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Abstract

Background: Despite decades of research, the current suicide rate is nearly identical to what it

was 100 years ago. This slow progress is due, at least in part, to a lack of formal theories of

suicide. Existing suicide theories are instantiated verbally, omitting details required for precise

explanation and prediction, rendering them difficult to effectively evaluate and difficult to

improve. By contrast, formal theories are instantiated mathematically and computationally,

allowing researchers to precisely deduce theory predictions, rigorously evaluate what the theory

can and cannot explain, and thereby, inform how the theory can be improved. This paper takes

the first step toward addressing the need for formal theories in suicide research by formalizing an

initial, general theory of suicide and evaluating its ability to explain suicide-related phenomena.

Methods: First, we formalized a General Escape Theory of Suicide as a system of stochastic and

ordinary differential equations. Second, we used these equations to simulate behavior of the

system over time. Third, we evaluated if the formal theory produced robust suicide-related

phenomena including rapid onset and brief duration of suicidal thoughts, and zero-inflation of

suicidal thinking in time series data.

Results: Simulations successfully produced the proposed suicidal phenomena (i.e., rapid onset,

short duration, and high zero-inflation of suicidal thoughts in time series data). Notably, these

simulations also produced theorized phenomena following from the General Escape Theory of

Suicide: that suicidal thoughts emerge when alternative escape behaviors failed to effectively

regulate aversive internal states, and that effective use of long-term strategies may prevent the

emergence of suicidal thoughts.

Conclusions: To our knowledge, the model developed here is the first formal theory of suicide,

which was able to produce – and, thus, explain – well-established phenomena documented in the
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suicide literature. We discuss the next steps in a research program dedicated to studying suicide

as a complex dynamical system, and describe how the integration of formal theories and

empirical research may advance our understanding, prediction, and prevention of suicide.

Keywords: suicide; mathematical modeling; formal theory; computational psychiatry
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Suicide is a leading cause of death worldwide, claiming over 800,000 lives each year

(WHO, 2018). Over 47,000 people die by suicide each year in the United States alone, making it

the 12th leading cause of death overall, the second leading cause of death for young people ages

10 – 34, and among the most devastating of all public health problems (CDC, 2021). Despite a

near-exponential increase in suicide research over the past several decades (Franklin et al.,

2017), our collective progress in understanding, predicting, and preventing suicide has been too

slow. Until recently, the prediction of suicidal thoughts and behaviors has remained just slightly

above chance for all outcomes, with no meaningful improvement in predictive accuracy across

50 years of research from 1965 – 2015 (Franklin et al., 2017). Intervention effect sizes have also

remained small, with no single intervention for suicidal thoughts and behaviors appearing

consistently stronger than others, and no meaningful improvement in intervention efficacy over

time (Fox et al., 2020). Whereas scientific advances have led to significant declines in other

leading causes of death over time (e.g., pneumonia, tuberculosis), the suicide rate today is nearly

identical to what it was 100 years ago (CDC, 2021; Fortgang & Nock, 2021).

This slow progress is due (at least in part) to the methods we typically use in clinical

psychology to develop, express, and evaluate our theories (Borsboom et al., 2021; Muthukrishna

& Henrich, 2019; van Rooij & Baggio, 2020). Psychologists have theorized about suicide for

decades, but these have all been verbal theories: theories expressed in natural language. Due to

the inherent imprecision of language, verbal theories are often underspecified and contain hidden

assumptions or contradictions (Epstein, 2008; Fried, 2020; Guest & Martin, 2020; Millner et al.,

2020; Smaldino, 2017). For instance, many theories suggest that suicide is an escape from

aversive psychological states (e.g., aversive self-awareness, psychological pain) (Baumeister,

1990; Linehan, 1987; Shneidman, 1993). However, like most verbal theories, they do not specify
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the strength, form, or time scale of theorized effects. This leaves fundamental questions

unanswered: for example, at what level of aversive psychological states do these theories predict

will result in suicide as an attempt to escape? What is the shape of this relationship (do increases

in aversive states cause linear or nonlinear increases in suicidal thoughts and behaviors)? And

crucially, if someone is experiencing a requisite level of aversive psychological states, when

should suicidal thoughts or behaviors emerge (the same day, the next day, the next week)?

Verbal theories typically do not provide this level of detail, and the resultant ambiguities

make it difficult (if not impossible) to understand precisely what they are proposing to explain or

predict. Thus, verbal theories are limited to making vague predictions (e.g., “negative affect

causes suicidal thoughts”) that tend to rely on evaluation via null-hypothesis significance testing

(e.g., finding a correlation between negative affect and suicidal thinking). Such statistical

significance tests are easy to pass because nearly all constructs in psychopathology research are

intercorrelated to some extent (i.e., the “crud factor”) (Meehl, 1990a). This makes verbal theories

difficult to falsify, because even a small correlation among variables would be seen as providing

support to the theory – and also difficult to convincingly corroborate, as any observed correlation

would provide minimal evidence in favor of the theory (Millner et al., 2020). As a result, it is

challenging to determine the extent to which verbal theories accord with empirical data, and how

they can be used to guide clinical intervention efforts (Epstein, 2008; Robinaugh et al., 2021).

Formal theories overcome many of these limitations by expressing theories in the

language of mathematics. Through analytic deduction or computer simulations, formal theories

allow researchers to directly observe how a system of interest will behavior according to a given

theory. This allows for evaluation of a theory based on its ability to reproduce real-world

phenomena. Notably, the historical reliance on verbal theories in psychopathology research
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stands in stark contrast to other sciences that devote considerable resources and effort to formal

theory development (e.g., physics, biology, ecology). The theoretical branches of these sciences

have yielded important insights. For instance, formalizing theories in ecology revealed how

ecosystems (e.g., lakes, forests) experience sudden catastrophic shifts and collapses, allowing

theoretical biologists to identify early warning signs of critical shifts in ecosystems, and identify

targets to improve their resilience (Scheffer et al., 2001, 2009; Van Nes & Scheffer, 2007).

