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People differ in how they interpret social
situations and infer others’ emotions. This
fMRI study shows that the medial
prefrontal cortex integrates this social
variability to infer others’ emotional
states, and indicates how aging affects
this process.
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SUMMARY

The medial prefrontal cortex (MPFC) weighs options during decision-making, but its role in inferring
competing emotional states and how this process changes with age, remain unclear. We recorded brain
activity with functional MRI while 20 young and 40 older adults inferred the emotions of actors shown in
ecological yet controlled social interactions. Socially shared representations about the timing, accuracy,
and uncertainty of emotional inferences were defined using response distributions from an independent
sample viewing the same scenes. mPFC activity is sensitive to emotional inference and scales with the
social uncertainty of alternative emotional hypotheses. Social consensus regarding the emotional conflict
elicited by the actors’ interaction is associated with increased representational similarity in the mPFC, with
this effect being modulated by age. Together, these results indicate that the mPFC integrates the variability
of social representations to infer emotions in others and provide an account of age-related changes in social

cognition.

INTRODUCTION

Mindreading, the ability to attribute mental states, such as
thoughts, intentions, and emotions to oneself or others,"? in-
volves inferring covert mental states in other agents based on
decoding multiple cues from the social environment and using
past experience and existing knowledge.> According to
Bayesian models of the brain, this inference process entails as-
signing probabilities to hypotheses that best explain incoming
information, allowing one to choose between different possibil-
ities.*> These models allow the brain to represent and resolve
uncertainty through probabilistic inference.*® Applied to social
cognition, this framework posits that during social interactions,
the brain forms probabilistic priors about others’ future behavior,
including about others’ mental states such as emotions or inten-
tions.”"® Because these hypotheses coexist as probability distri-
butions, mindreading is accompanied by uncertainty about the
possible mental states inferred. Critically, in the brain, such
predictive signals are defined not only by their accuracy —the
expected value of the prediction—but also by their associated
variance reflecting uncertainty. Despite the ubiquity of this
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uncertainty in everyday life social interactions,’ how the brain
represents the content of these predictions and uncertainty dur-
ing mindreading remains poorly understood.

One brain region consistently involved in predictive inference
and uncertainty processing is the medial prefrontal cortex
(mPFC). The mPFC has been linked to predictive processes
through the generation of hierarchical predictions,'® and plays
a central role in encoding uncertainty across several cognitive
domains."" For instance, it contributes to resolving uncertainty
during decision-making, ' and executing uncertain decisions
such as those encountered in card games with varying probabil-
ities of reward.'*'® These functions are consistent with Bayesian
accounts of neural computation.'®

Converging evidence further suggests that computations in
mPFC may support decisions through competitive interaction
between neural representations of alternative options.'”™"®
Within this framework, representations associated with different
options are thought to compete via mutual inhibition, allowing
the system to compare alternatives and select a representation.
Such competition-based dynamics provide a plausible mecha-
nism through which the mPFC could resolve situations in which
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multiple (affective) predictions are simultaneously activated
under conditions of uncertainty. Much of the evidence support-
ing these competition-based mechanisms derives from electro-
physiological, stimulation, or computational approaches, and it
remains unclear how such representational competition is re-
flected in large-scale neural activity measured with functional
magnetic resonance imaging (fMRI). However, this notion of
competition in the mPFC extends naturally to mindreading. Af-
fective mental states experienced during social interactions
involve the co-activation of multiple emotions.”®** Conse-
quently, mindreading requires activating and selecting between
dominant and their alternative competing emotions.

From a computational perspective, the probability assigned to
potential emotions can be aggregated across social agents to
characterize two complementary signals forming the basis of so-
cially shared representations.’®?® First, the mean probability
across individuals reflects the degree to which one emotioniis in-
ferred, which we refer to as the “accuracy” of emotional infer-
ence. However, the attribution of an emotion can significantly
vary between individuals.?* The variance of these probabilities
across individuals hence captures the extent to which observers
diverge in their inferences, reflecting a second computation
signal, referred to as “social uncertainty” (i.e., inverse of preci-
sion). The influence of socially shared representations during
the activation of competing emotions seems particularly relevant
to understand the mPFC, given its role in processing multiple
and competing signals. While people often agree on a situation’s
dominant emotion, they may diverge on alternative interpreta-
tions—suggesting that greater social uncertainty about compet-
ing emotions may increase mPFC recruitment. Moreover, the
role of socially shared representations in the mPFC is particularly
relevant in light of evidence showing that this region stores sche-
mas derived from shared social experiences, including shared
beliefs,?® as well as normative,?® cultural,?” and collective knowl-
edge.?® Such schematic representations of social inputs in the
mPFC may support the integration of multiple sources of infor-
mation to generate predictions about others’ emotions and
behavior.

However, although brain regions supporting mindreading
have been well characterized,”®*° the neural representation of
accuracy and uncertainty inherent to social inferences during
everyday social situations is less well understood. Evidence
points to a role of the mPFC in social prediction. The mPFC
has been shown to anticipate others’ future mental states,®
and to support social inference through probabilistic,
Bayesian-like computations.’®*'~*° These studies suggest that
the mPFC assigns values to competing hypotheses about social
inferences and encodes participants’ confidence in their own
social judgments. This body of work supports the compatibility
between Bayesian models of brain function and mental state
inference processes.'®*'*® However, the influence of social
accuracy and uncertainty on emotional inferences has, to our
knowledge, never been systematically investigated.

A further challenge in addressing this question lies in the
frequent conflation of objective uncertainty and meta-cognitive
subjective confidence in the literature. While both concepts are
related, several authors highlight a conceptual distinction.'®*”
Uncertainty can be defined as a property of the environment or
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stimuli, such as ambiguity or variability in possible outcomes,
whereas confidence reflects an individual’s metacognitive eval-
uation of their own decision accuracy. In the context of emotional
mental state inference, uncertainty can be conceptualized as a
socially shared index, representing the probability distribution
of potential choices across individuals, in line with Bayesian
inference frameworks.?>*® This distinction between confidence
and uncertainty allows uncertainty to be quantified indepen-
dently of individual confidence reports, thereby isolating their
respective contributions to mPFC activity. Importantly, this
Bayesian approach captures implicit and automatic estimates
of uncertainty, distinct from explicit, conscious metacognitive
evaluations. To date, only one study has shown that mPFC
recruitment is modulated by ambiguity inherent to daily life social
scenarios during mindreading.®® Hence, a formal demonstration
that the accuracy and uncertainty of social inferences arise from
the probabilistic structure of competing outcomes, rather than
from metacognitive processes remains critically lacking.

Moreover, older individuals exhibit reduced performance in
mindreading tasks compared with younger participants.*®*?
However, the nature of these changes remains subject to
debate, especially with respect to the functions of the
mPFC.*"™*® Age-related modifications in executive functions
could account for the decrease observed in mindreading perfor-
mances in this population.***° In this study, we suggest a new
account of the aging social brain and propose that aging may
affect the encoding of competing emotional representations
during mental state inference, influencing the computations of
accuracy and uncertainty during social inference.

In the present study, we examined whether the mPFC re-
sponds to competing emotional representations during the infer-
ence of affective mental states arising from complex and natural
social scenes. We hypothesized that the effect of emotional
competition on the response of the mPFC during mindreading
would depend on the statistical regularities (i.e., accuracy and
uncertainty) of socially shared emotional inferences. Brain activ-
ity was recorded while participants inferred affective mental
states in 20 young (mean age = 24 + 2.7 years), 20 middle-
aged (mean age = 40 + 5.9 years), and 20 older (mean age =
63.3 + 6.7 years) healthy adults.

To address the inherent challenges posed by the natural vari-
ations and complexities of social inferences, our study combined
several approaches: 1) we used an ecological task wherein
participants inferred the putative affective mental states of two
protagonists depicted in videos portraying everyday life social
situations; and experiencing four possible emotions (i.e., sur-
prise, anger, pride, and embarrassment) (Caillaud et al.”é;
Figure 1). For examples of two trials, see Video S1. For each
video, one of the four emotions was considered as the dominant
emotion (i.e., that the actor was supposed to feel) while the other
three were regarded as competing emotions; (2) in the main
study, we recorded brain activity using fMRI while participants
performed affective mental states inferences throughout the
course of these videos; (3) two separate pre-experimental
behavioral studies involving 86 and 56 participants were
conducted. These pre-experimental studies were designed
to investigate the natural variations of possible emotional
inferences associated with each affective mental state and



Cell Reports

A Affective mental state attribution task

¢? CellPress

OPEN ACCESS

| LA sec

1
Emotional state inference ‘
Social context
Close-up shot

B Actors and places

Living room Entrance

Figure 1. Affective mental state attribution task

Dining room

L |
Emotional state recognition
Facial expression

Congruent Incongruent

Park

(A) Experimental design of the affective mental state attribution task (Caillaud et al., 2020).

This task involved an experimental design wherein videos were segmented into two parts.

The initial 10-11 “emotional state inference” seconds induced an affective mental state in one of the actors, requiring participants to infer this emotion.

This section was followed by 4-s “emotional state recognition” segment, showing the emotional facial expression of the target actor, which could be either
congruent or incongruent with the preceding section. During that period, participants had to realize a congruency judgment by determining if the mental state
expressed during the second segment matched, or not, with the preceding social context.

The second segment of the video, with the behavioral task, ensured that the participants were actively engaged in mindreading during the presentation of the

context which is the main focus of this study.

