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Abstract 

The network theory of psychopathology posits that mental disorders are systems of 

mutually reinforcing symptoms. This framework has proven highly generative but does not 

specify precisely how any specific mental disorder operates as such a system. Cognitive 

behavioral theories of mental disorders provide considerable insight into how these systems 

may operate. However, the development of cognitive behavioral theories has itself been 

stagnant in recent years. In this paper, we advance both theoretical frameworks by developing 

a network theory of panic disorder rooted in cognitive behavioral theory and formalized as a 

computational model. We use this computational model to evaluate the theory’s ability to 

explain five fundamental panic disorder-related phenomena. Our results demonstrate that the 

network theory of panic disorder can explain core panic disorder phenomena. In addition, by 

formalizing this theory as a computational model and using the model to evaluate the theory’s 

implications, we reveal gaps in the empirical literature and shortcomings in theories of panic 

disorder. We use these limitations to develop a novel, theory-driven agenda for panic disorder 

research. This agenda departs from current research practices and places its focus on (a) 

addressing areas in need of more rigorous descriptive research, (b) investigating novel 

phenomena predicted by the computational model, and (c) ongoing collaborative 

development of formal theories of panic disorder, with explanation as a central criterion for 

theory evaluation. We conclude with a discussion of the implications of this work for 

research investigating mental disorders as complex systems.   
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Advancing the Network Theory of Mental Disorders:  

A Computational Model of Panic Disorder 

In recent years, researchers have persuasively argued that mental disorders arise from 

systems of interacting components (Borsboom et al., 2022; Fried, 2022; Hayes & Andrews, 

2020; Nelson et al., 2017; Olthof et al., 2021). From this perspective, mental disorders are 

analogous to an ecosystem (van der Maas et al., 2006). They do not appear as a coherent 

whole because of a shared underlying essence (cf. Wakefield, 1999), but because of a web of 

causal interactions among the features of the disorder. The network theory of mental 

disorders - which emphasizes the role of causally interacting symptoms within these systems 

- has proven especially generative (Borsboom, 2017; Cramer et al., 2010), prompting the 

development of new methods for assessing the structure of relationships among symptoms 

(Beltz & Gates, 2017; Borsboom, Deserno, et al., 2021; Bringmann et al., 2022) and a rapidly 

growing body of empirical studies applying those methods (Contreras et al., 2019; Robinaugh 

et al., 2020). However, network theory remains abstract. It provides a fruitful conceptual 

framework but does not posit specific relationships among symptoms. Empirical network 

studies provide information about these relationships, but cannot, on their own, fully inform a 

network theory of a given disorder (Haslbeck et al., 2021).  

In this paper, we develop such a theory for panic disorder. Panic disorder is well-

suited to this effort for two reasons. First, there is strong body of empirical research on the 

phenomenology, epidemiology, and treatment of panic disorder (Asnaani et al., 2009; 

Barlow, 1988; Casey, Oei, & Newcombe, 2004; Craske & Waters, 2005; McNally, 1994), 

providing robust phenomena to explain (Bogen & Woodward, 1988; Haig, 2005). Second, 

there are well-established cognitive behavioral theories of panic disorder that posit causal 

relationships among specific symptoms (Barlow, 1988; Beck, 1988; Clark, 1986; Ehlers & 
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Margraf, 1989; Reiss et al., 1986; van den Hout & Griez, 1983), providing a rich body of 

work upon which to draw when generating a network theory of panic disorder.  

Although cognitive behavioral theories have much to offer a network theory of panic 

disorder, it is noteworthy that there is a need for further development of cognitive behavioral 

theories themselves. Leading theories of panic disorder were first proposed more than thirty 

years ago. They have been unequivocally successful, stimulating a large body of research and 

laying the groundwork for gold-standard treatments (Barlow, 1988; Clark & Beck, 2011; 

McNally, 1994). Yet, despite thousands of publications on panic disorder over the past three 

decades (Asmundson & Asmundson, 2018), there have been few advances in our theories of 

panic disorder since they were first proposed. In turn, there has been little advancement in our 

ability to treat of panic disorder since cognitive behavioral treatments were first introduced 

(Schmidt & Keough, 2010). This stagnation is especially troubling given that roughly half of 

those who receive these treatments fail to achieve remission (Springer et al., 2018), and 

recurrence among responders is common (Barlow, 1997; Brown & Barlow, 1995). Panic 

disorder is not alone in these regards. Despite enormous empirical effort, theories in clinical 

psychology rarely evolve in a way that would indicate genuine advancement in our 

understanding of or ability to treat a given condition (Meehl, 1978; Millner et al., 2020). 

To address this challenge, we aim to not only propose a theory of panic disorder, but 

also to lay a foundation for its ongoing development. To do so, we propose a formal network 

theory expressed as a computational model. Most theories in clinical psychology are verbal 

theories expressed only in words. Due to the imprecision of natural language, these theories 

often contain hidden assumptions, unknowns, and contradictions (Epstein, 2008; Guest & 

Martin, 2021; Seligman, 1988; Smaldino, 2016). Moreover, it is typically impossible to 

precisely deduce what verbal theories predict; in part because what they predict depends upon 

information unspecified in the theory and, in part, because verbal theories provide no 
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machinery for deducing theory predictions, leaving such deductions to an unspecified, 

fraught, and idiosyncratic process of mental derivation or simulation. As a result, verbal 

theories do not lend themselves well to rigorous testing, contributing to their tendency to 

persist unchanged, neither strongly corroborated nor clearly refuted, and with little guidance 

for how the theory might be improved (Meehl, 1978; Robinaugh et al., 2021). 

In recent years, we and others have argued that formalizing theories as mathematical 

or computational models can provide much needed support for theory development efforts in 

psychology (Borsboom, van der Maas, et al., 2021; Fried, 2021; Guest & Martin, 2021; 

Haslbeck et al., 2021; Millner et al., 2020; Navarro, 2021; Proulx & Morey, 2021; Smaldino, 

2017; van Rooij & Blokpoel, 2020; Wang et al., 2023). Although relatively rare in the 

domains of clinical or counseling psychology (for valuable exceptions in the context of panic 

disorder, see Fukano & Gunji, 2012; Maisto et al., 2021), formal modeling plays a crucial 

role in many scientific disciplines and in some areas of psychology (e.g., mathematical 

psychology and computational psychiatry), equipping researchers in those disciplines and 

domains to better generate, evaluate, and develop their theories.  

Formalizing a network theory of panic disorder serves two key purposes. First, it 

equips us to evaluate how well our theory achieves its fundamental aim: the explanation of 

panic disorder-related phenomena (van Rooij & Baggio, 2020). To evaluate whether a theory 

can explain a phenomenon, it is necessary to evaluate whether the phenomenon indeed 

follows from the theory (van Dongen et al., 2022). Explanation thus relies on our ability to 

deduce the behavior predicted by the theory. As noted, a theory expressed only in words – as 

nearly all theories of panic disorder are – is limited in its ability to support deduction and, 

thus, limited in its ability to demonstrate that the theory indeed explains what it purports to 

explain (Epstein, 2008; Smaldino, 2017). Formalizing our theory enables us to precisely 
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deduce what the theory predicts through computational model simulations and, thereby, to 

rigorously evaluate whether the theory can explain core panic disorder-related phenomena.  

Second, formal theories provide a bulwark against theory stagnation by clarifying 

how the theory can be improved. Most immediately, the specificity required by a formal 

theory can reveal hidden assumptions and unknowns masked by the imprecision of verbal 

theories (Epstein, 2008; Guest & Martin, 2021; Smaldino, 2016). Formalization can thus 

identify opportunities to clarify the theory, uncover aspects of the theory for which there may 

be fruitful disagreement among theorists, and identify areas in need of further empirical 

research. More fundamentally, by equipping us to better evaluate what the theory can explain, 

formal theories can expose a theory’s explanatory shortcomings and, by doing so, reveal how 

the theory can be revised or replaced (Haslbeck et al., 2021; Robinaugh et al., 2021).  

The construction and evaluation of our theory will proceed as follows. In Section 1, 

we propose a formal network theory of panic disorder, expressing the relations among theory 

components in a set of differential equations. In Section 2, we leverage the deductive power 

of this formal theory to evaluate whether the theory can explain five robust panic-disorder 

related phenomena. In Section 3, we propose a theory-driven research agenda that follows 

from the formal theory. This agenda marks a significant departure from current research 

practices, emphasizing rigorous descriptive research and ongoing theory development, with 

explanation as a central evaluative criterion. Finally, we discuss the implications of this work 

for our understanding of mental disorders as complex systems.  

Section 1: A Formal Network Theory of Panic Disorder 

The network theory of psychopathology posits that mutually reinforcing relationships 

among symptoms figure prominently in the etiology of mental disorders. Accordingly, 

symptoms and the relationships among them will constitute the core structure of our theory. 

Specifically, we posit that panic disorder arises from three interlocking feedback loops 
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among symptoms: (a) an amplifying feedback loop between the two core symptoms of a 

panic attack (i.e., arousal and perceived threat), (b) a dampening feedback loop between 

perceived threat and escape behavior, and (c) a slow amplifying feedback loop among core 

symptoms of panic disorder (see Figure 1). For each, we describe key symptoms, posit causal 

relationships among those symptoms, and then express those relationships as a set of 

differential equations. These equations - and their substantive interpretation - constitute the 

network theory of panic disorder. 

 

 
Figure 1. A Causal Diagram of Panic Disorder. The causal diagram depicts the 
components of the theory and the relationships among them. Components inside the gray box 
change on a time scale of minutes. The components outside the gray box change on a time 
scale of days. Arrows indicate causal effects. Solid arrows indicate amplifying (positive) 
effects. Dashed arrows indicate dampening (negative) effects. Lines ending in an open circle 
indicate moderation of the causal effects on which they terminate. The paired solid and 
dashed lines terminating on arousal schema and escape schema indicate an effect that can be 
either amplifying or dampening. These lines initiate from the grey box designating fast-
changing components, rather than any individual component, signifying that this effect is 
dependent on the aggregate behavior of these components. The system depicted here can be 
broken down into three interlocking feedback loops: (a) an amplifying feedback loop 
(depicted in blue) between arousal and perceived threat; (b) a dampening feedback loop 
(depicted in purple) among perceived threat, escape behavior, and context; and (c) a feedback 
loop (depicted in green) among arousal schema, escape schema, avoidance, and the aggregate 
behavior of the fast-moving components depicted in the gray box. This final feedback loop 
can be amplifying or dampening depending upon the aggregate behavior of arousal, 
perceived threat, and escape behavior.  
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Part 1: The Amplifying Feedback Between Panic Attack Symptoms 

Theory Components. Recurrent panic attacks are the cardinal symptom of panic 

disorder and are defined by two criteria: somatic symptoms of autonomic arousal (e.g., heart 

racing) and fear. These twin criteria are long-established (Frances et al., 1993) but provide a 

fuzzy delineation of panic phenomenology. The somatic symptoms listed in these criteria 

include the experience of fear (e.g., the fear of dying) and fear is itself characterized by many 

of the somatic symptoms (American Psychiatric Association, 1980; Cacioppo et al., 2000). 

Accordingly, these criteria do not identify fully distinct symptoms for our theory.  We will 

consider the cognitive perception of threat to be the distinctive component of a panic attack 

identified by the ‘fear’ criterion and, therefore, will consider perceived threat and autonomic 

arousal (hereafter, arousal) to be the core symptoms of a panic attack. 

The importance of arousal to panic attacks is established principally by self-reported 

bodily sensations. Individuals experiencing panic attacks report the sudden onset of heart 

palpitations, difficulty breathing, dizziness, and faintness (Barlow & Craske, 1988; Brown & 

Cash, 1990; de Beurs et al., 1994) and other sensations that have long been recognized as 

products of the autonomic nervous system (Berrios, 1999). Consistent with these reports, 

panic attacks that occur in the laboratory are associated with increases in autonomic nervous 

system activity (Cohen et al., 1985; Goetz et al., 1993; Lader & Mathews, 1970). Ambulatory 

assessments have produced more equivocal findings, a point to which we will return later in 

this article. These equivocal findings notwithstanding, self-report and laboratory-based data 

suggest that elevated arousal is a core component of a panic attack.  

