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Understanding psychopathological mechanisms is a central goal in clinical science. While existing theories
have demonstrated high research and clinical utility, they have provided limited quantitative explanations of
mechanisms. Previous computational modeling studies have primarily focused on isolated factors, posing
challenges for advancing clinical theories holistically. To address this gap and leverage the strengths of clin-
ical theories and computational modeling in a synergetic manner, it is crucial to develop quantitative models
that integrate major factors proposed by comprehensive theoretical models. In this study, using social anx-
iety disorder (SAD) as an example, we present a novel approach to formalize conceptual models by com-
bining cognitive–behavioral theory (CBT) with active inference modeling, an innovative computational
approach that elucidates human cognition and action. This CBT-informed active inference model integrates
multiple mechanistic factors of SAD in a quantitative manner. Through a series of simulations, we system-
atically examined the effects of these factors on the belief about social threat and tendency of engaging in
safety behaviors. The resultant model inherits the conceptual comprehensiveness of CBT and the quantita-
tive rigor of active inference modeling, delineating previously elusive pathogenetic pathways and enabling
the formulation of concrete model predictions for future research. Overall, this research presents a novel
quantitative model of SAD that unifies major mechanistic factors proposed by CBT and active inference
modeling. It highlights the feasibility and potential of integrating clinical theory and computational model-
ing to advance our understanding of psychopathology.

General Scientific Summary
Decades of research have yielded a rich array of theoretical models concerning the development and per-
petuation of pathological behaviors. Recent progress in computational modeling has introduced tools for
quantifying the complex interplay of factors giving rise to observable behaviors. Leveraging an established
cognitive–behavioral theory (CBT) of social anxiety disorder, and employing the active inference model-
ing approach, this study serves as a demonstration of constructing CBT-informed quantitative models.
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Conceptual models of psychopathology have undergone rapid
advancements in the past decades (Eaton et al., 2023; Kent et al.,
2023). In contrast, the progress toward quantitative models of psycho-
pathology, specifically those capturing the mechanisms and trajecto-
ries of the development of maladaptive behaviors, has been slow
(Haslbeck et al., 2021; Jin et al., 2023). This discrepancy poses a cru-
cial barrier to the mechanistic understanding of psychiatric conditions
(Friston, 2023; Wang & Krystal, 2014). Conceptual models com-
monly employed in psychotherapy, while being highly valuable in
guiding clinical conceptualization and treatment, are often criticized
for being vague and difficult to falsify (Eronen & Bringmann,
2021; Meehl, 1978). Relatedly, formulating effective personalized
treatments has proven to be a challenge and heavily relies on clini-
cians’ intuition (Schneider et al., 2015; Wright & Woods, 2020).
Different from conventional conceptual models, quantitative

modeling of hypothesized symptom-generation processes can pro-
vide invaluable insights by unambiguously and formally delineating
vulnerability factors, their mechanistic relationships, and the patho-
genesis trajectory through mathematical means (Huys et al., 2021;
Montague et al., 2012; Stephan & Mathys, 2014; Wang & Krystal,
2014). Such models thus enable precise measurement and quantifi-
cation of mechanistic factors and generate specific predictions of
psychopathology profiles, holding the promise of facilitating person-
alized treatment strategies. However, in stark contrast to the compre-
hensiveness of conceptual models, the application of quantitative
modeling to investigate the symptom generation process so far has
primarily focused on isolated factors as detailed below. Since psy-
chological disorders typically arise from a complex interplay of mul-
tiple factors, the feasibility and value of quantitative modeling in
advancing our understanding of psychopathology depend on their
ability to formalize the complex dynamics of these factors.
Social anxiety disorder1 (SAD) is an example of a multifactorial

psychological disorder characterized by excessive fear of negative
social evaluations and avoidant behaviors (American Psychiatric
Association, 2022; Leary & Kowalski, 1997; Stein et al., 2017). It
is associated with significant functional impairments (Alonso et al.,
2004; Leon et al., 1995) and economic burden globally (Fink
et al., 2009; Grant et al., 2005; Javaid et al., 2023). While there
exist well-established psychological models of SAD, its pathological
mechanisms remain elusive, making it an important area of research.
In the present investigation, we aim to elucidate pathways of SAD
symptoms by leveraging the strengths of cognitive–behavioral theory
(CBT) as the conceptual framework and active inference as the quan-
titative framework. We chose to employ these two frameworks
because of their shared emphasis on the dynamics between cognition
and action (Biehl et al., 2018; Hauke, 2016).
Under the CBT framework, individuals interact with their environ-

ment based on their beliefs or schemas about the self, the future, and
the world, which are shaped by nature and nurture (Beck, 2021;
Craske, 2017; Powers et al., 2017). These beliefs guide the selection
of behaviors to reduce distress and obtain rewards. Consequences of
these behaviors serve as feedback to update (including strengthening)
the individual’s beliefs. Psychopathology arises when distorted

beliefs and maladaptive behaviors are present in a given environment
(Beck, 2021; Craske, 2017; Mace et al., 1991). Psychotherapies based
on CBT have been widely successful in treating various mental health
conditions (Cuijpers, 2019; Hofmann et al., 2012). CBT provides a
holistic conceptualization of SAD and effectively guides its interven-
tions (Clark & Wells, 1995; Hofmann, 2007; Roth & Heimberg,
2001). Several classic CBT models, such as the models proposed in
Clark and Wells (1995), Rapee and Heimberg (1997), and
Hofmann (2007), have gained empirical support and have been
widely used in clinical settings.

In the present study, we use the Hofmann (2007) model as the tar-
get conceptual model to demonstrate the suitability of constructing a
comprehensive CBT-informed quantitative model. Building on its
predecessors, this relatively recent model includes key components
of earlier models and takes into account both broad as well as
disorder-specific factors, resulting in a comprehensive CBT model
of SAD (Hofmann, 2007). At the core of this model is the negatively
biased belief that social situations are evaluative and threatening
(social apprehension). This belief is associated with low self-efficacy
(inadequate social competency) and catastrophizing about negative
social outcomes. Such cognitions lead to safety (avoidance)
behaviors, which in turn prevent individuals from gaining corrective
experiences. Importantly, the model also highlights the cognitive
style of self-focused attention, where individuals rely more on inter-
nal bodily sensations (interoceptive) than external environmental
(exteroceptive) cues to evaluate the level of threat in social situa-
tions, often leading to inaccurate interpretations and a disconnection
from the social environment (Hofmann, 2007; Spurr & Stopa,
2002). Additionally, rumination, particularly its maladaptive com-
ponent, is characterized by dwelling on negative aspects of events
and can reinforce negative social experiences as well as perpetuate
negative social beliefs (Joormann et al., 2006; Nolen-Hoeksema &
Morrow, 1991). The dynamic between these cognitive factors and
behavioral avoidance is proposed to maintain social anxiety.

Although the Hofmann model (2007) is clinically useful and has
gained empirical support in its efficacy (Andino et al., 2024;
Carlbring et al., 2012; Enock et al., 2014; Hofmann & Otto, 2008),
it lacks specificity and quantitative rigor in explaining how exactly
different factors contribute to the development and maintenance of
distorted social beliefs and avoidance behaviors. For instance, it
remains unclear whether all the aforementioned factors have an
equal influence on negative social beliefs and avoidance behaviors.
Relatedly, the precise mechanisms through which CBT interventions
produce therapeutic effects are often elusive (Butler et al., 2006).
Additionally, such conceptual models often take a generic approach,
leaving the heterogeneity of SAD underspecified (Binelli et al., 2015;
Kopala-Sibley et al., 2014; Woods et al., 2020). The general

1 In the present study, we use the term SAD to describe the general phe-
nomenon, which encompasses symptoms that cause significant distress to
the individual.We do not place emphasis on the categorical diagnosis, as pro-
posed in taxonomic and diagnostic tools, which are based on symptom count
and specific cutoff.
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limitations of current CBTmodels are reflected in the Hofmannmodel
of SAD. These common limitations hinder their utilization in research
and clinical settings. Developing quantitative versions of these con-
ceptual models that allow for the modeling of intraindividual pro-
cesses of change can help unlock the full potential of CBT.
Active inference is a quantitative modeling approach that can pro-

vide precise and predictive insights beyond conceptual models. It is a
Bayesian account of perception and action inwhich beliefs and behav-
iors are bridged in a manner similar to CBT (Friston et al., 2017). The
theoretical alignment between active inference and CBTmakes active
inference a naturally suitable candidate for formalizing CBT-based
conceptual models.2 According to the active inference framework,
the human mind acts like a scientist who constantly models the inter-
actions between the self and the environment (Friston, 2010). This
model is referred to as a generative model, which is essentially a belief
system encoding how the environment (including the body) works by
predicting what actions are likely to produce what (observable sen-
sory) outcomes. These predictions guide the selection of actions to
obtain desirable outcomes and avoid undesirable ones. This is consis-
tent with an essential idea of CBT that schemas or belief systems
guide behaviors. Actions are executed to impact the environment,
which yields new observable sensory outcomes that influence belief
updates (Friston et al., 2017; Parr et al., 2022; Sajid et al., 2021).
This is consistent with how the consequences of behaviors drive
changes in beliefs in CBT. Because we can only infer the causes of
our observations and never know the hidden truth, this generative
model can be imperfect, leaving room for inaccurate beliefs about
the environment and predictions of actions. In addition, because the
generative model also encodes how we perceive the outcomes of
actions, not all outcomes generated by the environment are faithfully
captured; instead, perception can be biased. This is consistent with
cognitive and perceptual biases in CBT.
Active inference has been well-formalized (Parr et al., 2022)

and applied to explain various cognitive functions, such as attention
(Holmes et al., 2021), learning (Friston et al., 2016), interoception (M.
Allen et al., 2022), as well as social conformity and decision making
(Constant et al., 2019). Beyond basic sciences, it has been used to
understand specific symptoms in psychiatric disorders, such as psy-
chosis (Limongi et al., 2018), compulsive behaviors (Kiverstein et
al., 2019), and aversive responses to auditory stimuli in posttraumatic
stress disorder (Linson & Friston, 2019). These existing studies, how-
ever, have mainly focused on isolated factors or specific symptoms,
with scant efforts to formalize unified and clinically relevant concep-
tual models (Haslbeck et al., 2021; Wright et al., 2023). For example,
a study that explored the combination of active inference and CBT
(Smith et al., 2021) focused on understanding how CBT can modify
the approach-avoidance behavior. While this study yields important
insight into a key aspect of anxiety, CBTmodels for specific disorders
(e.g., social anxiety as used in the present study) typically include
multiple interrelated mechanistic factors, many of which are specific
to the disorder. Such complexity is often lost in quantitative research
focusing on an isolated component.
In the present study, our overarching aim is to demonstrate

the suitability of integrating CBT conceptualization and active infer-
ence modeling to develop comprehensive and quantitative models.
For this purpose, our first aim was to quantitatively formulate the
Hofmann (2007) model using active inference (Figure 1). Then,
through eight simulations, we used the newly constructed quantita-
tive CBT model to delineate differential pathways influencing social

belief and avoidance behavior. Given that the present article com-
bines both clinical theory descriptions and technical components
from active inference, to ease the reading, we provide three levels
of technical details: Audience interested in what can be achieved
in our approach can skip the Methodology section and find a sum-
mary in the first section of the Results section; audience interested
in the procedure of the model construction can find sufficient infor-
mation in the Methodology section; audience interested in the tech-
nical details, including the specific code, can find the corresponding
information in the online supplemental materials.