Formal theories may be especially useful for studying suicide as a complex dynamical

system. By complex dynamical system, we mean a system composed of many components (e.g.,

emotions, cognitions, behaviors, environmental factors) characterized by nonlinear interactions,

feedback loops, stochasticity, and dynamic change over time (Boccara, 2010; Fisher & Pruitt,

2020; Olthof et al., 2023; Ottino, 2003; Siegenfeld & Bar-Yam, 2020). Here, we also distinguish

between complicated and complex systems. The behavior of complicated systems results from a

series of clear cause-and-effect relationships, meaning that a complicated system can be

understood by breaking it down into its constituent parts and studying each component (and its

specific interactions with other components) individually. However, this is not the case for

complex systems, which are characterized by emergent phenomena: behavior that emerges from

the complex interactions among components (with no central controller). To understand the

behavior of a complex system, we must study the system as a whole, rather than examining each

component in isolation (i.e., “the whole is greater than the sum of its parts”). Therefore, while

systems such as machines can be studied as complicated systems, systems in life – from

ecosystems, to social systems, to psychological systems – are ideally studied as complex.

Among the myriad mathematical modeling methods available, systems of differential

equations are especially useful for studying change complex systems over time. Differential
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equation models are used across the natural and physical sciences to formalize theories, from

population models (e.g., Lotka-Volterra models) to infectious disease spread (e.g., Susceptible-

Infectious-Recovered models) to electrodynamics (e.g., Maxwell’s equations). Applying these

methods to study mental disorders as complex systems, Robinaugh and colleagues (2019)

recently built a formal model of panic disorder as a system of differential equations. Simulations

from this model successfully produced several known phenomena about panic attacks (e.g., rapid

onset of arousal and perceived threat out of the blue, efficacy of cognitive behavioral therapy).

Just as importantly, this model also identified limitations in existing verbal theories. For instance,

in early iterations of its development, the model was not able to produce the robust phenomena

of non-clinical panic attacks. In model simulations, every “person” who experienced panic

attacks eventually developed panic disorder, illustrating the need for ongoing theory refinement

to account for non-clinical panic attacks. The ability of formal models to reveal blind spots and

unknowns – and to allow for incremental improvements over time – is one of the most important

advantages of formal theories relative to verbal theories. We believe that such an approach could

also be critical for advancing the understanding of suicide, and for identifying key topics for

future research (Millner et al., 2020).

In this paper, we take a first step towards bringing formal modeling into suicide research.

We formalize several core components of a General Escape Theory of Suicide, a new theory of

suicidal thoughts and behaviors that our team has recently developed (Millner et al., in prep)

which brings together common factors and processes proposed in long-standing theories of

suicide (e.g., Baumeister, 1990; Joiner, 2005; Klonsky & May, 2015; Shneidman, 1993) into a

single overarching framework and seeks to ground those processes in basic psychological

science. Accordingly, the model illustrated here (described in more detail in Millner et al., in
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prep) builds on the foundation provided by earlier verbal theories of suicide by formalizing core

components of those theories as a mathematical model. Importantly, we do not believe that the

General Escape Theory is a conclusive (final) theory of suicide, nor is our goal to propose a final

formalization in this paper. Instead, we propose that this initial mathematical formalization may

equips us to better evaluate the theory, identify its strengths and shortcomings, and determine the

empirical research and areas for further theory development that will be needed if we are to make

genuine advancements in our understanding of suicide and our ability to prevent it.

This paper is organized as follows. First, in Section 1, we introduce (verbally) the core

components of the General Escape Theory of Suicide (see Figure 1), specifically focusing on

components that give rise to suicidal thoughts. In Section 2, we describe our formalization of the

theory as a mathematical model, and implement these equations computationally to simulate

artificial theory-implied data, allowing for direct observation of dynamics predicted by the

theory over time. Using these simulations, we examine if the formal theory can successfully

produce (1) robust suicide-related phenomena, and (2) core theoretical predictions following

from the General Escape Theory of Suicide. Finally, in Section 3, we discuss the implications of

this initial formalization effort for the ongoing development of theories of suicide.

Section 1: Core Components of a General Escape Theory of Suicide

The central premise of our General Escape Theory of Suicide (Millner et al., in prep) is

that suicidal thoughts and behaviors arise from a desire to escape aversive internal states, and

function to reduce those aversive internal states. That is, stressors experienced through the course

of day-to-day life produce aversive internal states (e.g., negative affect, psychological pain),

which lead to an urge to escape (Baumeister, 1990; Gee & Casey, 2015; McLaughlin &

Hatzenbuehler, 2009). This, in turn, leads people to engage in escape behaviors oriented towards
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achieving immediate and short-term relief from distress. Importantly, we take a functional

approach to characterize escape behaviors. That is, we define escape behaviors by the processes

that maintain and reinforce them, rather than by their topographical characteristics (Kazdin,

2012; Nock & Prinstein, 2004; Wang et al., 2021). Therefore, at this stage, the theory does not

make a distinction between canonically “adaptive” forms of escape behaviors (e.g., going for a

run) and canonically “maladaptive” escape behaviors (e.g., disordered eating, substance use,

nonsuicidal self-injury). Instead, we focus on the purpose of these behaviors: to immediately

escape from aversive internal states without effectively tolerating or regulating them, or

addressing their proximal cause.

Escape behaviors are likely – at least initially – to successfully reduce aversive internal

states. In the language of dynamical systems, there is a dampening feedback loop between the

aversive internal state and escape behavior. As the aversive internal state becomes more intense,

the urge to escape grows, and more escape behavior is engaged in with the intent of regulating

the aversive internal state. In this way, escape behaviors become reinforced because they help

manage the experience of aversive internal states. Although escape behaviors serve as effective

regulators, at least for a time, they also have limitations: they do not help people effectively

tolerate or cope with aversive internal states, nor do they address the stressors that elicited

distress, thereby failing to reduce the likelihood of experiencing aversive internal states in the

longer-term. Escape behaviors are, therefore, a short-term strategy.