The importance of perceived threat is similarly established by self-report. From the 

earliest accounts of panic attacks, researchers have described uncontrollable worry and “ideas 
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of the extinction of life” (Freud, 1962, p. 93; Leroux, 1889), with thoughts often focused on 

perceived physical (e.g., heart attack), psychological (e.g., going crazy), or social (e.g., 

making a fool of oneself) consequences of arousal-related bodily sensations (Hibbert, 1984; 

Ottaviani & Beck, 1987). Panic patients often fear additional bodily sensations in ways that 

are in keeping with local understandings of physiology (Lewis-Fernandez et al., 2010). For 

example, Cambodian refugees with panic disorder commonly dread sensations of orthostatic 

dizziness, interpreting such symptoms as signaling a potentially lethal episode of kyol goeu 

("wind overload";  Hinton et al., 2004; Hinton et al., 2001). Although “wind overload” and 

heart attacks are superficially distinct, they both concern seemingly uncontrollable arousal-

related bodily sensations (Marques et al., 2011; Taylor, 1994). Accordingly, perceived threat 

in panic attacks signifies the appraisal of arousal-related bodily sensations as a source or 

indicator of threat.  

Causal Relationships Between Perceived Threat and Arousal. Numerous theorists 

have posited an amplifying feedback loop between arousal and perceived threat (Barlow, 

1988; Beck, 1988; Clark, 1986; Ehlers & Margraf, 1989; Margraf et al., 1986; Rapee, 1987; 

van den Hout & Griez, 1983). When arousal is detected and interpreted as a threat (e.g., 

indicating a heart attack), arousal will increase to prepare the body to respond (e.g., fight or 

flight; Cannon, 1915). That increase in arousal will further exacerbate perceived threat, 

creating a “vicious cycle” that culminates in a panic attack (Clark, 1986, p. 463). At their 

core, these theories suggest two causal effects: an effect of perceived threat on arousal and an 

effect of arousal on perceived threat. 

The effect of perceived threat on arousal (T→A). The causal effect of perceived 

threat on arousal (T→A) reflects the body’s fight-or-flight response to perceived danger. 

When a threat is perceived, arousal will increase. For simplicity, we posit that the effect of 

perceived threat on change in arousal is linear, embodying the position that small and distal 
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threats prompt minor increase in arousal and large, proximal threats prompt substantial 

increase in arousal. We will express this effect as a differential equation, characterizing the 

rate of change of arousal (A) with respect to time (t). This rate of change is denoted 

mathematically in the derivative of arousal, !"
!#  , which tells us how arousal will change from 

its current state as time progresses. If !"
!#

 is positive, arousal will increase. If !"
!#  is negative, 

arousal will decrease.  

We will define !"
!#   as a function of the current level of arousal and perceived threat 

(T), thereby representing the causal effect of perceived threat on arousal. We use a rate 

parameter, denoted 𝛼", to define the intrinsic rate at which arousal can change, and a slope 

parameter, 𝛽", which defines the strength of the linear effect of perceived threat on the rate 

of change in arousal.1 Accordingly, whereas the rate parameter is a property of arousal itself, 

the slope parameter concerns the effect of perceived threat on arousal. Together, this yields 

the equation: 

!"
!#
=	𝛼"(𝛽"𝑇 − 	𝐴)        (1) 

This equation is not intended to represent a fully developed quantitative theory of the 

body’s fight-or-flight system. It is a minimal model: a high-level representation of a process 

that we posit contributes to panic disorder. Here, we take an additional simplifying step by 

setting 𝛽" = 1, conceptualizing A = 0 as the within-person equilibrium of arousal and A = 1 as 

the level of arousal elicited by the maximal level of perceived threat (T = 1) for a given 

individual. With this simplifying step, if 𝑇 is greater than A, then the rate of change for 

arousal (!"
!#  ) will be positive and arousal will increase. If 𝑇 is less than A, the rate of change 

will be negative, and arousal will decrease. If 𝑇 is equal to A, the rate of change will be zero 

 
1 Throughout our set of differential equations, we will use 𝛼 to refer to rate parameters and 𝛽 to refer to slope 
parameters, with subscripts denoting the variable whose rate of change is being defined by the equation in which 
the parameter appears. All equations are unitless.  
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and arousal will not change. Accordingly, for this simple equation, if we induce a sustained 

level of perceived threat T, then A will rise or fall until it is equal to 𝑇, at which point the rate 

of change will be 0 and A will cease to change. Notably, this also means that if there is an 

absence of perceived threat (T=0), A will move to 0, at which point it will cease to change.  

The effect of arousal on perceived threat (A→T). The causal effect of arousal on 

perceived threat (A→T) consolidates two processes: the detection of arousal and the 

interpretation of arousal as a threat. To capture this causal effect, we define the rate of change 

of perceived threat (!$
!#

) as a function of the current level of perceived threat (T) and arousal 

(A). The processes by which arousal triggers a perception of threat can be thought of as a 

signal detection process akin to a smoke alarm (Barlow, 1988). For such an “alarm system” 

to work effectively, low level fluctuations in arousal arising from ordinary activities should 

have negligible effect on perceived threat. However, beyond a given threshold of normal 

variation, arousal should begin to elicit perceived threat, with the strength of that effect 

growing with increasing arousal until tapering as it approaches maximal perceived threat (T = 

1). A sigmoidal (s-shaped) logistic function allows us to capture these aspects of the A→T 

effect (see Figure 2). Two parameters determine the shape of this sigmoidal effect: 𝜆$ and 

𝜅$. The 𝜆$ parameter controls the mid-point of the s-shaped A→T effect. The 𝜅$ parameter 

controls the slope of the A→T effect, with higher values signifying a steeper slope. Together 

with a rate parameter, 𝛼$, this yields the equation: 

!$
!#
= 𝛼$ -

%

%&'!"#$%!&#'
− 𝑇.      (2) 
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Figure 2. Linear and sigmoidal effects. The effect of perceived threat on the rate of change 
in arousal (!"

!#
) is linear. Low levels of perceived threat have a small positive effect on !"

!#
 and 

high levels of perceived threat have a large positive effect. In contrast, the effect of arousal on 
the rate of change in perceived threat (!$

!#
)	is sigmoidal. Here, the parameter controlling the 

mid-point of the sigmoid, 𝜆$, is equal to 0.50, meaning that the mid-point of the sigmoid occurs 
at A = 0.50. In this case, low elevations in arousal (e.g., A < .20) have negligible effect on !$

!#
. 

If the 𝜆$ parameter were raised, the higher mid-point value would shift the sigmoid to the right, 
and even moderate levels of arousal would have negligible effect on !$

!#
. Conversely, if 𝜆$were 

lowered, the sigmoid would shift to the left and relatively low elevations in arousal would have 
a positive effect on !$

!#
. Accordingly, the 𝜆$ parameter plays an important role in defining the 

strength of the A→T effect. 
 

Arousal schema moderates the effect of arousal on perceived threat (A→T). 

Cognitive-behavioral theories posit that the effect of arousal on perceived threat (A→T) 

differs across people. For example, Clark and colleagues hold that individual differences in 

vulnerability to panic attacks arise from an enduring tendency to catastrophically misinterpret 

arousal-related bodily sensations. Consistent with this position, individuals with panic 

disorder are more likely than those without to negatively interpret arousal-related bodily 

sensations (Clark et al., 1997). Reiss and McNally (1985) proposed that this enduring 

tendency could be attributed to one’s beliefs about arousal. If one believes arousal to be 

dangerous, a given instance of elevated arousal is more likely to be interpreted as a threat. To 
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evaluate this hypothesis, they developed the anxiety sensitivity index, a measure intended to 

assess the belief that the bodily sensations that accompany anxiety are dangerous (Reiss et al., 

1986) and there is considerable evidence linking scores on the anxiety sensitivity index to the 

experience of panic attacks (McNally, 2002). Learning theorists have similarly posited that in 

those with panic disorder, arousal-related bodily sensations have become associated with 

panic. In other words, small elevations in arousal have become signals of a possible 

impending attack (Bouton et al., 2001, p. 22), producing a strong A→T effect. 

Here, we will integrate these three theoretical positions and posit that the ‘alarm 

system’ sensitivity embodied in the A→T effect is dependent on one’s arousal schema (S). 

Schemata are cognitive structures: “a relatively cohesive and persistent body of knowledge 

capable of guiding subsequent perception and appraisals” (Segal, 1988, p. 147). We will 

consider arousal schema to include beliefs about arousal, as embodied in the concept of 

anxiety sensitivity, as well as one’s learned associations with arousal, as emphasized in 

learning theories of panic disorder. Arousal schema guides the perception and appraisal of 

arousal, thereby moderating the relationship between arousal and perceived threat. We will 

consider arousal schema to be continuous and to range from 0 (indicating an absence of 

beliefs and learned associations whereby arousal poses or signals danger) to 1 (indicating 

beliefs or associations in which arousal poses or signals maximal danger). 

In our model, arousal schema moderates the strength of the A→T effect via its effect 

on the two parameters that define the A→T effect, which we will now denote as 𝜆$[𝑆] and 

𝜅$[𝑆] to indicate their dependence on arousal schema. We posit that an increase in arousal 

schema decreases 𝜆$[𝑆], moving the mid-point of the sigmoidal A→T effect to lower levels of 

arousal (i.e., to the left, in Figure 2), and increases 𝜅$[𝑆], steepening the slope of the sigmoid. 

The equations implementing this position are presented in Supplementary Materials A. These 

equations embody three theoretical positions. First, arousal schema is the primary component 
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determining the strength of the A→T effect. Second, because both parameters defining the 

A→T effect depend on S, they move together, precluding some forms of the sigmoidal A→T 

effect (e.g., there will never be an individual for whom both the mid-point and the steepness 

of the sigmoid are very low). Third, as arousal schema increases, progressively lower levels 

of arousal become capable of eliciting high levels of perceived threat.  

The role of arousal schema in altering the A⇄T feedback loop is illustrated in Figure 

3. In the language of dynamical systems, when arousal schema is low (left column), the A⇄T 

feedback loop is weak and the A⇄T system has a single stable equilibrium where arousal is at 

its within-person equilibrium (A = 0) and there is an absence of perceived threat (T = 0). If 

perturbed, the system will return to this stable state. As arousal schema increases (middle and 

right column), the 𝜆$[𝑆] parameter decreases, moving the sigmoidal A→T effect to the left, 

thereby making lower levels of arousal capable of eliciting perceived threat. In other words, 

the A→T effect becomes stronger. Eventually, this continuous change in arousal schema 

produces a discontinuous change in the system. The system develops an alternative stable 

equilibrium characterized by substantially elevated arousal and perceived threat (i.e., panic). 

If sufficiently perturbed, the system can now exhibit runaway amplifying feedback into the 

alternative stable state of panic. The higher the arousal schema, the more vulnerable the 

system is to this amplifying feedback. In other words, the higher one’s arousal schema, the 

more vulnerable one is to the experience of a panic attack.  
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Figure 3. Arousal schema shapes the behavior of the feedback loop between arousal and 
perceived threat. The phase portraits presented here depict how the simple system of arousal 
and perceived threat will change over time under conditions of low, moderate, and high arousal 
schema. The arrows in the background of each portrait are a vector field. Each vector (arrow) 
indicates the direction the system will move next from that point in the state space (i.e., the 
space defined by arousal and perceived threat) according to Equations 1 & 2. The grey and 
black lines are “nullclines,” identifying where the rate of change for arousal (grey) and 
perceived threat (black) is equal to zero. The points where these lines intersect are equilibria 
where the rate of change of both components is zero and, therefore, the system will remain 
fixed. Open circles identify unstable equilibria (repellors) from which the system will tend to 
move away. The filled black circles identify stable equilibria (attractors), towards which the 
system will tend to move. When arousal schema is low (left column), the system always moves 
toward the sole stable equilibrium: A = 0.00 and T = 0.00. For example, if the system starts at 
A = 0.50 and T = 0.20 (blue square), the system will move through the state space to that single 
stable equilibrium of A = 0.00 and T = 0.00 (blue line terminating in a blue circle). As arousal 
schema increases, there is a qualitative change in the systems dynamics: two new equilibria 
emerge (one stable and one unstable) and there are now paths through the vector field that lead 
to an alternative stable state of high arousal and high perceived threat. When arousal schema 
is high, these paths begin even at moderate levels of arousal. If the system again starts at A = 
0.50 and T = 0.20, it will now end in a state of high arousal and high perceived threat. 
Accordingly, as arousal schema increases, the system becomes more vulnerable to amplifying 
feedback between arousal and perceived threat. 
 