Methodology

A Brief Introduction to Active Inference

Multiple works have detailed the theoretical foundation and tech-
nical formulation of active inference (Friston et al., 2016; Sajid et al.,
2021; Smith et al., 2022). Here, we provide a brief overview using
language that is most relevant to the present study. Central to active
inference is the generative model, in which statistical regularities
between hidden state factors and observable sensory outcomes are
stored and updated. The active inference agent3 interacts with
the environment through perception and action, which are tied to
the statistical regularities encoded by the generative model.

Specifically, an active inference agent performs two key inferences.
Firstly, they infer the hidden states that cause the observable sensory
data (perception as inference) (Friston et al., 2015). Secondly, they
infer the series of actions to be taken in order to achieve desirable sen-
sory outcomes and avoid undesirable ones (action planning as infer-
ence) (Botvinick & Toussaint, 2012; Kaplan & Friston, 2018).
These inferences are optimized by minimizing free energy, a quantity
that measures the difference between the expected (or predicted) sen-
sory outcomes and the observed ones. A low value of free energy indi-
cates that the generative model can accurately predict the outcomes of
the interaction between the self and the environment, thereby effec-
tively guiding actions to bring about the expected observable sensory
outcomes (Friston et al., 2016). Therefore, the process of minimizing
free energy involves adjusting beliefs to better account for the
observed sensory outcomes and selecting appropriate actions accord-
ingly. Agents are also motivated to gain more information about the
environment (Friston et al., 2015), as doing so will reduce free energy
by improving the generative model’s predictions. Technically, this
involves evaluating different choices of actions or policies in terms
of the expected free energy following that policy. The expected free
energy subsumes expected information gain (a.k.a., epistemic afford-
ance or value) and expected utility (a.k.a., instrumental affordance or
value). In other words, following this free energy principle naturally
motivates the agent to optimize both the epistemic value (through
gaining information) and utility (through obtaining the desirable—
i.e., unsurprising or preferred—sensory outcomes) (Sajid et al.,
2021; Schwartenbeck et al., 2013). At any given moment, the agent’s
prior beliefs are shaped by past experiences and updated upon receiv-
ing new observable sensory outcomes (Friston et al., 2016). This ever-

2 In this study, we use action (terminology commonly used in active infer-
ence) and behavior (typically used in CBT) interchangeably.

3 Follow the common practice in using active inference, we use the word
agent to refer to a simulated or real human being who takes an active role
in producing their behaviors and perceptions.
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evolving Bayesian process of inference, action, and belief updating is
remarkably well-aligned with the CBT conceptualization of human
behaviors.

From Conceptual to Quantitative Model of SAD

Below, we describe how the generative model of SAD was con-
structed (Figure 1). We first present the overall model structure.
Concretely, the model construction was situated in a virtual environ-
ment used for the subsequent simulations. We then introduced how
the key factors in the conceptual model were formalized in the quan-
titative model. The flexibility of active inference modeling allowed
us to subsume or integrate these key factors of the conceptual

model under a single goal; namely to minimize (expected) free
energy, or equivalently, maximize model evidence. This is some-
times referred to as self-evidencing (Hohwy, 2016), where the active
inference brain operates in a way that allows it to confirm their own
predictions about their environment and themselves. For the con-
creteness of the model construction and simulation, we used exem-
plary descriptors when introducing the model components as
detailed below. For example, we used “escape” to represent the
general category of safety behaviors, and “stay (in the anxiety pro-
voking setting)” to represent continued exposure. These two specific
actions should be treated as examples of the large behavioral reper-
toire in real life. The samemodel structurewas shared by all agents in
all simulations. In the simulation, all agents experienced 100 social

Figure 1
Active Inference-Based CBT Model of SAD

Note. (A) A graphical depiction of the active inference model constructed based on the Hofmann (2007) conceptual model of SAD. There are two hidden state
factors, namely the social context state (containing two possible states: safe and threatening) and the action state (containing seven possible states: start, attend to
environment [Attn-env], attend to self [Attn-self], stay [Stay], escape [Esc], realistic reflection, and rumination [Rum]). There are four modalities of observable
sensory outcomes, namely interoception (containing two possible outcomes: low and high arousal), exteroception (containing three possible outcomes: neutral,
friendly, and judgmental expressions from the interlocutor), perceived social consequence (containing three possible outcomes: neutral, being respected, and
being mocked), and executed action (containing seven possible outcomes which correspond to the seven action states). The probabilities of observing certain
outcomes given certain hidden states are encoded in the likelihood mapping (see the online supplemental materials). (B) Eight possible policies (shown in dif-
ferent colors) resulting from seven available actions across the four timepoints. The active inference agent can pick a policy at Time Points 1–3 (there is no action
decision to make at Time Point 4) to minimize their uncertainty about the environment while maximizing their desirable outcomes. When a policy is chosen,
only the action immediately relevant will be executed. The top four actions circled in cyan (light gray) squares represent actions that are more adaptive, while the
bottom four actions circled in coral (dark gray) squares represent actions commonly seen in SAD. CBT= cognitive–behavioral theory; SAD= social anxiety
disorder; Attn-env= attending to the environment; Attn-self= attending to self; Esc= escape; Ref= realistic reflecting; Rum= rumination. See the online
article for the color version of this figure.
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encounters. For Simulations 1–7, the first 30 social encounters took
place in a socially hostile environment, while the remaining 70
occurred in a socially supportive environment. For Simulation 8,
the social environment is highly unstable or stochastic. In these sim-
ulations, agents were tasked to infer whether the social context was
safe or threatening and take actions to optimize the outcomes of each
social encounter.

Model Construction Rationale

Drawing from Hofmann (2007), we designed the simulation to
incorporate a sequence of events that are typical in a social encoun-
ter. Each social encounter, considered as one trial, consisted of three
phases: initialization, social interaction, and postevent processing.
The social interaction phase was further divided into two time
points: observation and reaction. Therefore, each social encounter
consisted of four discrete time points (initialization, observation,
reaction, and postevent processing).
In our model, an active inference agent needed to infer two hidden

state factors in each trial—like humans, a simulated agent could not
know the true state of the hidden world but could only infer it from
observed sensory outcomes. The first hidden state factor was the social
context state, indicating the probability of the current social context
being safe (vs. threatening). The second hidden state factor was the
action state, which encompassed several possible actions across differ-
ent time points. At initialization, the action was simply to “start.” At
observation, agents orient attention either inwardly (“attend to self”)
or outwardly (“attend to environment”). At the time point of reaction,
the options were to “stay” in the social setting or to engage in safety
behaviors (“escape”). Finally, at the time point of postevent process-
ing, the agent could either “realistically reflect” or “ruminate” about
the social encounter. Combinations of these seven actions formed
eight possible policies (Figure 1B). The term policy in the context
of active inference means a sequence of actions that the agent can
choose to take (Smith et al., 2022). At any given moment, multiple
policies might be available to the agent, with each specifying a distinct
sequence of actions. The agent assigns probabilities to available pol-
icies based on their knowledge about the environment, namely their
predictions about outcomes that can be achieved by following each
policy. A higher probability assigned to a policy indicates a better
chance of achieving more desirable sensory outcomes by following
that policy. At a given moment, an action is sampled from the mar-
ginal probability distribution over available policies (Smith et al.,
2022). The evaluation and probability assignment processes for poli-
cies therefore become the basis of action inference.
The social context state and the action state jointly determined the

probabilities of observing various sensory outcomes through proba-
bilistic mappings (detailed below). Some outcomes (e.g., seeing a
friendly expression and being respected) were desirable, while oth-
ers (e.g., high arousal and being mocked) were undesirable. At
each time point, the generative model yielded predictions about
what sensory outcomes were likely to be observed given the current
belief about the social context and action options. Thus, by inverting
the generative model, an agent could infer the probability of the
social context being safe through examining the observed sensory
outcomes thus far. Similarly, action planning involved estimating
the probability of observing different sensory outcomes in future
time points. The planning was based on the current belief about
the social context, one’s own preferences (i.e., desirability of various

outcomes), and the probability mapping between actions and
observable sensory outcomes.

Vulnerability Factors of SAD

Next, we describe how major vulnerability factors of SAD were
implemented in the current generative model. We identified and
operationalized five vulnerability factors of SAD according to the
Hofmann (2007) model (Table 1), namely (a) a preexisting bias of
the social context being threatening, reflecting an initial level of
social apprehension, (b) low self-efficacy in social settings, (c)
altered social reward/loss processing, (d) heightened self-focused
attention, and (e) postevent rumination.

First, an agent entered the initialization phase of the first social
encounter with a preexisting belief about the probability of this
social context being safe (vs. threatening). This prior probability
was encoded in the parameter PriorSafe. A lower probability of
the social context being safe indicated preexisting social apprehen-
sion, as seen in individuals with SAD (Clark & Wells, 1995;
Gregory et al., 2016).

Second, during social interaction, a crucial factor influencing an
agent’s action was the probability of social mishaps. According to
the conceptual model, the chance of social mishaps is linked to a per-
son’s self-image and social skills, which were together conceptual-
ized as “self-efficacy,” a widely studied factor in the literature (Iancu
et al., 2015; Leary & Atherton, 1986). Low self-efficacy is related to
anxiety and stress (Tahmassian & Jalali Moghadam, 2011) and is
closely linked to more severe SAD symptoms (Iancu et al., 2015;
Thomasson & Psouni, 2010). The level of self-efficacy was encoded
by the parameter SEff, which influenced the probability of observing
social mishaps, with social mishaps represented as observing the
sensory outcome of “being mocked.”

