fig. 1c). The assumption was that
participants should choose the snapshot judged as eliciting a stronger intensity of the target emotion, because
it should be more effective. Choices followed a sigmoidal function of the mean rating difference between the two
options (Fig. le). Moreover, choices were less consistent when the two options had more similar mean ratings
(mixed-effects logistic regression: OR = 2.54, 95% CI [2.30,2.81], p < 0.001, Fig. 1f).

Consistent with perceptual decision-making accounts, choices were also faster when evidence was stronger, a
pattern classically observed in perceptual judgements, where stronger stimulus evidence leads to faster and more
accurate decisions [28-30]. Across all five emotion categories, consistent choices were associated with shorter
log reaction times than inconsistent choices (linear mixed-effects models with random intercepts for participant:
anxiety, 8 = —0.020, 95% CI [—0.039,—0.002], p = 0.032; disgust, § = —0.044, 95% CI [—0.064, —0.024],
p < 0.001; joy, 8 = —0.039, 95% CI [—0.058, —0.020], p < 0.001; romance, 8 = —0.034, 95% CI [—0.054, —0.014],
p = 0.001; sadness, 8 = —0.031, 95% CI [—0.050, —0.011], p = 0.002; Supplementary Fig. S6a), and log reaction
times decreased as the difference in mean ratings between the two options increased (anxiety, 8 = —0.029, 95%
CI [-0.046, —0.012], p = 0.001; disgust, 8 = —0.041, 95% CI [—0.058, —0.023], p < 0.001; joy, 8 = —0.044, 95%
CI [-0.062, —0.027], p < 0.001; romance, 5 = —0.050, 95% CI [—0.069, —0.030], p < 0.001; sadness, 8 = —0.036,
95% CI [—0.051,—0.020], p < 0.001; Supplementary Fig. S6b).

If uncertainty were an integral part of the process giving rise to emotion judgements, it should also be
reflected in less deterministic preferences between snapshots. Indeed, choice consistency decreased as the summed
variability of the two choice options increased (mixed-effects logistic regression: OR = 0.77, 95% CI [0.73,0.82],
p < 0.001, Fig. 1g). Furthermore, this effect should be visible within each emotion category and should be
additional to, and opposite from, the impact of mean rating differences. For each of the five emotion categories
tested, choices were most strongly predicted by the difference in average ratings between the two video snapshots
(separate logistic regressions per emotion: joy, 5 = 0.874 £ 0.078; sadness, f = 0.911 £ 0.08; anxiety, 8 =
0.794 £ 0.08; disgust, § = 0.758 £ 0.07; romance, 8§ = 0.893 £ 0.09; all p < 0.001; Fig. 1h), with larger
rating differences leading to more consistent choices. However, including the summed variability of the two
snapshots significantly improved prediction beyond rating difference alone in every emotion category (joy:
Ax? = 31.00; sadness: Ax? = 14.98; anxiety: Ax? = 37.02; disgust: Ax? = 30.92; romance: Ax? = 44.79; all
df = 1 and p < 0.001; Fig. 1i). Examining the regression coefficients showed that, in every emotion category,
greater variability reduced choice consistency (joy: f = —0.307 £ 0.05; sadness: 5 = —0.233 £ 0.06; anxiety:
B = —0.318+£0.05; disgust: § = —0.281+0.05; romance: = —0.422+£0.06; all p < 0.001; Fig. 1h). By contrast,
the sum of mean intensity ratings across the two snapshots had no significant effect (Fig. 1h).

Finally, if variability reflects uncertainty in the underlying judgement process, then individuals with higher
overall variability for a given emotion should also show reduced sensitivity to rating differences along that
emotion. Consistent with this prediction, average rating variability negatively predicted the random slope of
rating difference on choice consistency per emotion in a mixed-effects logistic regression model (Brobust =
—27.47 £2.98, p < 0.001; Fig. 1j).

These results replicated in an independent sample (N=120), in which the design was identical but limited
to anxiety (Supplementary Fig. S10a). Replication analyses confirmed all key findings: variability peaked at
intermediate intensities, mean rating differences predicted choices (8 = 0.85 £ 0.04, p < 0.001), variability
reduced choice consistency (3 = —0.33 £ 0.04, p < 0.001) beyond rating differences (Ax? = 80.66, df = 1,
p < 0.001), and participants with higher overall variability showed weaker sensitivity to rating differences
(8 =—-32.73 £8.21, p < 0.001; Supplementary Fig. S10b-h).

Thus, variability in emotional intensity ratings, both within and across participants, had functional con-
sequences for decisions about emotion. These findings suggest that uncertainty does not arise downstream of
emotion judgements as mere measurement noise, but instead reflects a meaningful property of the internal
processes and representations that generate them.



2.2 Emotion judgements behave in keeping with Bayesian Inference

Uncertainty in emotion judgements therefore appears to reflect a meaningful property of the internal processes
that generate them, rather than mere measurement noise. A natural next question is whether this uncertainty
is managed according to the same computational principles that govern perceptual inference. As in perception,
participants do not directly know the “true” emotion intensity elicited by a video clip and must infer it from
noisy internal representations. In sensory domains such as vision, audition and proprioception, uncertainty is
classically formalised within a Bayesian framework, in which prior expectations are integrated with noisy evi-
dence in proportion to their relative uncertainty. If emotion judgements rely on similar inferential processes,
they should show the same hallmark signature: when sensory evidence is weak (i.e., noisier internal represen-
tations), judgements should be drawn toward prior expectations, whereas when evidence is strong, sensory
evidence dominates, reducing prior-driven bias (Fig. 2a).

Experimentally, real-world priors are unknown a priori. However, within an experimental session, partic-
ipants can acquire expectations that reflect the distribution of experienced stimuli [31, 32]. In our task, the
initial viewing phase shaped participants’ expectations about the range of emotion intensities, from which we
estimated individual priors using ratings across phases 1 and 2.

Because the video sets in Studies 1 and 2 were uniformly distributed in intensity (30 clips per emotion),
they produced near-flat priors. At the participant level, rating distributions were relatively broad and weakly
structured (Supplementary Figs. S1-S5), and when aggregated across participants this yielded only weak prior-
driven bias (Supplementary Figs. S8 and S9). In Study 3, we induced a non-uniform prior by running the task
in emotion blocks (anxiety then joy; N=80 clips each) and over-sampling moderate intensities (Fig. 2b).

Following the framework introduced by Polania and colleagues [4], shorter stimulus exposures were expected
to yield noisier internal representations, because participants had less time to construct an estimate of the
emotion elicited by the stimulus. This should increase reliance on prior expectations. Each snapshot was therefore
rated twice: once after a short exposure and once after a long exposure (order counterbalanced across the
rating phases). Long-exposure ratings (é,,, ) served as the lower-noise reference, whereas short-exposure ratings
(€opsyn) reflected a higher-noise internal representation. We quantified prior-driven bias as the deviation of
short-exposure ratings from long-exposure ratings for the same video:

(éahi_qh, - 60) - (édzmu - 60) = éo'h,igh - éUlow

If emotion judgements reflect structured Bayesian inference, short-exposure ratings should be pulled toward
the prior peak, and this pull should be strongest for stimuli whose long-exposure ratings lie far from that peak.

Aggregated short- and long-exposure rating distributions (z-scored per participant with their mode so that
the prior peak aligns at = 0) illustrate the learned prior for each emotion (Fig. 2c,d, left panels). The short—long
difference (Fig. 2c,d, right panels) reveals a clear attraction toward the prior peak for both anxiety and joy when
ratings were far from the peak (linear regression of bias on long-exposure ratings; left of prior peak: anxiety,
B = —-0.24, 95% CI [—0.28,—0.19], p < 0.001; joy, 8 = —0.24, 95% CI [—0.30, —0.18], p < 0.001; right of peak:
anxiety, 8 = —0.08, 95% CI [—0.11, —0.04], p < 0.001; joy, 8 = —0.16, 95% CI [—0.19,—0.14], p < 0.001). We
observed the same pattern in the replication sample (left of prior peak: 8 = —0.15, 95% CI [—0.17, —0.13],
p < 0.001; right of peak: 8 = —0.14, 95% CI [—0.16,—0.11], p < 0.001; Supplementary Fig. S11b). Greater
uncertainty amplified prior-driven bias, drawing ratings closer to the prior’s peak.