Additional Effects on Arousal. Figure 3 depicts the dynamics of the A⇄T feedback 

loop where arousal is influenced only by itself and perceived threat. To better represent all 

relevant factors affecting arousal, we incorporated two additional assumptions. First, we 

assume arousal fluctuates over time due to internal physiological processes and from 

interaction with the environment independent of perceived threat. We model these effects as 
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stochastic variation (noise; N) that perturbs arousal above and below a stable within-person 

equilibrium (A = 0). Second, we assume that the body’s regulatory processes (homeostatic 

feedback; H) return arousal to equilibrium following extreme perturbations, such as a panic 

attack. These auxiliary assumptions and the equations defining them are described further in 

Supplementary Materials A. With these assumptions, the equation defining !"
!#  becomes: 

!"
!#
=	𝛼"((𝛽"𝑇 + 𝑁 − 	𝐻) − 	𝐴)        (3) 

Together, the equations defining arousal and perceived threat – and their substantive 

interpretation – represent a minimal model of the feedback loop between arousal and 

perceived threat.   

Part 2: The Dampening Feedback of Escape Behavior. 

Theory Components. Although not identified in DSM diagnostic criteria, researchers 

studying panic attacks commonly describe a third component of panic-attack 

phenomenology: escape behavior (Barlow & Craske, 1988; Salkovskis, 1988; van den Hout 

& Griez, 1983). The urge to escape is among the more strongly endorsed features of these 

attacks (Norton et al., 2008) and some researchers have used the desire to escape as a 

criterion for identifying panic attacks (Chambless et al., 1985). Importantly, escape behavior 

(also commonly referred to as “safety-seeking” behavior) is not confined to overt efforts to 

flee a situation. “Patients sit down, hold onto walls… and generally engage in behaviors 

which they believe may abort imminent disaster” (Salkovskis, 1988, p. 130). Accordingly, 

escape behavior denotes any behavior aimed at preventing or mitigating the anticipated 

consequences of currently elevated autonomic arousal (Salkovskis, 1991). We will consider 

escape behavior to be continuous, signifying the severity of threat that the behavior is 

intended to mitigate ranging from 0 (an absence of escape behavior) to 1 (escape behavior 

intended to eliminate or mitigate the highest possible threat). 
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Relationships Among Perceived Threat and Escape Behavior. Cognitive 

behavioral theorists have noted that effortful attempts to directly attenuate one’s arousal are 

unlikely to be effective (Clark, 1999). Accordingly, we posit that the effect of escape is on 

perceived threat: as perceived threat rises, escape behavior is engaged (T→E); as escape 

behavior is engaged, perceived threat diminishes (E→T). We detail these effects below.  

The Effect of Escape Behavior on Perceived Threat (E→T). To incorporate the 

effect of escape behavior on perceived threat, we update the equation that defines perceived 

threat, adding a negative effect of E to the equation that defines the rate of change in T, and a 

parameter 𝛽$ that regulates the strength of that effect. This yields an updated equation for 𝑇 

that replaces the prior equation for perceived threat (Equation 3) in our model:  

!$
!#
= 𝛼$ -

%
%&'!"#[)](%!,#-!&#[)])

− 𝑇.      (4) 

The Effect of Perceived Threat on Escape Behavior (T→E). To embody the 

proposed effect of perceived threat on escape behavior, we define the rate of change in escape 

behavior (!(
!#

) as a function of escape behavior (E) and perceived threat (T). We define the 

effect of perceived threat on escape behavior (T→E) to be sigmoidal, with the parameters	𝜅( 

and 𝜆( 	determining the slope and mid-point for this effect, respectively. The sigmoidal effect 

allows us to embody the theoretical position that small perceived threats may arise without 

eliciting corresponding escape behavior. Together, this sigmoidal effect and a rate parameter 

𝛼( yield the equation: 

!(
!#
= 𝛼( -

%
%&'!"-(#!&-)

− 𝐸.     (5) 

People differ in the threats they can tolerate without escape, and several theorists have 

posited that one’s ability to cope with panic-related threat (i.e., panic self-efficacy) may play 

a significant role in the development and treatment of panic disorder (Beck et al., 1985; 

Casey, Oei, Newcombe, et al., 2004; Fentz et al., 2013; Gallagher et al., 2013). Casey et al. 
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(2004) and Sandin et al. (2015) posit that panic self-efficacy is a new path in the vicious cycle 

of panic attacks, acting  as a second mediator (alongside catastrophic misinterpretations) of 

the effect of arousal on perceived threat. However, as typically characterized and assessed, 

panic self-efficacy is more dispositional than this account would suggest, reflecting enduring 

beliefs about one’s ability to cope rather than occurrent thoughts about coping in the moment. 

Moreover, although one’s perceived ability to cope with elevated arousal may plausibly 

affect one’s cognitive appraisal of arousal, the concept of self-efficacy has a more behavioral 

focus, emphasizing the ability to persist in carrying out the behaviors necessary to achieve a 

particular goal (Bandura, 1977). In the context of panic disorder, this behavioral focus of self-

efficacy suggests the role of self-efficacy is not in mediating the appraisal of arousal, but 

rather in the actions that follow from perceived threat; that is to say, in whether or not to 

escape.  

We adopt this behaviorally focused conception of self-efficacy. We use the term 

escape schema (X) to refer to this component to avoid conflating it with work on panic self-

efficacy that emphasizes the role of self-efficacy in the appraisal of arousal, which we will 

consider to be part of arousal schema. We consider escape schema to reflect one’s beliefs 

about the level of perceived threat that one can cope with or tolerate without engaging in 

escape behavior (thus persisting in their current behavior), ranging from a belief that one 

cannot cope with or tolerate any threat without escaping (0; no “panic self-efficacy”) to the 

belief that one can cope with or tolerate the highest possible threat without escaping (1; high 

“panic self-efficacy”). Accordingly, higher escape schema values raise the threshold at which 

perceived threat elicits escape behavior, making escape behavior less likely to occur. To 

incorporate escape schema, we extend the equation defining escape to include escape schema 

as follows: 

!(
!#
= 𝛼( -

%
%&'!"-((#!/)!&-)

− 𝐸#.    (6) 
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With this extension, escape behavior develops in response to perceived threat that 

exceeds one’s perceived ability to cope or tolerate (i.e., 𝑇 − 𝑋 > 0). If X is high, then high 

levels of T can occur without eliciting escape behavior. Conversely, if X is low, even low T 

will elicit escape behavior; a tendency that, as described further in the next section, plays a 

crucial role in the development of panic disorder. 

Part 3: The Slow Amplifying Feedback Among Panic Disorder Symptoms 

Theory Components. In the DSM-IV, the Panic Disorder syndrome expanded to 

include three new symptoms: worry about the implications of an attack, persistent concern 

about additional attacks, and avoidance behavior (American Psychiatric Association, 1994). 

Worry suggests episodic thoughts about panic attacks and their consequences and such 

thoughts are endorsed by many who experience panic attacks (Craske et al., 2010). This 

panic-related worry is readily captured by a component already in the model: perceived 

threat; specifically, low-level perceived threat outside the context of a panic attack. 

“Persistent concern” either signifies episodic thoughts about panic attacks and their 

consequences, rendering it redundant with panic-related worry, or persistent beliefs about the 

dangerousness of panic-related bodily sensations (Craske et al., 2010, p. 104; McNally, 1994, 

p. 8). We favor the second interpretation and, hence, consider persistent concern to be 

captured by an existing model component: “arousal schema.” The third symptom, avoidance, 

denotes behavior aimed at preventing exposure to elevated arousal (e.g., by not drinking 

coffee) or exposure to situations that heighten the perceived consequences of elevated 

autonomic arousal (e.g., the middle of a crowded theater). Whereas escape concerns a threat 

that is already present, avoidance is preemptive, aimed at preventing the threat from arising. 

Given this distinction, we will incorporate avoidance as a separate component in the theory. 

Relationships Among Panic Attacks, Persistent Concern, and Avoidance. In an 

early contribution to panic disorder theory, Goldstein and Chambless (1978) posited a vicious 
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cycle that operates, not among the fast-moving symptoms of a panic attack, but rather among 

the slow-moving symptoms of panic disorder. Panic attacks, they posit, strengthen the belief 

that arousal is dangerous, thereby both producing avoidance behavior and increasing 

vulnerability to panic attacks. Reiss and McNally (1985) similarly argue that panic attacks are 

one path by which an individual may develop the belief that anxiety-related bodily sensations 

have harmful consequences. Bouton, Mineka, and Barlow (2001) agree, positing that the 

terror of an initial panic attack establishes an association between certain bodily sensations 

and full-blown panic such that the former predicts the impending possibility of the latter.  

A causal effect of panic attacks on arousal schema could explain how an initial attack 

may lead to the onset of panic disorder. However, it raises a critical question: why do those 

who develop panic disorder learn that the bodily sensations associated with a panic attack are 

dangerous rather than harmless? The repeated failure of a catastrophe to materialize should 

lead to more accurate beliefs regarding arousal, yet beliefs about their danger arise and 

persist. Clark and colleagues have posited several processes that maintain such beliefs (Clark, 

1999), including the possibility that escape behaviors engaged before or during an attack may 

shield catastrophic beliefs from refutation (Salkovskis, 1991; Salkovskis et al., 1999). The 

absence of the feared consequence is attributed to the escape behavior, leaving intact the 

belief that bodily sensations are dangerous. Learning theorists similarly argue that these 

behaviors act as inhibitors, predicting an absence of the feared consequence. As such, they 

eliminate the discrepancy between prediction and observation, preventing the individual from 

learning a more accurate and benign prediction about the consequences of arousal-related 

bodily sensations (Bouton et al., 2001). Hence, across theories, cognitive and behavioral 

theorists have argued that escape behavior plays a critical role in determining whether 

substantially elevated arousal strengthens or disconfirms the belief that arousal is threatening.  
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The Effect of Panic Attacks on Arousal Schema (P→S). Beliefs about the danger of 

arousal-related bodily sensations (i.e., arousal schema) do not fluctuate on the same seconds-

to-minutes time scale as arousal and perceived threat. Instead, they rise or fall over days or 

weeks. To accommodate these distinct scales, we divide the components of the model into 

fast-changing components moving at a time scale of minutes (i.e., arousal, perceived threat, 

escape) and slow-changing components moving at a time scale of days (i.e., arousal schema, 

escape schema, and avoidance; see Figure 1).  

Although operating on different time scales, the slow- and fast-moving components 

affect one another. The slow-moving components serve as constants with respect to the fast-

changing components, helping to define parameters in the equations that govern their 

behavior (e.g., see Equations 4 and 5). Conversely, the fast-changing components affect 

slow-changing components via the ability to learn.  

Consistent with prior theories, we posit that what is learned from experiences of 

elevated arousal and perceived threat depends on the combination of arousal, perceived 

threat, and escape behavior. To incorporate this effect of panic attacks on arousal schema, we 

incorporate each of these components, aggregated over time, in the equation defining the rate 

of change in arousal schema (!)
!#

). Rate parameters represent the rate at which beliefs and 

associations are either acquired (𝛼)%) or extinguished (𝛼)*; see Equation 7).  