Anticipated social rewards versus loss can influence an indi-
vidual’s decision to stay or escape (Cremers, Veer, Spinhoven,
Rombouts, & Roelofs, 2015). Catastrophizing social loss has been
consistently linked to SAD (Cremers, Veer, Spinhoven, Rombouts,
Yarkoni, et al., 2015; Rheingold et al., 2003; Richey et al., 2019).
Furthermore, clinical examinations showed that individuals with
SAD lacked motivation toward social rewards (Reilly et al., 2020). If
the predicted reward value from a positive social outcome is substan-
tially smaller compared to the potential social loss, individuals may
choose avoidance behaviors (Hudd & Moscovitch, 2022; Richards
et al., 2015). Thus, our third factor (a pair) was altered social reward
and loss processing, encoded in SocGain and SocLoss respectively.

Next, we considered the two cognitive style factors. The fourth
factor was attention allocation, encoded in SAttn, representing the
tendency to engage in self-focused attention. Agents who tend to
“attend to self” (a high positive value assigned to SAttn) would pri-
marily observe and rely on interoceptive sensory outcomes (e.g.,
arousal level) rather than exteroceptive ones (e.g., facial expressions
from interlocutors). Interoceptive information is less reliable than
exteroceptive information in indicating the social context, poten-
tially leading to misguided beliefs and actions (Schultz &
Heimberg, 2008). Also, heightened self-focused attention could
bias interoceptive perception toward negativity, for example, higher
arousal (Bögels & Mansell, 2004; Mor & Winquist, 2002), leading
to underestimation of one’s social performance and overestimation
of social threat (Gerrans & Murray, 2020; Mansell et al., 2003;
Pineles & Mineka, 2005).
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Lastly, during the postevent processing phase, choosing to “rumi-
nate” (greater positive values of PostRum) would further consolidate
or even exaggerate the negative experiences in social encounters
(Mellings & Alden, 2000; Moberly & Watkins, 2008). Individuals
who ruminate tend to possess prolonged negative thoughts and pessi-
mistically predict future social performances (Brozovich&Heimberg,
2008), enhancing the chance of developing or exacerbating SAD
symptoms (Kocovski & Rector, 2007; Rachman et al., 2000).

Constructing the Quantitative Model

After describing the building blocks of our generative model, we
next specify the statistical relationships between these factors using
the discrete space partially observable Markov decision process
implementation of the active inference (Penny et al., 2006) (see
Figure 1A for the graphic depiction, Tables 1 and 2 for the glossary
of the model components, and online supplemental materials for the
code and other technical details).
The two hidden state factors (s) were:

1. Social context state with two possible contexts (“safe” and
“threatening”).

2. Action state with seven possible actions (“start,” “attend to
self,” “attend to environment,” “stay,” “escape,” (realistic)
“reflect,” “ruminate”).

Observable sensory outcomes (o) were generated from hidden
states. The likelihood mappings between hidden states and

observable sensory outcomes were encoded in the A matrices. In
total, 15 possible observable sensory outcomes in four modalities
were specified:

1. Modality 1 (interoception): using arousal level to represent
interoception, which consisted of two possible outcomes
(“high,” “low”).

2. Modality 2 (exteroception): using facial expressions from
interlocutors to represent exteroception, which consisted
of three possible outcomes (“judgmental,” “friendly,”
“null”).

3. Modality 3: representing the perceived social consequence
with three possible outcomes (“mocked,” “respected,”
“neutral”).

4. Modality 4: allowing the agent to observe and keep track of
actions executed, with seven possible observable sensory
outcomes corresponding to the seven hidden action states
(“start,” “attend to self,” “attend to environment,” “stay,”
“escape,” “reflect,” “ruminate”).

Correspondingly, the A matrices of different action states were
specified as the following. The “start” state represented a baseline
which, regardless of the social context state, generated the following
outcomes: “low arousal,” “null” facial expression, and “neutral” per-
ceived social consequence.

We specified the effects of attention allocation as follows.
Compared to under “attend to environment,” under “attend to
self,” agents were more likely to observe high arousal, particularly

Table 1
Glossary of the Parameters Manipulated in the Simulations

Parameter name
Concepts in the conceptual
model (Hofmann, 2007)

Interpretation in the
computational model

Relevant active
inference model
component

PriorSafe Social apprehension due to high
perceived standards and
poorly defined social goals

The agent’s prior belief about the social
context being safe when entering the
simulation. Higher value indicates
higher probability

d

SEff Perceived emotional control and
perceived social skills Low
self-efficacy leads to
anticipating social mishaps

The agent’s belief about having successful
social experiences Higher value
indicates higher confidence (and thus
probability) of successful social
encounters

A

SAttn Self-focused attention The tendency of the agent to attend to
themselves. Higher value indicates
higher probability of observing the
action of attending to themselves

C

PostRum Postevent rumination The tendency of the agent to ruminate
during postevent processing. Higher
value indicates higher probability of
observing the action of rumination

C

Learning rate Learning rate Higher value indicates larger model update
(relevant to d and e) given certain
observations

η

SocGain Estimated social reward The agent’s preference of positive
consequences during social encounters.
Higher value indicates stronger
preference

C

SocLoss Estimated social cost The agent’s aversion to negative
consequences during social encounters.
Larger negative value indicates higher
aversion

C
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in threatening social contexts. Consequently, agents would be more
likely to infer that the social context was threatening when observing
high arousal under self-focused attention. Additionally, when agents
attended to themselves, they would not observe expressions from
interlocutors, which excluded their contribution to the inference of
the social context. When agents attended to the environment, they
were more likely to observe judgmental expressions in threatening
contexts and friendly expressions in safe contexts. As a result, rely-
ing on exteroceptive outcomes, rather than interoceptive outcomes,
would lead to an improved knowledge about the social environment.
As for behavioral reactions, we specified the likelihood mapping

such that if agents chose to “escape,” they would observe a “neutral”
social consequence and “null” exteroceptive signals for both social
context states, because they would no longer be in the social situation.
Besides, “low arousal” was more likely to be observed when agents
chose “escape.” In contrast, if agents chose to stay, they would be
more likely to observe themselves being “respected” with “low

arousal” in a safe context and “mocked” with “high arousal” in a
threatening context. In addition to the impacts from social context
states, the likelihood of observing positive versus negative social con-
sequences was further affected by self-efficacy, such that agents with
lower self-efficacy were more likely to perceive themselves to be
“mocked” than agents with higher self-efficacy (Iancu et al., 2015).

Finally, during postevent processing, when agents engaged in
“rumination,” they were more likely to observe outcomes that indi-
cated a threatening social context regardless of what the true social
context state was. In contrast, a realistic “reflection” would yield
observable sensory outcomes that were reasonably indicative of
the current social context state.

Throughout the social encounter, we allowed agents to observe
their own actions. Accordingly, an identity matrix mapping from
the hidden action states to the observed actions was implemented
for agents to know which action was executed at each time point.
The importance of this seemingly trivial point will be revealed next.

Table 2
Glossary of the Main Active Inference Model Components

Model
component General definition

Relevant model specification
for simulations

s Hidden state factors Two sets of hidden state factors:
• s1: action state
• s2: social context state

o Observable outcomes Four sets of outcome modalities:
• o1: interoception
• o2: exteroception
• o3: perceived social consequence
• o4: observed action

π Distribution over policies The probability distribution over eight allowable
policies.

D/d p(s). Prior probabilities over hidden states Two D vectors for two hidden state factors:
• D1: prior probability distribution over
action states

• D2: prior probability distribution over
social context states the corresponding d
vectors encode the corresponding beliefs
in the agent’s mind.

A p(o|s). Probability distribution that encodes
the likelihood mappings between hidden
states and possible outcome observations
at each time point

Four A matrices for four outcome modalities:
• A1: likelihood mapping from hidden states
to interoception

• A2: likelihood mapping from hidden states
to exteroception

• A3: likelihood mapping from hidden states
to perceived social consequence

• A4: likelihood mapping from hidden states
to observed action

B p(sτ+1|sτ, π). Probability distribution that
encodes the transition probability
between hidden states

Two sets of B matrices for two hidden state
factors:

• B1: transition probabilities for the action
state

• B2: transition probabilities for the social
context state

C p(oτ). Probability distribution (via softmax
conversion) that encodes the prior
expectations over observable outcomes,
essentially specifying the agent’s
preference or aversion for observing a
given sensory observation

Four C matrices for four outcome modalities:
• C1: preference values for interoception
• C2: preference values for exteroception
• C3: preference values for perceived social
consequence

• C4: preference values for observed action
E/e p(p). Probability distribution that encodes

the prior expectations over policies
A vector encoding prior expectations to choose
from available policies

Note. Please refer to the online supplemental materials for more details on the formulation of the active inference
model for the present simulations.
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In active inference, there are no preferences for hidden states.
Instead, agents can have preferences for various observable sensory
outcomes generated from hidden states. These preferences are called
prior preferences because they exist prior to the specific trial. One
can treat these prior preferences like traits. Such preferences pre-
scribe anticipation about the future, motivating agents to take actions
that maximize the chance of being in states that are most likely to
generate preferred outcomes (Pezzulo et al., 2018). Formally,
these prior preferences were specified in the C vectors (e.g., values
of the free parameters SocGain and SocLoss in the current study)
and contributed to the probability over policies. Here, positive values
were assigned to being “respected” as a successful social interaction
was rewarding. Meanwhile, we assigned negative values to aversive
outcomes including “high” arousal, observing “judgmental” expres-
sion from the interlocuter and being “mocked,” which applied to all
simulations, implying the agent’s aversion toward these outcomes
(see the supplemental code). Unless otherwise specified under a par-
ticular simulation, zero was assigned to the remaining outcomes,
representing relatively neutral preference.
The prior preference coded inC does notmerely imply reward or pun-

ishment. Rather, it reflects the extent towhich agents expect to observe a
specific outcome. A higher value for an outcome indicates that the agent
has a higher expectation of observing that outcome. This reflects the
individualistic functional values of observable sensory outcomes. For
example, people who drink coffee more often than tea with breakfast
would have a higher prior preference value for coffee than tea during
breakfast, even if they generally prefer tea over coffee.Here, the two cog-
nitive styles (i.e., self-focused attention and rumination) were translated
into values in C, with higher values indicating higher prior probabilities
of observing themselves engaging in these thinking styles given their
past experiences (Meehl, 1977; Shin et al., 2022).
In the following simulations, the prior belief about the social con-

text was specific by the parameter (PriorSafe) in d vectors. Note that
the true probability of the environmental state was encoded in the D
vectors, which could be different from the agent’s estimation. Thus,
adaptive belief update over trials could be observed if the agent’s
belief about the social context encoded in d was updated to be
more similar to values inD.4 In terms of the action state, the d vector
simply specified that the agent always started with the “start” state.
The transitions of the hidden state factors were encoded in the B

matrices. In the current study, we setup the transitions such that the
social context state remained unchanged throughout a trial. In con-
trast, the agent was able to transit to different action state by selecting
the corresponding action.
Prior probabilities over policies were specified in the e vector,

indicating the agent’s prior preferences over policies—reflecting
action habit—in the beginning of each trial. Over trials, the agent
could update their preference over policies. Habit could thus emerge
from the increased prior preferences for certain policies.
Finally, the speed of the updates in belief d and habit e was influ-

enced by the active inference learning rate parameter η, which was
set to 1 by default and kept stable throughout the 100 trials for all agents.
We stress again that the specific descriptors used to label the

hidden states and outcomes in the present study should be treated
as examples to construct a concrete model. For example, the
“escape” behavior representing safety behavior can be replaced
by other safety behaviors, for instance, eye contact avoidance.
The same logic applies to any other concrete descriptors in the pre-
sent model.