By contrast, long-term strategies require individuals to tolerate aversive internal states

without immediately seeking escape. The General Escape Theory of Suicide distinguishes

between two forms of long-term strategies: internal-focused strategies (which intervene on

aversive internal states, e.g., cognitive reappraisal), and external-focused strategies (which
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intervene on external stressors, e.g., problem-solving). For example, if someone experiences

distress because they lost their job, external-focused strategies could include starting a new job

search or updating one’s resume, and internal-focused strategies could include practicing radical

acceptance or nonjudgmental awareness. Of note, the key distinction between internal-focused

strategies and escape behaviors is that internal-focused strategies do not emerge from the urge to

escape aversive internal states, but rather require tolerance of the discomfort to effectively

regulate distress (in other words, the urge to escape has a positive effect on escape behaviors, but

a negative effect on internal-focused strategies) (Lass et al., 2020; Peterson et al., 2014; Wang &

Borders, 2018). Accordingly, in the context of aversive internal states, individuals can use escape

behaviors (to rapidly diminish distress) or slower, long-term strategies that require tolerance of

the initial discomfort but may lead to sustained reductions in distress over time, through

intervening on the aversive internal state or the stressors driving it. Importantly, given our focus

on functional definitions of theory constructs, the same observed behavior (e.g., exercise) could

be identified as different theory components (e.g., escape behavior, external-focused strategy,

internal-focused strategy) for different people (even within individuals over time), leading to

different outcomes depending on the context and purpose of the behavior.

This General Escape Theory of Suicide posits that suicidal thoughts and behaviors arise

from the urge to escape, and aim to eliminate aversive internal states (Baumeister, 1990; Bentley

et al., 2021; Gunn III, 2014; Kleiman et al., 2018; Kuehn et al., 2022). Suicidal thoughts and

behaviors can thus be understood as a specific type of escape behavior. We propose that suicidal

thoughts emerge when one’s short- and long-term strategies fail to reduce aversive internal states

and, in turn, the urge to escape. The reason for this failure may vary, but one common path may

be that escape behaviors dimmish in effectiveness through repeated use. Clinically, this reflects
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tolerance, or the diminished effect of escape behaviors (e.g., nonsuicidal self-injury, alcohol use,

disordered eating) with repeated exposure. When this diminished efficacy occurs in the context

of low tolerance for the aversive internal state – itself another consequence of repeated reliance

on escape behaviors – then aversive internal states will be experienced as persistent, severe,

uncontrollable, and inescapable. This leads individuals to turn toward higher-cost escape

behaviors in order to escape their aversive internal states, including, ultimately, thinking about

suicide. Like other escape strategies, suicidal thoughts reduce aversive internal states in the

short-term, reinforcing those thoughts and making the individual more likely to turn to them in

the future as a means of regulating overwhelming emotions (Hennings, 2020; Kleiman et al.,

2018; Kuehn et al., 2022). Of note, while the complete General Escape Theory of Suicide

(Millner et al., in prep) also describes pathways from suicidal thoughts to suicidal behaviors, we

focused our initial theory formalization efforts on modeling the dynamics of a system including

suicidal thoughts only, as shown in Figure 1.

Figure 1. Core components of the General Escape Theory of Suicide. Black arrows
represent positive effects and red arrows represent negative effects.
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Section 2: Formalizing the General Escape Theory of Suicide as a Mathematical Model

In this section, we formalize core components of the General Escape Theory of Suicide

(Figure 1) as a system of differential equations, implement these equations as a computational

model, and simulate from the model to evaluate its predictions. All code for implementing the

model is publicly available at github.com/ShirleyBWang/math_model_suicide. To make each

model component and its simulated behavior as clear as possible, we build up the model one step

at a time, starting with stressors only, and then adding in aversive internal states, urge to escape,

suicidal thoughts, escape behaviors, and finally internal- and external-focused strategies.

At each step, we first present the mathematical model formalizing that theory component.

Second, we implement the equations to simulate two weeks of model behavior. Of note, we

formalized all components as ordinary differential equations (ODEs), except for stressors, which

we formalized as a stochastic differential equation (SDE). While ODEs are deterministic, SDEs

are stochastic and include a random noise component. Thus, we simulated multiple realizations

(simulations with the same parameter values that generate varying dynamics due to stochasticity)

to observe a distribution of potential dynamics over time. Third, we examined if simulations

produced three robust suicide-related phenomena: (a) relatively rapid onset and short duration of

suicidal thoughts, (b) high variability and dynamic fluctuations in suicidal thoughts, and (c) zero-

inflation in time series data of suicidal thoughts (Czyz et al., 2022; Kivelä et al., 2022; Kleiman

et al., 2017; Nock et al., 2009; Sedano-Capdevila et al., 2021; Wang et al., 2021; Wang et al.,

2023). Finally, we manipulated model parameters to evaluate the model’s ability to produce key

phenomena from the General Escape Theory of Suicide, including (a) the emergence of suicidal

thoughts when escape behaviors do not effectively regulate aversive internal states, and that (b)

engaging in effective long-term strategies may prevent the emergence of suicidal thoughts.
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This section is intended to be as accessible as possible to readers without a background in

this type of mathematical and computational modeling. Although a complete introduction to

differential equations is beyond the scope of this paper (for good introductions, we refer

interested readers to Campbell & Haberman, 2011; Farlow, 2006; Mongin et al., 2022; Ricardo,

2020), we provide a short overview of these models here. Briefly, differential equations are a

family of mathematical equations that relate one or more functions and their derivatives, such as




= 2 + 4. The left-hand side of an ODE (the type of differential equation we primarily use

in this paper) represents the derivative with respect to one independent variable (typically with

respect to time), such as



. In this case, if  represents suicidal thoughts, 


represents the

instantaneous rate of change in suicidal thoughts over time. The right-hand side of an ODE

describes the function: the processes that defines how the variable changes over time, such as

2 + 4. In this case, the equation specifies that change in  over time is determined by  itself

and another variable . The solution to an ODE is found by integrating the equation. In this case:





=  2 + 4 (1.1)


1

2 + 4
 =  (1.2)

1
2
(2 + 4) =  +  (1.3)

2 + 4 =  (1.4)

() =  − 2 (1.5)

Thus, while an ODE describes how a variable changes over time, its solution describes the state

of that variable (in this case, the value of ) at a given time. Of note, many ODEs used in real-

life applications do not have closed form solutions (i.e., there is no explicit mathematical formula
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that solves the equation), and must be approximated using numerical methods. In this paper, we

simulated data using Euler’s method, a numerical method for approximating solutions to ODEs

with an initial condition (i.e., the starting value of ). In addition, we note that all solutions to the

system of differential equations in this paper are constrained to be positive, on the interval [0, ∞).