(B) Actors and places. The task featured two protagonists, Marie and Pierre, presented as roommates. The scenes occurred in five different places (dining and

living rooms, entrance, park, and office).

thus estimate the corresponding social accuracy and uncertainty
signals (pre-study 1), along with the temporal distribution of
the critical inference time-points in the videos (pre-study 2)
(Figure 2 and STAR Methods). During the first pre-study, partic-
ipants had to characterize the mental state felt by the protagonist
by estimating the intensity associated with each possible
emotion. The rating distribution across participants in this first
study served as a proxy for socially shared representations of
emotions felt by the protagonist. For each video and type of
emotion (dominant and competing), the accuracy and uncer-
tainty of inferred emotions were estimated using the mean and
standard deviation of the distribution of emotional intensity
across the tested population, respectively (Figure 2A). Four
indices were computed, crossed in terms of parameters (i.e., ac-
curacy and uncertainty) and type of emotion (i.e., dominant and
competing). The second pre-study allowed to extract the tempo-
ral distribution of the critical inference time-points in the videos
by asking participants to indicate the precise moment at which
the affective mental state inference could be made. By combin-
ing accuracy and uncertainty estimates (pre-study 1) with the
temporal distribution of mental state inferences (pre-study 2),
we constructed predictors of the dynamics of neural activity
reflecting those social computations (Figure 2B). In a first anal-
ysis, these estimates parametrically modulated the canonical

hemodynamic response function (HRF), from the main study
(N = 56), which was used to analyze the fMRI activity associated
with the dynamic content of dominant and competing emotions.
In a second analysis, using representational similarity analysis
(RSA*"*¥), we sought to further elucidate the mechanisms
underpinned by the mPFC by clarifying what aspect of emotional
competition is represented in the mPFC. Specifically, we tested
whether mPFC activity reflects a signal indexing the overall
magnitude of competition among co-activated emotions (i.e.,
the interference caused by competing emotions), or instead cap-
tures the emotional content structure of that competition. In a
third analysis, using psychophysiological interaction (PPI), we
further investigated the central role of the mPFC by assessing
its condition-dependent connectivity with other brain regions
during emotional inference.

RESULTS

Behavioral differences between young and older
individuals

The congruency judgment measures, in addition to ensuring par-
ticipants’ engagement in the task, provided an indirect assess-
ment of their ability to attribute affective mental states. The total
number of responses, the correct response rate, and response
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Figure 2. Methodology of univariate analysis

(A) Measures extracted from the pre-experimental studies.

During the emotional state inference segment of the video, two separate behavioral experiments were performed to study the variation of possible emotional
inferences associated with each affective mental state (“which”, pre-study 1), and their temporal distribution (“when”, pre-study 2). In pre-study 1, participants
had to estimate the intensity associated with each possible emotion, allowing to estimate the probability of the dominant and competing affective states. Four
indices were computed divided in accuracy (accuracy of dominant emotion and accuracy of competing emotions) and uncertainty (uncertainty of dominant
emotion and uncertainty of competing emotions). Accuracy corresponded to the mean values of probability and uncertainty represented the associated standard
deviations. The temporal distribution of inference was derived from the second pre-study wherein participants rated the precise moment at which the affective
mental state inference could be made. Std Dev, standard deviation.

(B) Univariate fMRI analysis. A first analysis assessed brain activity associated with emotional inference. This model included regressors encoding the temporal
distribution of inference (when) for both emotional and neutral video contexts, without further modulation by accuracy or uncertainty (solid purple line). A second
analysis investigated brain activity associated with accuracy and uncertainty. This model combined the temporal distribution of inference for emotional contexts
(when) together with regressors parametrically modulated by the accuracy and uncertainty of both dominant and competing emotions (which; dotted purple line).
Hence, we constructed four predictors of the dynamics of neural activity that parametrically modulated the stimulus function used to analyze the fMRI activity
associated with the dynamic content of mental state inference videos. A fifth unmodulated regressor represented the emotional inference temporal distribution.

times (RTs) were compared across groups (Figure 3A) using
the Kruskal-Wallis nonparametric analysis of variance tests
(ANOVA). Post-hoc analyses were conducted using Mann-
Whitney tests. A significant main effect of the group was
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highlighted concerning the total number of responses (p =
0.017, H(2,53) = 8.20). Older subjects exhibited significantly
fewer responses than younger ones (p = 0.009). However, differ-
ences between the young and middle-aged groups (p = 0.066)
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Figure 3. Behavioral performance and relationships with statistical regularities
(A) Behavioral performances across groups during the congruency judgment. Correct response rate (in percent) on the left and response time (in millisecond) on

the right.

(B) Modulation of behavioral performances by computational indices of inference.
Beta estimates show the relationship between computational indices and correct response rates at the congruency judgment on the left and response time on the

right.
Error bars reflect confidence intervals.

and between middle-aged and older subjects (p = 0.192) were not
statistically significant. Given the observed discrepancy in
response rates between older and younger subjects, correct
response rate variable was defined as the number of correct re-
sponses in the congruency judgment corrected by the total num-
ber of responses. Overall, all subjects performed above the
chance level (i.e., 50%). A significant main effect of the group
was found (p < 0.001, H(2,53) = 29.76). Young subjects demon-
strated significantly higher total correct response rate at the
congruency judgment than middle-aged (p = 0.002) and older
subjects (p < 0.001). Middle-aged participants also exhibited
higher correct response rates compared to older subjects (p =
0.002). Finally, the main effect of the group on RT was significant
(p=0.002, H(2,53) = 12.20). The young group showed shorter RTs
than both the middle-aged (p = 0.013) and older (p < 0.001)
groups. However, no significant difference was observed be-
tween the middle-aged and older groups (p = 0.257).

In sum, our findings confirmed that participants from each
group properly understood the task and likely engaged in
emotion attribution. Additionally, we observed that elderly partic-
ipants and middle-aged individuals encountered difficulties

compared to young participants regarding social inferences, as
reflected by lower correct response rate and extended reaction
times.

Modulation of behavioral performances by accuracy and
uncertainty

We then sought to characterize the relationships between social
inference abilities, indirectly measured through congruency
judgment performance realized in the later segment of the video
(i.e., correct response rate and RTs), and the computational
indices computed during affective mental state inferences (i.e.,
accuracy and uncertainty crossed with dominant and competing
emotions) (Figure 3B). We expected correct response rate to be
positively modulated by accuracy of dominant emotions and
negatively modulated by accuracy of competing emotion as
well as uncertainty. Moreover, we hypothesized that the accu-
racy of dominant and competing emotions would respectively
negatively and positively modulate RTs during congruency judg-
ment, as an increase in the accuracy of the competing emotion
would slow down the identification of the dominant emotion.
Regarding uncertainty, we hypothesized that an increase in
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uncertainty would slow down emotional inference, thus posi-
tively impacting RTs. A mixed-effects model using binomial dis-
tribution family with logit link function for correct response rate
and a full linear mixed-effects model for RT, were implemented.
Both models included the four computational indices, their inter-
actions with age group, and participant-level random intercepts
and slopes.

The model predicting correct response rates revealed that
neither accuracy (dominant: g = 0.18, p = 0.60; competing: § =
0.07, p = 0.89) nor uncertainty of competing emotions (5 =
0.16, p = 0.82) significantly influenced correct response rate.
Only the uncertainty of the dominant emotion significantly
reduced correct response rate (3 = —1.54, p < 0.001). No age ef-
fects were highlighted. The model predicting RTs did not reveal
any significant effect of accuracy of dominant emotion (5 =
0.063, p =0.19). By contrast, higher accuracy of competing emo-
tions was associated with slower responses (4 = 0.45, p < 0.001).
Greater uncertainty of the dominant emotion was associated
with slowed RTs (8 = 0.36, p < 0.001), whereas greater uncer-
tainty surrounding competing emotions showed the opposite ef-
fect (6= —0.55, p < 0.001). Age groups differed in the magnitude
of these effects: compared to younger group, older adults
showed a lower effect of uncertainty of dominant emotions on
slowing of RTs (3 = 0.30, p = 0.009). A less pronounced effect
on RT when competing emotions were highly uncertain was
also observed for the older compared to young group (f =
—0.46, p = 0.025).

Overall, computational indices predicted behavior during
social inference. The uncertainty of dominant emotions selec-
tively reduced correct response rate, an effect not influenced
by aging. RTs reflected a complex interplay between those com-
putations, suggesting that competing emotions interfered less
with emotional inference when they were themselves less accu-
rate and highly uncertain. Moreover, behavior of older adults was
less sensitive to emotional uncertainty than young adults. Taken
together, these findings suggest that socially shared representa-
tions of emotional states, and their corresponding probability
distribution, influenced later social inference, especially decision
time.