We further elaborated on how the generative model functioned
throughout the 100 trials in the first simulation below.

Simulations

Eight simulations were conducted. We first demonstrated the
beliefs and behaviors of a healthy agent, and then investigated
how the five vulnerability factors listed above led to biased beliefs
about the social context and maladaptive behaviors.Wemanipulated
one parameter at a time while keeping other parameters the same as
in the healthy agent to test the specific effects of each vulnerability
factor in isolation (Tables 1 and 3).

All simulations started with a flat e, indicating no preexisting
habit. See Tables 1 and 3 for a more detailed record of parameter
settings. Additionally, two supplementary simulations, exploring
the influence of different learning rates η and the influence of a
social environment that changed twice (from supportive to hostile
to supportive), were included in the online supplemental materials.
Note that the parameter settings for each simulation represent the
initial beliefs and preferences of our simulated agents, that is
they are the prior beliefs entailed by the agents when entering
the simulated context. This speaks to a key point that every simu-
lated agent is unique because they have their own set of initial
beliefs about the world and personal preferences before entering
the simulated social context. These individual differences are cap-
tured in their unique generative models through different parameter
settings. As we will see in the discussion, it is possible to recover
these parameters that characterize any given person, using
Bayesian model inversion.

Each simulated agent completed 100 trials of social encounters. In
Simulations 1–7, for the first 30 trials, a hostile social environment
was simulated (i.e., with a probability ratio of .1: .9 for the social
context of a given trial being safe: threatening); for the 31st to the
100th trial, this probability ratio was reversed (safe: threatening= .9:
.1). In the eighth simulation, the social environment was set to be sto-
chastic throughout the 100 trials (with the probability ratio for safe:
threatening= .5: .5).

Results

Active Inference-Based CBT Model of SAD

In this section, we describe the resultant active inference account
of the Hofmann (2007) model of SAD. The core of the active infer-
ence framework is the generative model in a person’s mind.
Adaptive or maladaptive behaviors are products of this generative
model. We constructed a generative model incorporating all major
factors in Hofmann’s (2007) conceptual model (Figure 1). This
means that by inputting specific values (Table 3), a simulated partic-
ipant (referred to as an agent) equipped with this generative model
can exhibit behaviors similar to individuals experiencing SAD.
This generative model itself is not explicitly or consciously available
to an agent. One can regard this generative model as an implicit
belief system that includes thoughts and yields actions (Smith
et al., 2021).

4 In the SPM active inference scheme, small letters denote Dirichlet con-
centration parameters and the Dirichlet distribution is the conjugate prior
of the categorical distribution (see Smith et al., 2022 for technical details).
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Our simulation consisted of 100 social encounters such that each
social encounter was one trial consisting of four discrete time points,
(t1) initialization, social interaction, including (t2) observation and
(t3) reaction, and finally (t4) postevent processing. In each social
encounter, an agent needs to infer whether the social setting is safe
or threatening, based on observable outcomes, and execute actions
accordingly. The first state factor is the social context state, which
encompasses two possible states (i.e., safe and threatening) across
all time points. For example, in the timeline above, observing a judg-
mental expression (t2) and being mocked (t3) may lead to the infer-
ence that the social context that yields these observations is more
likely to be threatening than safe. The second state factor is the action
state, which encompasses several possible actions across different
time points. At initialization (t1), the action is simply to “start.” At
observation (t2), the agent can either (a) “attend to self” or (b) “attend
to environment.” At reaction (t3), the options are to (a) remain in the
social setting (“stay”) or to (b) engage in safety behaviors (“escape”).
Finally, at postevent processing (t4), the agent can either (a) (realisti-
cally) “reflect” or (b) “ruminate” about the social encounter.
Combinations of these seven actions form eight possible policies
(i.e., a fixed sequence of actions; see Methodology section;
Figure 1B). Importantly, as shown in Figure 1A, different combina-
tions of the inferred social context state and the action state would
yield different predicted observable sensory outcomes. For example,
given a threatening social context, an agent may predict outcomes
like observing high arousal when “attend(ing) to self” and observing
judgmental expressions when “attend(ing) to the environment” during
observation. Further, staying in the social setting would lead to nega-
tive social outcomes (represented as “being mocked”). Each of these
observable outcomes has a value, with positive values indicating
pleasant/desirable experiences and negative values indicating
unpleasant/unwanted experiences. At a given moment, an agent can
infer which social context state they are likely in based onwhich social
context state better explains their observed sensory outcomes. In the
example above, if the agent observes judgmental expressions, then
they are more likely to infer that the social context is threatening.
The agent then plans what actions to take to obtain desirable future
sensory outcomes (action planning as inference). These predicted out-
comes may or may not match with the actual outcomes (see
Methodology section for the state-outcome mapping), because the
actual outcomes depended on the interactions between the true social
context state, which is importantly hidden from the agent, and the exe-
cuted actions. Inherently, an active inference agent is motivated
to improve model predictions by gathering more information about
the environment while trying to obtain better outcomes (see

Methodology section and the online supplemental materials for
detailed discussion).

Within this model structure, we quantitatively operationalized the
five key factors of SAD according to Hofmann’s (2007) model (see
the Methodology section and Tables 1 and 3). First, an agent enters
the social environment with a preexisting belief about the probability
of this social context being safe (vs. threatening), encoded in the
parameter PriorSafe. A lower value indicates preexisting social
apprehension. Second, during social interaction, the level of self-
efficacy is encoded by the parameter SEff, which influences the
probability of observing social mishaps (represented as observing
the sensory outcome of “being mocked”). The third factor (a pair)
is altered social reward and loss processing, encoded in SocGain
and SocLoss, respectively. Smaller SocGain indicates lower value
gains from positive social outcomes, and larger SocLoss indicates
magnified costs of negative social outcomes. The fourth factor is
attention allocation, encoded in SAttn (higher value indicating
higher tendency to attend to the self). This factor affects whether
the agent will observe interoceptive versus exteroceptive sensory
outcomes. When “attend(ing) to self” the agent will primarily
observe and rely on interoceptive sensory outcomes (e.g., arousal
level) rather than exteroceptive ones (e.g., facial expressions from
interlocutors). Lastly, during the postevent processing phase, choos-
ing to “ruminate” rather than realistically “reflect” on the social
encounter (greater positive values of PostRum) will lead to higher
probability of observing negative experiences.

Different Social Belief and Behavioral Trajectories Under
the Influences of Different Factors

With this generative model, we systematically investigated the
effects of different factors on the agent’s (a) estimated probability
of the social context being safe in the beginning of each social
encounter (here onwards referred to as social belief) and (b) avoid-
ance (escape) versus approach (stay) behaviors. We chose these
two markers, one representing social apprehension cognition and
the other representing avoidance behavior, as they are important
manifestations of SAD. In the first seven simulations, agents com-
pleted 100 trials of social encounters with the same social environ-
ment setting. Specifically, in the first 30 trials, a hostile social
environment was simulated (i.e., with a probability ratio of .1: .9
for the social context of a given trial being safe: threatening).
From the 31st to the 100th trial, this probability ratio was reversed:
p(safe): p(threatening)= .9: .1. This change from a hostile to a sup-
portive environment required the agent’s adaptability. In the eighth

Table 3
Parameter Values Used in the Simulations 1–7

Simulation
1. Healthy

agent
2. Prior
bias

3. Low
self-efficacy

4. Social
reward/loss dysfunction

5. Heightened
self-focused attention 6. Rumination

7. Multiple
vulnerabilities to SAD

PriorSafe .6 .1, .3, .5 .6 .6 .6 .6 .2
SEff .8 .8 .2, .4, .6 .8 .8 .8 .2
SAttn 0 0 0 0 1, 2, 3 0 3
PostRum 0 0 0 0 0 1, 2, 3 3
SocGain 1.1 1.1 1.1 0.9, 0.7, 0.5 1.1 1.1 0.5
SocLoss −1.3 −1.3 −1.3 −−−−−2, −−−−−2.5, −−−−−3 −1.3 −1.3 −−−−−3

Note. The parameters in Simulations 2–7 that differ from those in Simulation 1 are given in bold text. SAD= social anxiety disorder. Please refer to Table 1 for
detailed definition of the model parameters.
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simulation, we employed a stochastic social environment: p(safe):
p(threatening)= .5: .5.