This is because the components in our theory cannot take on negative values (e.g., a person can

experience zero suicidal thoughts or very intense suicidal thoughts, but not negative suicidal

thoughts). To formalize this assumption, we use the following mathematical notation:




= 2 + 4 (1.6)

where any component  with the plus superscript () denotes (0,). While we use the

components (with the superscript) to parameterize dynamics on the unconstrained space, we are

interested in the dynamics of the components with the superscript (constrained to be positive),

and it is these superscripted components (e.g., , ) that we simulate and plot in all figures.

Step One: Modeling Stressors

The first component in our model included stressors experienced throughout the course of

daily life. A large body of research suggests that fluctuations in stressors are characterized by

both predictable trends (e.g., chronic, systemic, or structural stressors) and unpredictable events

(e.g., acute, episodic, or transient stressors) (Alvarez et al., 2022; Cohodes et al., 2023; Hammen

et al., 2009; Harrell, 2000; McGonagle & Kessler, 1990). To embody this theoretical position,

we formalized stressors as geometric Brownian motion, a continuous-time process that includes

a deterministic and a stochastic component. As shown below, this equation includes two

parameters, where the drift parameter  governs deterministic trends (i.e., higher values of  lead

to increases in stressors over time) and the volatility parameter  governs stochastic variability

(i.e., higher values of  result in larger fluctuations in stressors). Thus, this mathematical model
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formalizes both chronic and acute fluctuations in stressors. In addition, geometric Brownian

motion only assumes positive values, reflecting the nature of stressors in the real-world (i.e., they

vary over time, but cannot go below zero). In mathematical form, we modeled stressors () as:

 = 


!

 " (2)

where represents the Wiener process (Brownian Motion),  = drift, and  = volatility.

Figure 2 shows six simulations of stressors over two weeks. Of note, the stochastic

component of geometric Brownian motion means that each simulation will generate different

dynamics over time, even with the same parameter values. Thus, we simulated six realizations of

stressors (with identical parameter values) to observe a potential distribution of stressors; these

can be interpreted as representing stressors over time for six different people. Together, these

realizations produce several stressors-related phenomena, including that stressors have between-

person variance and within-person fluctuations, and that fluctuations tend to be relatively low

(e.g., representing typical day-to-day stressors), but may also display larger perturbations (e.g.,

representing traumatic or particularly stressful life events). This mathematical model thus allows

us to represent a range of fluctuations in stressors observed in the real world.

Figure 2. Six realizations of stressors formalized as geometric Brownian motion.
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Step Two: Adding Aversive Internal States to the Formal Model

In the General Escape Theory of Suicide, aversive internal states are intentionally

represented at a high level to include a broad range of cognitive and affective processes that are

experienced as aversive, unpleasant, or negative (e.g., psychological pain, negative affect,

hopelessness) (Millner et al., in prep). Aversive internal states are characterized by within-person

fluctuations in response to external stressors in one’s environment (e.g., increased feelings of

anger and sadness after social conflict), as well as between-person differences in the general

tendency to experience aversive internal states (e.g., negative affectivity) (Chaudhury et al.,

2017; Vidal Bustamante et al., 2020; Watson & Clark, 1984).

Mathematically, we formalized these within-person fluctuations by modeling aversive

internal states as an ODE with a positive effect of stressors (representing the position that

increases in external stressors cause increases in aversive internal states over time). To formalize

between-person differences in the tendency to experience aversive internal states, we also

included a parameter representing a person’s carrying capacity for aversive internal states,

drawing inspiration from ecological population models. In population models, carrying capacity

refers to the number of a species (e.g., rabbits) that an environment can support given all

available resources (e.g., water, food, shelter). Without predators (e.g., foxes), the population of

a species will naturally grow towards its carrying capacity over time. In psychological terms, the

“carrying capacity” of aversive internal states can be thought to represent the internal dynamics

of aversive internal states that an individual may experience over time, even without considering

the effect of other variables (e.g., stressors, escape behaviors). In this way, carrying capacity also

allows us to represent individual differences in people’s propensity towards aversive internal

states, such that, absent other influences, once aversive internal states are present in the system,
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they will trend towards the individual’s carrying capacity over time. Thus, in mathematical form,

we modeled aversive internal states () as:




= ( − ) +  (3)

where  = the self-feedback loop of aversive internal states,  = carrying capacity of aversive

internal states, and  = effect of stressors on change in aversive internal states over time.

To illustrate how flucuations in aversive internal states depend on both their internal

dynamics and their response to external stressors, we simulated two sets of realizations over two

weeks of time, defined by Equations 2 and 3 (see Figure 3). As above, within each set of

realizations we simulated ata using identical parameter values, such that differences across

realizations in each set arise from the stochastic nature of stressors.

