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ABSTRACT
Social conformity and psychiatric disorders share overlapping brain regions and neural pathways, arousing our in-
terest in uncovering their potentially shared underlying neural and computational mechanisms. Critically, the dy-
namics of group behavior may either mitigate or exacerbate mental health conditions, highlighting the need to bridge
social neuroscience and psychiatry. Our work examines how aberrant neurobiological circuits and computations
influence social conformity. We propose a hierarchical computational framework, based on dynamic systems and
active inference, to facilitate the interpretation of the multilayered interplay among processes that drive social con-
formity. We underscore the significant implications of this hierarchical computational framework for guiding future
research on psychiatry, particularly with respect to the clinical translation of interventions such as targeted phar-
macotherapy and neurostimulation techniques. Interdisciplinary efforts hold the potential to propel the fields of social
and clinical neuroscience forward, fostering the emergence of more efficacious and individualized therapeutic ap-
proaches tailored to psychiatric disorders characterized by aberrant social behaviors.

https://doi.org/10.1016/j.biopsych.2025.05.011
Social conformity refers to the act of changing one’s attitudes,
beliefs, and behaviors to align with others (1). It is a critical
aspect of human social behavior, facilitating collective decision
making through the optimization of decisions based on infor-
mation acquisition (2). As social beings, humans demonstrate
conforming behaviors from birth, from infants being influenced
by others’ crying to adolescents following trends (1). Confor-
mity fulfills the need for belonging, but maladaptive conformity
can lead to loneliness and depression (2,3). This complex so-
cial phenomenon has been the subject of clinical research that
takes culture, cognition, and individual differences into ac-
count, and this research has yielded insight into the underlying
computational and neurobiological processes (4). Recent
research has established a compelling connection between
aberrations in social conformity and the core symptoms of
psychiatric disorders across various animal models (5). This
observation underscores the significance of exploring the un-
derlying neural and computational mechanisms that govern
social conformity and their potential implications for mental
health. Computational approaches provide explanations based
on data from neuroimaging and psychiatric disorders with
complex interactions ranging from the subcellular to societal
levels (6). We start by surveying previous research to uncover
the neural and computational mechanisms of social confor-
mity, as well as the overlap seen between the neural circuits
responsible for social conformity and those found to be
aberrant in psychiatric patients with various diagnoses. This
leads us to propose a computational framework that leverages
a hierarchical model to quantify social conformity in psychiatric
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patients. Next, we highlight how the neurobiological network
and hierarchical computational model help to assess the dy-
namic interaction in social context, particularly for social con-
formity. Finally, we discuss challenges and opportunities for
this framework that may lead to new strategies for helping
psychiatric patients to recover social functions.
THE NEUROBIOLOGICAL AND COMPUTATIONAL
MECHANISMS OF SOCIAL CONFORMITY

Previous research has extensively investigated the brain re-
gions involved in social conformity, linking this process to
mechanisms such as reinforcement learning, cognitive deci-
sion making, and cognitive dissonance (7–9). Building on
this foundation, in the current review, we aim to explore the
intricate neurobiological and computational underpinnings of
social conformity, elucidating the complex interplay between
these neural systems and an internal model of decision
making. The brain regions implicated in these processes are
primarily associated with the reward circuit, the punishment-
related circuit, and the affective circuit (Figure 1). Social
conformity engages core neural circuits involved in social
decision making, including reward, punishment, and affective
networks. Notably, neural activities are not exclusive to social
interactions and are verified to have significant correlations
with the basis functions. The projection from neurobiology to
basis functions abstracts complex social relationships into a
low-dimensional space, enabling a computational under-
standing of social conformity.
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Figure 1. The underlying neurobiological circuits
in social conformity. Arrows show 3 neural pathways
related to social conformity. Solid black arrows
associate major brain regions involved in the
punishment-related brain circuit, while dashed black
arrows show a loop of activity in the reward circuit.
The blue line shows the crucial region of the affective
circuit. Amy, amygdala; DA, dopamine; dACC, dor-
sal anterior cingulate cortex; dmPFC, dorsomedial
prefrontal cortex; NAcc, nucleus accumbens; OFC,
orbitofrontal cortex; rTPJ, right temporoparietal
junction; vmPFC, ventromedial prefrontal cortex; VS,
ventral stratum; VTA, ventral tegmental area.
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Reward Circuitry