A further Bayesian prediction is that stronger priors should exert greater pull on uncertain judgements.
Accordingly, participants with narrower priors showed steeper attraction slopes, for both anxiety (linear regres-
sion across participants: § = 0.32, p < 0.001; Fig. 2¢) and joy (8 = 0.32, p = 0.004; Fig. 2f). We observed the
same pattern in the replication sample (8 = 0.46, p < 0.001; Supplementary Fig. Sllc).

As a control analysis, we asked whether prior attraction was modulated by the amount of information avail-
able in the snapshot itself. We reasoned that when a snapshot clearly identified the original video clip, emotion
judgements should rely more on the available sensory evidence from the snapshot and less on prior expecta-
tions, while snapshots without clear information would rely more on memory. Consistent with this account,
informative snapshots from video clips eliciting anxiety showed a weaker attraction effect than less informative
snapshots, reflected in a significant interaction between long-exposure rating and snapshot informativeness in
a mixed-effects model (8 = 0.039, 95% CI [0.006,0.073], p = 0.022) and this effect was replicated in the repli-
cation study (8 = 0.024, 95% CI [0.004, 0.045], p = 0.021). Thus, Bayesian attraction was attenuated when the
snapshot itself provided more evidence about the underlying video clip.

Together, these findings indicate that uncertainty in emotion judgements shapes behaviour in a manner
consistent with Bayesian inference, revealing that emotion self-assessments incorporate prior expectations much
like perceptual estimates do.
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Fig. 2 Emotion Judgements Behave in Keeping with Bayesian Inference. a. Bayesian inference illustration. The posterior
estimate (solid grey) results from combining a prior (black dashed line) and a likelihood (solid red). Top: when the prior is strong
and the likelihood weak, the posterior is pulled toward the prior, demonstrating attraction. Bottom: when the likelihood is strong
and the prior weak, the posterior remains closer to the observed evidence. b. Task structure. Study 3 (N=47) was run in two
emotion blocks, anxiety and joy. In each block, participants first viewed videos and then completed two snapshot rating phases.
Across the two rating phases, each snapshot was shown for a short (0.9s) and a long (2.6s) exposure time, followed by an emotion
rating and, every four trials, a confidence rating. c,d. Prior distributions and Bayesian attraction. Left panels: aggregated
rating distributions across the two rating phases for anxiety (c) and joy (d), z-scored per participant so that the participant-specific
mode, used as the prior peak, is aligned at = = 0. Right panels: bias in emotion intensity judgements quantified as short-long rating
difference (the “pull” toward the prior) plotted against the participant’s z-scored long-exposure rating (the less-noisy measure), with
each participant’s mode aligned at x=0, for anxiety (N=41) and joy (N=42). The vertical dashed line marks the prior peak and the
horizontal dashed line marks no difference between short- and long-duration ratings. Boxplots reflect the distribution of short—long
differences binned by x-axis ratings (hinges = 25th/75th percentiles; whiskers = +1.5 IQR; dots = outliers). Blue lines link the
mean bias per bin (+s.e.m.). Overlaid piecewise linear fits (£95% CI) demonstrate that short-exposure ratings are pulled closer
to the participant’s prior peak when stimuli are far from that peak (orange). e,f. Bayesian attraction and prior width. OLS
slopes from regressions of bias on long-duration ratings are plotted against participants’ prior standard deviation for anxiety (e)
and joy (f). Each point represents one participant. Participants with wider priors showed less negative attraction slopes, indicating
weaker pull toward the prior peak. Asterisks indicate statistical significance (** p < 0.01, *** p < 0.001).



2.3 Emotion judgements behave in keeping with Efficient Coding

If emotion judgements reflect perceptual inference, they should not only integrate priors and evidence in a
Bayesian manner but also allocate representational precision efficiently across possible intensities. Efficient
coding theory proposes that neural systems devote more precision to values encountered most often. Applied to
emotions, this predicts that intensities near the peak of a person’s prior are represented with greater precision,
shaping both bias in ratings and discrimination in choices.

These assumptions lead to clear behavioural predictions. Greater precision near the prior peak narrows and
skews the likelihood function, creating longer tails away from the peak (Fig. 3a). This asymmetry yields a
repulsive bias: ratings for stimuli just above or below the peak are pushed outward (Fig. 3b; see [3] for details).
Discrimination performance should also be highest near the prior peak, where encoding precision is greatest
(Fig. 3¢,d), and repulsion should strengthen when internal noise increases (e.g., short exposures).

To quantify how encoding precision varied across the intensity range, we extended the Bayesian framework
with an efficient coding model linking each video’s underlying ”true” emotion intensity (eg) to an internal noisy
neural response 7 (encoding) and its inferred estimate é(r) (decoding) (Fig. 3a). Encoding precision was modelled
as a function of each participant’s prior about the emotion intensity p(e). With multiple ratings per stimulus, the
model inferred the most likely underlying intensity under efficient coding assumptions. Simulations reproduced

the predicted repulsive bias near the prior peak, amplified under higher internal noise (short exposure duration;
Fig. 3e,f).
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Fig. 3 Efficient Coding Framework and Behavioural Predictions. a. Schematic of efficient encoding and Bayesian decoding
of emotion judgements for joy. A video with true (unobservable) emotion intensity e;oy elicits an internal, noisy neural response
r, shaped by the observer’s prior p(ejoy). Encoding is assumed to maximize mutual information between p(ejoy) and r, yielding
higher encoding precision near the prior peak, and asymmetric likelihoods p(r|ejoy). Bayesian decoding combines likelihood and
prior to generate an estimated emotion judgement é(r), which is then reported behaviourally. b. Efficient coding predicts a
repulsive bias near the prior peak. Near the prior peak, an asymmetric likelihood (red) can push estimates away from the
peak (repulsion), partially countering the prior’s attractive pull (black). ¢,d. Emotion Discriminability and Prior. Emotion
discriminability (grey) is predicted to be greater where the prior (black) has higher density, whether that is at lower (c) or higher
(d) intensities. e. Simulated bias expressed as the difference between short and long exposure ratings. Attraction at
the prior tails reflects predicted Bayesian inference effects. The inset plot zooms into the prior peak region, highlighting predicted
efficient coding effects: repulsion near the prior peak. f. Simulated bias expressed as the difference between estimated
and true emotion intensity. The bias is shown for long (black) and short (blue) exposure durations. The inset plot provides a
zoomed-in view around the prior peak, illustrating increased repulsion due to higher internal noise in the short exposure condition.

We tested these predictions empirically in Study 3. Bias was defined as the short-long rating difference in
mode-aligned ratings. For both anxiety and joy, bias showed the predicted repulsive pattern near the prior peak
(linear regression of bias near the peak: anxiety, 8 = 0.55, 95% CI [0.12,0.98] p = 0.013; joy, 8 = 1.06, 95% CI
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[0.44,1.68], p < 0.001; Fig. 4a,b). This repulsive pattern is a more specific signature of non-uniform encoding
precision near the prior peak, rather than of prior bias alone.