Brain activity associated with emotional inference

We first sought to determine the effect of emotion during infer-
ence on brain activity. We designed a first-level fMRI model
including regressors encoding the temporal distribution of infer-
ence for both emotional and neutral video contexts, without
further modulation by accuracy or uncertainty. Analyses were
first restricted to the mPFC, using a mask based on a meta-anal-
ysis of the mindreading network that encompasses the dorsal
and ventral mPFC*® to perform small volume correction (SVC).
The contrast between emotional and neutral videos, irrespective
of age (N = 56), revealed a large cluster in the mPFC (dorsal: peak
coordinates [6 56 23], z < 8.00, prwe-svc < 0.001; ventral: peak
coordinates [-6 56 —4], z = 5.03, prwe-svc < 0.001; Figure 4A).
An exploratory whole-brain analysis was conducted, revealing
a network associated with emotional inference, including the
mPFC, anterior cingulate cortex, the bilateral temporal parietal
junction, the bilateral middle temporal gyrus (MTG), and the
amygdalo-hippocampal complex (whole-brain ppwe < 0.05,
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see Table S1; Figure S1A). We then contrasted young and older
adults using two-sample t test (combining middle-aged and
older groups to enhance the statistical power, N = 36). This anal-
ysis revealed that, compared with younger, older adults showed
significantly reduced effects of emotion during inference on ac-
tivity in the mPFC (Figure 4A; dorsal: peak coordinates [—3 62
11], z = 3.82, prwe-svc = 0.018; ventral: peak coordinates [3
47 -7,z = 8.69, prwe-svc = 0.027). Additional whole-brain anal-
ysis revealed a similar effect in the hippocampus (Figure S1A;
peak coordinates [27 —13 —16], z = 4.73, prwe = 0.015).

Brain activity associated with accuracy and uncertainty
Having established that activity in the mPFC increased during
the temporal window in which emotional inference is maximal,
we then sought to determine how estimates of accuracy and un-
certainty may further modulate brain activity. We designed a
first-level fMRI model including regressors encoding the tempo-
ral distribution of inference for emotional contexts together with
regressors parametrically modulated by the accuracy and un-
certainty of both dominant and competing emotions.

To examine the role of the mPFC in distinguishing between
alternative emotions, the main effect of the type of emotion
was first investigated (i.e., across both groups). This analysis
involved contrasting dominant and competing emotions for
both computational indices. For accuracy, the mPFC did not
show any distinct response between dominant and competing
emotions. The dorsal mPFC (dmPFC) demonstrated higher acti-
vations for the uncertainty of competing emotions compared
to the uncertainty of dominant emotions (Figure 4B; Left: peak
coordinates [3 59 23], z = 4.84, prwe-svc = 0.005; Right: peak co-
ordinates [-3 59 23], z = 4.55, prwe-svc = 0.016). These clusters
also survived correction for multiple comparisons across the
whole brain. We also tested if the mPFC responded to the
main effect of accuracy and uncertainty, irrespectively of
emotional content (i.e., dominant or competing emotions), but
no significant effect was observed. Moreover, the effect of
emotional competition that we observed for uncertainty did not
interact with age.

As an exploratory analysis, the effects of interest were further
investigated at the whole brain level (Table S1; Figure S1B).
Analyzing brain regions outside the mPFC revealed increased
activity bilaterally in the MTG and the left inferior frontal gyrus
pars opercularis in response to the accuracy of dominant
emotion compared with the accuracy of competing emotions.
The opposite contrast (competing > dominant) did not highlight
significant clusters. Uncertainty of dominant vs. competing emo-
tions was associated with activations in visual regions. Finally
uncertainty of competing vs. dominant emotion was associated
with activity in brain regions of the mentalizing network, namely
the right temporal pole, right temporoparietal junction, and
dmPFC.

To summarize, our findings demonstrated that activity in the
dmPFC, as well as in other regions central to mentalizing
process, increased when emotional competition is socially un-
certain. Conversely, the accuracy of emotions did not influence
activity in the mPFC but rather regions related to social knowl-
edge and simulation of other’s mental states.
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Figure 4. Brain activity during emotional inference (N=56)

(A) Encoding of emotional inference in the mPFC.

Brain regions within the mask of interest demonstrating a significant effect of the inference of emotional state compared to neutral (top) and effect of group on this
encoding of emotional inference (bottom). mPFC was activated during the inference of emotional states (vs. neutral), and this effect decreased with age.

For illustration purpose, activation maps are shown at a threshold of p < 0.001, but only clusters that survived p < 0.05, corrected for multiple comparisons across
the mask of interest are shown.

(B) Univariate encoding of accuracy and uncertainty of dominant and competing emotions. Activity in the mPFC significantly increased with the uncertainty of
competing emotions compared to dominant emotions. For illustration purpose, activation maps are shown at a threshold of p < 0.001, but only clusters that
survived p < 0.025, corrected for multiple comparisons across the mask of interest are shown.

(C) Multivariate encoding of the degree of emotional interference due to competing emotions. Brain regions within the mask of interest demonstrating a significant
effect of the interference (top) and an effect of age on this spatial encoding (bottom). Interference was spatially encoded in the mPFC, an effect that was affected
by age (20 young and 36 older participants). For illustration purpose, activation maps are shown at a threshold of p < 0.001, but only clusters that survived p < 0.05,
corrected for multiple comparisons across the mask of interest are shown.

(D) Condition-dependent functional connectivity of the mPFC. vmPFC showed increased functional coupling with the left dorsolateral prefrontal cortex for un-
certainty of competing vs. dominant emotions. For illustration purpose, activation maps are shown at a threshold of p < 0.001, but only clusters that survived
p < 0.025, corrected for multiple comparisons across the mask of interest are shown. mPFC: medial prefrontal cortex.

RSA of the competition between emotional states

Our findings showed that the effect of emotional competition on
the activity of the dmPFC is driven by the social uncertainty of in-
ferred emotions. However, these findings do not allow to disen-
tangle which aspect of competing emotional inference is repre-
sented in the mPFC and gives rise to this uncertainty signal. In
particular, emotional inferences may differ either in the specific
emotional alternatives that compete (e.g., anger vs. embarrass-
ment) or in the overall strength of emotional interference,

reflected by the total probability of competing emotions, inde-
pendently of which emotions are involved. To test those two
hypotheses, we conducted RSA*"*® (see Figure 5 for the
methodology). RSA allows testing these hypotheses about the
structure of neural representations by comparing neural similar-
ity patterns to model representational dissimilarity matrices
(RDMs) derived from behavioral data. Importantly, these ana-
lyses do not test whether mPFC represents accuracy or uncer-
tainty, which were examined in previous analyses. Instead,
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Figure 5. Methodology of RSA

First, model RDMs were computed.

(1) Emotional content RDM represented the pairwise relationships between trials based on the content of the emotional competition.

(2) Interference RDM represented the pairwise relationship between trials based on the overall probabilities of competing emotions.

For each participant in the pre-experimental study (N = 86), individual model RDMs were generated. First individual RDMs (1) were generated by computing the
cosine distance between every trial pair using the vectors of intensities of competing emotions for emotional content. Second, individual RDMs (2) were
generated by computing the Euclidean distance between every trial pair in terms of the sum of intensities of competing emotions. Then, the shared structure of
representations across those individuals was captured by seeking optimal agreement or compromise across individual RDMs of the same dimension, with the
DISTATIS method (Abdi et al., 2012), leading to the (1) emotional content RDM and (2) interference RDM. The brain RDMs were also computed. For each
participant in the fMRI study (N = 56), a searchlight analysis was carried-out. More precisely, a spherical ROl with a radius of 8 mm was moved through voxels of
the individual beta maps. For each voxel, a brain RDM was computed by comparing neural activity across voxels encompassed within the searchlight ROI for
every trial pair. Finally, the correspondences between the brain RDM, centered on a specific voxel, and each of the two model RDMs were specified using
Pearson correlations. At this step, variance created by potential confounds (timing of inference and intensity of the dominant emotion) were regressed-out. The
resulting correlation values between the model RDMs and the similarity of brain activity (brain RDM) in the area of the sphere were stored in individual r-maps;
leading in two r-maps per participants.

they test what component of emotional competition —emotional
content or the magnitude of interference between interpreta-
tions—drives the neural encoding of social uncertainty.

Two hypotheses were tested: (1) the mPFC represents the
specific emotional alternatives that compete when individuals
interpret a social situation. Under this account, neural similarity
between situations should reflect the similarity of their competing
(i.e., non-dominant) emotional profiles across the population; (2)
the mPFC represents the overall magnitude of interference
generated by the amount of probability summed across
competing emotions, independently of their specific content.
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Under this hypothesis, neural similarity should depend on the
overall amount of competition, such that situations producing
comparable levels of emotional interference evoke similar neural
patterns regardless of which emotions are involved.

To operationalize these hypotheses, we constructed two
model RDMs based on behavioral data from the pre-experi-
mental study. Each RDM captured a different aspect of
emotional competition across social situations. The emotional
content RDM captured differences between social situations ac-
cording to the content of their competing (i.e., non-dominant)
emotions (Figure 5). For each participant, dissimilarity between
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pairs of situations was computed as the cosine distance be-
tween the probability vectors of competing emotions. Under
this model, situations were considered more similar when they
involved similar profiles of competing emotional inferences.
The interference RDM captured differences between situations
according to the overall magnitude of emotional competition.
For each participant, interference was defined as the summed
probability of the competing emotions for a given situation.
Dissimilarity between situations was then computed as the
Euclidean distance between these interference values. Under
this model, situations were considered more similar when they
produced comparable levels of emotional interference, irrespec-
tive of which specific emotions were involved. Individual RDMs
were then combined across participants using the DISTATIS
compromise procedure,”®°° which extracts the similarity struc-
ture shared across individuals (i.e., the social consensus). The
resulting group-level RDMs therefore capture the socially shared
organization of emotional competition across situations. To con-
trol for potential confounds, two additional RDMs capturing
the timing of inference and the probability of the dominant
emotion were included as nuisance regressors in the analysis.
We then performed a searchlight RSA: for each voxel, a local
brain RDM was computed from the similarity of neural activity
patterns across trials and correlated with the model RDMs, pro-
ducing individual correlation maps (r-maps). Group-level ana-
lyses were performed using one-sample t tests to assess the
main effects of emotional content and interference, and two-
sample t tests to examine age-group differences. Consistent
with the univariate analyses, middle-aged and older participants
were combined into a single older group for these comparisons.