The intricate interplay of the reward circuitry, comprising the
ventral striatum (VS), orbitofrontal cortex (OFC), and medial
prefrontal cortex (mPFC), fundamentally motivates individuals
to seek social recognition and group belongingness (7,10).
This circuitry fosters a behavioral tendency wherein individuals
align their attitudes to conform with the majority, anticipating
positive social reinforcements such as encouraging gestures
and verbal affirmations. Classic paradigms for studying social
conformity originate from the work of Muzafer Sherif and
Solomon Asch. In Asch’s line judgment task, individuals
accurately identified line lengths when alone but conformed to
incorrect group responses under social pressure. These find-
ings laid the groundwork for modern paradigms, such as facial
attractiveness evaluation tasks, which engage reward-related
neural circuits implicated in social conformity (11). Notably, in
facial attractiveness evaluations, heightened activation within
the OFC and VS regions was evident when participants
demonstrated a preference for faces highly rated by their peers
(12). Furthermore, the ventromedial PFC, renowned for
encoding subjective values, plays a pivotal role in weighing
social values during decision-making processes (13).

According to the framework of adaptive social learning and
reinforcement learning theory, the potential value of attitude
shifts is dynamically modulated by the choices and behaviors
of one’s companions, leading to conformity behavior (14,15).
Computationally, neural substrates including the dorsal stria-
tum exhibit functions of prediction error detecting, which
adjust the model-free system through social learning (16). The
emotional bonus derived from valuing social group member-
ships prompts individuals to align their perception and be-
haviors with group norms (17), thereby reinforcing behaviors
that lead to rewarding outcomes and enhancing their future
recurrence. Dopamine (DA), the neurotransmitter that bridges
the reward system and reinforcement learning (18), plays a
central role in this mechanism. The amygdala, via projections
to GABAergic (gamma-aminobutyric acidergic) interneurons in
366 Biological Psychiatry March 1, 2026; 99:365–374 www.sobp.org/j
the ventral tegmental area (VTA), disinhibits DA neurons,
enhancing DA release in the nucleus accumbens (NAcc) during
social reward processing (18,19). This circuitry plays a role in
assessing stimuli as rewarding or punishing. In autism spec-
trum disorder (ASD), dysregulated DA release may reduce
sensitivity to social rewards (20,21). The pattern of DA bursts is
intimately tied to reward prediction errors, which are the pri-
mary drivers of reinforcement learning. The action-outcome
relationship motivates reinforcement learning computation to
guide behaviors (22), suggesting that social conformity
emerges as a consequence of adaptive social learning and
reinforcement learning processes.

While empirical investigations into the nexus between social
conformity and mental disorders remain scarce, some studies
have illuminated how aberrant reward circuitry contributes to
core symptomatology in psychiatric disorders. For example,
individuals with ASD exhibit a notably reduced propensity for
conformity, resulting in a deficit in conformity consciousness
(21) (Table 1). While consensus on a single aberrant brain
structure has not yet been reached, evidence points to ab-
normalities in the NAcc region as potentially contributing to the
difficulties of patients with ASD in encoding group norms
(22,23). Loneliness may also result in a weak motivation to
comply with social norms (24). The aberrant neural mechanism
is impaired at detecting discrepancies between prediction and
reality, thereby weakening patients’ sensitivity to rewards,
according to a computational learning model (25).