If efficient coding confers greater representational precision near the prior peak, it should also improve
discriminability between nearby video clips. This effect should be most apparent for difficult choices, that is,
trials in which the two options have similar mean emotion ratings. We therefore restricted the analysis in the
emotion discrimination task to small rating-difference trials and asked whether choices were more consistent
when the choice-pair midpoint lay near rather than far from the prior peak. Consistent with efficient coding,
stimuli closer to the prior peak yielded higher choice consistency than those farther away (Mann-Whitney
U = 532503.0, p < 0.001; Fig. 4c), and within-subject analyses confirmed this effect (paired t-test: ¢ = 2.06,
df =51, p = 0.04, Cohen’s d = 0.29). The same relationship was observed when distance from the prior peak
was treated continuously and choice difficulty, that is, rating difference, was controlled for: choice consistency
decreased as the choice-pair midpoint moved farther from the prior peak (logistic mixed-effects model with
random intercepts and random slopes for prior distance by participant: OR = 0.86, 95% CI [0.81, 0.92], p < 0.001;
Fig. S12). As expected, choices were also more consistent when the rating difference between options was larger
(OR = 2.30, 95% CI for OR [2.15,2.47], p < 0.001).

We observed the same pattern in the replication sample: repulsive bias near the prior peak again replicated
(8 = 0.67, 95% CI [0.17,1.17], p = 0.009; Supplementary Fig. S13a), and within-subject choice consistency
was higher for stimuli closer to the prior peak (paired t-test: ¢ = 2.30, df = 27, p = 0.03, Cohen’s d = 0.44;
Supplementary Fig. S13b).

Together, these results indicate that prior expectations shape not only bias, but also the precision of emotion
judgement representations, consistent with efficient coding principles observed in sensory systems.
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Fig. 4 Emotion Judgements Exhibit Systematic Biases Consistent with Efficient Coding. a,b. Bias in emotion intensity
judgements close to the prior peak. Rating differences between short- and long-duration judgements are plotted against z-
scored long-duration ratings, with each participant’s mode aligned at zero, for anxiety (Study 3, N=41; a) and joy (Study 3, N=42;
b). Green lines show linear fits + 95% CI within the region close to the prior peak, highlighting a repulsive bias consistent with
efficient coding. Red dashed lines indicate zero bias and the participant-specific prior peak. c. Choice consistency near and far
from the prior peak. Choice consistency is shown for trials with small rating differences far from the prior peak, small rating
differences near the prior peak, and large rating differences (Study 1, N=57). Grey lines link within-subject means; bars show group
means + 95% CI. Participants were more consistent for small-difference choices made near the prior peak than far from it (Mann-
Whitney p < 0.001; paired t-test p = 0.02).

2.4 Awareness of uncertainty in emotion judgements

Our results thus far indicate that variability in emotion judgements arises from principled encoding and decoding
processes, similarly to sensory perception. We next asked whether participants have insight into the reliability of
their own emotion judgements, specifically whether confidence tracks uncertainty in our paradigm. If confidence
tracks internal uncertainty, it should decrease when repeated ratings of the same snapshot are more variable.
In choices, confidence should increase with evidence strength, that is, rating difference, but decrease with the
summed variability of the two options.



To test whether participants tracked their own uncertainty, we collected confidence ratings for emotion
intensity judgements in Study 3 (Fig. 2a). Rating variability was negatively associated with confidence after
controlling for emotion ratings (mixed-effects model: 8 = -0.14, 95% CI [—0.21, —0.08], p < 0.001; Fig. 5a). This
pattern was replicated in the independent sample (8 = -0.30, 95% CI [—0.36, —0.25], p < 0.001, Supplementary
Fig. S14a).

We next examined confidence in the emotion discrimination phase of Study 1 (Fig. 1¢). Confidence increased
with rating difference (8 = 0.32, 95% CI [0.26,0.38], p < 0.001) and decreased more weakly with summed
variability (8 = -0.07, 95% CI [—0.13, —0.01], p = 0.03; mixed-effects; Fig. 5b). Although the effect of rating
difference on confidence was replicated (8 = 0.32,95% CI [0.27,0.37], p < 0.001), the effect of summed variability
was not (Supplementary Fig. S14b).

These findings show that confidence was sensitive to uncertainty in emotion judgements. Confidence in
ratings decreased with rating variability, whereas confidence in choices was most strongly related to rating
difference, with a weaker and non-replicating effect of summed variability.
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Fig. 5 Awareness of Uncertainty in Emotion Judgements. a. Confidence in emotion intensity ratings and rating vari-
ability. Confidence ratings (blue; left axis) and rating reliability, quantified as 1—rating variability (purple; right axis), are plotted
against binned emotion intensity ratings per participant (Study 3, N=47). For confidence, boxplots show the distribution across
bins, overlaid with individual observations, and solid lines indicate the mean in each bin. For rating reliability, boxplots show the
distribution across bins, outliers are shown individually in light purple, and solid lines indicate the mean in each bin. In all box-
plots, the lower and upper hinges correspond to the 25th and 75th percentiles, and whiskers extend to 1.5x IQR. b. Predicting
confidence in choices. Fixed-effect coefficients from a linear mixed-effects regression predicting confidence in choices in the emo-
tion discrimination task from rating difference and summed rating variability. A random intercept was included for each participant
and emotion (Study 1, N=57). Error bars indicate the standard error of the estimate. ***p < 0.001; *p < 0.05.

2.5 Mathematical Model of Efficient Representation of Emotion Judgements

Having established that emotion judgements exhibit both Bayesian attraction and efficient-coding signatures,
we next asked whether these effects could arise from a single underlying computational mechanism. Specifically,
we tested whether a unified model representing uncertainty explicitly in both encoding and decoding could
quantitatively reproduce the observed behavioural patterns.

The model builds on the framework introduced above (see Methods 3.9). Each video clip has a latent true
emotion intensity (eqg), which is encoded through a monotonic transformation F'(e) derived from the participant-
specific prior p(e), then perturbed by internal noise (i ). The decoded estimate é = F~1(r) is then perturbed
by late external noise (0ext). Intuitively, F'(e) captures how representational capacity is distributed efficiently,
allocating greater precision to commonly experienced emotion intensities. The inverse transformation F~! imple-
ments Bayesian decoding, reintroducing prior expectations and pulling uncertain estimates toward the prior
peak. Prior mean and variance were set per participant and emotion from their empirical ratings, and inference
combined these priors with noisy internal signals.

Fitted separately for each participant and emotion, the model reproduced rating variability across partici-
pants and emotions in Study 1 (Pearson’s r=0.77, RMSE = 0.025, MAE = 0.019; Fig. 1d). Using the posterior
emotion-intensity estimates in a choice rule, with the inputs fixed from the rating-model fits and only the inter-
nal noise (02,,) and external noise (02, ) treated as free parameters, the model accurately predicted participants’

int ext

trial-by-trial choices (average negative log-likelihood per trial = 0.61, AUROC = 0.78; Fig. le), their overall
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choice consistency (average negative log-likelihood per trial = 0.89, AUROC = 0.97), and the empirical depen-
dencies of choice consistency on rating difference (mean r across participants = 0.98, RMSE = 0.02; Fig. 1f) and
summed variability (mean r across participants = 0.94, RMSE = 0.02; Fig. 1g). Participants’ mean fitted rat-
ing variability further predicted their slope of rating difference on choice consistency in a mixed-effects logistic
regression (Brobust = —18.70 &+ 2.62, p < 0.001; Fig. 1j), indicating reduced sensitivity when internal estimates
are noisier.

All results replicated in the independent cohort, where the model again captured rating variability (r = 0.73),
predicted trial-by-trial choices (average negative log-likelihood per trial = 0.50, AUROC = 0.85), predicted
choice consistency (average negative log-likelihood per trial = 1.46, AUROC = 0.94), and reproduced the
observed relationships with rating difference (mean r across participants = 0.93, RMSE = 0.03) and summed
variability (mean r across participants = 0.87, RMSE = 0.04; Supplementary Fig. S10b-h).

Together, these results show that a single model combining efficient encoding with Bayesian decoding
accounts for both the direction of bias and the precision observed in ratings and choices. This framework pro-
vides a mechanistic account of how uncertainty shapes emotion judgements and bridges perceptual and affective
computation.