The results from the multivariate RSA are summed in
Figure 4C. The mPFC, mostly in its dorsal part, exhibited a signif-
icant encoding of the interference caused by competing emo-
tions when inferring emotional states. In contrast, the mPFC
did not represent the content of emotional competition. Group
comparisons revealed a decrease of encoding of the interfer-
ence due to competition in the dmPFC, in old compared to
young group. These effects were robust, as sensitivity analyses
using searchlight radii of 6 mm and 10 mm yielded convergent
results (data not shown).

Following these findings, we examined whether individual dif-
ferences in executive function could account for the observed
group effect in dmPFC. Executive functions variables included
inhibitory control (stroop interference time), cognitive flexibility
(trail making test B-A time), verbal fluency (mean of animal, P,
and V), and working memory (forward and backward visuospa-
tial span). Correlational analyses between these variables and
the RSA rho estimates capturing the encoding of interference
in dMPFC showed no significant relationships across all partici-
pants (all p < 0.25 and pgpr > 0.307).

Finally, we explored whole brain encoding of emotional con-
tent and interference (Table S1; Figure S1C). Emotional content
was spatially encoded in the left MTG and the left anterior supra-
marginal gyrus. Degree of interference showed no significant
cluster.

To summarize, these findings demonstrated that the dmPFC
represents the emotional competition by spatially encoding the
social consensus regarding emotional interference (or conflict)
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caused by the overall probability of competing emotions. Within
this region, pairs of social situations with similar level of
emotional interference had increased similarity of neural activity
compared with pairs of distinct degree of interference. This
finding suggests that uncertainty of inferred mental states is
driven by the social consensus on the magnitude of interference
caused by the overall probability of emotional hypotheses about
unfolding social events in the mPFC. It also suggests that this
computation is altered in aging, independently of executive func-
tion decline.

Functional connectivity of the mPFC during inference of
emotions

To further understand the computations taking place in the
mPFC, we conducted additional psychophysiological interaction
(PPI) analyses to investigate how the mPFC functionally interact
with other brain regions during emotional inference. Seed regions
for the ventral mMPFC (vmPFC) and dmPFC were the same as the
masks used in previous analyses. PPl regressors were computed
using the main general linear model (GLM), which included accu-
racy and uncertainty for both dominant and competing emotions.
All analyses were thresholded at p < 0.05 (corrected for family-
wise error [FWE], k = 10). One-sample t tests assessed condition
effects on functional connectivity for each seed, and two-sample
t tests tested for group differences.

No suprathreshold clusters emerged for the dmPFC for any
condition. For the vmPFC (Figure 4D), the comparison between
uncertainty for competing versus dominant emotions revealed
increased vmPFC coupling with the left dorsolateral prefrontal
cortex (dIPFC; peak coordinates [—45, 32, 38], z = 4.48, prwe =
0.019). No other condition effects on vmPFC connectivity
reached significance. For both vmPFC and dmPFC, no group ef-
fects were highlighted.

In sum, uncertainty related to competing emotions was asso-
ciated with stronger functional connectivity between the vmPFC
and the left dIPFC—a region typically involved in interference
resolution.®">? This pattern aligns with our RSA findings showing
that the mPFC encodes the degree of interference caused by
emotional competition. Hence, when emotional competition in-
duces uncertainty, the vmPFC likely enhances its coupling with
dIPFC, supporting the resolution of interference caused by
competing affective signals.

Relationships between behavioral performances and
brain estimates of accuracy and uncertainty in the
mPFC

Finally, we sought to highlight the relationships between brain
estimates within the regions of interest (ROls) corresponding to
ventral and dorsal mPFC and behavioral performances, across
all participants. Spearman’s correlations were applied between
the correct response rate at the congruency judgment and (1)
the estimates of accuracy and uncertainty in the univariate ana-
lyses, and (2) the correlation coefficients extracted from the RSA
with the interference model.

Regarding the univariate analysis, correct response rate showed
significant correlations with brain estimates of uncertainty of domi-
nant emotion in the dorsal and ventral mPFC (vmPFC: p = —0.28
Prpr = 0.035; dmPFC: p = —0.32 pepr = 0.033). Brain estimates
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of the other computational indices did not show any significant
relationship with behavioral performances. Additionally, rho coef-
ficients extracted from the interference RSA exhibited a significant
relationship with correct response rate in the dmPFC (p = 0.31,
pror = 0.040), while such correlation was not observed in the
vmPFC (p = 0.20, prpr = 0.13).

In sum, the encoding of the social consensus on emotional
interference in the dmPFC was related to behavioral perfor-
mances associated with mindreading.

DISCUSSION

This study aimed to investigate how accuracy and uncertainty of
inferred emotional mental states linked with socially shared rep-
resentations influence the activity of the mPFC, and how the en-
coding of these statistical regularities in the mPFC may change
with aging. Actors were filmed experiencing social situations
that elicited different emotions in an ecologically valid yet highly
controlled setting. Pre-experimental data (N = 86) enabled to
determine the expected probabilities of both dominant and
competing emotions during emotional state inference. The
mean and standard deviation of these pre-experimental ratings
were employed to estimate the accuracy and uncertainty of
emotional inference, respectively. These estimates served as
parametric modulators in the affective mental state attribution
task, during which brain activity was recorded using fMRI in
young (N = 20) and older adults (N = 36). Findings revealed
that behavior during the task was particularly associated with so-
cial uncertainty related to emotional inference. This behavioral
sensitivity to uncertainty was affected by age, with older adults
showing a reduced influence of emotional uncertainty during in-
ferences. At the neural level, activity in the dmPFC was not
modulated by the probability of competing emotions (i.e., accu-
racy), but by the variability of possible emotional outcomes, a
factor that makes emotional inference more uncertain from a so-
cial perspective. Representational similarity analyses further
showed that the effect of emotional competition in this same re-
gion was not driven by emotional content itself but instead by the
social consensus about the strength of emotional competition
(i.e., interference), an effect that was attenuated in older
compared to younger adults. Functional connectivity analyses
revealed a coupling between the vmPFC and the left dIPFC
that was increased when multiple competing emotions were un-
certain, thereby suggesting that social emotional uncertainty
increased interaction between regions supporting interference
resolution. Finally, neural activity associated with emotional
interference inthe dmPFC predicted subsequent social behavior,
highlighting the functional relevance of these neural computa-
tions for mindreading.

Our findings revealed that within the mentalizing network—
engaged during emotional inference —socially shared represen-
tations about the emotional states of others were related to
mPFC activity in two ways: (1) the social variability (i.e., uncer-
tainty) of alternative emotional hypotheses enhanced activity of
the dmPFC, and (2) the social consensus regarding the emotional
conflict elicited by the actors’ interaction (i.e., characterized by
an increased overall emotional competition) enhanced pattern
similarity within the dmPFC. In our study, uncertainty of
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emotional inference is operationalized as the variance of shared
representations across individuals. Those socially shared repre-
sentations, presumably acquired through experiencing others’
emotions during social interactions, would guide emotional hy-
potheses established at the individual level. Consistent with
this view, the mPFC is involved in the representation of shared
social experiences, including shared beliefs,”® norms,?® as well
as cultural®” and collective knowledge.?® Furthermore, the inte-
gration of information related to past experiences from the
mPFC®° plays a role in attributing an affective value to future op-
tions.>* This integrative function of the mPFC could therefore
also support the integration of competing and alternative hy-
potheses learned during social interactions, which have a poten-
tial value in explaining others’ emotions.

Interestingly, this interpretation aligns with the central role of
the mPFC within the brain valuation system (BVS). The BVS en-
codes the value of alternative options together with confidence
about these estimates.*”+°>"°° Beyond economic choice, compu-
tational models indicate that social value also guides behavior
during social inference.'®*"*? Within this framework, inferring
others’ emotions can be conceived as relying on the representa-
tion of competing learned perspectives derived from prior social
experiences, which are then used to interpret others’ emotional
states. Emotional perspective learned through social interac-
tions would thus be assigned a goal-value during inference, re-
flecting how well it may explain the current social context. The
emotion with the highest value would be selected as the most
probable®”°”; however, the coexistence of multiple plausible
emotional perspectives would increase uncertainty and, in
turn, mPFC activity. This interpretation would also explain why
the mPFC activity patterns are sensitive to the degree of interfer-
ence rather than to the specific competing emotional content, as
valuation signals encode the relative value of options indepen-
dently of their semantic labels. Conversely, the accuracy of
dominant emotion was bilaterally encoded in the MTG, a region
implicated in social knowledge retrieval,®® and RSA further
revealed that the content of emotional competition was also
represented in this region. This finding likely reflects the fact
that information about the alternative emotional contents might
be represented within a distributed semantic network, while
the mPFC integrates the social value of competing emotional
representations during the inferential process.