Punishment Circuitry

Punishment circuitry, comprising the posterior medial frontal
cortex (pMFC) and anterior insula (AI), plays a pivotal role in
avoiding social pain and exclusion (26). This system serves as a
safeguard against social isolation because individuals inherently
seek alignment with group members to maintain social bonds
(27). When exclusion occurs, the resultant distressful social in-
teractions evoke feelings of social pain, triggering the activation
of punishment circuits to avert such negative outcomes (7).
ournal

http://www.sobp.org/journal


Table 1. Aberrant Neural Circuits and Social Conformity in Psychiatric Disorders

Reference Psychiatric Disorders Aberrant Neural Circuits Social Conformity

Shamay-Tsoory et al. (22) ASD Reward circuit (NAcc) Lack of social conformity

Kanai et al. (24) Loneliness Punishment circuit (STS and dmPFC) Lack of social conformity

Volkow and Morales (37) SUD Reward and punishment circuits (VS and mPFC) Conform to risky choices

Chechko et al. (39) BPD Punishment circuit (dmPFC and insula) Maladaptive social conformity

Liu et al. (41) OCD Punishment circuit (hyperactive dACC) Excessive social conformity

Dyck et al. (50) ADHD Affective circuit (amygdala) Lack of social conformity

Wolf et al. (54) PT-DD Reward and affective circuits (amygdala and NAcc) Lack of social conformity

Ganella et al. (55) SAD Affective circuit (amygdala) Excessive social conformity

This table links psychiatric conditions to dysregulated brain circuits and atypical social conformity behaviors. Abnormalities in the NAcc region contributed to the
difficulties of patients with ASD in encoding group norms. Individuals experiencing loneliness exhibited reduced gray matter density in the STS and dmPFC, indicating
impaired reward circuits. In SUDs, aberrant circuitry suppressed punishment signals, while reduced dopamine D2 receptor signaling in the VS impaired self-regulation
and increased susceptibility to punishment. Individuals with ADHD had a significant size discrepancy between the left and right amygdala surfaces, with the left
amygdala implicated in modulating emotional experiences and organizing language related to affective events.

ADHD, attention-deficit/hyperactivity disorder; ASD, autism spectrum disorder; BPD, borderline personality disorder; dACC, dorsal anterior cingulate cortex; dmPFC,
dorsomedial prefrontal cortex; mPFC, medial prefrontal cortex; NAcc, nucleus accumbens; OCD, obsessive-compulsive disorder; PT-DD, persistent depressive disorder;
SAD, social anxiety disorder; STS, superior temporal sulcus; SUD, substance use disorder; VS, ventral striatum.

Computational Basis of Social Conformity in Psychiatry
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However, psychiatric patients often exhibit difficulties in learning
from punishment. Illness arises when the computational capacity
of the brain fails to match the environmental demand (28).
Erroneous predictions and expectancy computations can result
from abnormal pMFC and periaqueductal gray, which are also
related to subjective value projection (29,30).

Recent studies have underscored the importance of the
dorsomedial PFC (dmPFC) and dorsal anterior cingulate cortex
(dACC) within the broader pMFC network. These regions are
implicated in modulating cognitive dissonance and facilitating
social conformity (31,32). For example, the dACC is activated
during adaptation to group norms, helping to reconcile dis-
crepancies, maintain cognitive harmony, and adjust the inner
model (33). Moreover, dmPFC activity is intimately tied to
stereotypes and nonconformity behaviors (34), as evidenced
by heightened dmPFC activation during interactions with for-
eigners (35,36). The notion of active inference attributes
behavioral choices in social context to the adaptive process of
inferring the most probable cause of observed phenomena
based on prior knowledge and new evidence.

Substance use disorders, characterized as chronic neuro-
logical disorders, disrupt both the reward and the punishment
circuits (37,38). Similarly, individuals with borderline personal-
ity disorder exhibit impaired conflict-control activity in regions
like the dmPFC and insula, indicative of deficits in regulating
social negative emotions (39). This dysfunction may contribute
to deviant behaviors and disregard for social norms (40). In
contrast, patients with obsessive-compulsive disorder (OCD)
display hypervigilance in the dACC and dmPFC, leading to
exaggerated responses to errors and conflicts (41). This
heightened attention to social congruence, coupled with anx-
iety, underlies the pathological nature of OCD-related social
conformity (42). The intricate interplay between punishment
circuits, neurochemical modulators, and neuropsychiatric
conditions underscores the complexity of social conformity
and deviance (43–45).