2.6 Mechanisms of emotion judgements and anxiety symptoms

We next asked whether individual differences in anxiety symptoms were related to the inferential mechanisms
of emotion judgements. Given the central role of priors in our model, we hypothesised that participants with
higher GAD-7 scores would show stronger and narrower priors, steeper Bayesian attraction slopes, and reduced
confidence in their ratings and choices.

Participants in the replication study completed the GAD-7 questionnaire [33] (N=120; Supplementary
Fig. S10a). At the subject level, higher GAD-T7 scores predicted higher mean anxiety ratings (8 = 1.25, 95% CI
[0.23,2.27], p = 0.017; Fig. 6a), but had no reliable effect on rating variability (8 = 0.79, 95% CI [—1.77, 3.35],
p = 0.54; Fig. 6b). GAD-7 scores were also not associated with the strength of Bayesian attraction slopes
(8 = 0.0005, 95% CI [—0.007,0.008], p = 0.90; Fig. 6¢). Thus, although participants with higher anxiety
symptoms gave higher average anxiety ratings, we found no evidence that they showed stronger and narrower
priors.

We next tested these hypotheses in a larger study focused on anxiety judgements (Study 5, N=229). Par-
ticipants reporting anxiety symptoms were recruited to complete a version of the task similar to the replication
study, but with 95 video clips eliciting anxiety and no emotion discrimination phase (Supplementary Fig. S15a).
The key Bayesian inference and efficient-coding effects were again observed in this cohort (Supplementary
Fig. S15b-e), allowing us to test whether anxiety symptoms modulated these signatures.

In this sample, higher GAD-7 scores were not significantly associated with higher mean anxiety ratings
(8 = 0.02, 95% CI [-0.003,0.04], p = 0.08; Fig. 6f). Contrary to our prediction, higher GAD-7 scores were
associated with wider, rather than narrower, priors (8 = 0.01, 95% CI [0.001,0.019], p = 0.038; Fig. 6g).
However, this difference in prior width did not translate into stronger Bayesian attraction: GAD-7 scores were
not significantly related to attraction slopes (8 = 0.004, 95% CI [—0.001,0.009], p = 0.16; Fig. 6h).

Finally, we tested whether anxiety symptoms were associated with reduced confidence. In the replication
sample, GAD-7 scores showed numerically negative relationships with confidence in both emotion ratings and
emotion-based choices, but neither effect reached significance (ratings: 8 = —0.02, 95% CI [—0.04, 0.01], p = 0.14;
choices: 8 = —0.02, 95% CI [—0.04,0.01], p = 0.22; Fig. 6d,e). In the larger anxiety sample, GAD-7 scores were
also not associated with confidence in emotion ratings (8 = 0.004, 95% CI [—0.016,0.023], p = 0.71; Fig. 6i).

Overall, anxiety symptoms showed little systematic association with the inferential mechanisms underlying
emotion judgements. Although higher GAD-7 scores were associated with wider priors in the larger sample, this
did not translate into altered prior attraction or reduced confidence. Thus, the core Bayesian and efficient-coding
signatures of emotion judgements appeared largely preserved across variation in anxiety symptoms.
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STUDY 4: EXPLORATORY ANALYSIS
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Fig. 6 Mechanisms of emotion judgements and anxiety symptoms in Study 4 (N=120) and Study 5 (N=229). a, f. Emotion
ratings and GAD-7. Regression between mean anxiety rating per participant and GAD-7 score in Study 4 (a) and Study 5 (f). b,
g. Prior width and GAD-7. Regression between participant-level prior standard deviation and GAD-7 score in Study 4 (b) and
Study 5 (g). ¢, h. Bayesian attraction to prior peak and GAD-7. Regression between participant-level Bayesian attraction
slopes, estimated from the relationship between short-long rating differences and long-duration ratings, and GAD-7 score in Study
4 (c) and Study 5 (h). d, i. Confidence in emotion ratings and GAD-7. Regression between mean confidence in emotion
ratings per participant and GAD-7 score in Study 4 (d) and Study 5 (i). e. Confidence in choices and GAD-7. Regression
between mean confidence in emotion discrimination choices per participant and GAD-7 score in Study 4. Shaded regions show 95%
confidence intervals. Asterisks indicate statistical significance (* p < 0.05); n.s., not significant.

3 Methods

3.1 Participants

The main study tested 150 healthy young volunteers (mean age 38 years; 71 females) recruited via Prolific
and randomly assigned to three experiments: Experiment 1 (n=>57, 31 females), Experiment 2 (n=46 new
participants, replication of Experiment 1; 22 females), and Experiment 3 (n=47 new participants, 18 females).
Sample size was determined based on previous similar studies and pilot results. The replication study tested
120 healthy young volunteers (46 females) and the sample size was determined by a power analysis of the
difference in consistency between choices near and far from prior peak observed in study 1. Participants had no
neurological or psychological disorders and did not take medication that could affect participation. Finally, we
conducted a study (Experiment 5) in a group of 229 participants (155 females) self-reporting anxiety symptoms
on Prolific. All participants provided written informed consent and were compensated monetarily. All procedures
were approved by the University College London Research Ethics Committee (approval ID 1896) and were
conducted in accordance with the Declaration of Helsinki.

3.2 Task structure

Experiment 1 consisted of four main phases: (1) viewing phase, (2) rating phase 1, (3) rating phase 2, and
(4) the emotion discrimination phase. Experiments 2 and 3 included only the viewing phase and two rating
phases. Experiment 4, the replication study, included the viewing phase, the two rating phases, the emotion
discrimination phase and two self-report questionnaires: GAD-7 and PHQ-9. Experiment 5 included the viewing
phase, the two rating phases and the GAD-7 questionnaire.
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In the viewing phase of all experiments, participants watched validated emotional video clips eliciting
emotions across a wide intensity range [13].

3.3 Exclusion criteria

Across all studies, participants were excluded if they failed to meet basic attention or engagement requirements.
Specifically, participants were excluded if they:

® Missed three or more attention-check questions during the viewing phase, or
® Failed to provide responses on ten or more trials in total, or missed three consecutive trials within a single
phase of the study (rating or emotion discrimination).

All analyses were performed on the remaining participants who passed these criteria. A total of 91 participants
were excluded in Study 1, 44 in Study 2, 38 in Study 3, 75 in the replication study, and 76 in the group of
participants reporting anxiety symptoms. The final analysed samples were therefore: Study 1 = 57, Study 2 =
46, Study 3 = 47 (joy: N=42, anxiety: N=41, both: N=36), Study 4 = 120, Study 5 = 229.

3.4 Study 1
3.4.1 Viewing Phase

Participants watched videos that elicited five target emotions: joy, romance, anxiety, disgust, and sadness. A
total of 142 videos were selected: joy (n=30), romance (n=27), anxiety (n=30), disgust (n=28), and sadness
(n=27). Videos covered a range of intensities, selected across five intensity bins based on ratings from [13].
The video clips were presented in a pseudo-random order, structured into balanced blocks of four, ensuring
uniform emotion and intensity distributions. Attention checks (yes/no questions about video content) appeared
randomly once per block (n=16 correct ”yes,” n=19 correct "no”).

3.4.2 Emotion Rating Phases 1 and 2

Participants completed two rating phases, rating video snapshots of the video clips previously watched during
the viewing phase, on a slider scale. Importantly, because the participants saw all video clips before the ratings,
they could effectively use the full range of the rating scale. Participants indicated "how strongly this video
made them feel emotion,” with each snapshot associated with a single target emotion. The slider scale was
continuous, with both the numbers (1 to 7) and corresponding labels displayed: "not at all,” ”barely,” ”a
little,” ”somewhat,” ”strongly,” ”very strongly,” and ”extremely”. Participants were informed that the rightmost
endpoint represented video clips eliciting extreme emotional intensity, while the leftmost endpoint represented
video clips eliciting no emotional intensity. The snapshots were presented in a random order with randomised
slider starting positions to minimize anchoring effects. Each trial began with a fixation cross presented for 500ms.
This was followed by the emotion name, the video snapshot, a black screen with the word ”think”, and then
the rating scale. Participants were informed that during the black screen, they should reflect on how strongly
the video clip made them feel the emotion specified at the beginning of the trial. They were also instructed to
provide their rating as fast as possible once the scale appeared on the screen.