However, although the parallel with the BVS is appealing as it
provides a parsimonious account of the mPFC, it must be
emphasized that emotional uncertainty as computed here is
different from the confidence signal in value-based choice.*"+>%:5°
Our methodological approach specifically isolated socially
based uncertainty rather than individual confidence. Uncertainty
indices were derived from a population independent of the
scanned participants, capturing population-level variance rather
than metacognitive judgments. As such, uncertainty reflects an
implicit, Bayesian-like estimate grounded in socially shared
priors.?>* In the brain valuation system, subjective confidence
has been consistently shown to positively correlate with mPFC
activity.®”>° If our uncertainty index merely reflected the inverse
of confidence, one would therefore expect a negative associa-
tion with mPFC signals. Instead, we observed a positive encod-
ing of uncertainty in mPFC. This result aligns with Jenkins and
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Mitchell®® work, showing greater mPFC activation when inferring
mental states from ambiguous social scenarios —where the sce-
nario itself prevented a determinate inference—compared to
non-ambiguous scenarios. Moreover, the absence of explicit
confidence ratings in our task further supports the interpretation
that uncertainty is computed automatically, even when behavior
does not require explicit consideration of alternative emotional
states. Together, these findings extend the role of mPFC beyond
metacognitive confidence, showing that it encodes probabilistic
uncertainty of competing emotions in the context of complex so-
cial inference.

The mPFC activity associated with uncertainty of competing
emotions may reflect multiple underlying computational pro-
cesses. One possibility is that heightened mPFC responses un-
der uncertainty reflect prediction errors generated during such
inferences.®’ This is consistent with evidence that the mPFC
supports automatic prediction and updating of social expecta-
tions.®%2:61:%2 Within predictive coding frameworks, uncertainty
and prediction error are tightly coupled, such that less precise
priors increase prediction error and drive model updating.®® In
this view, mPFC activation might signal the need for model revi-
sion rather than uncertainty per se. Another possibility is that the
activity of the mPFC reflects the confounding effect of the effort
invested when inferring emotions, instead of uncertainty. This
assumption, however, seems highly unlikely for several reasons.
First, the regressors we defined reflect the temporal window
when the maximum of information for inference is available, pre-
sumably requiring minimal effort. Second, activity in the mPFC is
parametrically modulated by uncertainty, which is defined by
socially shared representations independently of the effort
engaged to reach such inference. Third, the brain region associ-
ated with the representation of effort mobilization (i.e., dorsal
anterior cingulate cortex) is more dorsal.®* Finally, our results
more strongly support a third account in which mPFC activity
reflects the conflict generated by competing emotional repre-
sentations. In our data, RSA revealed that mPFC patterns track
similarity as a function of the strength of emotional competition
that we interpret as an overall emotional interference. This inter-
pretation aligns with models describing the mPFC as monitoring
and resolving affective conflict.®® This view is further supported
by our observation of increased functional coupling between
the mPFC and dIPFC under uncertainty related to competition.
Given the established role of the dIPFC in cognitive control and
interference resolution,®'>? these findings suggest that mPFC-
lateral prefrontal interactions support the resolution of uncer-
tainty arising from the interference due to competing emotions.
Our RSA analysis did not, however, confirm that the vmPFC en-
codes competing emotional content, as previously suggested by
studies at the neuronal level.'”'° This discrepancy may indicate
that the population code associated with emotional content in
the vmPFC is too weak to be reliably detected in the fMRI signal
relative to noise. In contrast, we found that the magnitude of
emotional competition, independent of the specific emotional
content, was represented in the dmPFC. This suggests that
the dmPFC monitors competition processes during emotional
inference.

Our findings revealed a reduced engagement of the mPFC
during emotional inference in older compared to younger adults,
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in line with converging evidence from previous neuroimaging
studies.”'** Beyond mPFC alterations, we also observed a sig-
nificant effect of age on hippocampal function during emotional
inference. The hippocampus plays a central role in the mental
simulation of future events,®®°” a process that is highly relevant
to the present task, as participants were required to anticipate
others’ future emotional states based on a social context. Impor-
tantly, hippocampal integrity and function are known to decline
with aging,®® suggesting that age-related hippocampal changes
may constrain the simulation of future emotional events and
thereby contribute to altered emotional inference in older adults.
Crucially, our results further indicate age-related alterations in
the mPFC encoding of socially shared interference arising from
competing emotional hypotheses, alongside a reduced behav-
ioral sensitivity to uncertainty in older adults. These effects
were not explained by individual differences in executive func-
tioning. Instead, interference-related activity in the dmPFC was
selectively associated with mindreading performance, suggest-
ing a mechanism more specifically tied to social-cognitive
processing. These findings were consistent with previous work
suggesting that older adults underestimate uncertainty®®:’° and
rely more strongly on prior knowledge than exploration of new
uncertain information during decision-making, a shift linked to
age-related changes in mPFC function.”®®® Together, these
results support the view that age-related changes in social infer-
ence arise from altered mental simulation of future emotional
states and strategies changes when facing uncertain non-proto-
typical social situations. These changes could lead older adults
to down-weight alternative emotional hypotheses and thereby
underestimate social uncertainty.

Limitations of the study

This study has several limitations and opens up new research
perspectives and questions. Our task captured mindreading
through dynamic social situations resembling real-life interac-
tions. This design necessarily introduced ambiguity and engaged
multiple cognitive processes. While this allowed us to charac-
terize both accuracy and uncertainty and to identify the role of
the mPFC in encoding emotional interference, the behavioral
evidence linking emotional inference —through congruency judg-
ments —to prediction and uncertainty remained indirect. Second,
although our sample size was sufficient to support the main un-
certainty-related effects independent of age (N = 56), it remains
modest and may have limited sensitivity to detect more subtle
orfine-grained age-related differences. Future studies with larger
and more age-diverse samples, together with appropriate MRI
sequences to disentangle age-related vascular effects,”’ will be
required to better understand the changes of social cognition
during aging. Moreover, directly linking neural markers of uncer-
tainty to both the specific content of inferred mental states and
subjective confidence ratings would help disentangle neural rep-
resentations of uncertainty from metacognitive confidence and
clarify their respective contributions across the lifespan. Finally,
social schemas and emotional concepts vary across cultures
and shape how emotions are inferred from context.”>”® While in-
tercultural data collection was beyond the scope of the current
study, future work should test the generalizability of these find-
ings in culturally diverse populations.
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sponding author on request. The MATLAB implementation based on SPM12
(https://www fil.ion.ucl.ac.uk/spm/) of the univariate, psychophysiological
interaction, and representational similarity analyses is publicly available on
GitHub, with an archived version accessible via Zenodo (DOI: https://doi.
org/10.5281/zenodo.20036054).

Data and code availability

® All raw behavioral and imaging data are archived at the GIP Cyceron
Center in Caen. The raw data are not publicly available due to legal re-
strictions imposed by the sponsor of this study but are available from
the corresponding authors upon request.

o All data reported in this paper will be shared by the lead contact upon
request.

® The MATLAB implementation based on SPM12 (https://www.fil.ion.ucl.
ac.uk/spm/) of the univariate, psychophysiological interaction and
representational similarity analyses is publicly available on GitHub,
with an archived version accessible via Zenodo (DOI: https://doi.org/
10.5281/zenodo.20036054).

® Any additional information required to reanalyze the data reported in this
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REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Analysis code This study DOI: https://doi.org/10.5281/zenodo.20036054; GitHub

repository: https://github.com/MLP28/shared-emotion-
inference-mpfc/tree/v1.0.0

Software and algorithms

MATLAB 2019a MathWorks https://www.mathworks.com

SPM12 Wellcome Trust Center for Neuroimaging RRID:SCR_007037; https://www.fil.ion.ucl.ac.uk/spm/

DISTATIS Hervé Abdi https://www.utdallas.edu/~herve/

lllustrator Adobe RRID: SCR-010279

E-Prime (version 2) Psychology Software Tools (PST), Inc. https://www.pstnet.com/eprime

RSA-RSM toolbox R. Viviani Viviani (2021); arXiv preprint arXiv:2102.08931 https://
github.com/roberto-viviani/rsa-rsm

Other

Brainnetome Atlas Brainnetome Center, Institute of Automation, RRID:SCR_014091; http://atlas.brainnetome.org

Chinese Academy of Sciences

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Study participants from the fMRI study, first and second pre-experimental studies were all human participants.

The fMRI study population consisted in 20 young subjects aged 20-30 years (10 men, mean age 24 + 2.7 years, mean years of
education 13.7 + 1.6 years), 20 middle-aged participants aged 30-49 years (10 men, mean age 40 + 5.9 years, mean years of edu-
cation 13.7 = 2.0 years), and 20 older subjects aged 51-75 years (9 men, mean age 63.3 + 6.7 years, mean years of education 12.1 +
3.0 years). Mean years of education did not significantly differ between all of the three groups. None of the participants over 50 years
of age had pathological global cognitive performances at the Mattis Dementia Rating Scale.

In the first pre-experimental study, 86 control participants aged 18-80 years (31 men, mean age 28.3 + 13.4 years, mean years of
education 16 + 2.3 years) were included.

In the second pre-experimental study, 56 participants aged 20-70 years (18 men, mean age 37.3 = 17.4 years, mean years of ed-
ucation 13.5 + 3.7 years) were included.

Participants of the fMRI study were 31 women and 29 men. Findings of this study apply to women and men. Each age group had an
equivalent number of woman and men, controlling for a potential sex effect. Participants from the first pre-experimental study were
55 women and 31 men. Participants of the second pre-experimental study were 38 women and 18 men. Sex was determined based
on self-reporting. As the design of the study controlled for a potential sex effect and this effect was not of interest, we did not perform
sex-based analyses.

We did not use any socially constructed or socially relevant categorization variable (such as race or ethnicity).

The experiment was approved by the French national ethics committee (Institutional review board CPP Nord-Ouest Ill), and all par-
ticipants gave their written informed consent. The study was carried out following the Declaration of Helsinki.