Affective Circuitry

The affective system, which is tied to fear and other negative
emotions, plays a pivotal role in guiding individuals’ decisions
Biological P
to conform or dissent in social settings (46). Social anxiety can
arise when individuals experience disagreements with close
friends, triggering the activation of the central amygdala (47).
Aberrant social conformity can be quantified from the
perspective of motivation: Certain parameters influence in-
dividuals to either obsess about or avoid emotional experi-
ences in social situations (48). This phenomenon underscores
the amygdala’s involvement in regulating emotional responses
to social challenges. Recent research has further illuminated a
robust interconnection between the amygdala and reward
circuits, manifesting across both negative and positive social
scenarios (49). Positive events such as gaining social recog-
nition promote concurrent activation of the amygdala and the
right temporoparietal junction, highlighting the dynamic inter-
play between emotion and social reinforcement (47).

The amygdala, a pivotal hub for emotion processing, has
garnered extensive scientific interest due to its association
with various mental disorders. Notably, amygdala structural
abnormalities are crucial factors in the development of ASDs
and attention-deficit/hyperactivity disorder (50,51). Animal
models have also demonstrated the amygdala’s involvement in
drug addiction. During opiate abstinence, the amygdala re-
ceives robust projections from the DA system originating in the
VTA, suggesting that the amygdala, together with DA, medi-
ates negative emotions associated with drug treatment
cessation (52). Moreover, paranoid-type delusional disorder, a
prevalent subtype of schizophrenia, is primarily attributed to
functional impairments in the amygdala and OFC (53–55).
Computational modeling of the mechanism of anxiety disor-
ders has been attempted, but progress has been hampered by
a lack of illuminating neuroimaging data (56).

Neurobiological circuits that underlie social conformity,
including reward, punishment, and affective networks, interact
dynamically rather than function in isolation. The VS and AI
coactivate during group decision making, balancing social
acceptance and exclusion risks, while the amygdala enhances
the emotional salience of feedback, modulating striatal reward
signals (26,30,47). However, neurobiological findings alone
cannot fully delineate these interactions or establish causal
links to conformity-driven behavior. Computational models
sychiatry March 1, 2026; 99:365–374 www.sobp.org/journal 367
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provide a framework to quantify these processes, integrating
neural mechanisms and behavioral outcomes to refine our
understanding of social conformity in mental disorders. To fully
elucidate the intricate mechanisms and accurately quantify the
parameters that underlie abnormal social conformity behav-
iors, the integration of computational models into research is
imperative. This approach will facilitate a deeper understand-
ing of the relationships between neural circuits, genetic varia-
tion, and behavioral outcomes, ultimately informing the
development of targeted interventions for mental health
disorders.

COMPUTATIONAL PSYCHIATRY APPROACHES TO
STUDYING SOCIAL CONFORMITY

Computational psychiatry provides powerful tools for unrav-
eling the intricacies of social conformity, particularly consid-
ering the limitations inherent in traditional decision-making
frameworks (56). For example, Von Neumann and Morgen-
stern’s seminal expected utility theory focuses on rational ac-
tions and maximizing benefits amidst uncertainty; however,
human behavior frequently appears to lack rationality, partic-
ularly within social contexts. Notably, it is increasingly under-
stood that there is a pervasive tendency among individuals,
especially those with psychiatric conditions, to forgo self-
benefit maximization in real-world social decision-making
scenarios (19,57). This is readily apparent across various so-
cial performance tasks, including two-player economic para-
digms, where the complexities of human behavior defy
simplistic rational explanations (19). Computational psychiatry
offers fresh insights into social conformity, addressing hidden
states of social interaction (47).