In the first set of realizations, we set both the carrying capacity () and the effect of

stressors on aversive internal states () to be relatively low. As shown in Figure 3a, these

realizations represent the dynamics of individuals who tend to experience low levels of aversive

internal states, even in the face of external stressors (e.g., individuals with low negative

affectivity and low emotional reactivity). In the second set of realizations, we set the carrying

capacity and the effect of stressors on aversive internal states to be relatively high. As shown in

Figure 3b, these realizations represent the dynamics of individuals who tend to experience

greater levels of aversive internal states, and also react more strongly to external stressors (e.g.,

individuals with high negative affectivity and high emotional reactivity). Together, these

realizations show that fluctuations in aversive internal states are characterized by both within-

and between-person fluctuations, depending on one’s tendency towards aversive internal states

and stressors experienced throughout the course of day-to-day life, thereby providing a plausible

minimal model of real-world fluctuations in stressors and aversive internal states over time.
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Figure 3. Two sets of realizations of a system including stressors and aversive internal states
over two weeks. Panel A) shows fluctuations of a dynamical system with low carrying capacity
of aversive internal states, and a weak effect of stressors on change in aversive internal states
over time. Panel B) shows fluctuations of a system with higher carrying capacity and a stronger
effect of stressors on change in aversive internal states over time. Both panels are simulated with
identical fluctuations in stressors.

Step Three: Adding Urge to Escape to the Formal Model

We next added urge to escape into the existing system of equations, along with stressors

and aversive internal states. The General Escape Theory of Suicide, as well as other theoretical

models of suicide and related problems (e.g., nonsuicidal self-injury, eating disorders) (Juarascio

et al., 2017; Linehan, 1987; Lloyd, 2003) and basic research on human responses to aversive

A)

B)
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contexts (Hartley et al., 2014; Johansen et al., 2011; Öhman & Mineka, 2001), proposes that

aversive internal states should increase the urge to escape, but that the urge to escape should also

naturally decay over time, as aversive internal states subside. For instance, in Dialectical

Behavioral Therapy, clients are taught to “surf the urge” by imagining the urge to escape as

waves in the ocean, which can arise quickly and grow in intensity (e.g., due to the effects of

stressors and aversive internal states), and can then also subside over time, even without

engaging in escape behaviors (Linehan, 1987).

To capture this dynamic of urges to escape that can grow in intensity from aversive

internal states while decaying on their own, we modeled the urge to escape as a linear ODE

including a negative self-feedback loop (representing natural decay in the urge to escape over

time), as well as a positive effect of aversive internal states. Thus, in mathematical form, we

modeled the urge to escape () as:




= − +  (4)

where  = self-feedback loop of urge to escape and  = effect of aversive internal states on

change in urge to escape over time.

Six realizations of this system (simulated over two weeks of time) defined by Equations

2, 3, and 4 are shown in Figure 4. Similar to the simulations above, we observed that

fluctuations in the urge to escape over time closely mirror those for aversive internal states and

stressors, such that increases in stressors caused momentary increases in both aversive internal

states and in the urge to escape. As before, we held parameter values constant across each of the

six realizations, such that observed differences across simulations may be attributed to the

stochastic nature of stressors, allowing us to visualize a distribution of potential dynamics of this

system over time.
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Figure 4. Six realizations of a system including stressors, aversive internal states, and urge to
escape over two weeks.

Step Four: Adding Suicidal Thoughts to the Formal Model

Although it is plausible that the urge to escape arises frequently and in approximately

linear fashion to aversive internal states, prior research and theory suggest that suicidal thoughts

do not emerge in this manner. In other words, it is not the case that small increases in the urge to

escape consistently elicit small increases in suicidal thoughts. Rather, ecological momentary

assessment (EMA) studies indicate suicidal thoughts are characterized by high zero-inflation.

Even in clinical high-risk populations, the most common response to EMA prompts assessing

momentary suicidal thoughts is ‘0’ (indicating no suicidal thoughts), even when people report

experiencing aversive internal states and an urge to escape. Thus, it must be the case that low (or

even high) levels of aversive internal states and escape urges can be present without eliciting

suicidal thoughts. Further, when suicidal thoughts do emerge, they tend to display relatively

quick onset and rapid fluctuations over time (Kleiman et al., 2017; Nock et al., 2009; Wang et

al., 2021). Therefore, we posited that the effect of urge to escape on suicidal thoughts () is non-

linear, and implemented this theoretical position using a nonlinear sigmoidal (s-shaped) function:
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= − +
1

1 + #$(%#!)
(5.1)

where  = the self-feedback loop of suicidal thoughts, = steepness of the sigmoidal curve,

and  = midpoint of the sigmoidal curve.

Notably, a central theoretical position of the General Escape Theory of Suicide is that

suicidal thoughts serve a function: they reduce aversive internal states over time (Kleiman et al.,

2018). We implemented this position by incorporating suicidal thoughts as a component (with a

negative effect) in the equation governing change in aversive internal states over time. Thus, the

revised differential equation for aversive internal states is now:




= ( − ) +  −  (5.2)

where  = the effect of suicidal thoughts on change in aversive internal states over time, thereby

incorporating the regulating effect of suicidal thoughts.

Six realizations of this dynamical system are presented in Figure 5. In these simulations,

we observe that no suicidal thoughts emerge in the system when its causal factors (i.e., stressors,

aversive internal states, urge to escape) remained relatively low/moderate and stable over time.

That is, the system was able to exhibit low and moderate level stressors – and the aversive

internal states and urge to escape that accompany those stressors – without exhibiting suicidal

thoughts. However, higher fluctuations in these processes resulted in emergence of suicidal

thoughts. Of note, even in realizations where suicidal thoughts did emerge, suicidal thoughts

remained zero-inflated in the system overall. Thus, the current formal mathematical model was

able to successfully reproduce several well-established features concerning the phenomenology

of suicidal thoughts, including their relatively quick onset, short duration, and high zero-inflation

in time series data (Kleiman et al., 2017; Nock et al., 2009; Wang et al., 2021).
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Figure 5. Six realizations of a system including stressors, aversive internal states, urge to escape,
and suicidal thoughts over two weeks.

Step Five: Adding Escape Behaviors to the Formal Model

We next added other escape behaviors oriented towards escape of aversive internal states

(e.g., alcohol use, nonsuicidal self-injury) into the model. We conceptualized these behaviors as

operating similarly to suicidal thoughts, such that they emerge non-linearly with fluctuations in

the urge to escape and serve an emotion regulation function by reducing aversive internal states

(Adrian et al., 2011; Haynos et al., 2018; Wang et al., 2018). Therefore, similar to suicidal

thoughts, we used a sigmoidal function to model escape behaviors ().