Overall, !)
!#

 is given by the equation:  

!)
!#
=	:

0,																																																𝑖𝑓 max(𝐹+,-	. . 𝐹+) < 	θ																																													
𝛼)%(max(𝑇+,-	. . 𝑇+, 𝑆) − 𝑆), 𝑖𝑓	max(𝐹+,-	. . 𝐹+) ≥ 	θ, 	max(𝐸+,-	. . 𝐸+) > 𝜇	
−𝛼)*	𝑆,																																					𝑖𝑓	max(𝐹+,-	. . 𝐹+) ≥ 	θ, max(𝐸+,-	. . 𝐸+) ≤ 𝜇		

	

 (7) 

Three conditional statements determine the appropriate calculation of !)
!#

. First, the 

parameter θ	is used to determine whether arousal and perceived threat are sufficiently present 

to allow for learning to occur. To make this determination, we calculate the geometric mean 
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of arousal and perceived threat (√𝐴 × 𝑇), which we will refer to as Fear (F), taking the 

position that these are core ingredients of emotion that when jointly present are commonly 

experienced as fear. The use of the geometric mean embodies the theoretical position that 

both arousal and perceived threat must be present for this type of learning to occur.  

If fear is low (i.e., 𝑚𝑎𝑥(𝐹+,-	. . 𝐹+) < θ), there is no opportunity for learning, and 

arousal schema will not change (see Equation 7). If fear is elevated, there is opportunity for 

learning, and the lesson learned depends on whether escape behavior was also present. If 

individuals engage in escape behavior during these episodes (e.g., leave the crowded subway 

train), they will counterfactually infer that the anticipated consequences of arousal (e.g., 

fainting on the train) would have occurred if not for the escape behavior. Thus, they will learn 

that arousal is as dangerous as it was perceived to be during the attack. We represent this 

learning in our model with a second conditional statement: If the maximum level of escape 

behavior over a given time period Ω (i.e., 𝑚𝑎𝑥(𝐸+,-	. . 𝐸+)) exceeds an established threshold 

(given by parameter 𝜇), then arousal schema will move toward the maximum level of 

perceived threat during that period of time (i.e., 𝑚𝑎𝑥(𝑇+,-	. . 𝑇+), at a rate determined by the 

growth (or acquisition) parameter 𝛼)%. In our implementation of these equations, we will set 

Ω to 1440 and interpret this time period as 1 day (i.e., 60 minutes x 24 hours).  

If an individual experiencing fear does not engage in escape behavior, they are able to 

learn that, even when not engaging in escape behavior, no adverse consequences occur (an 

effect that, as we will see in Section 2, plays a critical role in cognitive behavioral therapies 

for panic disorder). For example, if the individual remains on the crowded subway train and 

observes their surge of arousal pass without consequence, they can learn that escaping the 

train is unnecessary for arousal to wane without incident. Learning that arousal is not 

dangerous is embodied in the third conditional statement that determines the calculation of 
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!)
!#

: if escape behavior is below a given threshold (i.e. 𝑚𝑎𝑥(𝐸+,-	. . 𝐸+) ≤ 𝜇), then the arousal 

schema variable will move toward 0 at a rate determined by the decay parameter 𝛼)*.  

The Effect of Panic Attacks on Escape Schema (P→X). The effect of panic attacks 

on arousal schema is mirrored for escape schema. If fear is elevated (i.e., max(𝐹+,-	. . 𝐹+) ≥

	θ), then one has the opportunity to learn. If escape behavior is also present, then one 

mistakenly concludes that escape behavior helped to stave off perceived threat and, therefore, 

the level of perceived threat one will tolerate without engaging in escape behavior is reduced. 

However, if escape behavior is not present, the one is able to learn that escape behavior is not 

necessary to prevent the perceived threat and, therefore, the level of perceived threat one will 

tolerate without engaging in escape behavior rises. 

!.
!#
=	L

0,																																																							𝑖𝑓	max(𝐹+,-	. . 𝐹+) < 	θ																																										
𝛼.%(max(𝑇+,-	. . 𝑇+, 𝑋) − 𝑋),					𝑖𝑓	max(𝐹+,-	. . 𝐹+) ≥ 	θ, max(𝐸+,-	. . 𝐸+) ≤ 𝜇		
−𝛼.*	𝑋,																																											𝑖𝑓	max(𝐹+,-	. . 𝐹+) ≥ 	θ, max(𝐸+,-	. . 𝐸+) > 𝜇				

     (8) 

The Effect of Arousal Schema on Avoidance (S→V). As beliefs about the danger 

posed by arousal change, so does one’s willingness to engage in activities that elicit arousal 

or to place oneself in contexts where the consequences of panic attacks may be especially 

severe. Accordingly, the rate of change in avoidance (!0
!#

) is a function of the current level of 

avoidance (V) and of arousal schema (S). As with the effect of perceived threat on escape 

behavior, we posit a sigmoidal effect, with slope parameter 𝜅0 and mid-point parameter 

𝜆0 ,	bounding avoidance behavior between 0 (an absence of avoidance) and 1 (maximal 

avoidance) and setting a threshold at which arousal schema begins to lead to avoidance: 

!0
!#
= 𝛼0(

%
%&'!"0()!&0)

− 𝑉)     (9) 

The Effect of Avoidance on Stochastic Variation in Arousal (N) and Context (V→N, 

V→C). Avoidance has its effect on two fast-changing components. First, avoidance helps 

define a parameter in the equations that determines the amount of stochastic variation in 
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arousal (N). With higher avoidance, the stochastic variation in arousal is dampened, 

representing a reduction in activities that elicit fluctuations in arousal, such as drinking coffee 

or walking quickly up the stairs. Second, avoidance affects the extent to which people are 

willing to enter a situation in which the perceived likelihood or consequences of a panic 

attack are heightened (e.g., a crowded theater; Klein & Klein, 1989). Accordingly, we added 

a binary context (C) variable to the model that acts as a second moderator of the effect of 

arousal on perceived threat. The value of C (0 or 1) is chosen probabilistically (e.g., 10% 

likelihood of entering panic-predisposing context [C=1]) and, once chosen, remains fixed for 

a specified period (e.g., 60 minutes), after which it is chosen again. When C=1, the effect of 

arousal on perceived threat is strengthened. With higher avoidance, the likelihood of entering 

such a context diminishes. The roles of avoidance in the equations determining N and C as 

well as the moderating effect of C on A→T are each described further in Supplementary 

Materials A. 

Summary. The equations presented here, and their substantive interpretation, 

constitute a formalized network theory of panic disorder: a theory that posits the precise 

relationships among a set of symptoms and expresses those relationships as set of 

mathematical equations. We implemented this theory in the software environment R (R Core 

Team, 2014) as a series of difference equations (see Supplementary Materials A), providing 

us with a computational model that can precisely deduce the system behavior implied by the 

theory. This computational model is freely available at https://github.com/jmbh/PanicModel. 

In the remainder of this paper, we use this computational model as a tool for evaluating 

whether the theory can explain what it purports to explain (Epstein, 2008; Smaldino, 2017) 

and, subsequently, for informing how the theory can be improved. 

Section 2: Evaluating the Network Theory of Panic Disorder 
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The ability to explain phenomena is a chief criterion by which psychological theories 

should be evaluated (van Rooij & Baggio, 2020). A theory explains a phenomenon if one can 

demonstrate that the phenomenon indeed follows from the theory (van Dongen et al., 2022). 

In contrast to theories expressed only in words, computational models provide considerable 

support for evaluating explanation by equipping us to precisely deduce whether a given 

phenomenon follows from the theory.  

In this section, we use the computational model developed in Section 1 to evaluate the 

network theory of panic disorder, determining whether the theory explains the following five 

robust panic-disorder related phenomena. First, panic attacks are characterized by a specific 

phenomenology: a rapid surge of arousal and perceived threat that occurs in the absence of an 

external threat (Barlow & Craske, 1988). Second, individuals vary in the propensity to 

experience panic attacks. This is perhaps most clearly illustrated in the biological challenge 

literature, where the same perturbation to arousal-related bodily sensations elicits panic 

attacks in some individuals but not others (Clark, 1993; Liebowitz et al., 1984; Rapee, 1995; 

Woods et al., 1988). Third, recurrent panic attacks are often accompanied by avoidance 

behavior and persistent beliefs regarding the danger of arousal (Buller et al., 1986; White et 

al., 2006). That is, these symptoms often cohere as a syndrome. Fourth, panic attacks often 

occur in the absence of panic disorder. More than a quarter of U.S. adults report having had at 

least one panic attack over the course of their lives, but lifetime prevalence of panic disorder 

is only around 3.7% (Kessler et al., 2006). Finally, cognitive behavioral therapy reduces 

symptoms of panic disorder (Barlow, 1997). An adequate theory must be able to produce 

these fundamental features of panic attacks and panic disorder. We conducted three 

simulations to determine whether the network theory can do so. A reproducibility archive for 

all model simulations and corresponding figures is available at https://osf.io/gpu3v/. 

Simulation 1: Biological Challenge 
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For the first simulation, we simulated perturbations to arousal analogous to biological 

challenges in which researchers use standard procedures (e.g., CO2 inhalation) to induce 

arousal-related bodily sensations (Clark, 1993; Liebowitz et al., 1984; Rapee, 1995; 

Roberson-Nay et al., 2015; Woods et al., 1988). These simulated challenges induce a 

moderate level of arousal across all participants and, thus, are an ideal way to evaluate 

whether the theory can produce our first two phenomena of interest: (a) the basic 

phenomenology of a panic attack and (b) individual differences in the vulnerability to panic 

attacks. 

We first created a sample of 1,000 simulated individuals, each of whom was assigned 

a different initial value for two key model components: arousal schema and escape schema. 

Arousal schema values were drawn from a normal distribution with a relatively low mean 

(.25) because most individuals endorse minimal beliefs regarding the danger of arousal-

related bodily sensations (Deacon et al., 2003). We specified a standard deviation for the 

distribution (SD = .15) such that the proportion of systems with an alternative stable state in 

the simple system defined by arousal and perceived threat would be low, given the low 

lifetime prevalence of having at least one panic attack (Kessler et al., 2006). Escape schema 

values were drawn from a normal distribution with a mean of (.50) and standard deviation of 

.15. Together, these distributions can be regarded as auxiliary hypotheses regarding the 

distribution of beliefs about the danger of arousal and the need for escape behavior in the 

population prior to any experience of a panic attack (see Supplementary Materials B for 

further discussion).  

With this sample, we evaluated how different individuals respond to the same 

perturbation. For each individual, we began with arousal equal to 0 and simulated 60 minutes 

of model behavior, inducing a moderate level of arousal (A=.50) at minute 10. To evaluate 

the response to perturbation, we calculated two variables of interest: (a) the peak level of fear 
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experienced in response to the perturbation and (b) the time to recover to the mean level of 

fear prior to the perturbation. In addition, we evaluated whether each simulated individual 

exhibited a panic attack in response to the perturbation. In the DSM, panic attacks are defined 

by "an abrupt surge of intense fear or intense discomfort that reaches a peak within minutes,” 

accompanied by at least four or thirteen cognitive (e.g., fear of dying) or somatic symptoms 

(e.g., heart pounding, American Psychiatric Association, 2013). In this and all remaining 

simulations, we implemented these measurement criteria by evaluating (a) whether fear was 

significantly elevated (F > 0.50), (b) whether the maximal level of fear was at least double 

that of the fear level 10 minutes prior to this peak, and (c) whether arousal was elevated 

during the experience of fear (A > 0.25).   
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Figure 4. Results of a Simulated “Biological Challenge” Paradigm. Panel A depicts the 
response to an arousal perturbation occurring at Minute 10 for an individual with relatively low 
arousal schema (S=0.23). This individual exhibited only very brief and low-level elevation in 
fear (defined by the geometric mean of arousal and perceived threat) in response to the 
perturbation. Panel B depicts the response to the same perturbation in an individual with 
moderately elevated arousal schema (S=0.52). This individual experience a surge of fear that 
peaked within ten minutes of the perturbation. Panel C depicts the relationship between arousal 
schema and peak fear response in the full sample. Panel D depicts the relationship between 
arousal schema and the time to recover to the baseline level of fear in the full sample. In panels 
C and D, individuals who met criteria for a panic attack are depicted in red. 