Moreover, computational techniques have been under-
valued in the realm of psychiatric disorders (47). The brain is
responsible for an enormous amount of data computation due
to the never-ending barrage of environmental and internal
368 Biological Psychiatry March 1, 2026; 99:365–374 www.sobp.org/j
stimuli and can sometimes be overloaded (28). Such compu-
tational errors in the brain, which are separate from neuro-
logical lesions, can lead to mental illnesses (Figure 2).
Therefore, the advancement of computational neuroscience
and machine learning, which can shed light on these pro-
cesses, will be instrumental for future improvements in clinical
treatment. Another important issue in clinical neuroscience is
understanding transdiagnostic processes. Despite the
apparent heterogeneity, similar biology and neural substrates
related to social conformity may be shared across a range of
different mental disorders. Validated computational ap-
proaches show promise for uncovering the shared psycho-
logical patterns across social contexts and in different
psychological diseases (58). Computational psychiatry utilizes
mathematical models and transdiagnostic methods to explore
mechanisms of abnormal social behaviors. However, to date
there has been only unidirectional translation from clinical data
to computational psychiatry. To deepen our understanding of
social conformity in psychiatry and to further promote the
translation of active guidance from computational models into
effective interventions, here we introduce a novel framework
based on the integration of hierarchical computation and
active inference with the aim of revealing previously undis-
covered mechanisms that can lead to better treatments.

Hierarchical Computational Framework

Active inference, based on Bayesian models, has emerged as
a promising avenue for understanding, predicting, and moni-
toring social conformity among psychiatric patients. This
computational approach has been successfully applied to
human decision making and social coordination in schizo-
phrenia (59,60). According to active inference, social confor-
mity is considered an adaptive behavior approach to achieving
interaction between the agent and the environment. Due to the
dynamic interactions between individuals, expectations tend
Figure 2. Biased cognitive processes lead to
negative conformity outcomes. The relationship
between hidden states and aberrant social behav-
iors in psychiatric patients. The blue panels
emphasize group beliefs’ influence on individuals
during social activities. The orange panels highlight
hidden states on the individual’s level.
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to converge when engaging in social interaction, as in the way
that two birds coordinate their singing in a duet (61). To un-
derstand the motivation for behavioral choices, active infer-
ence conceptualizes the decision-making process as one of
inferring the most probable cause of an observed phenomenon
based on prior knowledge and new evidence. Under this
premise, positive symptoms of schizophrenia such as hallu-
cinations and delusions can be explained by a failed attempt to
reduce the uncertainty of interactions between the agent and
environment (57); this may stem from a lack of prior knowl-
edge, including forgetting previously effective actions, in the
process of optimizing outcomes. Impaired active inference is
responsible for aberrant social conformity, while different
models rely on multiple parameters (e.g., reward sensitivity
parameters, inverse decision temperature parameters) (58).
This requires a multilayer model that encompasses these pa-
rameters and allows them to vary and interact in sophisticated
social situations.

In light of this, a hierarchical computational framework is
particularly suitable for modeling the complex structure of inter-
action between individuals and social groups, which transcends
traditional monistic perspectives by recognizing social conformity
as an intricate interplay between individuals and communities
(62). Social conformity is in essence the outcome of estimation of
multilevel interplay, so it benefits from computational under-
standing of this process (6). The core of the proposed framework
relies on the dynamic predictive coding that bridges the individual
and group levels, capturing the interactions between agents and
their ever-evolving social environments. Through social practice,
individuals update their beliefs and decide whether to comply
according to prior knowledge (Figure 3).
Figure 3. A hierarchical framework with social interaction, computational pro
integration in social interaction can be represented as an integrated Kuramoto
abstracted as a unit with 2 interconnected oscillators, reflecting their internal pro
oscillator 2 (action) in unit 1, d3 = oscillator 1 (action) in unit 2, and d4 = oscillator
from the Kuramoto model can serve as contextual information for further activ
processes that contribute to abnormal social conformity.

Biological P
In the first layer, social groups establish stylistic rules and
norms to build bonds between individuals, which may influ-
ence prior beliefs through mutual interaction. On the other
hand, in the second layer, individuals’ interactions exploit so-
cial norms, and they gradually explore new subgroups to
create distinctive connections. To minimize prediction errors,
individuals try to precisely attribute consequences to specific
social decisions, a process that often goes wrong in psychi-
atric patients. Coupled predictions and outcomes separately
cultivate bonds between individuals and groups, providing
improper guidelines of social conformity for people with psy-
chological pathologies.