= − +
1

1 + &$(%&!)
(6.1)

As before, the addition of escape behaviors requires adding its regulating effect into the

equation for change in aversive internal states over time. In mathematical form, aversive internal

states are now formalized as:




= ( − ) +  −  −  (6.2)

where  = the effect of escape behaviors on change in aversive internal states over time, thereby

incorporating the regulating effect of escape behaviors.
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A central tenet of the General Escape Theory of Suicide (Millner et al., in prep) is that

when escape behaviors are successful in reducing aversive internal states, suicidal thoughts

should not emerge. Rather, suicidal thoughts should emerge only when an individual experiences

persistent aversive internal states, and escape behaviors are no longer effective in regulating

them (such that individuals may begin to think about suicide as the “ultimate escape” from their

chronic and unrelenting distress). To test if the model indeed produces this phenomena from the

General Escape Theory, we ran two sets of simulations for the current system of equations. In

both sets of realizations, we held all parameter values constant (as in our previous simulations),

except for the  parameter, which represents the ability of escape behaviors to effectively

regulate aversive internal states over time. In the first set of simulations, shown in Figure 6, we

set the  parameter to be relatively high, representing a situation in which escape behaviors

successfully regulate aversive internal states. In these simulations, even when stressors became

relatively elevated (e.g., in the second and fourth realizations), escape behaviors were

sufficiently effective in regulating aversive internal states (and, in turn, the urge to escape),

which prevented the emergence of suicidal thoughts over time.

Figure 6. Six realizations of a system in which escape behaviors successfully regulate aversive
internal states, preventing the emergence of suicidal thoughts.
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In the second set of simulations, we held all other parameter values constant but set  to

be relatively low, representing a situation in which escape behaviors no longer effectively

regulated aversive internal states. As a result, in these simulations (see Figure 7), we observed

that suicidal thoughts did emerge in conditions of elevated stress, because other escape behaviors

were no longer effectively reducing aversive internal states. Thus, the present formal model

indeed produced this key phenomenon as predicted by the General Escape Theory of Suicide.

Figure 7. Six realizations of a system in which escape behaviors do not regulate negative affect,
resulting in the emergence of suicidal thoughts over time.

Step Six: Adding Internal- and External-Focused Strategies to the Formal Model

The final core components of our theory include internal-focused () and external-

focused () strategies, which are theorized to effectively regulate aversive internal states over

time. These strategies require individuals to tolerate aversive internal states and enact strategies

to reduce them, rather than seeking immediate escape (e.g., via escape behaviors), and intervene

on different components of the system: external-focused strategies intervene upon stressors (e.g.,

meeting with a financial advisor after being fired from a job) and internal-focused strategies

intervene on aversive internal states (e.g., engaging in cognitive reappraisal after a fight with a
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friend) (see Figure 1). As with aversive internal states, we conceptualized both internal- and

external-focused strategies as including a carrying capacity indexing a person’s propensity

towards engaging in these strategies. Following the General Escape Theory of Suicide, we also

included a positive effect of aversive internal states on internal- and external-focused strategies

(representing the position that individuals should be motivated to engage in strategies when

experiencing aversive internal states), and a negative effect of urge to escape (representing the

position that the urge to escape diminishes ability to engage in these strategies) (Nock &

Mendes, 2008; Russell et al., 2019). Together, these theoretical positions yield the following set

of equations for external- and internal-focused strategies:




= ( − ) +  −  (7.1)



= ( − ) +  −  (7.2)

where = self-feedback loop of external-focused strategies, = carrying capacity of external-

focused strategies, = effect of aversive internal states on external-focused strategies, = effect

of urge to escape on external-focused strategies, =self-feedback loop of internal-focused

strategies, = carrying capacity of internal-focused strategies, = effect of aversive internal

states on internal-focused strategies, = effect of urge to escape on internal-focused strategies.

We also added a parameter to reflect the regulating effect of external-focused strategies

on stressors over time. The updated and final equation for stressors thus reads:

 = 


!

 "$
%

(7.3)

Finally, to reflect the regulating effect of emotion-focused strategies on aversive internal

states over time, we also added a parameter for aversive internal states. The updated and final

equation for aversive internal states is thus:
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= ( − ) +  −  −  −  (7.4)

The addition of external- and internal-focused strategies completes our model (see

Appendix A for all final equations). Using this final model, we again performed two sets of

simulations to test its ability to produce key theorized phenomena. Specifically, the General

Escape Theory of Suicide (Millner et al., in prep) proposes that external- and internal-focused

strategies can regulate the system to prevent suicidal thoughts (and other escape behaviors), by

effectively regulating stressors and aversive internal states over time. To test the model’s ability

to produce this behavior, we first set the  and  parameters (representing the carrying

capacities for external- and internal-focused strategies, respectively) to be relatively low,

representing the dynamics of a system where individuals had a low propensity to engage in

external- and internal-focused strategies. Six realizations of this system over two weeks are

shown in Figure 8. In each of these simulations, we observed relatively low engagement in

external- and internal-focused strategies, resulting in persistently high aversive internal states and

urges to escape, thus ultimately leading to frequent engagement in escape behaviors and the

emergence of suicidal thoughts.

Figure 8. Six realizations with low engagement in external- and internal-focused strategies.
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In the second set of simulations, we held all parameter values constant while setting the

 and  parameters to be relatively high (i.e., increasing the carrying capacities for external-

and internal-focused strategies, respectively). We also increased the  and  parameters (i.e.,

increasing the effectiveness of external-strategies in reducing stressors, and increasing the

effectiveness of internal-focused strategies in regulating aversive internal states). These changes

in parameters may be thought to represent the effects of an intervention (e.g., helping individuals

engage in more frequent and effective coping strategies). Six realizations of this system are

illustrated in Figure 9, representing the dynamics of a system characterized by high propensity

to engage in effective external- and internal-focused strategies. In each of these simulations, we

observed higher engagement in external- and internal-focused strategies, which more effectively

reduced stressors and aversive internal states over time, leading to low engagement in short-term

escape behaviors, and reductions in suicidal thoughts over time. Thus, this formal model was

able to produce another key theorized phenomenon of the General Escape Theory of Suicide:

that effective use of external- and internal-focused strategies can prevent the emergence of

suicidal thoughts over time by reducing the severity of stressors and negative affect.