METHOD DETAILS

Participants

20 young subjects aged 20-30 years (10 men, mean age 24 + 2.7 years, mean years of education 13.7 + 1.6 years), 20 middle-aged
participants aged 30-49 years (10 men, mean age 40 + 5.9 years, mean years of education 13.7 + 2.0 years), and 20 older subjects
aged 51-75 years (9 men, mean age 63.3 + 6.7 years, mean years of education 12.1 + 3.0 years) participated in this study. Partic-
ipants underwent anatomical and task-based functional MRI. Data from 3 middle-aged participants were excluded from the analysis:
one fall asleep during the MRI acquisition, another had too many movements, and the latter had white matter abnormalities revealed
by the anatomical MRI. One participant from the old subjects’ group was also excluded because of important artifactual signals on
the fMRI acquisition. All participants were French native speakers and right-handed, and none of them reported a history of addiction,
psychiatric and neurological disorders, or cognitive complaints. The experiment was approved by the regional ethics committee
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(CPP Nord-Ouest Ill), and all participants gave their written informed consent. The study was carried out following the Declaration of
Helsinki. Mean years of education did not significantly differ between all of the three groups (ANOVA: F(2,57) = 3.098, p = 0.053). None
of the participants over 50 years of age had pathological global cognitive performances at the Mattis Dementia Rating Scale (mean
score = 142.1 + 1.8 /144, minimum score = 138/144).

Procedure

Task

The affective mental state attribution task used in this paper originates from the same experiment as reported in.*® This task was
carried out by participants, while brain activity was recorded using functional MRI.

The affective mental state attribution task was composed of 120 trials consisting in mute, black-and-white videos that featured two
protagonists, Pierre and Marie, presented as roommates (see Figure 1 and Video S1 for example of two trials). The scenes occurred in
five different places (dining and living rooms, office, entrance, and park). Trials were divided into two parts. The “mental state infer-
ence” videos depicted social interactions of everyday life between the two protagonists, which provoked an affective mental state in
one of them. This protagonist was the target of the mental state inference and was distinguished by a pink armband. Videos of this
inference part lasted 10-11 s, including a full shot (8-9 s) giving an overview of the context, followed by a close-up shot (2 s) providing
a deeper understanding of the situation. The observation of these social situations was followed by a fixation cross (semi-random
duration of 2-6 s) and then by a “mental state recognition” part presented in the form of 4-s videos framed on the face and chest
of the character who was the target of the inference in the first part, showing an emotional facial expression. The protagonist pre-
sented was the target of the affective state recognition. Expression conveyed in this recognition part and the mental state elicited
by the social situation during the preceding mental state inference video were congruent in half of the videos and incongruent in
the other half. Five mental states could be elicited by the videos: 4 distinct emotional states (i.e., surprise, anger, pride, and embar-
rassment), crossed in terms of valence and complexity, and a neutral state (i.e., absence of emotion). The latter was considered a
control condition and was attributed to videos in which no protagonist experienced any emotion.

Trials were presented in a pseudo-random fashion between participants and were divided into 4 fMRI runs of 30 trials each. Par-
ticipants were instructed to think about the affective mental state that the protagonist wearing the pink armband could feel during the
videos. The emotions inferred were not labeled. Participants only had to make a congruency judgment at the end of the mental state
recognition videos, between the emotion felt by the protagonist in the social situation and the one conveyed by the facial expression.
Specifically, participants viewed the whole video each time and could make their judgment of emotional congruency during the sub-
sequent recognition phase orimmediately after (i.e., during the fixation cross). If a participant did not provide a response by the end of
the fixation cross, the trial was recorded as a non-response. For more details about stimuli and the design of the task, see.’® The
number of responses by participants was assessed, as well as a the correct response rate at the congruency judgment derived
by summing all correct responses for each participant divided by the total number of responses, and response times during the con-
gruency judgment.

Pre-experimental study

A first pre-experimental study (pre-study 1) was conducted via a website and was conveyed to all the students of the University of
Caen Normandy, but also shared with individuals beyond the university. In this pre-experimental study, 86 control participants aged
18-80 years (31 men, mean age 28.3 + 13.4 years, mean years of education 16 + 2.3 years) rated the intensity of emotions felt by the
protagonist wearing the pink armband for each video separately, according to those 4 distinct emotions; between 0 (does not feel at
all) and 10 (does feel this emotion very strongly). The neutral state that was not considered an affective mental state was set to 10 if
selected, as its intensity could not be assessed. This allowed us to characterize the intensity of the target dominant emotion that was
felt by the main characters in the video, as well as intensities of alternative competing emotions. In a second pre-experimental study,
56 participants aged 20-70 years (18 men, mean age 37.3 + 17.4 years, mean years of education 13.5 + 3.7 years) rated the precise
moment when the attribution of the mental state could be made. For these pre-experimental studies, additional variables were quan-
tified such as the familiarity and the difficulty in understanding the situations. In both pre-experimental studies, participants could
stop the task at any time, which is why some did not fully complete the task.

Following a 2 x 2 factorial design, 4 indices were extracted from the first pre-experimental study: accuracy of dominant emotion,
accuracy of competing emotions, uncertainty of dominant emotion, and uncertainty of competing emotions (Figure 2). Those indices
characterizing each mental state inference were computed after fitting the distribution of the scale intensity with a log-normal func-
tion. Two distributions were fitted: one for the dominant emotion (i.e., the emotion a priori considered as the one to be inferred) and
one for the average of intensity judgments expressed for the 3 other alternative emotions. “Accuracy” corresponds to the mean of the
intensity distributions while “Uncertainty” was operationalized as the standard deviation of the distributions across participants. The
time courses of the attributions of emotional state, irrespective of the emotion expressed by the main character, were extracted from
the second pre-experimental study.

Statistical analysis of behavioral performances

In the main experiment, non-parametric Kruskall Wallis ANOVAs were applied to assess the main effect of the group in the number of
responses, correct response rate, and response times at the congruency judgment. Post-hoc tests consisting of Mann Whitney tests
were further used to characterize differences between each group. To assess the relationship between the computational indices
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characterizing the mental state inference (i.e., type of emotion crossed with parameters), and behavioral responses, mixed-effects
models were applied. A full linear mixed-effects model for response time, and a mixed-effects model using binomial distribution fam-
ily and a logit link function for correct response rate, were implemented. Both models included the four computational indices, their
interactions with age group, and participant-level random intercepts and slopes (i.e., (accuracy of dominant emotion + accuracy of
competing emotion + uncertainty of dominant emotion + uncertainty of competing emotion) x group). In these analyses, in order to
increase statistical power, and for a more intuitive interpretation of potential interactions, the young group was compared to an
‘Older’ group including middle-aged and old individuals.

MRI acquisition parameters

Anatomical and functional MRI scanning sessions were conducted using a Philips Achieva 3.0 T scanner, at the Cyceron center
(Caen, France). A fast field echo sequence was used to acquire high resolution T1-weighted anatomical image (3D-T1-FFE sagittal,
repetition time (TR) = 20 ms; echo time (TE) = 4.6 ms; flip angle 10°; 180 slices; no gap; slice thickness = 1 mm; field of view (FOV) =
256 x 256 mm2; in-plane resolution =1 x 1 mm2). In a second session, five functional runs were acquired. The four first runs recorded
brain activity during the affective mental state attribution task and the fifth run consisted in a localizer task that was not exploited in
this study. The first six volumes of each run were discarded, owing to saturation effects. Functional task-based MRI scans were thus
acquired using an interleaved 2D T2* EPI sequence (2D-T2*-FFE-EPI axial, SENSE factor = 2; TR = 2382 ms; TE = 30ms; flip angle =
80°; 42 slices; no gap; slice thickness = 2.8 mm; FOV = 224 x 224 mmz2; in-plane resolution = 2.8 x 3.0 mm2; 275 volumes per run of
the affective mental state attribution task and 231 volumes for the localizer task).

Preprocessing

All functional imaging analyses were performed using Statistical Parametric Mapping 12 software (SPM12, Wellcome Department
of Imaging Neuroscience). The MATLAB analysis codes supporting this study are available at: https://doi.org/10.5281/zenodo.
20036054. Preprocessing consisted firstly in slice timing correction of functional images by temporal interpolation, which were
then spatially realigned. Segmentation of anatomical T1-weighted images was operated. This allowed the following skull-strip-
ping of T1-weigthed from these segmented images, to facilitate the following coregistration step. The anatomical T1 skull-strip-
ped image was coregistered to the mean functional image and this transformation was applied to all the other functional images.
After this step, segmented anatomical images were normalized onto the template of the Montreal Neurological Institute (MNI),
and the nonlinear deformations were used to normalize the realigned functional data. Normalized functional images were
smoothed with a 10-mm FWHM kernel. For all participants, a data quality check was performed for each preprocessing step.
In the case of representational similarity analysis, normalization and smoothing were not applied, to carry out analyses in the sub-
ject’s native space.