Simulation 1: The Healthy Agent

In this baseline simulation, we demonstrated how an active infer-
ence agent without vulnerability to SAD—thus deemed healthy—
would behave throughout the 100 social encounters (trials).
Specifically, this healthy agent entered the first trial with a small pos-
itively biased belief about the social context (PriorSafe= .6, indicat-
ing the prior of psafe: pthreatening= .6: .4 in the agent’s mind), reflecting
the optimistic bias in people without psychological disorders (Sharot,
2011;Weinstein, 1989). This prior probability about the social context
at the beginning of each trial could be updated over trials. The agent
was also equipped with a high self-efficacy level (SEff= .8).
Furthermore, this agent assigned moderate utility values for negative
and positive social consequences (SocLoss=−1.3, SocGain= 1.1),
with the negative one having slightly larger magnitude to reflect the
typical effect that loss looms larger than gain. Finally, this healthy
agent had no prior preference for or against self-focused attention
(SAttn= 0) or rumination (PostRum= 0) (Tables 1 and 3). Please
see online supplemental materials for a step-by-step description of
the healthy agent’ simulation process.
As expected, in the initial 30 trials (i.e., the hostile environment

with high probability of being threatening), the healthy agent
quickly increased their tendency of escaping (Figure 2A, left), lead-
ing to frequent neutral outcomes in terms of social consequences.
Occasionally, when the agent stayed in the social setting, they
observed being mocked. In the subsequent 70 trials where the envi-
ronment changed to be supportive, with a high probability of being
in a safe social context on a given trial, the agent was able to change
the action to stay in the social setting, demonstrating adaptability. The
agent thus gained frequent social rewards from successful interactions.
It is also noteworthy that occasional negative outcomes (“being
mocked”) during the latter 70 trials were often followed by escaping
in the subsequent trial, but this tendency to escape did not persist. In
terms of social belief, the agent successfully updated their belief about
the social context by adopting a suitable strategy that involved attend-
ing to the external environment, adequately exposing themselves to
social situations, and realistically reflecting on experiences, the
agent successfully updated their belief about the social context
(Figure 2B, left). The agent was also able to optimize policy selection
toward the end of the simulation (Figure 2C, left).
Notably, optimal information processing strategies (“attend to

environment” and realistically “reflect” on the social encounter
experience) led to accurate inferences and adaptive actions in social
situations. It is also evident that both reducing uncertainty (gaining
knowledge about the environment) and increasing utility (maximiz-
ing the chance of social reward and minimizing the chance of social
loss) were crucial during action planning. To develop an accurate
understanding of the social context while optimizing the outcome,
the agent needed sensory evidence from the most informative source
(i.e., the environment) and sufficient exposure to the social settings.

Simulation 2: Effects of a Preexisting Negative Belief About
Social Environment

In this simulation, we investigated how negatively biased prior
beliefs about the social context (Clark & Wells, 1995; Hofmann,

2007) would impact agent’s belief update about the social context
and tendency of safety behaviors. A daily life example would be an
adolescent who recently transferred to a new school was warned by
their parents that their new peers may be judgmental. This adoles-
cent thus enters the first day of school with a negatively biased prior
belief while carrying no other risk factors. Here, instead of assign-
ing an optimistic bias to the healthy agent as in Simulation 1
(Sharot, 2011), we simulated two agents with negatively biased
prior beliefs and one agent with an unbiased prior belief
(PriorSafe= .1, .3, .5; Tables 1 and 3). All other settings were
kept the same as for the healthy agent.

We hypothesized that compared to the healthy agent, agents
with lower PriorSafe would show more exaggerated negative
beliefs about the social context at the end of the first 30 trials
and choose “escape” over “stay” more often. Their belief update
in the supportive environment would then be slower. However,
given that the other factors were “intact” (i.e., the same as a
healthy agent), these agents would still be able to eventually
show adaptive actions and gradually correct their belief about
the social context.

The results showed that when the true social environment was
hostile (the first 30 trials), all three agents adaptively escaped
from the social contexts frequently. When the social environment
changed to be supportive, these agents were able to adapt their
actions and chose to stay in the social context more often.
However, compared to the healthy agent, they still showed more
safety behaviors, especially the one with the most negative prior
belief (Figure 3A). In terms of information sampling, like the
healthy agent, these agents attended to the environment instead
of themselves most of the time. They also engaged in realistic
reflection rather than rumination during postevent processing.
Such an action profile would allow them to obtain information
about the social context and inform their belief updating. Indeed,
their beliefs were updated over the 100 trials. In the first 30 trials,
an initial negatively biased prior belief was well matched to the
true hostile social environment and was further strengthened.
When the environment was hostile, compared to agents with less
extreme negative prior beliefs, there was an obvious overshoot
toward negativity for the agent with the most extreme negative
prior belief (PriorSafe= .1). This was followed by a slower update
toward positivity after the true social environment changed to be
supportive.

Overall, results in this simulation suggested that keeping every-
thing else equal to the healthy agent, agents having negatively biased
beliefs about the social context would be able to gradually update
their belief and reduce safety behaviors in a supportive environment,
but they may require more corrective experiences.

Simulation 3: Effects of Self-Efficacy

In our quantitative model, agents with lower self-efficacy would
be more likely to observe negative social outcomes. Lower social
self-efficacy may be due to social skill deficits. Here, we emphasize
the self-perception of lower efficacy (e.g., people consider them-
selves to be “socially awkward or incompetent”). In this simulation,
we investigated the impact of self-efficacy on belief update and
action selection. We simulated agents with various levels of self-
efficacy (SEff= .2, .4, and .6 from low to high) while other param-
eters were kept the same as for the healthy agent. We predicted that
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Figure 2
Simulation Results for the Healthy Agent and the Agent With Multiple Vulnerabilities to SAD

Note. (A) The selected action and perceived social consequences across the 100 trials for the healthy agent (left) and the agent
with multiple vulnerabilities to SAD (right). The yellow (light gray) line indicates the changing point from the hostile (the prob-
ability of the context being safe= .1) to the supportive (the probability of the context being safe= .9) social environment. For all

(Continued on next page)
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with lower self-efficacy, the agent would be more likely to predict
and experience social mishaps when staying in the social setting,
particularly when the social environment was truly hostile. Thus,
agents with lower self-efficacy would be more likely to choose
“escape” in the social encounter (Heimberg et al., 2010), even
more so in the hostile environment than in the supportive environ-
ment. We also predicted that agents with lower self-efficacy would
be able to update their belief about the social context in the suppor-
tive environment, but with a rate much slower than agents with
higher self-efficacy.
As shown in Figure 4A, lower self-efficacy was indeed associated

with a lower probability and frequency of choosing to stay in the
social setting. At a considerably low self-efficacy level (SEff= .2),
the agent exhibited a strong tendency for avoidant action, regardless
of whether the social context was safe or threatening. At a moderate
level (SEff= .4), the probability of choosing to stay increased,
although the agent’s behavior was still dominated by escaping.
For these first two agents, while they successfully avoided social
loss in a hostile environment, they almost entirely missed social
gains in the supportive environment. In contrast, the agent was
much more likely to stay in the social setting when their self-efficacy
was higher (SEff= .6) and thus obtained more social gains. When
considering belief updating (Figure 4B), all three agents remained
attentive to the environment in most trials. As a result, they were
able to gather exteroceptive information about the social context
and adjust their beliefs accordingly. Agents with low self-efficacy
quickly learned that the social context was threatening but were
able to detect changes in the environment based on exteroceptive
information, such as a smile from the interlocutor, in the supportive
environment. While choosing to stay could allow them to gather fur-
ther empirical evidence about social consequences, choosing to
escape forfeited this opportunity. Consequently, the belief updating
toward positivity was slower for agents with lower self-efficacy com-
pared to those with higher self-efficacy. This indicated that excessive
escaping prevented the agent from gaining information based on the
social consequences. The divergence between successful social
belief update and persistent escaping action indicated that individu-
als with sufficiently low self-efficacy, lacking confidence in acquir-
ing positive social outcomes, would prefer the safe option of
escaping, even when they know that the environment could be
accommodating.
This simulation demonstrated that low self-efficacy alone was

sufficient to generate and sustain avoidance behaviors, and to a
milder degree exaggerate negative beliefs about the social
context.

Simulation 4: Effects of Attenuated Social Reward and
Catastrophized Social Loss

In this simulation, we investigated the impact of impaired sensitiv-
ity to social reward and loss on belief update and action selection. To
investigate the consequences of altered appreciation for positive and
negative social consequences, we conducted simulations using
agents that assigned relatively small positive values of 0.5, 0.7, 0.9
and large negative values of −3, −2.5, −2 to SocGain and
SocLoss, respectively. We predicted that agents having larger nega-
tive values for social loss relative to social gain would be prone to
develop persistent safety behaviors.

As the magnitude of social loss increased relative to social reward,
agents in this simulation consistently exhibited excess safety behav-
iors across the 100 trials (Figure 5). The probability of choosing to
escape from social interactions increased as social gain decreased
and social loss increased. However, these agents’ beliefs about the
social context were not particularly biased toward negativity.
Despite the lack of a strong belief distortion, these agents struggled
to overcome their tendency to escape due to their prediction of cat-
astrophic social loss and quickly developed the habit of escaping.
These catastrophic predictions and habitual avoidant actions hin-
dered the agent’s ability to break from excessive safety behaviors
and adapt to the environment. Meanwhile, as the predicted gain
from successful social interactions was relatively lower than the
loss of negative social outcomes, the agent was not motivated to
change their behavioral patterns.

This simulation further highlighted the potential mismatch
between social beliefs and action tendency. When an individual
has a high aversion to social loss relative to potential gain, they
are likely to engage in avoidance behaviors, even if their inferred
safety level of the social context is accurate.

Simulation 5: Effects of Heightened Self-Focused Attention

Self-focused attention has long been a crucial factor in CBT mod-
els of SAD (Spurr & Stopa, 2002), preventing people from effec-
tively receiving information from the external social environment.
In this simulation, we investigated the impact of heightened self-
focused attention on belief update and action. For agents with
extremely heightened self-focused attention, SAttn was set to 3.
This indicated their high expectation of observing inwardly focused
attention We also simulated two other agents with less extreme val-
ues (SAttn= 2 and 1). We predicted that agents with heightened
self-focused attention would be vulnerable to maladaptive beliefs

panels, darker shades represent higher probability values. Cyan (light gray) dots on the hidden state probability mappings mark the
actual states for each trial. Blue (dark gray), black, and red (light gray) dots on the bottom three rows indicating the perceived social
consequences indicate socially successful, neutral, and unsuccessful outcomes observed by the agent, respectively. The key behav-
ioral markers, namely the agent’s approach/avoidance decisions, were highlighted using green (light gray) and orange (dark gray)
colors, respectively. (B) Belief update about the social context. Blue (gray) lines depict how the agent’s belief about the social
context evolved throughout 100 trials. Black dotted lines mark the true probability of the social context being safe. (C) The policy
update and preference at the 90th trial. At each timepoint of each trial, the posterior probability of the most preferred policy is
updated. Here, the healthy agent learned the optimal policy (Policy 1) while the agent with high vulnerability to SAD preferred
the maladaptive one (Policy 8). Please also see Figure 1 for details. SAD= social anxiety disorder; Attn-env= attending to the
environment; Attn-self= attending to self; Esc= escape; Ref= realistic reflecting; Rum= rumination. See the online article for
the color version of this figure.