To demonstrate the effectiveness and reliability of the pro-
posed framework, we performed an analysis of simulated data.
Our hierarchical computational model, which integrates the
Kuramoto model and active inference, was implemented in
Python 3.12. The model simulates 2 distinct groups: neuro-
typical individuals (NTs) and patients with psychiatric disorders
(PTs), with the latter group assumed to exhibit a reduced
interaction level (63,64). Each group comprises 10 individuals,
resulting in 45 possible pairs per group, and the simulation
spans 200 timesteps. The Kuramoto model describes the
phase evolution of coupled oscillators (65,66):

dqiðtÞ
dt

¼ uiðtÞ 1
XN

j¼1

Kij � sin
�
qjðtÞ 2 qiðtÞ

�
1 xðtÞ (1)

Here, ui represents the natural frequency of the oscillator, Kij

denotes the coupling strength between oscillators i and j, and
qn(t) represents the phase of oscillator n at time t. The term x

introduces Gaussian noise, adding stochasticity to the system
cesses, and social conformity. A computational model of individual-group
model with 4 oscillators. In this model, each person/group in a dyad is

cesses of perception and action. d1 = oscillator 1 (perception) in unit 1, d2 =
2 (perception) in unit 2 (top). Social interaction–related information extracted
e inference. Active inference offers distinct interpretations of the cognitive
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dynamics. The coupling strength was set higher for NTs (0.3)
than for PTs (0.1), reflecting reduced interpersonal interactions in
the latter group (59). The coupling strength was chosen arbi-
trarily, but it is consistent with previous studies on coupling
during naturalistic interactions (65). The phase difference and
coupling strength derived from the Kuramoto model were then
used to inform the statistical model in active inference, including
prediction error and prior constraint (59). In active inference, the
variational free energy is often decomposed as

F ¼ DKLðQðsÞkPðsjoÞÞ2 EQðsÞ½lnPðojsÞ� (2)

where DKL is the Kullback-Leibler divergence, capturing the dif-
ference between the posterior Q(s) and prior beliefs P(s). The
second term represents surprisal, measuring the likelihood of
observations given the internal state [for more details, see (67)].
For social and interpersonal inference (integrated with the Kur-
amoto model), we need a simplified free energy formulation that
captures 1) prediction error—the discrepancy between expected
and observed synchronization, and 2) prior constraint on belief,
ensuring that beliefs remain within a reasonable range based on
interaction strength (i.e., Kij). In this setting, a possible form of
free energy F could be

F ¼ 1
2

X
j
e2ij 1 l

�
qi 2 e2Kij

�2
(3)

where l controls the prior strength (68,69). Within the free energy
minimization framework (67), the belief mi of individual i was
updated based on the prediction error eij, which quantifies the
deviation of the current state (an individual’s phase) from the
expected state (synchronized phase with another individual). l
was set to 0.5 to ensure adaptive belief updates without
excessive rigidity or instability. This simplified free energy for-
mula, which captures prediction error and prior constraint on
Figure 4. Overview of the simulation results. For both neurotypical (NT) and pat
were estimated over time based on the hierarchical computational models. The

370 Biological Psychiatry March 1, 2026; 99:365–374 www.sobp.org/j
belief, follows active inference principles while remaining
computationally efficient for simulations. Belief updates followed

Dui ¼ 2aeij cos
�
qj 2 qi

�
(4)

where a is the learning rate, set higher for NTs (0.2) than for PTs
(0.1, in arbitrary) to reflect their presumed differences in adap-
tation speeds (70,71). To quantify synchronization, we computed
the phase locking value (PLV) (72):

PLVij ¼ 1
N

�����
XN

t¼1

expiðqjðtÞ 2 qiðtÞÞ
����� (5)