Figure 9. Six realizations of a system with higher and more effective engagement in internal-
and external-focused strategies.
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Section 3: Studying Suicide as a Complex Dynamical System

In this paper, we presented a formal mathematical model of suicide by formalizing the

General Escape Theory of Suicide as a system of stochastic and ordinary differential equations.

We believe that the introduction of formal modeling to suicide research represents a meaningful

step forward for suicide theory (and theories of psychopathology more broadly), equipping

researchers with a set of tools for theory construction provided by mathematical and

computational models and – in doing so – illuminating a path by which those theories can be

more formally tested and improved. Several noteworthy benefits of theory formalization are

illustrated by our modeling efforts here, and warrant further discussion.

Theory Evaluation

Formalizing core components of the General Escape Theory of Suicide as a mathematical

model allowed us to evaluate the explanatory power of our theory by examining its ability to

produce robust suicide-related phenomena (Van Dongen et al., 2022), including that suicidal

thoughts are characterized by relatively rapid onset and short duration, high variability and

dynamic fluctuations over time, and zero-inflation in time series data (Czyz et al., 2022; Gee et

al., 2020; Kivelä et al., 2022; Kleiman et al., 2017; Sedano-Capdevila et al., 2021; Wang et al.,

2021). Simulating from our model successfully reproduced these data patterns, allowing us to

demonstrate – rather than simply assert – that key features of suicidal thoughts indeed follow

from theories rooted in the position that suicide is an escape from aversive internal states. While

this does not mean our theory is “correct” (as it is possible that different formalizations of this

theory, or different theories entirely, may produce the same data patterns), it does demonstrate

that our theory can account for these features. This represents a critical improvement over the

explanatory power of verbal theories of suicide, which are limited to yielding vague predictions
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that depend on hidden (implicit) assumptions that often rest in the minds of theorists and can be

misunderstood by other researchers seeking to evaluate or use the theory. By formalizing our

theory, we have made all assumptions explicit, so that our model can be clearly replicated and

precisely understood by others who are interested in testing, revising, or building upon it.

Of course, our model is also notably incomplete (as all models are), and continued theory

development is needed. For instance, our modeling efforts here were limited by the vast majority

of existing suicide research focusing on suicidal thoughts, rather than suicidal behaviors; this

was especially the case for EMA studies, which we relied on to inform our understanding of

fluctuations and change in theory components over time (Gee et al., 2020; Kivelä et al., 2022;

Sedano-Capdevila et al., 2021). Given the relatively scarce knowledge of how specific

psychological processes (and their dynamics) lead to suicide attempts, we focused our initial

efforts in this paper on formalizing and modeling the dynamics of a system that gives rise to

suicidal thoughts. However, extending this formal model to delineate pathways to suicide

attempts is a crucial next step, as we are ultimately interested in understanding and preventing

not only suicidal thoughts, but also suicide attempts and death.

Guiding Empirical Research and Discovering Questions

In Section 2, we also used our mathematical and computational model to examine if our

theory produced key predictions anticipated by the General Escape Theory of Suicide, including

(1) that suicidal thoughts emerge when other behaviors oriented towards short-term escape of

aversive internal states are no longer effective at regulating aversive internal states, and (2) that

effective engagement in behaviors oriented towards long-term change (i.e., external- and

internal-focused strategies) can prevent the emergence of suicidal thoughts (Millner et al., in

prep). Simulations from our model indeed produced dynamics in line with the theory’s
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predictions. This is notable, as it lays the foundation for future empirical studies designed to

directly test these hypotheses (e.g., that suicidal thoughts emerge with escape behaviors

persistently fail to regulate aversive internal states).

Formal models can also help us discover new questions to test in empirical studies

(Epstein, 2008). For instance, simulations from our model imply that suicidal thoughts always

emerge alongside other escape behaviors and that suicidal thoughts cannot be present in the

absence of escape behaviors (e.g., see Figures 7, 8, 9). In other words, according to this model, if

someone is experiencing suicidal thoughts, then they must also be engaging in other escape

behaviors (as well as experiencing aversive internal states, the urge to escape, and stressors).

While this may appear to clearly align with clinical intuition, it is a strong prediction and not one

that we anticipated a priori when developing our verbal theory or formalizing it as a

mathematical model. Thus, it raises an interesting empirical question: in the real world, is it

always the case that suicidal thoughts occur only in the context of other escape behaviors?

If findings from empirical studies support the robustness of these phenomena (including

phenomena that we did and did not anticipate), this would provide strong corroborating evidence

in support of our theory. However, if not, then we would have clear evidence for a misalignment

between our theory’s predictions and dynamics that actually unfold in the real world, providing

important information about how the theory might be improved. Importantly, stepping through

the process of verbal theoryà formal mathematical modelà simulationsà empirical research,

rather than jumping straight from verbal theoryà empirical research, allows us to determine if

the theory produces what we think it should before investing a great deal of resources into

empirical studies. This, in turn, strengthens what we can learn from empirical studies and ensures

that the resources invested in empirical research have direct implications for theory development.
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A “hidden” - and, we believe, crucial - benefit of formalizing theories is that this process

can also shed light on potentially overlooked gaps in the literature. For instance, during our

formalization process, we found little guidance in the existing literature on how to specify the

form of relationships between model components (e.g., do aversive internal states cause change

in urges to escape over time in a linear or nonlinear manner?). Notably, this imprecision in verbal

escape theories only became apparent to us as we attempted to specify each component in our

theory as a mathematical model. Given these ambiguities, when specifying model relationships,

we followed the modeling principle of “as simple as possible, but no simpler” by relying on

linear associations when possible, and extending to nonlinear relationships (e.g., the sigmoidal

function employed for modeling suicidal thoughts and escape behaviors) when necessary.