Figure 2 (continued)
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Figure 3
Action Selection, Action Probability, Perceived Social Consequences, and Belief Update for Simulation 2

Note. Results for agents with different prior beliefs about the environment. (A) PriorSafe= .1, (B) PriorSafe= .3, (C) PriorSafe= .5. Left panels:
Action probability, action selection, and perceived social consequences. As in Figure 2, the yellow (light gray) line indicates the changing point from
the hostile (the probability of the context being safe= .1) to the supportive (the probability of the context being safe= .9) social environment. For all
panels, darker shades represent higher probability values. Cyan (light gray) dots on the hidden state probability mappings mark the actual states for
each trial. Blue (dark gray), black, and red (light gray) dots on the bottom three rows indicating the perceived social consequences indicate socially
successful, neutral, and unsuccessful outcomes observed by the agent, respectively. The key behavioral markers, namely the agent’s approach/avoid-
ance decisions, were highlighted using green (light gray) and orange (dark gray) colors, respectively. Belief update of the social context for agents
with self-efficacy at .2, .4 and .6 is shown on the right panels. Blue (gray) curves depict how the agent’s beliefs about the latent social context evolved
throughout 100 trials. Black lines mark the true probability of the social context being safe. Attn-env= attending to the environment; Attn-self=
attending to self; Esc= escape; Ref= realistic reflecting; Rum= rumination. See the online article for the color version of this figure.
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Figure 4
Action Selection, Action Probability, Perceived Social Consequences and Belief Update for Simulation 3

Note. Results for agents with different levels of low self-efficacy. (A) SEff= .2, (B) SEff= .4, (C) SEff= .6. Left panels: Action probability, action
selection, and perceived social consequences. As in Figure 2, the yellow (light gray) line indicates the changing point from the hostile (the probability
of the context being safe= .1) to the supportive (the probability of the context being safe= .9) social environment. For all panels, darker shades
represent higher probability values. Cyan (light gray) dots on the hidden state probability mappings mark the actual states for each trial. Blue
(dark gray), black, and red (light gray) dots on the bottom three rows indicating the perceived social consequences indicate socially successful, neu-
tral, and unsuccessful outcomes observed by the agent, respectively. The key behavioral markers, namely the agent’s approach/avoidance decisions,
were highlighted using green (light gray) and orange (dark gray) colors, respectively. Belief update of the social context for agents with self-efficacy at
.2, .4, and .6 is shown on the right panels. Blue (gray) curves depict how the agent’s beliefs about the latent social context evolved throughout 100
trials. Black lines mark the true probability of the social context being safe. Attn-env= attending to the environment; Attn-self= attending to self;
Esc= escape; Ref= realistic reflecting; Rum= rumination. See the online article for the color version of this figure.
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Figure 5
Action Selection, Action Probability, Perceived Social Consequences, and Belief Update for Simulation 4

Note. Results for agents with different perceived social reward and loss. (A) SocGain= 0.5, SocLoss=−3, (B) SocGain= 0.7, SocLoss=−2.5,
(C) SocGain= 0.9, SocLoss=−2. Left panels: Action, action probability, and perceived social consequences for agents with different levels of abnor-
mal reward processing, with the agent with the most severe reward dysfunction shown in (A). As in Figure 2, The yellow (light gray) line indicates the
changing point from the hostile (the probability of the context being safe= .1) to the supportive (the probability of the context being safe= .9) social
environment. For all panels, darker shades represent higher probability values. Cyan (light gray) dots on the hidden state probability mappings mark the
actual states for each trial. Blue (dark gray), black, and red (light gray) dots on the bottom three rows indicating the perceived social consequences
indicate socially successful, neutral, and unsuccessful outcomes observed by the agent, respectively. The key behavioral markers, namely the agent’s
approach/avoidance decisions, were highlighted using green (light gray) and orange (dark gray) colors, respectively. Belief update of the social context
for agents with self-efficacy at .2, .4, and .6 is shown on the right panels. Blue (gray) curves depict how the agent’s beliefs about the latent social context
evolved throughout 100 trials. Black lines mark the true probability of the social context being safe. Attn-env= attending to the environment;
Attn-self= attending to self; Esc= escape; Ref= realistic reflecting; Rum= rumination. See the online article for the color version of this figure.
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given their suboptimal information source, leading to inaccurate
inferences about the social context and less optimal actions.
Figure 6 illustrates that agents with heightened self-focused atten-

tion largely stayed in the threatening context and occasionally escaped
from the safe context, resulting in an action pattern that was not bene-
ficial considering the potential social consequences (marked by the
red dots in the first 30 trials and black dots in the last 70 trials in
the figure). With heightened self-focused attention, their decision to
stay or escape was more stochastic, indicating that their actions
were not well informed by the predicted social context. This mal-
adaptive behavioral pattern could be explained by their reliance on
interoceptive rather than exteroceptive sensory outcomes, as the for-
mer provides less accurate information about the social context.
Consequently, they experienced frequent social mishaps in the first
30 trials of the simulation. Also due to this lack of accurate informa-
tion, the agent’s belief about the social context was unable to align
with the true context states throughout the simulation (Figure 6, right).
Overall, agents with heightened self-focused attention had diffi-

culty inferring the accurate social context state. This lack of infor-
mation hindered their action decisions, yielding undesirable
consequences throughout the simulation. This simulation high-
lighted the importance of employing cognitive strategies that facili-
tate accurate information processing.

Simulation 6: Effects of Rumination

In this simulation, we investigated the impact of rumination on
belief update and action. Like self-focused attention, the tendency
to ruminate was encoded in a parameter PostRum in C. Here,
PostRum was set to 3, 2, and 1, reflecting different severity levels
of rumination. The higher value indicates higher rumination ten-
dency. We predicted that agents with higher rumination tendency
would be more likely to stick to safety behaviors after occasional
social mishaps, as their perceptions about the environment would
be negatively biased by the rumination process.
As shown in Figure 7, when the rumination tendency was low

(PostRum= 1; Figure 7, Panel C), rumination had relatively smaller
impacts compared to other factors. When rumination tendency was
higher (Panels A and B) the probability of escaping even in a suppor-
tive environment was increased. Furthermore, agents with a very
high tendency to ruminate exhibited a slower belief update toward
positivity in the latter 70 trials (Figure 7, right). This resulted in a
lower confidence in the social environment of being safe throughout
the last 70 trials. With such negative beliefs about the social environ-
ment, the agent with higher rumination tendency reasonably pre-
ferred to escape even when the environment was supportive.
Overall, this simulation demonstrated that agents with high levels
of rumination were more prone to safety behaviors in supportive
social environments and were more vulnerable to developing symp-
toms after occasional social mishaps.

Simulation 7: Cumulated Effects of Multiple Vulnerability
Factors

In our final simulation within the first type of social environment
setting, we introduced an agent possessing multiple vulnerability
factors. This prototypical agent possessed a negative prior belief
about the social context (PriorSafe= .2) and low self-efficacy
(SEff= .2) in the beginning of the simulation. Furthermore, this

agent was less sensitive to social rewards (SocGain= 0.5) and
much more sensitive to social punishments (SocLoss=−3).
Additionally, this agent preferred cognitive styles of self-focused
attention and rumination (SAttn= 3, PostRum= 3). This agent
was hypothesized to suffer from extremely negative social beliefs
and safety behavior patterns that were resistant to change even
after the environment turned to be supportive.

As depicted in Figure 2, this agent who scored high on all five
cognitive vulnerability factors was characterized by a fixed and
exaggerated negative social belief and persistent safety behaviors.
Also, in marked contrast to the healthy agent, the agent with multiple
vulnerability factors quickly developed a preference for a maladap-
tive policy involving avoidance, promoted self-focused attention
and rumination. Furthermore, they sticked to this policy throughout
the 100 trials and showed an inability to adaptively adjust their action
patterns. Without sufficient information from the external world to
correct the negative beliefs, the agent persisted with a precise belief
that they were in a threatening social context and chose to escape
across trials. This simulation demonstrated how maladaptive beliefs
and behaviors in SAD are developed and maintained in individuals
with high vulnerability.

Simulation 8: AnAlternative, Stochastic Social Environment

To demonstrate the applicability of our modeling approach in dif-
ferent social environments, we simulated the cognitive–behavioral
performance of a healthy agent and an agent with low self-efficacy
(SEff= .2) in an alternative, stochastic environment. Each simulated
agent completed 100 trials of social encounters in an environment
that was equally likely to be safe or dangerous in each trial—that
is, the trial-level probability ratio of p(safe): p(threatening)= .5:
.5. The model parameter values for the two simulated agents were
kept the same as in Simulation 1 for the healthy agent, and
Simulation 3 for the agent with low self-efficacy.

Similar to Simulation 3, the agent with low self-efficacy exhib-
ited excessive escaping behaviors, resulting in limited social expo-
sure regardless of the environment context (Figure 8, Panel B left).
The safety behaviors stemmed from their perceived inadequacy in
social competency. Consequently, the low self-efficacy agent con-
sistently avoided social interactions, failing to acquire sufficient
information to update their beliefs about the current social context.
Despite entering the first trial with slightly positive initial beliefs,
such an agent tended to exaggerate the negativity of the social con-
text in a highly stochastic environment over the course of trials
(Figure 8, Panel B right). This progressive negativity in beliefs fur-
ther exacerbated the excessive avoidance in low self-efficacy
agents, perpetuating SAD-like cognitive and behavioral patterns.
In contrast, the healthy agent entered the first trial with a slightly
optimistic expectation about the social context, and the initial
rewarding social outcomes boosted this agent’s belief about the
social context, making it more positively biased. However, the
agent was able to update their belief and eventually reach a rela-
tively accurate judgment about the social context. This belief
update allowed the healthy agent to make informed decisions
regarding their actions, leading to an overall balanced decision pat-
tern between staying and escaping.

This simulation further highlights the maladaptive nature of low
self-efficacy in social anxiety, demonstrating how it can cause con-
sistent impairments in an individual’s ability to engage in social
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Figure 6
Action Selection, Action Probability, Perceived Social Consequences, and Belief Update for Simulation 5

Note. Results for agents who differed in self-focused attention. (A) SAttn= 3; (B) SAttn= 2; (C) SAttn= 1. Left panels: Action, action probability,
and perceived social consequences for agents with different levels of heightened self-focused attention. As in Figure 2, the yellow (light gray) line indi-
cates the changing point from the hostile (the probability of the context being safe= .1) to the supportive (the probability of the context being safe= .9)
social environment. For all panels, darker shades represent higher probability values. Cyan (light gray) dots on the hidden state probability mappings
mark the actual states for each trial. Blue (dark gray), black, and red (light gray) dots on the bottom three rows indicating the perceived social conse-
quences indicate socially successful, neutral, and unsuccessful outcomes observed by the agent, respectively. The key behavioral markers, namely
the agent’s approach/avoidance decisions, were highlighted using green (light gray) and orange (dark gray) colors, respectively. Belief update of the
social context for agents with self-efficacy at .2, .4, and .6 is shown on the right panels. Blue (gray) curves depict how the agent’s beliefs about the latent
social context evolved throughout 100 trials. Black lines mark the true probability of the social context being safe. Attn-env= attending to the environ-
ment; Attn-self= attending to self; Esc= escape; Ref= realistic reflecting; Rum= rumination. See the online article for the color version of this figure.
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interactions and gain social rewards regardless of the social
environments.