Ratings were collected twice to assess variability in emotion intensity judgements. Rating phase 2 was iden-
tical to rating phase 1 and took place immediately after phase 1. The order of the video snapshots’ presentation
was randomized. Crucially, participants were not informed before the rating phase 1 that a second rating phase
would take place, preventing them from intentionally memorising their initial ratings. Snapshots were presented
either shortly (900 ms) or for a longer duration (2600 ms), with duration randomized in phase 1 and reversed
in phase 2. The exposure times was pseudo-randomly selected for each video snapshot in the first round of
ratings. This duration manipulation was applied during the black ”think” screen preceding ratings. Crucially,
participants were not informed about the exposure time manipulations.

3.4.3 Emotion Discrimination Phase

Immediately after the two rating phases, an algorithm selected a balanced set of decision trials divided into five
emotion intensity rating difference levels on the rating scale (rating difference ~5%, ~10%, ~15%, ~20% and
~50% of the length of the rating scale), as defined by the average rating across phases 1 and 2 provided by
each participant. Emotion discrimination trials started with central presentation of a fixation cross for 500 ms.
Immediately after this, two video snapshots were displayed simultaneously, one on the left and one on the right

12



field of the screen. The video snapshots were presented until response and participants had up to 3s to make
a choice. Participants were asked to imagine they were actors tasked with portraying a specific emotion. On
each trial, they were instructed to choose the video they felt would best set them in the mood for the emotion
indicated at the beginning of the trial. To make their choice, participants used their mouse to select the video.
Every four trials, participants were also asked to indicate their confidence in their choice. The confidence question
was presented directly after the choice, randomly within each block of four trials and was answered using a
continuous scale raging from 1 to 7, with both the numbers (1 and 7) and corresponding labels displayed: "not
confident at all” (leftmost side), and ”extremely confident” (rightmost side). A choice was defined as consistent
if the selected snapshot had a higher mean rating from the previous rating phases. The trials were fully balanced
across rating difference levels and the location of the consistent response option (left or right).

3.5 Study 2
Study 2 replicated Study 1 with two modifications:

® The black screen with “think” was removed to streamline the trial sequence, and the manipulation of exposure
time was applied to the video snapshot itself.

® The emotion discrimination phase was removed, focusing on how exposure duration affects emotion
judgements.

3.6 Study 3

To strengthen prior expectations, Study 3 presented emotional material in emotion-specific blocks rather than
in pseudo-randomised order.

3.6.1 Viewing Phase

Participants watched 160 videos (80 joy, 80 anxiety), selected to bias exposure toward mid-intensity emotions
(bins 1, 5: 7 videos; bins 2, 4: 17 videos; bin 3: 32 videos). Videos were grouped in emotion specific blocks (first
anxiety, then joy) and presented in random intensity order within blocks. Attention checks were incorporated
randomly within blocks (n=16 correct ”yes,” n=19 correct "no”).

3.6.2 Emotion Rating Phases 1 and 2

Participants first watched and completed the two rating phases for anxiety-inducing videos, followed by joy
videos, with the video snapshots presented in a random order within each emotion block. Each trial began with
a fixation cross presented for 500 ms, followed by the video snapshot and the rating scale. Participants were
instructed to provide their rating as fast as possible once the scale appeared on the screen.

Rating phase 2 was identical to rating phase 1 and took place immediately after phase 1. The order of
the video snapshots’ presentation was randomized. Each snapshot was presented either for 900 ms or 2600
ms, with durations randomized in phase 1 and reversed in phase 2, for each emotion. The exposure time was
pseudo-randomly selected for each video snapshot in the first round of ratings.

Every four trials, with the confidence trial randomly positioned within each block of four, participants were
asked to indicate how confident they were that the rating they had provided accurately reflected how they truly
felt about the video. Confidence was reported on a continuous scale ranging from 1 to 7, anchored by the labels
“not confident at all” (1) and “extremely confident” (7).

3.7 Study 4: Replication study

The replication study was pre-registered (https://doi.org/10.17605/OSF.I0/NMBSU) and followed the same
procedure as Study 3, with three modifications: (i) only the anxiety block was administered; (ii) the emotion
discrimination task from Study 1 was included; and (iii) participants additionally completed the GAD-7 and
PHQ-9 questionnaires at the end of the task. FEach questionnaire included an embedded attention-check item
instructing participants to select a specific response. No participants failed these checks, and all were retained
for analysis.

3.8 Study 5

Study 5 followed the same procedure as the replication study, with three modifications: (i) the number of videos
eliciting anxiety was increased to 95; (ii) the emotion discrimination task was omitted; and (iii) participants
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completed only the GAD-7 questionnaire at the end of the task. Similar to study 4, the questionnaire included
an embedded attention-check item instructing participants to select a specific response; no participants failed
this check, and all were retained for analysis.

3.9 Computational model of efficient representation of emotion judgements
3.9.1 Model

Inspired by the efficient-coding model of subjective value developed by Polania et al. [4], we adapted the same
general framework to emotion judgements, modelling them as arising from noisy encoding and Bayesian decoding
of a latent true emotion intensity. The presentation of a video clip with an underlying true emotion intensity
e elicits an internal noisy neural response €epc, from which the observer derives a subjective emotion intensity
estimate egec.

At the encoding stage, a function F'(e) maps the emotion intensity space to a new space where Fisher
information is uniform. F'(e) is the cumulative distribution function (CDF) of the prior distribution p(e), defined
as:

Fle) = / Oy (1)

where p(x) represents the prior distribution over emotion intensities. This transformation ensures efficient
allocation of neural resources, assigning higher encoding precision to frequently encountered intensities. Encoding
adds Gaussian noise to this transformed representation:

€enc — F(e) + €int (2)
Where internal encoding noise €t ~ N(0,02,) remains constant across all intensity levels, capturing trial-to-
trial variability in reported emotion intensity ratings.

At the decoding stage, the observer reconstructs the emotion intensity estimate from the encoded signal via
the inverse transformation:
€dec = Fﬁl(eenc) (3)
External noise is introduced to account for late noise in the decision stage (e.g., noise introduced during response
selection). This results in a final reported estimate:

€dec = F_l(eenc) + €ext (4)
where €y ~ N(0,02,,) represents post-decoding noise, capturing downstream variability that is unrelated to
the encoding process itself.

Considering both internal and external noise, the expected reported emotion intensity given a true stimulus
intensity e is:
Elé | eo] = BIF ™' (F(eo) + €int) + €ext] (5)
The likelihood of observing a given reported emotion intensity ege. conditioned on a true stimulus value eq is
given by:

p(edec | 60) = /deenc p(edec ‘ eenc) 'p(eenc ‘ 60) (6)

where:
p(edcc | eenc) - N(F_l(ecnc)v ngt) (7)
p(eenc | €0) = N(F(eo)anZnt) (8)

Since there is no closed-form solution, this integral was approximated numerically by sampling from the
conditional distributions.
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3.9.2 Model Implementation and Fitting

To simplify model estimation, we assumed a normal distribution prior over emotion intensities. Thus, the
encoding function F'(e) corresponds to the cumulative distribution function (CDF) of a normal distribution:

Fle) = (“W) (9)

Oprior

where piprior and Oprior define the prior mean and standard deviation, respectively.

Since there is no closed-form solution for the likelihood integral, we used a sampling approach to approximate
the likelihood. The model was implemented in Turing.jl, a probabilistic programming library in Julia, enabling
efficient Bayesian inference via Hamiltonian Monte Carlo (HMC).