 

The results of this simulation are depicted in Figure 4. Although the timing and 

strength of the perturbation was consistent, responses to the perturbation varied widely. Most 

individuals exhibited minimal, transient fear in response to the perturbation. In the full 
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sample, the median peak fear was low (Mdn = .05) and the median time to recover was short 

(Mdn = 4 minutes). Panel A depicts a typical example of such a response. However, some 

individuals exhibited substantially higher fear (maximum peak fear = 0.97) and substantially 

longer to recover (maximum time to recover = 20 minutes). Panel B depicts a typical example 

of such a response. As depicted in Panels C and D, respectively, arousal schema was strongly 

associated with the peak level of fear in response to perturbation (r=.65 [.62, .69], p<.001) 

and was moderately associated with time to recover from fear (r=.48 [.43, .53], p<.001).  

Most individuals in this simulation (98.3%) did not meet criteria for a panic attack, 

exhibiting only minimal elevations in fear following the perturbation (Mdn = .05 among 

those with no panic attack). However, in response to that same perturbation, a minority 

(1.7%) did meet panic attack criteria. These individuals exhibited substantial elevations in 

fear (Mdn peak fear = .79 among those with a panic attack). This surge of arousal and fear 

was followed by a period in which arousal went below its equilibrium for a sustained period 

(e.g., see Panel B; a phenomenon we discuss further in Section 3). Among those who 

exhibited a panic attack, 64.7% (1.1% of the full sample) exhibited at least modest escape 

behavior (E > .1). No escape behavior occurred in those without a panic attack. Arousal 

schema was elevated in those who exhibited a panic attack relative to those who did not 

(M=.57 vs. M=.26 in those with and without a panic attack, respectively; Welch’s t = 15.27, 

p<.001). Together, these findings demonstrate that the theory can account for the first two of 

our phenomena of interest: the basic phenomenology of panic attacks and individual 

differences in vulnerability to those attacks. 

Simulation 2: Natural Variation in Arousal 

In Simulation 2, we used the same sample of individuals to examine how the model 

behaves over 3 months of simulated time. With this longer time frame, Simulation 2 allows 

us to examine whether the theory can explain our next two phenomena of interest: the 



 
 
 
A COMPUTATIONAL MODEL OF PANIC   30 

development of panic disorder and the phenomenon of non-clinical panic attacks. We defined 

panic disorder by the presence of three symptoms: recurrent panic attacks (>1 during the past 

month), persistent concern (i.e., arousal schema > .50), and persistent avoidance (i.e., 

avoidance > .50). We defined non-clinical panic attack as the experience of a panic attack 

that occurred outside the context of panic disorder and without the subsequent development 

of panic disorder.  

 

Figure 5. Results of 3-Month Simulation. Panels A and B depict the 60 minutes before and 
after the moment of most intense fear reported during the 3-month simulation for participants 
with low (S=0.23) and moderate (S=0.52) initial arousal schema, respectively (the same 
participants depicted in Figure 4). Panel C depicts the evolution of arousal schema, escape 
schema, and perceived threat over the full 3-month simulation for a participant who began 
with moderate arousal schema (S=.43) and later developed panic disorder following a panic 
attack that occurred in Week 7 of the simulation. Panel D depicts the relationships among 



 
 
 
A COMPUTATIONAL MODEL OF PANIC   31 

arousal schema, escape schema, avoidance, and panic attack frequency at the end of the 3-
month simulation. In this panel, individuals depicted in red are exhibiting recurrent panic 
attacks, persistent beliefs about the danger of arousal, and high levels of avoidance and, thus, 
would meet criteria for panic disorder. Among these, 40 individuals exhibited maximally 
severe arousal and escape schema values by the end of the simulation period (i.e., S=1.00 and 
X=0.00).  
 

The findings from Simulation 2 are depicted in Figure 5. Four phenomena can be seen 

in these simulation results. First, as with Simulation 1, the theory again produces individual 

differences in the propensity to experience panic attacks. For most individuals, arousal varies 

around its within-person mean and elicits minimal levels of perceived threat at any point 

during the simulation (e.g., Panel A). However, for 7.9% of the simulated sample, that same 

natural variation in arousal is sufficient to elicit a panic attack at some point during the 

simulation (e.g., see Panel B). Notably, individual differences in response to the simulated 

biological challenge in Simulation 1 were predictive of panic-related outcomes in Simulation 

2. Peak fear, time to recover, and escape behavior in the biological challenge simulation all 

predicted both panic attacks (r=.62 [.58, .66], .33 [.28, .39], and .33 [.27, .38], respectively; 

ps<.001) and panic disorder (r=.43 [.37, .48], .20 [.14, .26], and .21 [.15, .27], respectively; 

ps<.001). 

Second, we again see that the theory produces the basic phenomenology of panic 

attacks: a surge of arousal and perceived threat that arises in the absence of external threat 

(see Panel B). Interestingly, the model also suggests why people may perceive panic as being 

qualitatively distinct from a state of anxiety. In the presence of strong positive feedback, the 

shift between states does not occur gradually; it occurs as a sudden transition: a catastrophic 

shift into a state of panic. This categorical shift is noteworthy because it arises from 

dimensional changes in the components of the positive feedback loop, illustrating a general 

feature of complex systems: in some conditions (e.g., low arousal schema), complex systems 

can behave continuously, whereas in others (e.g., high arousal schema) they can only occupy 
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a limited number of discrete states (Borsboom et al., 2016). Thus, the model may explain 

why panic attacks are experienced as discontinuous with the normal state of being, even 

though they key variables involved are all continuous.    

Third, the theory produces the emergence of the panic disorder syndrome over time in 

some individuals (e.g., Panel C). Among those who experienced a panic attack, 55.7% moved 

into a state in which they would meet diagnostic criteria for panic disorder by the end of the 

simulation: experiencing recurrent panic attacks, persistent concern, and exhibiting persistent 

avoidance, giving an overall panic disorder prevalence of 4.4% in the full sample (these 

individuals are depicted in orange or red in Panel D). For these individuals, initial arousal 

schema was sufficiently high that there was some vulnerability to a panic attack and initial 

escape schema was sufficiently low that when such an attack occurred, they turned to escape 

behavior as a way of managing the perceived threat. Consequently, these individuals learned 

that arousal was dangerous and that escape behavior was effective, initiating a slow vicious 

cycle in which panic attacks led to greater vulnerability, and greater vulnerability led to more 

panic attacks. With increasing belief in the danger of arousal, there was a corresponding 

increase in avoidance behavior, which effectively regulates the frequency of panic attacks, 

but is insufficient to prevent them entirely and comes at the cost of constraining the system’s 

behavior.  

Fourth, the theory produces non-clinical panic attacks. Among those who experienced 

a panic attack in this simulation, 24.1% experienced only a single attack and 44.3% did not 

develop panic disorder. For these individuals, initial escape schema values were sufficiently 

high that they did not engage in significant escape behavior in response to instances of panic 

(e.g., see Figure 5, Panel B), allowing them to learn that arousal is less dangerous than they 

perceived it to be at the height of their panic attack and that escape behavior is less necessary 

in the face of perceived threat than previously assumed.  
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Simulation 3: Treatment of Panic Disorder 

In a final simulation, we evaluated whether the theory accounts for the effects of 

cognitive behavioral therapy on panic disorder. To do so, we simulated a treatment trial in 

which 500 individuals with panic disorder received a 5-week cognitive-behavioral therapy 

intervention and were then followed for 3-months. As in the prior simulations, we began by 

assigning each participant a different initial value for two key model components: arousal 

schema and escape schema. Arousal schema values were drawn from a distribution with a 

high mean (.80) and escape schema values were drawn from a distribution with a low mean 

(.20), thereby representing a sample that would meet criteria for panic disorder.   

Implementing the treatment mathematically forced us to explicitly posit how exactly 

cognitive behavioral treatments have their effect on panic disorder. We generated these 

auxiliary hypotheses by reviewing a 5-week cognitive behavioral therapy intervention (Otto 

et al., 2012; Otto et al., 2010) and positing which model components are targeted by 

individual components of the therapy (see Figure 6). We identified four treatment 

components: (a) psychoeducation, in which the individual is presented a framework for 

understanding how cognitions, emotions, and behaviors interact to give rise to panic attacks 

and panic disorder; (b) cognitive restructuring, in which the individual completes exercises 

that challenge one’s beliefs about the likelihood and severity of adverse consequences from 

arousal-related bodily sensations; (c) interoceptive exposure, in which the individual induces 

elevated levels of arousal while receiving explicit encouragement to refrain from escape 

behavior during these exercises; and (d) in vivo exposure, in which the individual enters 

situations in which the perceived consequences of arousal are heightened. Notably, these 

auxiliary hypotheses concern this specific 5-week protocol and may differ when 

implementing alternative cognitive behavioral treatment protocols. In addition to these 

posited treatment mechanisms, we made three auxiliary hypotheses: (a) individuals vary in 
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the extent to which they understand or believe the information provided in psychoeducation 

and cognitive restructuring; (b) some individuals do not complete all assigned exposure 

exercises; and (c) some individuals do not fully adhere to the guidance to refrain from escape 

behavior when perceived threat becomes especially elevated (for further details, see 

Supplementary Materials B). 

 

Figure 6. Auxiliary hypotheses regarding the effect of cognitive behavioral treatment of 
panic disorder. Four therapy components from the 5-week CBT protocol developed by Otto 
and colleagues (2010, 2012) and their posited effects on the components of the panic disorder 
model are depicted in blue. Psychoeducation in Session 1 aims to decrease the beliefs that 
arousal is dangerous (arousal schema) and increase confidence in one’s ability to cope with 
perceived threat without engaging in escape behavior (escape schema). Cognitive 
Restructuring in sessions 2 & 3 further targets arousal schema. Interoceptive exposure 
exercises completed daily beginning in session 2 perturb arousal with increasing perturbation 
strength (A=.25, .50, .75 and 1.00 for the weeks beginning with Sessions 2-5, respectively). 
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In vivo exposure assigned daily beginning in Session 4 entails entering contexts in which the 
perceived consequences of a panic attack are heightened and is done in conjunction with 
interoceptive exposure. Critically, participants are instructed not to engage in escape behavior 
during any exposure exercises, making exposure a second target of both interoceptive and in 
vivo exposure.  
 

The results of Simulation 3 are depicted in Figure 7. A successful case of treatment is 

depicted in Panel A. In treatment Session 1, psychoeducation produces reductions in arousal 

schema and increase in escape schema, though some of that improvement is lost when a panic 

attack occurs later in that week. In treatment Session 2 and 3, cognitive restructuring further 

lowers arousal schema. In addition, beginning in Session 2, daily interoceptive exposure 

exercises perturb arousal with increasing perturbation strength, sometimes eliciting 

significantly elevated levels of perceived threat. Because escape behavior was refrained from 

during these exercises, the individual learned that arousal is not dangerous and escape 

behavior unnecessary, thereby reducing their beliefs and learned associations concerning the 

danger posed by arousal (lower arousal schema) and increasing the level of perceived threat 

they are willing to experience before resorting to escape behavior (higher escape schema). 

Beginning in Session 4, interoceptive exposure exercises are combined with in vivo exposure 

exercises, “chaining together” stimuli that lead to heightened perceived threat with the aim of 

maximizing the opportunity to learn that those stimuli do not pose danger (Powers et al., 

2010). Through this combination of in vivo and interoceptive exposure, further treatment 

gains are made. Arousal schema steadily decreases while escape schema rises. By the end of 

treatment, this individual has sufficiently low arousal schema that the system no longer 

contains an alternative stable state. That is, they are no longer vulnerable to the experience of 

panic attacks. Accordingly, this simulation demonstrates that the theory can account for the 

efficacy of cognitive behavioral therapy. 
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Figure 7. Results of Cognitive Behavioral Treatment Simulation. S1-S5 = Treatment sessions 
1-5. E = Treatment endpoint. Panel A depicts the effects of treatment for one individual who 
responded well to the cognitive behavioral treatment. Panel B depicts the effects of treatment 
on arousal schema (S) in sample of 500 individuals with a range of treatment adherence 
parameters. Panel C depicts the effects of treatment on arousal schema as function the quantity 
and quality of exposure exercises. 