PLV values close to 1 indicate strong synchronization, while
values near 0 suggest weak synchronization. Belief convergence
was measured as the mean absolute difference between an in-
dividual’s current belief and its initial state, assessing the extent
to which beliefs evolve over time. In addition, we tracked
approximated free energy over time, with higher values indi-
cating greater uncertainty and instability in social encounters.
The simulations revealed that NTs achieved higher synchroni-
zation levels compared to PTs. Mean belief convergence was
lower for NTs than for PTs, suggesting stronger alignment of
internal beliefs in the NT group. Furthermore, free energy values
remained stable over time for NTs but increased progressively
for PTs, reflecting greater uncertainty in interaction for the latter.
Overall, this simulation successfully illustrates that reduced
interaction levels in PTs lead to weaker synchronization, mal-
adaptive belief updating, and higher uncertainty during social
encounters. These factors may contribute to a more chaotic
pattern (vs. adaptive pattern) of social conformity in individuals
with psychiatric disorders (Figure 4).

The integration of dynamic systems and active inference
illuminates the mathematical underpinnings of cognitive and
ient (PT) groups, phase synchronization, belief convergence, and free energy
patterns are plotted as the mean value, with shadows indicating SEMs.
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behavioral conformity processes. This framework provides a
valuable lens for assessing abnormal mechanisms in psychi-
atric populations confronted with conformity decisions,
inspiring future research endeavors with a holistic and nuanced
perspective.

IMPLICATIONS AND FUTURE DIRECTIONS FOR
PSYCHIATRY

Advancements in understanding the neurobiological and
computational mechanisms that underlie social conformity
offer promising avenues for the development of precision
treatments in psychiatry (Figure 5). The ability of this novel
framework to tease apart the complexities of these mecha-
nisms allows better understanding of psychiatric disorders,
with utility for both scientists and clinicians. Advancing treat-
ment will also likely necessitate a multifaceted approach that
integrates targeted pharmacotherapy, personalized therapies,
and neurostimulation techniques. We look forward to the future
application of the proposed computational framework and its
clinical translation into more effective therapeutic in-
terventions, but there are still challenges to overcome.

A pivotal opportunity lies in the refinement of pharmaco-
therapies that target the reward circuitry. Medications
designed to modulate dopaminergic activity in the VS have
shown the potential to enhance reward sensitivity and social
motivation, particularly in depression (73). Beyond traditional
Figure 5. Future inspiration for psychiatric treatments. Top: The hierarchical
Bottom left: Effective targeted pharmacotherapy necessitates a combination o
stimulation techniques, ranging from noninvasive to invasive interventions, sho
stimulation; TMS, transcranial magnetic stimulation.

Biological P
psychostimulants like amphetamines, novel agents such as
TAAR1 agonists, which regulate DA and glutamate signaling,
are emerging as promising antipsychotics in clinical trials (74).
Their effectiveness in treating depression, OCD, and addiction
underscores their potential to revolutionize psychiatric care.
From another perspective, pharmaceuticals that reduce anxi-
ety are also likely to find broad applicability in various neuro-
psychological disorders. Anxiolytic treatments aimed at
reducing hyperactivity in the AI and posterior mPFC have the
potential to alleviate excessive fear of social judgment in
anxiety disorders, as exemplified by the successful combina-
tion of anakinra and lamotrigine in epilepsy patients with co-
morbid anxiety (75).

Personalized behavioral therapy, informed by neuroimaging
techniques such as functional magnetic resonance imaging
(fMRI), allows for tailored interventions based on individual
neural activation patterns. This approach enhances treatment
precision by addressing specific deficits underlying abnormal
social conformity (11,14). Additionally, integrating cognitive
behavioral therapy with virtual reality provides an immersive
environment for social skills training, particularly for psychiatric
populations in which traditional neurostimulation may have
limitations. Other psychotherapeutic approaches including
behavioral activation and motivational interviewing also sup-
port individuals to form self-affirmation and enhance social
involvement (4). The proposed hierarchical computational
computational model has implications for future psychiatric interventions.
f both traditional stimulants and innovative agents. Bottom right: Neuro-
uld be tailored to the specific condition of each patient. DBS, deep brain
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framework further supports these interventions by generating
individualized predictions, which may inform targeted treat-
ment strategies.