First-level univariate analysis

First-level analyses were conducted using general linear models (GLMs). Pre-experimental ratings were used to model brain activity
in response to emotional inference during the social context presentation. We first designed a first-level fMRI model including regres-
sors encoding the temporal distribution of inference (from pre-study 2) for both emotional and neutral video contexts, without further
modulation by accuracy or uncertainty. The onsets of response time from each participant of the pre-experimental study were en-
coded as a stick function to encode the moment when inference of emotional state is attributed during the context. This stick function
encoding the timing of inference was smoothed with a Gaussian kernel of 3000ms before being convolved with a canonical Hemo-
dynamic Response Function (HRF). This procedure ensures that the neural function of the GLM reflected the moment of the context
video when the inference of emotional state was maximal in the pre-experimental study population. In a second first-level GLM, the
stick function encoding the timing of inference (pre-study 2) was further parametrically modulated by the mean-centered estimates of
accuracy and uncertainty (pre-study 1), for both dominant and competing emotions, before smoothing and convolution with the ca-
nonical HRF. This GLM also included non-modulated emotional and neutral regressors capturing the moment of inference for these
conditions. For both GLM, additional nuisance regressors encoding the whole context and expression videos were included to ac-
count for the confounding effects of watching videos. Trials in which the final congruency judgment was incorrect were classified as
errors and not used to construct the regressors of interest. For each run, the 6 movement parameters extracted from the realignment
procedure, were also added as nuisance regressors in the design matrices. A high pass filter (1/128 Hz) was applied and autocor-
relation between fMRI time series was corrected using a first-order autoregressive AR(1) model of noise temporal autocorrelation
estimated using restricted maximum likelihood (ReML).

In the first GLM, first-level contrast corresponded to contrasting emotional against neutral regressor to assess brain substrates of
emotional inference. In the second GLM, first-level contrasts, corresponding to main effect of accuracy (including accuracy of domi-
nant emotion and accuracy of competing emotions regressors) and main effect of uncertainty (including uncertainty of dominant
emotion and uncertainty of competing emotions regressors) conditions, were estimated against implicit baseline. First-level
contrasts also included the effect of emotion (competing vs. dominant emotions and dominant vs. competing emotions) for both
accuracy and uncertainty. We conducted two collinearity diagnostics: for each contrast, we computed the contrast-level Variance
Inflation Factor (cVIF) recently proposed by Mumford and colleagues.” This is a useful tool measuring how the correlation between
predictor variables inflates the variance of the contrast performed on the estimated regression coefficients. cVIF values for the
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contrasts indexing main effect of accuracy, main effect of uncertainty and emotional competition for accuracy and uncertainty were
all <8, below the commonly accepted threshold of 10. Condition Index metrics, which is another measure of collinearity assessing
variability across design matrix dimension (https://montilab.psych.ucla.edu/designdiagnostics/), were inferior to 6, below the recom-
mended upper limit (<15), confirming that the design matrix has sufficient dimensional variability. Taken together, these diagnostics
indicate that collinearity does not compromise inference validity in our GLM.

Univariate brain analysis

In the first GLM, effect of emotional inference was tested using a one-sample t test in SPM with a threshold of p < 0.05, FWE corrected
for multiple comparisons across the mPFC or whole-brain, with a cluster size set to k = 10. In the second GLM, among the first-level
contrasts, main effect of accuracy and uncertainty were tested using one-sample t-tests, with a threshold of p < 0.05, FWE corrected
for multiple comparisons across the mPFC or whole-brain, with a cluster size set to k = 10. Effects of type of emotions (dominant and
competing) were tested using one-sample t-tests in SPM, with a threshold of p < 0.025, FWE corrected for multiple comparisons
across the mPFC or whole-brain, with a cluster size set to k = 10. Given the absence of a priori assumptions regarding the neural
mechanisms underlying emotion differentiation, bilateral comparisons were performed comparing brain activities associated with
dominant and competing emotions. For both GLMs, the effect of age was investigated using a two-sample t test for each first-level
contrast of interest, contrasting young with older groups. To increase statistical power, and for a more intuitive interpretation of po-
tential interactions, the young group was compared to an ‘Older’ group including middle-aged and old individuals. This grouping
was based on the observation of homogeneous brain activations during the task between those two groups. The SPM maps
were thresholded at p < 0.05, FWE corrected for multiple comparisons across the mPFC or whole-brain, with a cluster size set to
k = 10. The analysis mask corresponded to the ventral and dorsal mPFC subregions. The center coordinates of these subregions
were determined through a meta-analysis of brain regions involved in various mindreading tasks.*® The regions in the Brainnetome
atlas’® overlapping with the ventral (coordinates in the Montreal Neurological Institute (MNI) space [3, 51, —7]) and dorsal (-1, 54, 24])
mPFC center coordinates were used (see Table S2 for more information about the ROls).

Representational similarity analysis

Representational Similarity Analysis (RSA,*’) was employed to investigate how different aspects of emotional competition are en-
coded during mental state inference in the brain (Figure 5). This method operates under the premise that representational competition
is spatially encoded and distributed through the activity of contiguous voxels within a given brain region. This representational
competition is captured by measuring the distances between the spatial distribution of activity associated with each trial, which
are then encapsulated within Representational Dissimilarity Matrices (RDMs). These RDMs are subsequently compared to a model
RDMs encoding predicted similarity relationships between stimuli along specific representational dimensions. In this study, we
focused on two dimensions of emotional competition: 1) the emotional content associated with competing emotions, 2) the magni-
tude of emotional interference caused by those competing emotions.

At the first level, the design matrix included a regressor per trial. Each regressor was modeled with the onsets of response times
from all participants of the pre-experimental study. These 120 regressors were encoded as a stick function, without any parametric
modulation. They were convolved with a Gaussian kernel of 3000ms and further convolved with a canonical HRF. Additionally, the
duration of contexts and expression videos were included as nuisance regressors to remove the confounding effects of watching
videos. For each run, the 6 movement parameters derived from the realignment procedure were incorporated as nuisance regressors
in the design matrix. A high pass filter (1/128 Hz) was applied and intrinsic autocorrelation was corrected to consider autocorrelation
between the GLM residuals.

The RSA-RSM toolbox developed by Viviani (2021) was used, allowing carrying out RSA, and addressing the issue of non-orthog-
onality of the design matrix. Specifically, it acknowledges that regressors of temporally close trials may exhibit correlation, intro-
ducing a potential bias in the analysis as noted by previous studies.*®’® To take this bias into account, Viviani (2021) proposed to
apply a method of partial correlations for computing neural patterns (for more information, see*®). More precisely, this bias was ac-
counted for by including covariance structure of the beta estimates as confound in the partial correlation between neural and model
RDMs. It removed variance attributable to temporal correlation bias or regressor non-orthogonality; ensuring RSA reflects neural
representational competition rather than artifacts of the design.

Two model RDMs were constructed, termed emotional content RDM and interference RDM, each representing pairwise relation-
ships between trials along one of the representational dimensions described above. These models incorporated intensities associ-
ated with competing emotions, as derived from pre-experimental study 1. Regarding emotional content, for each participant in the
pre-experimental study, an individual model RDM was generated by computing the cosine distance between every trial pair using the
vectors of intensities associated with competing (i.e., non dominant) emotions. When comparing two trials sharing the same domi-
nant emotion, the competing emotions encompassed the three remaining alternative emotions. Conversely, when contrasting trials
with distinct dominant emotions, the competing emotions comprised the 2 competing emotions common to both trials, excluding
their respective dominant emotions. Regarding interference, for each participant in the pre-experimental study, an individual model
RDM was generated by computing the Euclidean distance between every trial pair based on the summed intensities of competing
emotions, which operationalizes the overall magnitude of emotional competition. This RDM, regardless of the content of the compe-
tition, reflects similarities in terms of degree of interference caused by the intensities of the competing emotions. Then, for both
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dimensions, the DISTATIS method was used to determine the common structure across individual model RDMs, resulting in two
group-level RDMs®? (i.e., emotional content and interference RDMs). DISTATIS captures the shared similarity structure across indi-
viduals, by seeking optimal agreement (or compromise) across multiple distance matrices. The implementation in MATLAB of
DISTATIS can be found at https://www.utdallas.edu/~herve/. In brief: (1) each of the individual RDMs was first transformed to a
cross-product matrix after double-centering and normalization to its first eigenvalue; (2) the cosine/Euclidean similarity structure
of all pairwise comparisons of the normalized cross-product matrices was computed using the RV coefficient; (3) the RV coefficient
matrix describing the relationships between RDMs was submitted to eigen-decomposition, and the compromise matrix corre-
sponded to the sum of the normalized cross-product matrices weighted by their first eigenvalue; (4) the eigen-decomposition of
the compromise produced factor scores, which described the position of each of the context video in an N-dimensional compromise
space; and (5) the distance correlation matrix of these multidimensional compromise spaces then corresponded to the best agree-
ment across all individual RDMs. The resulting distance correlation matrix therefore can be viewed as a shared space reflecting the
common competition proximity across individuals. In this space, the proximity of two situations reflects similarity either in the content
of the emotional competition or in the degree of interference caused by competing emotions, depending on the dimension consid-
ered. Brain regions whose neural similarity structure matches these model RDMs can therefore be interpreted as representing either
the content of competing emotions or the magnitude of emotional interference. Because the toolbox operates on similarity maps, the
model RDMs were transformed into representational similarity matrices (RSMs) by applying the following formula: RSM = 1 - RDM/
max(RDM).