 

Not all simulated treatments were so successful. As depicted in Panel B, 36.2% of 

individuals either failed to respond during the treatment or relapsed during the post-treatment 

follow-up. Panel C shows that the quality of exposure exercises (i.e., the extent to which 

individuals responded to the prohibition of escape behavior) was especially important to 

treatment outcomes. If the quality of exposure exercises was low, it did not greatly matter 

how many exercises were completed, improvement was minimal. If high, even people who 
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completed a relatively small number of exposures achieved some reduction in arousal 

schema. As we discuss further in Section 3, this model prediction has significant implications 

for how we understand (and, potentially, how we might improve) cognitive behavioral 

treatments for panic disorder, highlighting the importance of ensuring adequate quality of 

interoceptive and in vivo exposure.  

Summary 

The results of our simulations demonstrate that the network theory of panic disorder – 

and the cognitive behavioral framework upon which it is based – can produce, and thus 

explain, well-established panic disorder-related phenomena. In future research it will be 

important to build on this demonstration by evaluating the quality of this explanation. In 

other words, the theory can explain the phenomenon, but is it a good explanation? Recently, 

van Dongen et al. (2022) proposed criteria to evaluate explanatory quality. Among these, it 

will be especially helpful to evaluate robustness: the extent to which the phenomena 

evaluated here are produced across different formalizations that remain consistent with the 

theory. For example, we specified a perfectly linear effect of perceived threat on the rate of 

change in arousal, but an alternative monotonically increasing effect in which low levels of 

perceived threat elicit low levels of arousal and high levels of perceived threat elicit high 

levels of arousal would also be consistent with the theory. It is therefore important to evaluate 

the extent to which production of the phenomena is robust to these modeling choices (for a 

related discussion; see Guest, 2023).    

In addition to demonstrating what the theory can explain, the simulations presented 

here also provide additional insight into the experience of panic disorder (e.g., its tendency to 

feel abrupt and discontinuous with earlier states) and its treatment (e.g., the critical 

importance of exposure quality). These insights can motivate future research, providing an 

opportunity to advance our understanding of panic disorder and its treatment. Just as 
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importantly, the simulations also identify shortcomings of the theory and, thereby, provide us 

an opportunity to learn how the theory might be improved . It is these opportunities to which 

we turn in the next section. 

Section 3: A Theory-Driven Research Agenda for Panic Disorder 

In this section, we propose an agenda for panic disorder research directly informed by 

the initial generation and evaluation of the formal network theory of panic disorder. This 

agenda is rooted in the broad framework of Theory Construction Methodology (Borsboom, 

van der Maas, et al., 2021; Haslbeck et al., 2021) and is built around three avenues for further 

research and theory development (see Figure 8). First, constructing the computational model 

revealed that there is little empirical guidance for specifying many key aspects of the theory, 

thereby identifying areas in need of further empirical research that would directly inform our 

understanding of the system that gives rise to panic disorder. Second, because the formal 

theory allows us to deduce the behavior that should follow from the theory, it makes 

predictions about phenomena that we should expect to see in the real world, including 

phenomena not yet well-established by empirical research. Investigating these phenomena 

would serve to either corroborate or guide the revision of the theory proposed here. Finally, 

plausible panic disorder-related phenomena remain unexplained by the theory, providing the 

opportunity to revise the theory through abductive inference with the aim of expanding the 

theory’s explanatory breadth. In the remainder of this section, we propose three concrete 

areas for future research and theory development in each of these three domains. 
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Figure 8. Framework for proposed research agenda. The computational model presented here 
allowed us to identify areas in need of rich descriptive research, novel phenomena worthy of 
further study, and phenomena for which the theory cannot account. In this section, we propose 
a research agenda for panic disorder built on these contributions. The aim of this research 
agenda is to iteratively refine the computational model, expanding its explanatory breadth and 
strengthening its practical utility in predicting, preventing, and treating panic disorder. 
 
Rigorously Describe the Target System 

The theory generated here aims to represent the system that gives rise to panic 

disorder (i.e., the “target system”). There are many aspects of this system for which the 

empirical literature provides minimal insight. To advance theories of panic disorder, it will be 
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necessary to gather rich descriptive data on each of the individual components of the target 

system as they evolve over time in relation to one another, across timescales and across a 

range of conditions. Such data would strongly inform key aspects of the theory, including the 

functional forms and parameters that define the nature of the posited causal effects. To 

illustrate, we consider three unknowns identified during the process of generating this initial 

formal theory and the empirical research that could address them. 

What is the Precise Effect of Perceived Threat on Arousal? We posited a linear 

effect of perceived threat on the rate of change in arousal, based on the assumption that even 

low levels of perceived threat motivate some preparation for the body to respond and that the 

need to conserve energy calls for a response that is in proportion to the posed threat. If the 

functional form of this effect is different than we have posited here, the predictions from this 

theory could differ substantially (Robinaugh et al., 2021). Experimental studies that 

manipulate perceived threat and evaluate the corresponding impact on arousal with intensive 

(ideally, near-continuous) time-series data on relevant model components are needed to 

clarify the precise nature of this important causal effect and how it differs across people.    

What are the Conditions Under Which Learning Occurs? In our model, learning 

occurs only when there is at least moderately elevated fear. This theoretical position is akin to 

that made in emotion processing theory (Foa & Kozak, 1986), where learning occurs only 

when there has been activation of the “fear network.” Further research is needed to evaluate 

whether this thresholding is appropriate or if learning can occur in response to even low 

levels of arousal and perceived threat. Similarly, it will be important to clarify whether there 

is a threshold at which the level of fear impairs learning. This may again be especially fruitful 

to evaluate in experimental settings (e.g., following modest perturbation to arousal) as well as 

in treatment settings following early exposure exercises, ideally leveraging the rich 

information provided by intensive time series data on relevant model components.  
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 Is Variation in Arousal Under Volitional Control? In our model, avoidance 

regulates panic attack frequency, in part, by reducing variability in arousal. Although 

plausible, to our knowledge there is no evidence to suggest that avoidance is indeed 

successful in controlling arousal in this way. This issue could be readily investigated by 

asking healthy individuals to avoid arousal-inducing stimuli and activities and evaluating the 

extent to which these efforts affect objective indices of arousal. If avoidance does not affect 

arousal, it would mean that the regulatory effect of avoidance either occurs solely through 

prevention of exposure to panic-predisposing situations or operates through a mechanism 

beyond those posited by our theory. Accordingly, further research would either support the 

theory or provide clear guidance for how it should be revised.  

Evaluate and Describe Potential New Phenomena 

Alongside research on the individual components in the posited target system and the 

relationships among them, it will also be helpful to investigate phenomena that the theory 

predicts should arise from this target system. These predicted phenomena can help further 

clarify whether the theory’s predictions are aligned with empirical research and, thus, 

whether theory is a good representation of the system that gives rise to panic disorder. To 

illustrate, we consider three such phenomena. 

Biological Challenge Response Should Predict Future Panic Attacks. As noted in 

our discussion of Simulation 2, the model predicts that the time to recover from a 

perturbation to arousal (i.e., referred to as the system’s engineering resilience in the 

dynamical systems literature) and the peak level of perceived threat in response to a 

perturbation are markers of the system’s vulnerability and, thus, should prospectively predict 

panic attacks. Consistent with this prediction, Schmidt and colleagues have reported that 

subjective distress (r = .55) and self-reported symptoms of arousal-related bodily sensations 

(r = .47) in response to CO2 inhalation prospectively predict the onset of panic attacks 
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(Schmidt et al., 2007; Schmidt & Zvolensky, 2007).  However, multiple smaller studies have 

failed to observe these prospective associations (Coryell et al., 2006; Harrington et al., 1996; 

Perna et al., 1999). Accordingly, additional research – appropriately powered, focused on 

response indices informed by this model, and, ideally, preregistered – is needed to determine 

whether this is indeed a robust phenomenon. If so, it would not only provide support for this 

theory, it would also suggest that perturbations to arousal are a valuable means of detecting 

risk for panic attacks, thereby enhancing the clinical utility of ‘biological challenge’ 

paradigms (Forsyth & Karekla, 2002). 

Intervening on Self-efficacy Early in Treatment Should Improve Treatment 

Outcomes. In our simulated intervention, some individuals failed to respond to treatment. In 

many cases, this failure occurred because the combination of one’s escape schema and one’s 

adherence to the instruction not to escape were insufficiently high to prevent escape (or 

“safety-seeking”) behavior during exposure exercises. These findings suggest that there may 

be insufficient focus on improving escape schema early in treatment. Consistent with this 

possibility, Gallagher and colleagues (2013) reported that the largest gains in panic self-

efficacy (comparable to our escape schema component) were not made until later in 

treatment, when the focus of treatment is on exposure exercises. As we demonstrate in more 

detail elsewhere (Ryan et al., 2023), the model predicts that intervening on escape schema 

early in treatment, independent of the instruction to refrain from escape behavior during 

exposure exercises (e.g., by having patients recall life experiences in which escape behavior 

was not relied upon in the face of perceived threat), will both increase the proportion of 

people who successfully respond to treatment and reduce the likelihood of relapse after 

treatment concludes. 

Arousal Should Be Diminished Following a Panic Attack. The model predicts that 

arousal should be below its within-person equilibrium for an extended period following a 
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panic attack. There are at least two reasons to believe that this is indeed a robust 

phenomenon. First, following a panic attack it is common for individuals to experience “total 

exhaustion” (Radomsky et al., 1998; Uhde et al., 1985, p. 42). Second, some individuals 

report a “panic-safe period” after a panic attack, during which vulnerability to panic attacks is 

decreased (Radomsky et al., 1998), a possibility that is consistent with diminished arousal. 

However, further research is needed to determine whether this is indeed a robust 

phenomenon, work that will clarify not only panic termination, but also the processes that 

contribute to panic onset.  

Iteratively and Collaboratively Develop Panic Disorder Theory 

 The integrated theory presented here was generated to explain five panic-disorder 

related phenomena. We selected these phenomena because they were among the most robust 

phenomena we could identify and because we regard them as central features of panic attacks 

and panic disorder. As presented in the previous section, our computational model 

simulations demonstrate that the theory indeed produces those phenomena. It will be critical 

to evaluate the theory’s ability to account for phenomena beyond those examined here. 

Indeed, the model’s ability to account for phenomena beyond those it was initially generated 

to explain will arguably give the clearest sense of the model’s strengths and weaknesses. Yet, 

even at this stage, the model simulations reveal that there are plausible phenomena for which 

the theory does not account. These potential explanatory failures suggest there may be 

shortcomings in how well the theory represents the target system. Far from being a limitation 

of this modeling effort, we consider the identification of such phenomena to be a significant 

advantage of the approach taken here as these potential explanatory shortcomings identify 

areas in need of further empirical research and potential opportunities for theory 

development. Here, we consider three such potential explanatory failures and theory revisions 

that could address them. 
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What Explains Moderate Severity Panic Disorder? Our model predicts that 

individuals who develop panic disorder will ultimately develop maximally severe panic 

disorder, a prediction inconsistent with the simple observation that the mean severity of panic 

disorder typically falls in the moderate range (Furukawa et al., 2009). One of several 

potential explanations for this explanatory failure lies in the learning that occurs following 

panic. In the current model, arousal schema moves toward the maximum level of perceived 

threat experienced during a panic attack. If instead arousal schema moved toward the mean 

perceived threat during the attack or only the level of threat mitigated by escape behavior 

(and thus counterfactually inferred to be present), then the rise of arousal schema would be 

lessened, and panic disorder would be less severe. This possibility underscores the potential 

value of better grounding the model’s learning mechanism in prior models of learning. There 

are several candidate models. For example, panic theory’s emphasis on learning about what it 

means to be in a state of arousal (arousal schema) and the need to escape (escape schema) 

parallels the emphasis on learning about states and actions in actor-critic models (Grondman 

et al., 2012). Alternatively, the tendency in panic disorder for people to infer the presence of 

an unseen threat (e.g., heart attack) in the face of significant prediction error (e.g., an 

unexpected discrepancy between predicted and observed levels of arousal) parallels 

reinforcement learning models that posit learning entails inference about latent state 

(Gershman & Niv, 2012, pp.; see also Maisto et al, 2021). Grounding the network theory of 

panic disorder in these learning models would better align the theory with the science of 

learning, would directly inform specific modeling choices (e.g., whether it is sufficient to 

model learning on a time scale of days, as we have here, or whether continuous learning is 

needed), and could potentially help the theory better explain moderate severity panic 

disorder.   