Discussion

Constructing quantitative formulations of psychopathology is piv-
otal for advancing clinical science (Meehl, 1977; Montague et al.,
2012). Recognizing the theoretical alignment between CBT and
active inference, we took the first step to construct a quantitative
CBT model of psychopathology, using SAD as an example. We
first translated Hofmann (2007), a well-established CBT conceptual
model of SAD, into a quantitative mechanistic model, by clarifying
psychological constructs and operationalizing themwithin the active
inference framework. Through a series of simulations, we uncovered
how negatively biased beliefs regarding social contexts and avoid-
ance behaviors can develop as results of Bayesian belief updating.
Most importantly, the active inference-based CBT model allowed
us to accommodate a wide range of interconnected mechanistic
factors of SAD within the same framework while quantitatively
evaluating their effects on beliefs about social context and avoidance
behaviors. The model-building process requires rigorous delineation
and statistical representation of conceptual factors. This intrinsic fea-
ture of the model-building process facilitates clarification of several
previously ambiguous psychopathological pathways toward SAD.
Below we first discuss how these findings enhance our understand-
ing of SAD psychopathology and hold the potential to facilitate
client-centered intervention identification, followed by an elabora-
tion on broader implications and applicability of employing active
inference to formalize other clinical theories.

Differential Influences of Vulnerability Factors and
Implications for Personalized Intervention

Computational modeling of the mechanisms enables thought
experiments by systematically manipulating specific factors, which
can be challenging to achieve when relying on real human data
(Gratch & Marsella, 2004). It provides a unique opportunity to dis-
entangle the complex interactions between various factors in a con-
ceptual model, quantitatively delineating the unique impacts of each
factor and thereby informing intervention. In this study, we tested
five key factors proposed in the conceptual model of SAD
(Hofmann, 2007). Our findings highlight how certain factors can
directly lead to avoidance behavior, while others having a larger
impact on social belief.
Among these factors, low self-efficacy and larger perceived

social loss relative to social gain were shown to directly induce
safety behaviors. Self-efficacy is closely associated with SAD in
both children and adults (Bandura et al., 2003; Rudy et al.,
2012). Socially anxious individuals often show lower confidence
in their social performance (Harrison et al., 1997). Accordingly,
we formalized self-efficacy as the likelihood of observing negative
social consequences. Simulation results quantitatively confirmed
the significant role of low self-efficacy in generating avoidant
behaviors and slowing down adaptive belief updating in suppor-
tive, hostile, as well as stochastic environments. Crucially, agents
with low self-efficacy exhibited excessive avoidant behaviors
even without negatively biased beliefs about the social context.
This implies that individuals with very low self-efficacy may antic-
ipate negative social consequences and opt for safety behaviors

even when they know the context is not threatening. This result
provided a potential explanation of how targeting self-efficacy
may uniquely contribute to better treatment outcomes in SAD
(Gaudiano & Herbert, 2003). Values of positive and negative
social consequences are another pair of factors crucial in SAD psy-
chopathology (Caouette & Guyer, 2014). Individuals with SAD
exhibit reduced sensitivity to social gains with diminished motiva-
tion to approach potentially rewarding stimuli (Cremers, Veer,
Spinhoven, Rombouts, Yarkoni, et al., 2015; Richey et al., 2014)
and tend to catastrophize social losses (Clark & Wells, 1995;
Hofmann, 2007). Our results demonstrated quantitatively that
when the perceived social loss overpowers social gain, it can
directly lead to avoidant behaviors. Similar to self-efficacy, these
results demonstrate a dissociation between beliefs about the social
context and the tendency of avoidance, indicating that individuals
with strong social loss aversion and/or low social gain sensitivity
may require interventions that specifically target this factor in
their treatment planning.

A preexisting biased belief about the social context being threat-
ening showed different impacts compared to the above two factors.
Our simulation findings indicate that an initial negative bias alone
can be corrected over time, albeit at a slower pace compared to indi-
viduals with an optimistic bias (Simulation 2). Importantly, a preex-
isting negative bias about the social context alone does not appear to
significantly induce safety behaviors. This means that at a given
moment in life, individuals with negative biases about social con-
texts are more susceptible to developing negative social appraisals
and require more positive experiences to rectify their beliefs
(Voncken et al., 2010), but this factor itself is not sufficient to
bring about safety behaviors.

A cognitive factor that impaired both social belief update and
action choice is self-focused attention, which is commonly
observed in individuals with SAD and subclinical symptoms
(Piccirillo et al., 2016; Ranta et al., 2014; Thomas et al., 2012).
While a moderate level of self-focused attention is not necessarily
pathological, high levels of self-focused attention can have nega-
tive impacts on social performances, particularly for at-risk popu-
lations (Leigh et al., 2021; Spurr & Stopa, 2002). The Simulation 5
clearly demonstrated that heightened self-focused attention leads to
inaccurate social beliefs, as individuals rely more on their internal
bodily sensations (interoceptive) rather than external cues (extero-
ceptive) to assess social contexts. In our simulation, when engaged
in self-focused attention, the agent completely ignored exterocep-
tive information. Although we showcased an extreme example to
amplify the effect, this outcome did not contradict with clinical
presentations of SAD (Norton & Abbott, 2016; Spurr & Stopa,
2002; Woody et al., 1997). Importantly, individuals with self-
focused attention alone failed to select the optimal actions across
both hostile and supportive environments. The profound impact
of attention allocation in our simulation highlights the importance
of assessing and treating this cognitive style in clinical practice and
may help explain why psychotherapy with cognitive components
tend to yield better treatment outcomes than exposure therapy
alone (Clark et al., 2003).

Finally, in Simulation 6, rumination did not directly cause SAD
symptoms, but exacerbated negative beliefs after encountering
undesired consequences. This is consistent with the proposed func-
tion of rumination as a critical maintenance factor intensifying anx-
ious feelings and negative self-appraisals (Abbott & Rapee, 2004)
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Figure 7
Action Selection, Action Probability, Perceived Social Consequences, and Belief Update for Simulation 6

Note. Results for agents who differed in rumination tendency. (A) PostRum= 3; (B) PostRum= 2; (C) PostRum= 1. Left panels: Action, action
probability, and perceived social consequences for agents with different tendency for rumination. As in Figure 2, the yellow (light gray) line indicates
the changing point from the hostile (the probability of the context being safe= .1) to the supportive (the probability of the context being safe= .9)
social environment. For all panels, darker shades represent higher probability values. Cyan (light gray) dots on the hidden state probability mappings
mark the actual states for each trial. Blue (dark gray), black, and red (light gray) dots on the bottom three rows indicating the perceived social conse-
quences indicate socially successful, neutral, and unsuccessful outcomes observed by the agent, respectively. The key behavioral markers, namely the
agent’s approach/avoidance decisions, were highlighted using green (light gray) and orange (dark gray) colors, respectively. Belief update of the social
context for agents with self-efficacy at .2, .4, and .6 is shown on the right panels. Blue (gray) curves depict how the agent’s beliefs about the latent social
context evolved throughout 100 trials. Black lines mark the true probability of the social context being safe. Attn-env= attending to the environment;
Attn-self= attending to self; Esc= escape; Ref= realistic reflecting; Rum= rumination. See the online article for the color version of this figure.
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and worsening other maladaptive cognitive processes (Chen et al.,
2013).
Simulation 7 showed the clear negative trajectory for peoplewith all

of the aforementioned vulnerabilities. Overall, these findings highlight
distinctive impacts of these factors on social belief update and safety
behavior choice, demonstrating the potential individual differences
in symptom development trajectory. Additionally, we included two
simulations (Simulation 8 and Supplementary Simulation 2) where
we manipulated the true social environment setting to further demon-
strate the applicability of the present model across different social

environments. Using quantification of hidden computational mecha-
nisms can facilitate the design of personalized treatments, thereby
increasing treatment efficacy (Fernandes et al., 2017). These implica-
tions are in line with precision medicine and client-centered evidence-
based practice (Christon et al., 2015). Moreover, quantitative formali-
zation of such a holistic disorder-specific psychopathology model,
especially operationalizing various cognitive factors in context, signifi-
cantly expanded the insights provided by existing research using active
inference to account for isolated factors and simple cognitive–behavio-
ral interactions (Smith et al., 2021).

Figure 8
Action Selection, Action Probability, Perceived Social Consequences, and Belief Update for Simulation 8

Note. Results for (A) a healthy agent, and (B) an agent with low self-efficacy in a stochastic social environment. Left panels: Action, action probability, and
perceived social consequences for the simulated agents. Different from the previous seven simulations, the probability of the social context being safe was set as
.5 throughout the 100 trials. For all panels, darker shades represent higher probability values. Cyan (light gray) dots on the hidden state probability mappings
mark the actual states for each trial. Blue (dark gray), black, and red (light gray) dots on the bottom three rows indicating the perceived social consequences
indicate socially successful, neutral, and unsuccessful outcomes observed by the agent, respectively. The key behavioral markers, namely the agent’s approach/
avoidance decisions, were highlighted using green (light gray) and orange (dark gray) colors, respectively. Belief update of the social context for agents with
self-efficacy at .2, .4, and .6 is shown on the right panels. Blue (gray) curves depict how the agent’s beliefs about the latent social context evolved throughout 100
trials. Black lines mark the true probability of the social context being safe. Attn-env= attending to the environment; Attn-self= attending to self; Esc=
escape; Ref= realistic reflecting; Rum= rumination. See the online article for the color version of this figure.
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Active Inference-Based CBT Model Enhances Conceptual
Clarity andEmbodies Clinical Theories of SADas Falsifiable
Hypotheses