Before model fitting, empirical ratings were normalised to the [0, 1] range to facilitate comparison with
model predictions. For study 1, the model was fitted separately for each participant and emotion to emotion
intensity ratings obtained in the two rating phases. A single internal noise parameter (o2,) was shared across
exposure times. Prior parameters (fiprior) and (oprior) were derived directly from that participant’s own rating
distribution (phases 1 and 2 combined). The model then estimated the internal (02,,) and external noise (¢2),
and the latent true stimulus emotion intensity ratings (ep), by maximising the likelihood of observed ratings,
subject to the constraint that eq followed the specified prior distribution.

To quantify the model’s accuracy in reproducing observed rating variability, we generated simulated ratings
from 500 posterior samples of eg, propagating these through the model to produce predicted ratings eqec for
each rating phase. The standard deviation of these simulated ratings provided an estimate of rating variability,
which was compared to participants’ empirical rating variability. To match the bounded rating scale used in
the task, simulated egec values were rescaled to the [0, 1] interval using a logistic (sigmoid) transformation:

Cdec — M
ebounded _ Jooistic (decs> , (10)

where m and s set the midpoint and scaling based on the 2nd-98th percentile range of simulated values.
Given model-estimated stimulus emotion intensity ratings (é;,éz) and prior parameters (fprior, O'grior), the
probability of choosing one alternative over another was computed as:

(11)

P(é1 > ¢y |eq,e9) = ® < Eléy | e1] — Eléa | €] )

\/Var[é; | e1] + Var[é | ea] + 202,

Where @ is the CDF of the normal distribution.

The inputs to the choice model were fixed from the rating model fits, leaving only two free parameters:
the internal noise (¢2,) and the external noise (02,). The choice model was implemented in Turing.jl using a
Bernoulli likelihood, where choices were modeled as binary outcomes.

Both rating and choice models were estimated using HMC with the No-U-Turn Sampler (NUTS), run for
10,000 iterations across three chains, with initial samples discarded as burn-in and tuning acceptance thresholds
for efficient exploration of the posterior distribution. We employed uniform priors for both noise parameters
(Cint,Text ~ Uniform(0,0.1)).

The same procedure was applied in the replication study, yielding comparable model performance across
cohorts.

3.10 Behavioural Analyses and Statistics

Emotion intensity rating variability was quantified as the standard deviation of ratings across phases 1 and
2 for each video. Choice consistency in the discrimination phase was modelled using mixed-effects logistic
regressions with random intercepts and random slopes per subject and emotion. Separate models tested the
effects of absolute rating difference and summed variability. Choice consistency was then modelled using logistic
regressions per emotion with the following fixed predictors: (1) rating difference (absolute difference in mean
ratings), (2) summed variability (sum of standard deviations of the two clips), and (3) summed ratings (sum of
mean ratings). Model improvement when adding variability was assessed with likelihood-ratio tests, reported as
Ax2. To test whether variability systematically reduced sensitivity to rating differences, we fit a mixed-effects
logistic regression with random intercepts and random slopes for rating difference per participant and emotion.
Random slopes were then regressed against log-transformed variability using robust regression.
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Reaction times in the emotion discrimination task were analysed as an additional behavioural signature of
perceptual decision-making. Reaction times were log-transformed before analysis. For each emotion category,
we fit linear mixed-effects models predicting log reaction time from choice consistency, and separately from the
absolute rating difference between the two choice options, with random intercepts for participant.

Prior-driven bias was computed as the difference between short- and long-exposure ratings of the same video.
Piecewise linear regressions of bias on long-exposure ratings were run separately above, below, and near the
prior peak. For these analyses, ratings were standardized per participant and emotion, using the prior mode
and standard deviation. The prior peak was defined as the mode of the empirical rating distribution (combined
from rating phases 1 and 2), estimated with a boundary-corrected kernel density estimator (reflection at the
[1,7] bounds). The prior standard deviation was defined as the empirical standard deviation of the same ratings.
At the participant level, attraction slopes (from regressions of bias on mode-centred long-exposure ratings) were
regressed on prior width.

As a control analysis, we tested whether the amount of information available in the snapshot itself mod-
ulated prior-driven bias. A subset of snapshots was manually classified as informative, that is, as containing
sufficient visual information to identify the source video clip directly from the snapshot, whereas the remaining
snapshots were classified as less informative. We then fit a linear mixed-effects model predicting rating bias from
mode-centred long-exposure ratings, snapshot informativeness, and their interaction, with random intercepts
for participant.

To test whether choice consistency varied with distance from the prior peak, we computed the midpoint
rating of each choice pair and measured its absolute distance from the participant-specific prior mode, scaled
by the participant-specific prior standard deviation. Analyses of discriminability were restricted to small rating
differences (<0.6 units; ~10% of the scale), as these corresponded to the most difficult choices. Within this
subset, choice pairs were classified as near if their midpoint rating lay within 0.3 units of the prior mode, and
far if the midpoint was more than 1.9 units away. These thresholds were based on the observed distribution of
distances from the prior peak, chosen to clearly separate stimuli adjacent to versus distant from the peak while
maintaining balanced trial counts. For visualisation and complementary analyses, trials were grouped into near,
far, and large rating-difference categories. Choice consistency between near and far trials was compared using
Mann-Whitney U tests at the trial level and paired t-tests on within-subject differences in mean consistency.
We also fit logistic mixed-effects models predicting choice consistency from the continuous distance to the prior
peak and the absolute rating difference between the two options, with random intercepts and random slopes for
prior distance by participant.

Confidence ratings were analysed using mixed-effects linear models, with fixed effects of rating difference
and summed variability (for choices) or rating variability and mean rating (for ratings), and random intercepts
per subject.

For questionnaire analyses, we regressed mean ratings, variability, and slopes of attraction against GAD-7
scores at the subject level (OLS regressions). Confidence was analysed as above but with GAD-7 as predictors
in mixed-effects models.

The computational model combined efficient coding with Bayesian decoding (Methods, Section 3.9.1). Priors
were set from each participant’s empirical rating distribution (empirical mean and standard deviation). Model
fits were evaluated using Pearson’s r, RMSE, and MAE for variability, and average negative log-likelihood (NLL)
per trial and area under the receiver-operating characteristic (AUROC) for choices.

For Study 5, the same Bayesian inference and efficient-coding analyses were applied to the anxiety-only
sample. Because the task did not include an emotion discrimination phase, analyses were restricted to ratings,
confidence in ratings, prior width, and Bayesian attraction slopes. Associations with anxiety symptoms were
tested by regressing mean anxiety ratings, prior standard deviation, attraction slopes and mean confidence
ratings against GAD-7 scores at the participant level.

Mixed-effects models were implemented using either pymer4, which interfaces with 1lme4 in R, or
statsmodels, depending on the analysis. Ordinary least-squares regressions, generalized linear models and
robust regressions were implemented using statsmodels. Non-parametric tests, paired t-tests and correlation
analyses were implemented using scipy.stats. Statistical significance was set at p < 0.05 (two-sided), with
thresholds at p < 0.01 and p < 0.001.

The same preprocessing and analysis procedures were applied to the independent replication study where
the relevant task components were present. In the replication study, the corresponding near- and far thresholds
were chosen analogously from the empirical distribution of distances to the prior peak to preserve separation
between adjacent and distant trials while maintaining sufficient trial counts.

16



3.11 Data availability
The data is available (HERE).

3.12 Code availability
The code is available (HERE).

4 Discussion

Emotion judgements appear to behave like perceptual decisions, relying on probabilistic inference under repre-
sentational constraints. By combining repeated ratings, a two-alternative forced-choice task, and a generative
model grounded in efficient coding and Bayesian decoding, we show that variability in emotion-intensity ratings
is not mere noise but reflects principled uncertainty shaped by prior experience. In this sense, emotion reports
appear not as direct readouts of stable internal states, but as estimates sensitive to statistical uncertainty.