What Explains Elevated Arousal Without Panic Attacks? The model predicts that 
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significantly elevated arousal will always elicit a panic attack. However, some patients with 

panic disorder can engage in activities that substantially increase arousal (e.g., exercise) 

without experiencing panic attacks (Taylor et al., 1987). To account for this phenomenon, it 

could be helpful to incorporate expected arousal in the model, such that perceived threat 

arises only when arousal exceeds the level of arousal that would be expected given one’s 

current environment or activities (for further discussion of the conditions affecting such 

expectations, see Bouton et al., 2001; Clark, 1988). This revision may be especially important 

in cases where arousal-related bodily sensations are perceived as dangerous only in-so-far as 

they are determined to indicate a potentially serious condition. In such cases, it may only be 

unexplained arousal that serves as a significant source of distress, distinguishing them from 

those who believe arousal to be dangerous in and of itself and potentially leading to different 

theory predictions for these individuals. 

 What Explains Panic Attacks Without Elevated Arousal? The model predicts that 

panic attacks are associated with significant elevations in arousal. Although such elevations 

have been observed in laboratory-based assessments, ambulatory assessments often find that 

some panic attacks are not associated with increases in objective indices of arousal, such as 

heart rate (Alpers, 2009). Given the challenges of rigorously assessing psychophysiology 

with ambulatory methods and the potential confusion of panic with episodes of intense worry, 

further investigation is needed before concluding that panic without elevated arousal is 

indeed a robust phenomenon. However, if panic attacks can occur without elevations in 

autonomic arousal, it would suggest the need for theory revisions. One potential revision 

would be to separate the detection and interpretation of arousal into distinct processes 

(Ehlers, 1993). In this case, autonomic arousal leads to somatic sensations through the 

process of detection (interoception) which, in turn, lead to perceived threat through the 

process of interpretation. We can further posit that, as perceived threat increases, attention is 
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increasingly placed on somatic sensations, strengthening the detection of arousal. As depicted 

in Supplementary Materials C, this revised model can indeed produce a surge of bodily 

sensations and perceived threat with only modest elevations in objective indices of arousal. 

Moreover, distinguishing between autonomic arousal and the somatic sensations associated 

with arousal may allow the model to better account for the onset of some panic attacks, where 

somatic sensations initiating the vicious cycle may initially be present for reasons other than 

elevated autonomic arousal (e.g., hangover; for further discussion, see Clark, 1986). 

However, as discussed in greater detail in Supplementary Materials C, this potential revision 

to the model also raises new theoretical challenges that follow from the successful production 

of this phenomenon (e.g., if not via the regulation of substantially elevated arousal, why do 

panic attacks end?). Accordingly, if future research establishes that sudden surges in 

perceived threat and arousal-related bodily sensations can indeed occur in the absence of 

substantial elevations in autonomic arousal, revisions to the theory proposed in this article 

will be needed, potentially including to processes central to the vicious cycle between arousal 

and perceived threat. 

 Theory Development and Explanatory Breadth. In the preceding paragraphs, we 

have identified opportunities for theory development stemming from three plausible 

phenomena that were not produced in our model simulations. As noted, in future research it 

will be important to evaluate whether the theory accounts for other panic-disorder related 

phenomena beyond those enumerated here (e.g., the impact of treatments beyond CBT or the 

high rate of comorbidity between panic disorder and other conditions). There are no 

established guidelines for selecting the most appropriate phenomena for such efforts. 

However, it is critical that the chosen phenomena be robust: ideally, consistently observed 

over time, with multiple methods, and across multiple research groups (Bogen & Woodward, 

1988; Haig, 2005, 2013). As the theory’s ability to account for these additional phenomena 
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improves, we can be increasingly confident that the model is a strong representation of the 

system giving rise to panic disorder and, therefore can be more confident that the inferences 

form this model will be able to inform the prediction, explanation, prevention, and treatment 

of panic disorder.   

 In considering this phenomena-focused approach, the reader may justifiably believe 

that they can already identify aspects of the model that warrant revision, even without 

appealing to the explanation of a particular phenomenon. For example, in this model we 

posited that escape behaviors have some modest effect in reducing perceived threat but have 

no direct effect on arousal. Although true for some escape behaviors, there may be others that 

do successfully reduce arousal (e.g., slow breathing) or, conversely, that exacerbate arousal 

(e.g., rapid breathing) and the model could be revised to represent these distinct types of 

escape behavior. Similarly, the reader may rightly note that autonomic arousal is not a unitary 

construct (Blascovich, 1992), suggesting that the model could be revised to better represent 

the complex and multidimensional nature of autonomic arousal. Although these and other 

potential revisions would be well-motivated, without anchoring in the explanation of specific 

phenomena, these revisions risk making the model unnecessarily complex and intractable. 

We would thus encourage theorists to focus their model revision efforts not only on those 

changes that expand explanatory breadth but, even further, to reserve model revisions to 

those instances in which the revision expands the explanatory breadth beyond the specific 

phenomenon it was designed to accommodate (Thagard, 1978, p. 84; see also progressive 

problem shifts, Lakatos, 1978). By doing so, theorists will be well positioned to balance 

simplicity and explanatory breadth as they make ongoing improvements to the theory.  

Summary 

In this section, we have proposed a novel framework panic disorder research, 

including concrete steps that should be taken for both empirical research and for the ongoing 
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development of panic disorder theory. The specific steps laid out here are only some of the 

many ways in which this work can proceed within the framework we have proposed. Formal 

theories have the advantage of taking a theory out of the hands of individual theorists and into 

the hands of the broader research community, facilitating collaborative theory development. 

The model developed here is implemented in freely available software and can be freely 

accessed at https://github.com/jmbh/PanicModel. Any empirical researcher or theorist may 

use the model to evaluate this theory for themselves and determine what additional research 

or theory development is warranted. This is especially important given that the system that 

gives rise to panic disorder includes components that cut across traditional disciplines, 

suggesting that contributions across diverse scientific fields will be necessary to fully develop 

the theory. By better informing empirical research and guiding ongoing and collaborative 

theory development, we believe the research agenda outlined here - and the model upon 

which it is built - will equip theorists to advance panic disorder theory in a way that reflects a 

genuine accumulation of knowledge and moves us towards a theory that can better support 

the explanation, prediction, and control of panic disorder.   

Discussion 

In this paper, we have drawn from cognitive behavioral theories to posit a network 

theory of a specific mental disorder, demonstrated that theory can explain core phenomena 

associated with that disorder, and used this theory to lay out a research agenda to further 

advance theories of panic disorder. Alongside these contributions, the formal theory 

developed here provides several insights into how mental disorders can be conceptualized 

and studied as complex systems in which a network of causal interactions among symptoms 

plays a considerable role. We conclude with a discussion of these insights. 

Emergence, Equifinality, and Explanatory Pluralism 
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Our theory illustrates that, from the perspective of network theory, panic disorder is 

an emergent phenomenon. This can be clearly seen in the simple observation that the most 

important phenomena produced by our computational model are not explicit components in 

the model, but rather emerge from interactions among components. “Panic attack” is not a 

component in the model but rather a specific pattern of system behavior that emerges from 

the interaction between arousal and perceived threat. Likewise, panic disorder is a state of the 

system arising from interactions among the elements that define its presence: panic attacks, 

persistent beliefs about the danger of arousal, and avoidance behavior.   

The emergent nature of panic disorder has important implications for how we study it. 

Emergent phenomena resist reductionist explanations. This suggests that efforts to identify 

single component-level dysfunction as the underlying cause of panic disorder are unlikely to 

succeed. Indeed, in the model as we have focused on it here, there is no essentially 

dysfunctional component. On the contrary, each component is necessary for adaptive 

functioning. If as species we did not react to perceived threat with increased arousal, did not 

engage in escape behavior in the face of perceived threat, or were incapable of learning that a 

given stimulus is dangerous, we would surely go extinct. Although the belief that arousal is 

dangerous may be inaccurate, the system comes by this falsehood honestly, through the 

appropriate functioning of its ability to learn. Thus, although this is a model of a pathological 

phenomenon, none of its specific ingredients need be pathological (for similar discussions in 

the context of addiction, see Pickard, 2022; Ross, 2019).  

In place of reductionist simplicity, explanatory pluralism and equifinality - common 

features of complex systems - are likely to feature prominently (Nolen-Hoeksema & Watkins, 

2011; von Bertalanffy, 1972). Factors across levels of analysis operate together in our model 

to contribute to the development and treatment of panic disorder. Because of the causal 

relationships among its components, the system arrives at a similar state regardless of the 
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specific factors that initiate its movement toward that state (cf. Bystritsky et al., 2012, p. 

430). That is, whether instigated by alterations in arousal or the receipt of news about one’s 

cardiovascular health, the feedback relationships in the model will ultimately lead the system 

to a common state of panic disorder. Accordingly, if we are to understand the disorder’s 

etiology, it is not sufficient to understand individual components, we must also understand 

how they interact with one another (for a similar discussion in the context of brain damage 

and dyslexia, see Hinton et al., 1993). 

The Nature of Mental Health 

Together, emergence and equifinality suggest that efforts to define or classify mental 

disorders based on underlying dysfunction alone are unlikely to be fruitful. Instead, mental 

disorders may be better characterized as harmful stable states in the dynamical landscape 

produced by a given target system. For example, panic disorder can be characterized as a 

system in which there is a harmful stable state characterized by persistent panic attacks, 

concern about panic attacks, and avoidance. In contrast to current nosologies, this 

characterization of panic disorder permits diagnosis regardless of whether symptoms are 

currently present. In other words, it would be possible to identify “silent” panic disorder (a 

“dormant network” in Borsboom’s (2017) network theory), in which the system contains an 

alternative harmful stable state even when the system is not in that state, thereby allowing for 

efforts to preemptively remove the stable state through treatment and preventing the 

subsequent transition (or relapse) into the harmful stable state.  

Conversely, this characterization of panic disorder also allows for the possibility of 

identifying those who do not meet criteria for a disorder despite the presence of transient 

symptoms. In our model, a healthy and resilient system is one that has a single stable state 

characterized by an absence of panic attacks, persistent concern, and avoidance. If this system 

is pushed into a state of elevated symptoms (e.g., a single panic attack), it is perhaps no 
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longer in a state of mental health, but it is also not in the harmful equilibrium state that 

characterizes panic disorder. Interestingly, current diagnostic criteria implicitly draw a 

comparable boundary between transient symptoms and persistent symptoms that do not 

appear likely to remit naturally (e.g., those that have persisted for at least one month). 

Accordingly, the characterization of mental disorders as harmful stable states is consistent 

with current clinical practice but has the considerable advantage of undergirding this practice 

with a clear theoretical framework. 

Transdiagnostic Models of Psychopathology 

Although our emphasis in this paper has been on a single disorder, our findings also 

have implications for transdiagnostic models of psychopathology. In recent years, researchers 

adopting a transdiagnostic focus have identified robust phenomena regarding the structure of 

relationships among symptoms of mental disorder, with an emphasis on higher-order 

subfactors (e.g., fear) and spectra (e.g., internalizing) that represent clustering among 

syndromes (Conway et al., 2019; Conway et al., 2022; Krueger et al., 2018). Other 

researchers, including many working from the Research Domain Criteria (RDoC) agenda, 

have devoted enormous effort to cataloguing components across levels of analysis that may 

help explain those phenomena (Cuthbert, 2022; Harvey et al., 2004). Yet considerable work 

remains if we are to move toward the RDoC agenda’s aim of understanding of how these 

various components interact “from an integrative, multi-systems point of view” (Cuthbert & 

Insel, 2013, p. 4), to give rise to both transdiagnostic and disorder-specific phenomena 

(Sanislow et al., 2010). As we have argued here, progress toward understanding the function 

and dysfunction of any system will all but require the development of mathematical or 

computational models that help us reason about the operation of those systems. We see two 

clear advantages to computational modeling of complex systems within the transdiagnostic 

framework.  
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First, computational models can help identify transdiagnostic structure. The core of 

the system posited here can be understood as a cognition (perceived threat) eliciting an 

emotion (fear) and prompting behavior (escape behavior) that helps to regulate the emotion in 

the short-term but only at the cost of heightening vulnerability to the emotion in the long 

term. Some years ago, Barlow and colleagues observed that this same causal structure is 

posited in cognitive behavioral models for multiple disorders, with variation only in the 

specific cognitions, emotions, and behaviors at play and used this insight to develop their 

transdiagnostic Unified Protocol approach to treatment whereby patients are taught to 

recognize and intervene upon this causal structure for the cognitions, emotions, and behaviors 

causing them distress (Barlow, 2011; Barlow et al., 2017; Ellard et al., 2010). Notably, it was 

only after mapping out causal diagrams and generating treatment protocols for specific 

disorders that this common causal structure became clear (Mansell et al., 2009). 