Therefore, future work describing the form and shape of relationships among theory

components, as well as the time scale of their fluctuations, would provide important information

to guide continued formal modeling efforts (Millner et al., 2020).

Limitations, Open Questions, and Future Directions

Results from our model should be considered in the context of several limitations and

open questions. First, we made the assumption that each simulated time step in our model

represented one minute of time (and thus we simulated data over 20,160 time steps, representing

two weeks of time). However, it is possible that the simulated dynamics represent fluctuations in

stressors, suicidal thoughts, escape behaviors, and other theory components over a different

period of time. Indeed, other researchers and clinicians with expertise in suicide may examine

our simulated data dynamics from the section above and reasonably disagree on the timescale of

observed fluctuations. Critically, we believe that this illustrates a key benefit of developing and

simulating from such formal theories: by making our theory explicit through mathematical and
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computational modeling, we can directly observe what we do and do not know, and use this to

identify a clear path forward. For instance, future research comparing simulated data to real-time

monitoring data collected at different frequencies (e.g., weekly surveys vs. daily diary studies vs.

EMA) could provide important information on the timescale of suicidal thinking (and the other

constructs in our model) to further evaluate our theory and guide revisions to it.

Second, suicide (and psychopathology more broadly) is inherently complex, and this

proposed model is far too simple to accurately represent the system of factors that interact to

produce suicidal thoughts and behaviors. For instance, there are many factors that we

intentionally did not include in the model, but certainly play an important role in suicide (e.g.,

positive affect). At the same time, the model we built included a larger number of nodes (7) and

parameters (31) than are typically included in formal theoretical models. Most well-known

mathematical models in other areas of science typically contain far fewer nodes and parameters;

for instance, the Lotka-Volterra model (from ecology) contains only two nodes and four

parameters, and the Susceptible-Infected-Recovered (SIR) model (from epidemiology) contains

only three nodes and two parameters. The already-large number of parameters in our model

makes a comprehensive search of the parameter space computationally infeasible, and thus

renders thorough exploration of various combinations of parameter values to be quite

challenging. Indeed, as the model grew in complexity, it became increasingly sensitive to even

very small changes in parameter values, and we found very little guidance from existing suicide

theories or empirical research to guide the selection of parameter values.

Finally, we evaluated the current model via computer simulations, by assessing its ability

to produce robust suicide-related phenomena, as well as predictions following from the General

Escape Theory of Suicide. A critical next step for this research program involves grounding the
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model’s parameter values in data (i.e., fitting the model to data), and comparing model

simulations to empirical data to further evaluate the model’s explanatory power. For instance,

EMA data would naturally lend themselves to direct comparisons with the time series data we

simulated here. Identifying discrepancies between data generated by our theory and data

observed in the real world could inform revisions to the formal theory, towards an iterative cycle

of theory development, evaluation, and refinement. This is another key benefit of formal vs.

verbal theories: formal theories can be modified based on direct comparisons of simulations and

empirical data, whereas verbal theories tend to remain stagnant once proposed in the literature

(as they are neither strongly supported nor strongly refuted), until they are ultimately replaced by

an entirely new verbal theory (Meehl, 1967, 1990b). By making our theory and all its

assumptions explicit, open, and reproducible, our hope is that the preliminary model presented

here can be continually evaluated and refined by multiple research groups, to build a more robust

representation of the complex dynamical system of suicide with each iteration.

Conclusion

Our model represents a first step in the process of building a formal mathematical theory

of suicide and offers an exciting new direction in suicide research. Although there is much work

to be done, we are enthusiastic about the potential for mathematical and computational modeling

methods to generate novel insights on mechanisms and potential treatment targets for suicidal

thoughts and behaviors. Specifically, if we have a well-specified model that can reproduce many

known and robust real-world phenomena of suicidal thoughts and behaviors, we can then directly

intervene on components of the model (e.g., by changing parameter values, adding or removing

nodes, etc.) to test the effects of an “intervention,” and gain insight on potential intervention

effects. Given that intervention research is highly cost- and time-intensive, this could be used to
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explore innovative intervention targets and strategies (and gather pilot data) before designing and

conducting a clinical trial with real-world participants.

In addition to generating insights on mechanisms and potential treatment targets, a formal

model of suicidal thoughts and behaviors could be a useful clinical tool. For instance,

psychoeducation components of many treatment manuals include explaining the short-term

effects of engaging in escape behaviors (e.g., “emotion-driven behaviors” in the Unified

Protocol) (Barlow et al., 2010). In addition, many modules of various treatment manuals include

helping the patient understand the function of a particular problem behavior and identify

alternative strategies for responding to negative affect (e.g., behavior chain analysis in

Dialectical Behavioral Therapy) (Linehan, 2014). A clinical tool that provides patients with

direct “evidence” to support these therapeutic concepts, as well as the ability to explore and

observe the effects of different strategies (e.g., short-term escape vs. long-term change

behaviors), could help increase acceptability and engagement with the treatment.

We hope that this paper illustrates the promise of formalizing theories as mathematical

and computational models, and marks the beginning of a new direction for suicide research: the

development of formal theories to guide (and be guided by) rigorous empirical studies, to

meaningfully advance our understanding, prediction, and prevention of suicide as a complex

dynamical system.
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Appendix A. Full list of the system of stochastic and ordinary differential equations formalizing

core components of the General Escape Theory of Suicide.
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where  = stressors,  = aversive internal states,  = urge to escape,  = suicidal thoughts,  =
escape behaviors,  = external-focused strategies, and  = internal-focused strategies. As
described in the manuscript, all components  with the plus superscript denote (0,).
While we use components (with the superscript) to parameterize dynamics on the unconstrained
space, we are interested in the dynamics of the components with the superscript (constrained to
be positive), and it is these superscripted components (e.g., ,,) that we simulate and plot
in all figures.