Two additional matrices were also computed with the goal to include them as nuisance covariates in the subsequent searchlight
analysis, controlling for the effect of the dimensions they represent. The inference timing RDM controlled for a potential bias intro-
duced by the similarity between trial pairs in terms of the moment of the inference during the context videos. For each participant
in the pre-experimental study, an individual timing of inference RDM was generated by computing the Euclidean distance between
every trial pairs in terms of the timing of inference during the mental state inference phase. Participants with more than 50% missing
responses were excluded to ensure stability, resulting in 40 participants out of the 56 participants of the pre-experimental study. The
second control matrix, the dominant intensity RDM, reflected a potential bias introduced by the similarity between trial pairs in terms
of the intensity of the dominant emotion. Individual dominant intensity RDMs were generated by computing the Euclidean distance
between every trial pairs in terms of the intensity of the dominant emotion, irrespective of emotion label. For both confound dimen-
sion, a group-level RDM was computed, using the DISTATIS method to determine the commonalities across the individual control
RDMs; and RDMs were transformed into RSMs.

The toolbox developed by Viviani (2021) allows performing individual searchlight analyses. More precisely, a spherical ROl with a
radius of 8mm was moved through voxels of the individual beta maps. For each voxel, a brain RSM was computed by comparing
neural activity across voxels encompassed within the searchlight ROI for every trial pair. This brain RSM was compared with
emotional content and interference RSMs respectively. This was done using partial correlation, allowing to include nuisance cova-
riates in the correlation when computing the brain RSM. Two covariates, called BCov and SCov allowed to estimate the temporal
correlation bias, as described above (for more details see®). The two control matrices (i.e., timing of inference and dominant inten-
sity) were also included as nuisance covariate in these searchlight analyses. Hence, four nuisance covariates were controlled for in
the partial correlation analysis between model and brain RSMs.

The resulting correlation values between the model similarity structure (emotional competition or interference RSMs) and the sim-
ilarity of brain activity (brain RSM) in the area of the sphere were stored in individual r-maps. To test the robustness of the results from
these analyses, a complementary sensitivity analysis was conducted, following the same methodology as described previously, but
with searchlight radii of 6mm and 10mm.

The individual r-maps were normalized onto the MNI template and smoothed with an 8-mm FWHM kernel. Subsequently, one-
sample t-tests were conducted to identify brain regions representing 1) competition content and 2) emotional interference due to
competition. Given the strong hypothesis on the mPFC, a small volume correction was performed, using the a priori defined
mask corresponding to the ventral and dorsal mPFC. Significance thresholds were set at p < 0.05, small volume FWE corrected.
Additionally, age group effects were highlighted via two-sample t-tests. Significance thresholds for the group effect were set at
p < 0.05, small volume FWE corrected.

Finally, to dig deeper into the mechanisms subtended by the mPFC, we examined whether individual differences in executive func-
tions could explain the activity of the dmPFC related to the encoding of degree of interference. Executive function measures were
available as part of a broader experimental protocol, including inhibitory control (Stroop interference time), cognitive flexibility and
set-shifting (Trail Making Test B-A time), verbal fluency (mean of animal, P, and V), and working memory (forward and backward vi-
suospatial span). We conducted Spearman’s correlations between these executive functions variables and the RSA rho estimates
capturing the encoding of competing-emotion interference in dmPFC, across all participants.

Psychophysiological interaction analysis

We then examined task-dependent functional connectivity of the mPFC using a generalized psychophysiological interaction (gPPI)
framework.”” Seed regions corresponding to the vmPFC and dmPFC were defined from the Brainnetome atlas, in the same way as in
the univariate analysis. Subject-specific time series were extracted within MNI-defined mask voxels. gPPI models were constructed
using the same first-level design matrix as in the univariate analysis.
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For each seed, voxelwise BOLD signals were extracted and averaged across all voxels within the ROI. To isolate variance spe-
cifically related to the psychological context of interest, the physiological timeseries was residualized with respect to all nuisance
regressors included in the first-level GLM. The timeseries adjusted for confound were then deconvolved to estimate the neural ac-
tivity. A full-rank cosine basis set convolved with the HRF, as well as the filtered and whitened matrix of confounds, was used as the
design matrix of a hierarchical linear model to estimate the underlying neuronal activity under a parametric empirical Bayes
scheme.”®

Six task conditions were modeled (i.e., Psychological regressors): accuracy—-dominant, accuracy-competing, uncertainty—
dominant, uncertainty-competing, as well as unmodulated emotion and neutral conditions. Event onsets were converted into
high-resolution (1 ms) stick functions, smoothed using a Gaussian kernel, down-sampled to the repetition time (TR = 2.382 s), de-
trended, and convolved with the canonical HRF.

For each condition, the neural functions of the psychological regressor was multiplied with the deconvolved seed activity to
generate the interaction term (i.e., PPI regressor), which was then HRF-convolved and resampled to the TR. All PPI regressors
were detrended before model estimation. For each participant and seed, a subject-level gPPI GLM was specified containing (1)
the interaction PPI regressors, (2) the psychological regressors, (3) the physiological seed timeseries, and (4) a constant term. The
model was estimated voxelwise across the whole brain, and beta coefficients for each PPI regressor were written to image space
and smoothed with an 8-mm FWHM Gaussian kernel.

Six contrasts probed condition-dependent modulation of mPFC connectivity, allowing us to assess effects of accuracy, uncer-
tainty, and dominant versus competing emotional content. Group-level analyses were performed using one-sample t-tests to char-
acterize condition-specific connectivity at the population level, and two-sample t-tests to evaluate between-group differences in
mPFC functional coupling.

Relationships between behavioral performances and brain estimates

Finally, to gain an understanding of the involvement of the activity of the mPFC in social behavior, the relationships between the
behavioral performances during the task, and brain estimates obtained from both univariate analysis and RSA were investigated,
all groups combined. Behavioral performances were defined as the correct response rate at the congruency judgment. We computed
Spearman’s correlations between behavioral performances and: 1) estimates of accuracy and uncertainty crossed with type of emo-
tions in the univariate analyses, and 2) correlation coefficients extracted from interference model in RSA; within the predefined ROI
corresponding to the dorsal and ventral mPFC (see Table S2). The expected proportion of type | error across multiple ROls was
controlled using the FDR correction.

QUANTIFICATION AND STATISTICAL ANALYSIS

N in this study represents the number of human participants.

Kruskall-Wallis ANOVAs were used to assess group differences in behavior (number of response, correct response rate, and
response times at the congruency judgment). Post-hoc tests consisted of Mann Whitney tests. Groups were composed of 20 young,
17 middle-aged and 19 older adults.

To assess the relationship between the computational indices characterizing the mental state inference (i.e., type of emotion
crossed with parameters), and behavioral responses, mixed-effects models were applied. A full linear mixed-effects model for
response time, and a mixed-effects model using binomial distribution family and a logit link function for correct response rate,
were implemented. Groups were composed of 20 young and 36 old individuals (middle-aged and older adults were merged into a
single group).

In the univariate analysis, the correlates of statistical regularities in the mPFC were assessed with one-sample t-tests in SPM (N =
56). For main effects of accuracy and uncertainty, significance threshold of p < 0.05, corrected for family-wise error (FWE) accounting
for multiple comparisons across the mPFC, with a cluster size k = 10 was employed. For effects of type of emotions (dominant vs.
competing), given the absence of a priori assumptions, bilateral comparisons were performed. Thus, a threshold of p < 0.025, FWE
corrected for multiple comparisons across the mPFC, with a cluster size k = 10 was applied. Two-sample t-tests were applied for
assessing age effect (N = 20 young and 36 old adults). The SPM maps were thresholded at p < 0.025, FWE corrected for multiple
comparisons across the mPFC, with a cluster size k = 10.

Inthe RSA, partial correlations were applied in searchlight analysis, using the toolbox from Viviani (2021). Then, one-sample t-tests
were conducted to identify main effects of emotional content and interference (N = 56). A small volume correction was applied on the
mPFC. Significance thresholds were set at p < 0.05, small volume FWE corrected. Additionally, age group effects were highlighted via
two-sample t-tests (N = 20 young and 36 old adults). Significance thresholds for the group effect were set at p < 0.05, small volume
FWE corrected. The relationships between executive functions and the RSA rho estimates capturing the encoding of competing-
emotion interference in dmPFC were explored with Spearman’s correlations (N = 56).

For the PPI, one-sample t-tests characterized condition-specific connectivity at the population level (N = 56), and two-sample
t-tests assessed between-group differences in mPFC functional coupling (N = 20 young and 36 old adults).
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Relationships between behavior and brain estimates were performed with Spearman’s correlation (N = 56). The expected propor-
tion of type | error across multiple ROIs was controlled using the FDR correction. For all behavioral analyses, significance was consid-
ered when p < 0.05.

MATLAB 2019a was used for statistical analyses of behavioral data. MATLAB2019a with SPM12 was used for univariate statistical
analyses, RSA and PPl analyses. For the RSAs the DISTATIS method (Abdi et al. 2012) and the RSA-RSM toolbox from Viviani (2021)
were used. The behavioral task was presented to participants in the scanner using E-Prime software (https://pstnet.com).

No statistical methods were used to pre-determine the sample size. However, the sample size used in this study is consistent with
previous studies investigating neural markers of social cognition or the brain valuation system.

All participants were French native speakers and right-handed, and none of them reported a history of addiction, psychiatric and
neurological disorders, or cognitive complaints.

Inthe fMRI study, data from 3 middle-aged participants were excluded from the analysis: one fall asleep during the MRl acquisition,
another had too many movements, and the latter had white matter abnormalities revealed by the anatomical MRI. One participant
from the old subjects’ group was also excluded because of important artifactual signals on the fMRI acquisition.

All the statistical details of experiments can be found in the Method section, and in each corresponding result section. Significance
thresholds were indicated in figures representing brain analyses. Behavioral results are presented in mean. Error bars indicate con-
fidence intervals.
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