However, current research on social conformity predomi-
nantly relies on neuroimaging tools. The laboratory-based
designs supported by neuroimaging techniques face several
methodological limitations. First, fMRI and electroencepha-
lography have limited temporal and spatial resolution,
respectively, which hinder the capture of rapid neural dy-
namics during real-time social interactions (36). Second, lab-
oratory tasks often lack ecological validity, failing to replicate
the complexity of real-world social environments and creating
gaps in the understanding of the dynamic physiological re-
sponses that underlie social conformity (3). Third, neuro-
imaging data alone cannot establish causal relationships
between neural circuits and conformity behaviors. Even well-
designed experiments struggle with clinical translation and
generalization (7,28). To address these limitations, future
research should integrate multimodal data (e.g., genetics,
pharmacology, and behavioral metrics) with advanced
computational frameworks (6).

From the perspective of modeling social conformity, active
inference based on hierarchical computation promotes the
stratification of psychiatric patients for diagnostic and prog-
nostic purposes, because social conformity is considered to
be an important indicator for prognosis (59). Nonetheless, little
work has been dedicated to translation of the findings from
computational approaches to clinical trials, which indicates a
knowledge gap: Prior computations may be an untapped
source of information to guide suitable treatments that could
lead to positive outcomes in social functions. This theory-
based model can facilitate treatment and intervention for
psychiatric disorders. Under the nested structure to calculate
interplay of the individual and group levels, empirical data can
be put into the framework to investigate the motivation of
social conformity. This enables us to uncover the hidden states
of social decisions in individuals with psychiatric disorders on
a computational level.

Combined with our understanding of neural circuits that
are active in social conformity, the proposed framework
encourages additional practice to apply neural data and
foster stimulus-specific clinical models to analyze psychi-
atric syndromes in terms of social interaction. Moreover, the
mechanistic parameters in the computational model may
have implications for the stimulation parameters selected for
neurostimulation techniques such as transcranial magnetic
stimulation (TMS) and deep brain stimulation (DBS). Algo-
rithmic description of the mental process of social confor-
mity makes it possible to improve clinical conditions of
psychiatric patients by selectively adjusting several param-
eters in interventions (58). Techniques such as TMS have
demonstrated efficacy in modulating circuits related to
emotion and reward in OCD and major depressive disorder
by targeting the mPFC and ACC (76). Furthermore, DBS, as
a well-tolerated and effective therapeutic modality, holds
promise for treatment-resistant depression and other dis-
orders characterized by reward circuitry dysfunction via
372 Biological Psychiatry March 1, 2026; 99:365–374 www.sobp.org/j
stimulating the NAcc (77,78). The algorithm parameters in
our hierarchical computational network model have the po-
tential to make targeted stimulus and outcome interpretation
more explicit and reliable.

The limitations of the proposed framework mainly lie in the
omission of other potential factors in terms of clinical trans-
lation. First, explicit consideration of risk, recurrence, and re-
covery may be incorporated into the computational framework
as supportive parameters. Second, proper training should be
provided for biological researchers, clinicians, psychologists,
and computer scientists. Thus, we can usher in a new era of
precision treatments that effectively address the complexities
of psychiatric disorders, thereby fostering individual well-being
and societal harmony.

CONCLUSIONS

The reward, punishment, and affective circuits elucidate the
neurobiological basis of social conformity. Advanced compu-
tational psychiatry, leveraging mathematical models, reveals
deviant decision making. Integration with neuroimaging en-
ables a therapeutic continuum from targeted pharmacotherapy
to neurostimulation, offering personalized approaches. Criti-
cally, the parameters in the hierarchical computational frame-
work may serve as quantifiable biomarkers for predicting
maladaptive conformity, thereby guiding neuromodulation in-
terventions. While applications are limited, this approach holds
promise for advancing treatments across mental disorders.
Future studies should validate these predictions through
multimodal clinical trials, combining neuroimaging, genetics,
and behavioral monitoring.
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