Computational models can facilitate a similar process. By generating computational models 

for multiple specific disorders, we will be positioned not only to better understand these 

specific systems, but also identify transdiagnostic structural features that can shed insight into 

how other disorders may operate and how we might intervene on those disorders within a 

transdiagnostic framework.    

Second, computational models can help identify and evaluate transdiagnostic 

components. In this paper, we have focused on the occurrence of panic attacks within the 

panic disorder syndrome, but panic attacks are associated with multiple disorders beyond 

panic disorder alone, including depression, other anxiety disorders, substance use disorders, 

and posttraumatic stress disorder (Baillie & Rapee, 2005; Kessler et al., 2006; Kessler et al., 

1998). Similarly, experiencing fear and anxiety in response to arousal-related bodily 

sensations strongly predicts anxiety and post-traumatic stress disorders (Chambless & 

Gracely, 1989; Olatunji & Wolitzky-Taylor, 2009; Taylor et al., 1992) and interoceptive 
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exposure targeting this fear of somatic sensations is a component of the transdiagnostic 

Unified Protocol (Barlow et al., 2017; Ellard et al., 2010).  Accordingly, there is good reason 

to suspect that the amplifying feedback loop between arousal and perceived threat, and the 

arousal schema component that moderates its strength, are transdiagnostic components at 

play within the systems giving rise to multiple disorders (Boswell et al., 2013; Reiss et al., 

1986; Smits et al., 2019). Similarly, avoidance may limit opportunities for positive 

experiences, prompt feelings of isolation and loneliness, and foster negative information 

processing biases, thereby feeding into the system that gives rise to depression (Fried et al., 

2015; Trew, 2011). The components developed within the context of this model for a specific 

disorder can, therefore, be connected to or integrated within formal theories for other 

disorders, allowing us to more rigorously evaluate whether these plausible transdiagnostic 

components are able to explain the comorbidity among these conditions. In doing so, 

theorists would also be well equipped to evaluate the conditions under which a common 

underlying system may produce different mental health conditions, both between individuals 

(Alice develops panic disorder whereas Bob develops PTSD) and within the same individual 

over time (Alice develops panic disorder and, later in life, PTSD).  

Novel Tools for Clinical Research 

Beyond informing our understanding of the nature of mental health and mental 

disorder, the dynamical systems framework also provides tools with which these disorders 

can be further studied. For example, in this paper we demonstrated that engineering resilience 

– a concept drawn from the dynamical systems literature – can quantify vulnerability to panic 

attacks, an approach that could potentially be used to identify those vulnerable to panic 

attacks even before any symptoms arise. Relatedly, researchers investigating other dynamical 

systems, such as ecosystems, have used early warning signals, such as increased 

autocorrelation among the system’s state variables, to detect systems approaching a tipping 
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point that would push it into an alternative stable (Scheffer et al., 2009). Researchers have 

begun to use such early warning signals to evaluate whether they portend transitions into or 

away from mental health (Curtiss et al., 2021; Hasselman, 2022; Schreuder et al., 2022). 

Although preliminary and likely to face considerable challenges (Dablander et al., 2022; 

Schreuder et al., 2022), this work suggests that the toolbox used to investigate, anticipate, and 

control non-linear dynamical systems may be fruitfully applied in psychological and 

psychiatric research. 

Among the tools available in the dynamical systems toolbox, we suspect the greatest 

utility will be from computational and mathematical models, such as the one developed here. 

Models are a critical tool in the study of dynamical systems, as the behavior of even 

relatively simple systems is all but impossible to anticipate through mental reasoning alone. 

The models and modeling practices from other domains of science (e.g., ecology) can inform 

efforts to model psychopathology (e.g., de Ron et al., 2022). Prior work on feedback loops 

may be especially informative (DeAngelis et al., 1986) as we suspect that many emotional 

disorders arise from the same type of feedback loops present in this model, including 

amplifying feedback loops (e.g., between rumination and depressed mood; Hosseinichimeh et 

al., 2018), dampening feedback loops (e.g., between social anxiety and social avoidance), and 

feedback between fast-changing variables and the slow-changing variables that guide their 

behavior. The dynamical systems literature provides examples and tools with which to model 

these relationships and, in doing so, equips us to develop models of how mental disorders 

operate as complex systems. 

Interdisciplinary Collaboration 

 Although less common in clinical psychology, there is a rich tradition of theory-

driven computational modeling in several closely-related disciplines, including computational 

psychiatry (Huys et al., 2016; Moutoussis et al., 2018), cognitive psychology (Farrell & 
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Lewandowsky, 2010; Lewandowsky & Farrell, 2011), and mathematical psychology (Estes, 

1975; Navarro, 2021). Commonly, these computational models represent specific mental 

processes (e.g., drift diffusion models of decision making; Fudenberg et al., 2020) and are 

used to evaluate whether the theory produces phenomena established in experimental tasks 

(e.g., a speed/accuracy trade-off in decision-making tasks, Milosavljevic et al., 2010) and 

whether these processes may be aberrant in those with a given mental disorder (e.g., using a 

drift diffusion model to disaggregate and evaluate distinct aspects of cognition in those with 

depression; Dillon et al., 2015). Though extremely valuable for understanding these specific 

mental processes, the full potential of these models for understanding mental health is 

constrained by the imprecision of the clinical theories that connect these basic mental 

processes with the broader phenomenon of interest (e.g., symptoms, syndromes, or spectra). 

By formalizing our clinical theories as computational models and by integrating those formal 

theories with the computational models developed in related disciplines, we can significantly 

advance our understanding of mental health. 

For example, building from a well-established model of sequential evaluation, 

Zorowitz and colleagues (Zorowitz et al., 2020) posited that individuals differ in their 

perceived control over the ability to move toward reward and avoid punishment. They then 

used a computational model to demonstrate that low perceived control can account for 

several anxiety and mood-related phenomena and cogently argued that this cognitive process 

could play a role in a range of anxiety and mood disorders. Panic disorder is among those 

disorders associated with a low levels of perceived control (Gallagher et al., 2014), with some 

evidence that avoidance occurs especially for those with a combination of both elevated 

anxiety sensitivity (cf. arousal schema) and low perceived control (White et al., 2006). 

Accordingly, the model developed by Zorowitz and colleagues could be integrated with the 

current model of panic disorder (e.g., with perceived control moderating the effect of arousal 
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schema on avoidance), thereby equipping theorists to evaluate whether this decision theoretic 

model can help explain individual differences in the panic disorder related phenomena 

evaluated here, including, for example, whether specific treatment approaches may be more 

effective than others for those with low perceived control (e.g., requiring greater emphasis on 

in vivo exposure). In turn, integration with the model developed by Zorowitz and colleagues 

would allow the model described here to move beyond an abstracted notion of avoidance to a 

representation of avoidance in physical space, thereby equipping us to determine whether 

increased arousal schema and diminished perceived control indeed may work together to 

reduce the amount of physical space in which the potential for reward outweighs the 

perceived risk of harm, thereby giving rise to agoraphobic avoidance. 

A related collection of models that may be especially fruitful in the context of anxiety 

disorders are models rooted in active inference (Friston, 2013; Friston et al., 2017). Active 

inference models posit that a mental generative model representing statistical regularities in 

the environment guides both our perceptions and our actions with the aim of minimizing the 

discrepancy between the predictions from the internal model and the sensory evidence taken 

in through interoceptive and exteroceptive processes (Parr et al., 2022). With their emphasis 

on predictive processing and minimization of prediction error (i.e., minimization of 

uncertainty), active inference models are highly relevant to the domain of anxiety. In a major 

step forward in bringing together work on active inference and anxiety disorders, Maisto and 

colleagues used an active inference framework to model the perception of somatic sensations 

(i.e., heart pounding and breathlessness), inferences about the hidden states producing those 

sensations (i.e., panic attack or no panic attack), and the actions that follow from those 

inferences (i.e., take medication or do not; Maisto et al., 2021). The researchers then used this 

model to demonstrate how individual differences in perception and action can give rise to 

panic disorder-related phenomena (e.g., persistent use of medication as a means of regulating 
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panic attacks). Although this iteration of the model focused only on distinguishing between 

panic and non-panic states and on selecting whether to use medication, the model could 

readily be extended to include alternative hidden states (e.g., heart attack) and other potential 

behaviors (e.g., going to the hospital) and integrating such work with the model developed 

here would allow us to evaluate whether active inference can help us explain a wider range of 

panic-disorder related phenomena. Moreover, integrating these models would provide a 

richer description of the core model processes proposed here (e.g., recasting arousal and 

escape schema as an individual’s generative model guiding perception and action) and would 

confer the substantial advantage of rooting our understanding of clinical phenomena in a 

“first-principles” model that embodies a leading theory of how the brain and mind operate. 

Notably, these are just two examples of how formalized theories of mental disorder 

could be integrated with well-developed theories of basic mental processes to advance our 

understanding of mental health. With the growing power and accessibility of modern 

computing, mathematical and computational models have become an increasingly important 

tool across domains of science and the number of models that may bear on our understanding 

of mental health will only continue to grow. By formalizing clinical theories of mental 

disorder as computational models, we express those theories in language used across 

scientific disciplines (Muthukrishna & Henrich, 2019), allowing them to be more readily 

integrated with work in other scientific domains, ensuring that decades of clinical research on 

mental health are embodied in these integrated computational models and moving us toward 

a more complete understanding of the many ways in which complex systems of 

psychological processes can give rise to harmful psychological experiences.  

The Treatment of Mental Disorder 

 From a systems perspective, psychological treatments have their effect by intervening 

on components of a system (e.g., reducing arousal schema) to a sufficient extent that the 
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behavior of the system changes (e.g., preventing the amplifying feedback between arousal 

and perceived threat). To improve treatment, it will be necessary to advance our 

understanding of these systems and how they respond - or fail to respond - to intervention. As 

we have discussed, the behavior of complex systems, including how they respond to 

intervention, is all but impossible to predict without the support of computational or 

mathematical models. Accordingly, the kinds of computational models that we have 

developed here have a critical role to play in helping us understand how treatments work, 

why they sometimes fail, and how they might be improved (for an extended discussion of this 

potential, see Ryan et al., 2023). Even with these tools, we should not anticipate easy answers 

or silver bullets (Borsboom et al., 2022). The scientific literature is replete with examples that 

underscore the challenge of controlling complex systems. Yet with rigorous descriptive 

research and interdisciplinary collaboration on the generation of models, bringing together 

expertise from modelers, clinicians, clinical researchers, lay care providers, and those with 

lived experience of the mental health challenges we seek to explain, there is reason to hope 

that we can begin to better understand and treat the systems underlying these challenges in all 

their complexity (Alemu et al., 2023).  

Conclusion 

In this paper, we posited precisely how a network of causally interrelated symptoms 

can give rise to a specific disorder. Leveraging the deductive power of the computational 

model developed here, we demonstrated this theory can produce, and thus explain, panic 

disorder-related phenomena while also providing new insight into our understanding of the 

system that gives rise to panic disorder. Just as importantly, we used this computational 

model to generate a novel research agenda for how theories of panic disorder can be 

improved. We hope that the approach to theory development taken here will not only advance 

theories of panic disorder but can also guide similar efforts for other mental disorders and, 
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ultimately, move the field toward a more fruitful exchange between theory and empirical 

research in which well-developed formalized theories summarize what is known, reveal what 

is not, and support the ongoing development of theories of psychopathology.  
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