First, variability was structured rather than random, and predicted participants’ emotion-based choices.
Trial-level fluctuations in emotion ratings captured meaningful computational properties of the judgement
process rather than measurement error [34, 35]. Repeated emotion ratings contained information about the
latent reliability of the estimate giving rise to the judgement, much as variability in perceptual reports reflects
uncertainty rather than merely poor responding. This has practical consequences: averaging away within-person
variability may discard signal that is computationally informative.

Second, participants’ ratings were biased toward empirically learned priors, especially under high uncertainty,
consistent with Bayesian attraction. These observations provide a computational mechanism for why context
and prior experience should shape emotion reports. This extends previous evidence that emotion inferences
about others integrate prior expectations with ambiguous cues [36-38], and connects naturally to appraisal
and constructed emotion theories, which similarly describe emotions as context-dependent inferences combining
affective and conceptual information [1, 39-41]. Additionally, this opens a bridge to broader affective schemas,
mood, or long-term learning: task-induced priors are local and experimentally tractable, but they may be one
instantiation of more general affective expectations.

Third, efficient-coding predicted, and experiments confirmed, that representational precision is allocated
according to the frequency of experienced emotion intensities. Participants showed two hallmark signatures
of this process: repulsive bias near the prior peak and enhanced discriminability at frequently experienced
intensities. These signatures are not predicted by generic prior bias alone, but point specifically to non-uniform
coding precision, produced only when Fisher information scales with prior density. Emotion judgements may
therefore be encoded in a resource-efficient manner, with precision scaled according to the statistical structure
of past emotion experience. This extends efficient-coding principles beyond traditional sensory and value-based
domains [3, 4]. Consistent with this frequency-dependent account, Goel et al. (2024) [38] showed that observers
weight facial cues more strongly for emotion categories they encounter most often in everyday life. More broadly,
it implies that emotional precision should be experience-dependent: individuals with different affective histories
may become most precise in different regions of emotion space.

Fourth, confidence in emotion ratings decreased reliably as repeated ratings became more variable, consistent
with the broader view that confidence tracks the reliability or uncertainty of an internal estimate [42-44].
Recent work further suggests that metacognition of one’s own emotional states can be quantified, extending
metacognitive analysis beyond standard perceptual decisions to subjective and affective judgements [45, 46].
Confidence in choices was more robustly related to rating difference, consistent with perceptual decision-making
studies showing that confidence in discrete decisions scales with evidence strength and decision reliability [43, 47].
Together, these findings suggest that confidence in emotion judgements is sensitive to subjective uncertainty.
Future work should test this more directly using formal models of confidence and metacognitive sensitivity.

We also asked whether these inferential signatures vary systematically with anxiety symptoms. Altered
affective processing in depression and anxiety makes this plausible, as these conditions have been linked to shifts
in the evaluation of emotional stimuli and to more negative affective interpretations [48, 49]. Related work further
suggests that anxiety and depression can be associated with lower confidence or underconfidence in perceptual
and memory judgements [50, 51]. In our data, however, anxiety symptoms showed limited associations with
the computational signatures identified here. Taken together, these findings suggest that the core Bayesian and
efficient-coding features of emotion judgement may be relatively preserved across variation in anxiety symptoms,
although larger clinically enriched samples will be needed to test whether more specific symptom dimensions
modulate them.
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970 These findings have important implications for affective measurement. Standard self-report instruments
971 often assume that emotion ratings provide direct access to stable internal states. Yet computational accounts
972 linking subjective emotion reports to underlying cognitive and neural processes remain relatively limited, making
973 it difficult to distinguish measurement noise from principled uncertainty in emotional self-report [16]. Our
974 data instead suggest that reported intensities emerge from an inferential process shaped by learned statistical
975 regularities and internal noise. Variability and bias in self-report should therefore not automatically be treated
976 as error, but may instead reflect meaningful cognitive operations, with implications for both basic research and
977 clinical assessment.

978 Several limitations remain. Our priors were induced by a restricted set of task stimuli and therefore reflect
979 local, experimentally induced expectations rather than broader, lifelong affective schemas or mood states. In
980 addition, although our model captures the main empirical signatures, it relies on relatively simple prior and
981 noise assumptions. Future work should test whether these conclusions generalise across richer stimulus statistics,
982 developmental and cultural contexts, and more flexible computational models.

983 In sum, these findings bridge affective science with computational theories of perception and decision-making,
984 suggesting that emotion judgements arise from probabilistic inferences shaped by prior expectations and imple-
985 mented through capacity-limited encoding processes. Treating variability not as noise but as signal offers a more

986 mechanistic account of how people access and report their own emotional experiences.

987
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9 Extended data figures
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Fig. S2 Distribution of disgust ratings across participants in Study 1 (N=57). Each small panel corresponds to one participant

re— ] |
1234567

1234567

DISGUST

1234567
Rating

and shows the frequency of ratings across disgust videos on the 1-7 rating scale.

21

1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
1171
1172
1173
1174
1175
1176
1177
1178
1179
1180
1181
1182
1183
1184
1185
1186
1187
1188
1189
1190
1191
1192
1193
1194
1195
1196
1197



1198
1199
1200
1201
1202
1203
1204
1205
1206
1207
1208
1209
1210
1211
1212
1213
1214
1215
1216
1217
1218
1219
1220
1221
1222
1223
1224
1225
1226
1227
1228
1229
1230
1231
1232
1233
1234
1235
1236
1237
1238
1239
1240
1241
1242
1243
1244
1245
1246
1247
1248
1249
1250
1251
1252
1253
1254

25

25

25

25

25

Frequency

25

25

25

25

25
0

— | | _mllul.._
e " |
R
= 1N =
. — |
[ [ ] ] millmm
— __III —
o mmll (W —m
— I mll_ =
S
1234567 1234567

ROMANCE

1234567

Rating

Fig. S3 Distribution of romance ratings across participants in Study 1 (N=>57). Each small panel corresponds to one participant
and shows the frequency of ratings across romance videos on the 1-7 rating scale.

22



25

25

25

25

25

Frequency

25

25

25

25

25
0

Fig. S4 Distribution of sadness ratings across participants in Study 1 (N=57). Each small panel corresponds to one participant

mEl_ Em_
1234567

1234567

SADNESS
HN._. =Em [ ™ --.
_III -___—-.

_—--.--
1234567

Rating

and shows the frequency of ratings across sadness videos on the 1-7 rating scale.

23

1255
1256
1257
1258
1259
1260
1261
1262
1263
1264
1265
1266
1267
1268
1269
1270
1271
1272
1273
1274
1275
1276
1277
1278
1279
1280
1281
1282
1283
1284
1285
1286
1287
1288
1289
1290
1291
1292
1293
1294
1295
1296
1297
1298
1299
1300
1301
1302
1303
1304
1305
1306
1307
1308
1309
1310
1311



1312
1313
1314
1315
1316
1317
1318
1319
1320
1321
1322
1323
1324
1325
1326
1327
1328
1329
1330
1331
1332
1333
1334
1335
1336
1337
1338
1339
1340
1341
1342
1343
1344
1345
1346
1347
1348
1349
1350
1351
1352
1353
1354
1355
1356
1357
1358
1359
1360

25
0 mu= =N

25
0 —mll -I-

25

0 ---—--.

25

N
[¢)]

Frequency
o

N
[,

o

25

25
p—

25

25

JOYy

1234567
Rating

1234567 1234567
1361

1362

1363 Fig. S5 Distribution of joy ratings across participants in Study 1 (N=57). Each small panel corresponds to one participant and
1364 shows the frequency of ratings across joy videos on the 1-7 rating scale.