The present active inferenced-based CBT model allows for the
formal implementation of various cognitive and behavioral factors.
A general benefit of translating psychological constructs from the
conceptual model to specific parameters in the quantitative model
is that by doing so we circumvented the limitations and variability
of verbal expressions (Eaton et al., 2023), enhancing conceptual
clarity. While remaining faithful to the Hofmann (2007) model,
we made notable revisions and refinements when constructing our
computational model, aiming to reduce ambiguity and increase clar-
ity in preexisting theories. For example, we unified “negative self-
perception,” “low perceived emotional control,” and “perceived
poor social skills” in the conceptual model with a one single factor
of self-efficacy, which influenced the agent’s predictions regarding
social consequences. Doing so reduced the overlapping between fac-
tors and increased the parsimony. However, it is important to note
that for future research aiming to differentiate between these percep-
tual outcomes, one can modify the quantitative model to incorporate
these nuances.
Active inference modeling offers a high level of flexibility in

examining targeted parameters. In our quantitative CBT model of
SAD, various components serve as free parameters to reveal individ-
ual differences. Because a large number of free parameters posit
potential challenges such as model complexity, overfitting, and dif-
ficulties in parameter recovery (Gelman, 2006), only a subset of cog-
nitive–behavioral factors was allowed to vary in our active inference
model based on the Hofmann (2007) model, and we refrain from
claiming this as the definitive quantitative model of SAD. Rather,
we present a demonstrative example that actively integrates the
CBTmodel for psychopathology with the active inference modeling
approach. This work showcases the potential for synergizing the
practical benefits of clinical and computational psychology. Future
research fitting our active inference model of SAD to human data
shall consider the parameters most relevant to the research question.
Other factors, such as the type and probability of social gains, may
regulate pathways to SAD differently (Matyjek et al., 2020), and
can be incorporated into the computational model when necessary.
Additionally, while we adopted a fixed learning rate in our simula-
tions, deficits in dynamic adaptation could contribute to the mal-
adaptive behaviors (Piray et al., 2019). We did not focus on
learning rate, as it was not a major factor in the conceptual model
(Heimberg et al., 2010; Hofmann, 2007). However, given the wide
influence of learning rate (Caletti et al., 2022; Gillan et al., 2016;
Hayes et al., 2006; Lissek et al., 2005), we have included an addi-
tional simulation, demonstrating the effects of altered learning rate
in the online supplemental materials.
In addition to including different clinical constructs, future studies

may manipulate cognitive and behavioral factors in various building
blocks in the active inference framework (e.g., allowing the transition
matrix (B) to vary) or construct different model specifications. In this
regard, it is crucial to ensure a balance between parsimony and theo-
retical coherency, as well as close alignments between computational
methodology and research questions (Wilson & Collins, 2019).
Building on the current quantitative account of a CBT model for psy-
chopathology, future research could design novel experimental tasks
and reasonably combine them with questionnaires and interviews to

provide valid and reliable measures for each relevant cognitive–
behavioral factor in a holistic manner (Zorowitz & Niv, 2023). It is
important to clarify that we do not claim quantitative modeling cou-
pled with simulation can replace the empirical studies using real sub-
jects in model testing. Instead, we stress that (active inference-based)
quantitative modeling of complex conceptual models can facilitate
theory testing by generating specific predictions, for example, based
on thought experiments and simulations, which can be tested against
real human and data. Also, such an approach can provide insights
which have the potential to advance clinical theories.

In sum, such active inference-based quantitative modeling
requires the researcher to build mechanistic models by converting
clinical theory descriptions into hypotheses-driven quantitative rela-
tionships of clearly defined variables, thus enabling specific predic-
tions. These predictions can be tested by both simulation and human
data, facilitating hypothesis falsification.

Synergy Between Active Inference and CBT as a New
Approach to Decipher Psychopathology

On a broader scope, the integration of behavior and cognition
within the closed loop of active inference provides a natural frame-
work for quantifying CBT conceptualizations of psychopathology.
In this symbiotic relationship between CBT and active inference,
we emphasize the equal importance of methodological advance-
ment and clinical theories for understanding and effectively
addressing mental health problems (Wright & Kaurin, 2020). A
multimethod integrative inquiry can help uncover crucial effects
that may be overlooked in individual fields (Corlett et al., 2020;
Wang & Krystal, 2014). Instead of examining isolated factors as
typically done in previous computational modeling works, con-
structing a holistic CBT model enabled us to understand the inter-
play between different processes, which could carry significant
meanings (Schoen et al., 2011). Through the SAD example, we
demonstrate that computational models, informed by well-
established clinical theories, can help reveal fine-grained pathways
and subtypes of SAD that correspond to the individual differences
widely observed in real life.

An important feature of our modeling approach is that the gener-
ative model allows us to provide a mechanistic narrative of the
agent’s psychopathology profile based on the CBT model. As dem-
onstrated in our simulations, the active inference model accommo-
dated hypothetical predisposing factors of an agent in accounting
for their behaviors under uncertainty. In other words, having a gen-
erative model that can yield observable behaviors means that mech-
anistic explanations exist for the belief updating process that is, by
construction, internally consistent. This approach has the potential
to advance our understanding of the specific mechanisms underscor-
ing the pathological decision-making process. The present work
serves as a proof-of-concept, translating the key factors of the con-
ceptual CBT model for SAD into a comprehensive quantitative
framework. This approach lays the foundation for future investiga-
tions of both theoretical conceptualizations and computational
interests.

Another key benefit of such generative models is that they can be
used to explain empirical data and test hypotheses regarding predis-
positions. That is, the active inference model proposed in the current
article can be applied to explain observed responses in an individual
human subject or a cohort of subjects (e.g., Smith et al., 2021).
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This corresponds to finding the model parameter values that render
the choice behavior most likely (Schwartenbeck & Friston, 2016).
Based on the complete class theorem (Brown, 1981; Wald, 1947),
for any pair of behaviors and preferences, some prior beliefs exist
that render the behavior Bayes optimal in the sense of active infer-
ence. In practice, by fitting empirical data and conducting parameter
estimation, one can find parameter values that are most likely to pro-
duce the observed responses. Moreover, using Bayesian model com-
parison, both the structure of the model and the parameter values,
reflecting hypotheses, can be compared and estimated. Hence, the
current approach can be used to achieve computational phenotyping.5

While previous computational psychiatry research has pursued sim-
ilar objectives, these efforts have often been less aligned with com-
prehensive clinical models (Koban et al., 2017, 2023; Smith et al.,
2021). Our work bridges the gap between clinical and computational
research by offering a platform for future studies to integrate the rigor
of computational methods with well-established, clinically valuable
conceptual models. This integration, coupled with appropriate
experimental paradigms and human data, paves the way for more
nuanced and clinically relevant computational approaches in
psychiatry.
To further illustrate the practical application of our model, we out-

line a sample behavioral paradigm, modified based on the social
stress induction task (A. P. Allen et al., 2016) (see a demonstration
in Figure S4 in the online supplemental materials). In this paradigm,
participants are asked in each trial to give a short presentation in front
of an audience (confederates). The experiment begins with partici-
pants reporting their prior expectations about the upcoming presen-
tation. During the presentation, participants choose between
attending to internal bodily sensations or external cues from the audi-
ence to inform their decision to continue or discontinue the presen-
tation. After the presentation, participants observe audience
responses and reflect on their performance. The scenario is then
repeated with different audience groups, allowing for assessment
of learning and adaptation. The confederates will provide different
expressions and/or comments according to the predetermined social
environment. This paradigm enables a systematic assessment on the
cognitive–behavioral processes related to SAD as examined in our
simulations. Researchers can fit participants’ self-reported beliefs
and choice data generated by such a behavioral paradigm into our
computational model to test hypotheses about the key processes
underlying different phenotypes of SAD. As aforementioned, one
can test different generative models representing different hypothe-
ses. These models may include different number and combinations
of free parameters and/or different prior values of a parameter. By
using Bayesian model comparison (functions available through
SPM [Penny et al., 2006]), the structure and parameter values of
the best-fitting model can then be used to explain the psychopatho-
logical process in human subjects. This provides a quantitative
method for both personalized modeling of individual differences
in psychopathology and testing competing hypotheses of psychopa-
thology. In future work, we plan to illustrate this form of hypothesis
testing by proposing a variety of generative models that accommo-
date competing theories for SAD pathogenesis and compare these
models’ performance in accounting for empirical data.
The model construction process and mechanistic insights gained

from the systematic simulation can be easily generalized to examine
other forms of psychopathology where CBT has proven useful,
such as depression, generalized anxiety, and obsessive–compulsive

disorders. These disorders are all characterized by cognitive biases,
misinterpretations, and maladaptive behaviors (Everaert et al., 2018;
Kozak & Foa, 1994). Building CBT-based quantitative models
holds the potential to better elucidate the computational processes
behind the cognition-action dynamics in these psychiatric conditions.

Limitations

Each CBTmodel can often be applied to a variety of settings, cog-
nitions, and actions. This all-encompassing feature of CBT makes it
a flexible and powerful tool in explaining maladaptive behaviors.
However, it also posts challenges when constructing concrete quan-
titative models. In our SAD demonstration, the concreteness is par-
tially achieved by using exemplary descriptors (e.g., “threatening”
vs. “safe” social setting). Employing representative descriptors
serve the purpose of providing the first example of using active infer-
ence to quantify a holistic CBT model. Future research, building on
our humble example, can expand on the complexity and nuances, for
example, specifying the social setting and action options with higher
granularity. As aforementioned, the specific model construction
should consider the purpose and experimental design of the study
the model is concerned with. In addition, for the purpose of the pre-
sent article, we used the Hofmann (2007) as the target conceptual
model, given its comprehensiveness and relative recency. The
same quantitative formalization process using active inference can
be applied to other CBT models of SAD (e.g., the Clark and
Wells model [Clark & Wells, 1995]), and the interpretations may
vary depending on the targeted conceptual model. Another direction
for future research is to investigate the neuropsychological processes
linked to SAD by incorporating relevant biological factors into the
model. Some of these biological factors have been included in the
active inference framework (e.g., the role of dopamine in minimizing
free energy [FitzGerald et al., 2015]).

Concluding Remarks

To conclude, we presented a holistic quantitative model of SAD
by integrating CBT and active inference modeling. We showed the
mechanistic pathways by linking a range of cognitive and behavioral
factors to the emergence and maintenance of SAD symptoms and
quantified their relative contribution. Our approach not only moti-
vates reformulation and advancement of psychopathology conceptu-
alizations from a theoretic perspective, but also highlights potential
therapeutic targets for more personalized, effective intervention in
clinical practice.

5We thank an anonymous reviewer for suggesting the content on compu-
tational phenotyping. The reviewer also provided the relevant background
knowledge.
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