1365
1366
1367
1368

24



a Choice consistency b Rating difference
anxiety A I ® He i | PY | Rk
! I
i i
disgust ® ok : . | ° | RHK :
5 i i
.-I: H . L ; kkk 1 _ N , skokk H
g joy . . . : | ° . :
L | !
romance - : ° | R 1 ° | KRk !
i i
sadness A : ° | Rk - ——— Kk |

_0.06 -0.04 —0.02 0.00 _0.06 —0.04 —0.02 0.00
B (log RT) B (log RT)

Fig. S6 Reaction times in the emotion discrimination task (Study 1; N=57). a. Fixed-effect coefficients from linear mixed-effects
models predicting log reaction time from choice consistency, fit separately for each emotion with random intercepts for participant.
Negative coefficients indicate that consistent choices were made faster than inconsistent choices. b. Fixed-effect coefficients from
linear mixed-effects models predicting log reaction time from the absolute rating difference between the two choice options, fit
separately for each emotion with random intercepts for participant. Negative coefficients indicate that choices were faster when the
two options differed more strongly in their mean emotion ratings. Points show fixed-effect estimates and horizontal bars show 95%
confidence intervals. Asterisks indicate statistical significance (* p < 0.05, ** p < 0.01, ¥** p < 0.001).

*kk

a. b. Distribution of Ratings Across Duration Phases

Mean Decision Time (ms)
Emotion Intensity Rating

Short Long Short Phase 1 Short Phase 2 Long Phase 1 Long Phase 2
Condition

Fig. S7 Control analyses for exposure duration and rating phase in Study 3 (N=47). a. Mean total rating-trial time, defined as
video snapshot duration plus time spent on the rating scale, in the short- and long-duration conditions. As expected, long-duration
trials had significantly longer total trial times than short-duration trials (***p < 0.001). b. Distribution of emotion intensity ratings
across rating phases and duration conditions. Boxplots show similar rating distributions across Phase 1 and Phase 2 for both short-
and long-duration trials, indicating no systematic phase-related shift in ratings. Boxplot centre lines show medians; boxes show
25th-75th percentiles; whiskers extend to 1.5x IQR.
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1470 judgements, quantified as the short-long rating difference, plotted against long-duration ratings for each emotion. Red dashed lines

indicate zero bias and the participant-specific prior peak. Blue points show binned means; orange lines show piecewise linear fits
1471 + 95% CI. c. Relationship between participant-level prior standard deviation and Bayesian attraction slope. Each point represents
1472 one participant; orange lines show OLS fits + 95% CI. d. Bias close to the prior peak, plotted against long-duration ratings. Green
1473 lines show linear fits + 95% CI testing for repulsive bias near the prior peak. Asterisks indicate statistical significance (* p < 0.05,
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1475
1476
1477
1478
1479
1480
1481
1482

26



a. 1200 1200 1200 J 1200 1200
1000 1000 1000 1000 1000
§ 800 800 800 800 800
‘;’, 600 600 600 600 600
c
g 400 400 400 400 400
200 200 200 ‘ 200 200
0 0 0l— 0 0 =
N N Q N Q N N Q Q
= . PRSI 2 PR Ny o S I .
Z-scored (mode) Rating Z-scored (mode) Rating Z-scored (mode) Rating Z-scored (mode) Rating Z-scored (mode) Rating
4 , 4 44 v 4 44 -
b. i R g - o °
7 i a ° 8 8 H e
> | o | ° | ° S0 0 ° i o
g 2 ol 2 ? ° 2 8 2 ? g ° 2 ? °
e N1 ] il =0 il
=
0f-—t-pyddec oo 0+ pgedddeccccpooeo - 0 f-----f-—= R S 0 f------f= T 0 - pdddaccc g
T TR T T ™
e 8
o | ° g o ° l ® ' ° 880 g
© _H5 _ -2 _ o4 o
S21 , % s 21 o o B g 21 & Lefe 2 HEN 2 At
° K| e o LIS °
o! 8
-4 T T — T -4 T T T T -4 T T T T -4 T T T T -4 T — 2 T
© A ™ ™ o ™
O > ) RO R I R O PO IR ORI
Long Duration Rating Long Duration Rating Long Duration Rating Long Duration Rating Long Duration Rating
C. o5 0.5 0.51 0.5 0.51
g
o°
2 001 0.0 0.0 0.0 0.0
[y
53 -05 -0.5 -0.51 -0.5 -0.51
<.
~x O
e
&7 10 -1.0 ~1.01 -1.0 ~1.01
8
I
-1.5 T T T -15 T T T -1.5 T T T -1.5 T T T -15 T T
1.0 1.5 2.0 1.0 1.5 2.0 1.0 1.5 2.0 1.0 1.5 2.0 1 2
Prior Standard Deviation Prior Standard Deviation Prior Standard Deviation Prior Standard Deviation Prior Standard Deviation
d 24 (per subject) 2 (per subject) 24 (per subject) 2 (per subject) 24 (per subject)
Ei
5 1 1 11 1 1
* *k n:s n.s *
5 o C 0 0 = 0 [\ S
G
8 -1 -1 -1 -1 -1
2]
-2 -2 -2 -2 -2
-0.2-0.1 0.0 0.1 0.2 -0.2-0.1 0.0 0.1 0.2 -0.2-0.1 0.0 0.1 0.2 -0.2-0.1 0.0 0.1 0.2 -0.2-0.1 0.0 0.1 0.2
Long Duration Rating Long Duration Rating Long Duration Rating Long Duration Rating Long Duration Rating

Fig. S9 Bayesian attraction and efficient-coding diagnostics in Study 2 (N=46). a. Aggregated participant-centred rating distribu-
tions for each emotion category. Ratings were z-scored and aligned to each participant’s modal rating. b. Bias in emotion intensity
judgements, quantified as the short-long rating difference, plotted against long-duration ratings for each emotion. Red dashed lines
indicate zero bias and the participant-specific prior peak. Blue points show binned means; orange lines show piecewise linear fits
+ 95% CI. c. Relationship between participant-level prior standard deviation and Bayesian attraction slope. Each point represents
one participant; orange lines show OLS fits & 95% CI. d. Bias close to the prior peak, plotted against long-duration ratings. Green
lines show linear fits + 95% CI testing for repulsive bias near the prior peak. Asterisks indicate statistical significance (* p < 0.05,
** p < 0.01, *** p < 0.001); n.s., not significant.
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1574 Fig. S10 Replication of rating variability effects in Study 4 (N=120). a. Task structure. Participants completed video viewing,
1575 two snapshot rating phases, the emotion discrimination task, and GAD-7 and PHQ-9 questionnaires. In each rating phase, partic-
1576 ipants rated anxiety elicited by each previously viewed video snapshot and reported confidence every four trials. In the emotion

discrimination task, participants chose which of two previously rated videos would better induce anxiety and reported confidence
1577 every four trials. b. Rating variability. Snapshot ratings varied between the two rating phases, with greater variability at inter-
1578 mediate than extreme anxiety ratings. c. Choices. The left snapshot was chosen more frequently when it had a higher relative
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1585 data and red indicates analyses repeated on data generated from the efficient coding model. Asterisks indicate statistical signifi-
1586 cance (*** p < 0.001).
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Fig. S11 Replication of Bayesian inference effects in Study 4 (N=120). a. Prior distribution. Aggregated anxiety rating
distribution, z-scored per participant so that the participant-specific mode, used as the prior peak, is aligned at x = 0. b. Bayesian
attraction. Bias in anxiety judgements, quantified as the short-long rating difference, is plotted against the participant’s z-scored
long-duration rating. The vertical dashed line marks the prior peak and the horizontal dashed line marks no difference between
short- and long-duration ratings. Blue points show binned means; black boxplots show the distribution of short-long differences
within rating bins. Orange lines show piecewise linear fits + 95% CI, demonstrating that short-duration ratings were pulled toward
the prior peak when stimuli were far from that peak. c. Prior width and Bayesian attraction. Participant-level Bayesian
attraction slopes, estimated from regressions of bias on long-duration ratings, are plotted against participants’ prior standard
deviation. Each point represents one participant. Participants with wider priors showed less negative attraction slopes, indicating
weaker pull toward the prior peak. Boxplot centre lines show medians; boxes show 25th-75th percentiles; whiskers extend 1.5x
IQR; outliers are shown as points. Asterisks indicate statistical significance (*** p < 0.001).
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