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Stress responses vary drastically for a given set of stimuli, individuals, or points in time. A potential source of this
variance that is not well characterized arises from the theory of stress as a dynamical system, which implies a
complex, nonlinear relationship between environmental/situational inputs and the development/experience of
stress. In this framework, stress vs. non-stress states exist as attractor basins in a physiologic phase space. Here,
we develop a model of stress as a dynamical system by coupling closed loop physiologic control to a dynamic
oscillator in an attractor landscape. By characterizing the evolution of this model through phase space, we
demonstrate strong sensitivity to the parameters controlling the dynamics and demonstrate multiple features of
stress responses found in current research, implying that these parameters may contribute to a significant source
of variability observed in empiric stress research.

1. Introduction
One of the primary areas of interest in stress research is the accurate
identification and characterization of the experience of stress within and
across individuals. There are many algorithms that attempt to classify/
predict stress based on various features (e.g., facial expressions, body
movement/gestures, and behavior), physiologic measures (e.g., blood
pressure, skin conductance, and heart rate variability), and subjective
report data (Bradley and Lang, 2000; Lee et al., 2011; Wagner et al.,
2005). Despite several advances and impressive results with these ap
proaches in specific circumstances, the development of a general
method to estimate stress remains an open challenge. In part, this is
because there is no “ground-truth” measure of stress. Often, researchers
rely on subjective reporting or observed behavior to provide this infor
mation, although it is acknowledged that these are at best proxies to the
underlying phenomena taking place. While our general inability to
model stress may be related to a variable mapping between the actual
state and the measures mentioned previously, we believe a more
fundamental source of variance may be at play that has received less
consideration.
Building upon the theoretical construct of emotional states as
attractor basins in a dynamical, biological system, we postulate that the
topology of the attractor landscape that contains these basins of

attraction and the kinematic variables that control movement in the
landscape are a significant source of variability (Oken et al., 2015;
Wichers et al., 2015). In this construct, stress can be experienced at
various levels of measurable observations. For example, stress can be
experienced at a given blood pressure depending on the state of the
dynamical system in which that observation arises.
In this manuscript, we introduce an idealized, mechanistic model
that demonstrates this property. We believe that additional research in
this area will ultimately yield improved estimates of emotional state that
can be used to build adaptive technologies that respond to the emotional
state of the individual and provide novel functionality.
Stress has evolved over eons to provide a compensatory response to
permit advantageous and adaptive behaviors in response to some
perturbation (LeDoux, 2012; Nesse, 1990). These responses manifest in
multiple levels of organization, including peripheral physiology (i.e.,
viscera), the central nervous system (CNS), and the peripheral nervous
system (PNS), including the autonomic nervous system (ANS) (Cacioppo
et al., 1993; Critchley et al., 2003; Hagemann et al., 2003). Coordination
among the component physiological systems has evolved to ensure that
adequate metabolic requirements are met for impending behavior while
also providing feedback signals to the CNS to facilitate the selection of
appropriate behavior (Ochsner et al., 2009). Despite a conceptual/
heuristic model of the CNS, PNS, ANS, and peripheral physiologic
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system interacting to generate the experience of stress, the character
ization and quantification of this interaction, and therefore stress itself,
remain a significant scientific hurdle. More recently, dynamic systems/
ecological theories argue that “basic emotions are emergent phenomena
that are the result of complex genetic and environmental interactions at
all levels of organization” (Mason and Capitanio, 2012). In other words,
these conceptual models consider the ANS, peripheral physiology, and
CNS as a dynamical system that responds to the environment in which
stress exists as a basin in the system’s attractor landscape (Levenson,
2014; Mason and Capitanio, 2012; Oken et al., 2015; Scherer, 2009).
Under this theoretical perspective, while stress arises as the result of a
reflexive response to stimuli (providing some degree of specificity),
there is variability in the development of stress that depends on the
current state of the entire dynamical, biological system.
In this work, we move from heuristic to quantitative modeling of
stress as a dynamical system. This is accomplished by developing a
system of equations that couple closed loop physiologic control of blood
pressure in response to the environment to an explicitly defined
attractor landscape that quantitatively defines stress as a basin of
attraction in its phase space. We use simulation to explore and charac
terize our model. First, we examine the model’s response to a simulated
stimulus and examine the stress response. Next, while fixing the physi
ologic response, we modify two parameters that control the system’s
dynamics and demonstrate that stress may or may not be experienced for
a given stimulus and physiologic response. The first parameter that is
varied is a potential energy (PE) difference between the fixed points at
the centers of the basins of attraction. Changes in this parameter can
manifest in many ways corresponding to both intra- and inter-subject
variability. The second parameter is a damping coefficient, which can
also account for intra- and inter-subject variability. For simplicity, we
limit our model to two emotional states with a one-dimensional
dynamical system and corresponding attractor landscape containing
two basins of attraction. However, we emphasize that the fundamental
theory behind the model presented in this work can be expanded to
include more states by defining a higher-dimensional dynamical system
with a higher-dimensional landscape and phase space. The results from
our simulations and analysis demonstrate that the constructed model
captures critical features that permeate the stress literature. Specifically,
we demonstrate how emotional state can be predicted without speci
ficity in stimulus or physiology by considering the complex dynamics of
stress. Further, we provide a simple, mechanistic model that can account
for varying emotional responses within and across individuals in empiric
stress research.

our metaphor, the Non-stressed state is represented by the left valley and
the Stressed state1 is represented by the right valley in Fig. 1. The length
of time spent in a particular state and/or the point at which transition
occurred would likely vary among individuals and be directly influenced
by the kinematic and topological parameters mentioned previously.
This conceptualization is formalized through a set of equations. For
presentation purposes, we first discuss the environment/physiologic
interaction (i.e., mental arithmetic task) that gave rise to blood pressure
control (through the baroreflex), then present the system of equations
which represent emotion. In implementation, however, both of these
component systems operate in parallel.
2.1. Blood pressure control through the baroreflex
In our simplified model of physiologic control, we extend existing
equations that model the blood pressure response to baroreflex activity
to incorporate closed-loop control (Ataee et al., 2014; Ottesen, 1997).
The heart rate and blood pressure are determined through a pair of delay
differential equations that compute blood pressure P(t) and heart rate, H
(t) through:
(
)
(
)
β (t)Ts P(t − τ) , αsp , Psp
(
) − VH (t)Tp P(t) , αsp , Psp + δH (H0 − H(t) )
Ḣ(t) = H
1 + γTp P(t) , αsp , Psp
(1)
Ṗ(t) = −

P(t)
H(t)ΔV
[
(
)] +
Ca
R0a 1 + αTs P(t − τ) , αsp , Psp Ca

(2)

The nominal values of parameters αsp, δH, H0, ΔV, VH, βH, α, γ, Ca, R0a,
and τ are taken from Ataee et al. (2014) and reported in Table 1. The
sympathetic and parasympathetic tones as a function of blood pressure
are represented by the sigmoidal-shaped functions Ts(P(t − τ), αsp, Psp) =
1 − sig(P(t − τ), αsp, Psp) and Tp(P(t), αsp, Psp) = sig(P(t), αsp, Psp), respec
tively, where sig(x, a, b) = 1/(1 + e− a(x− b)). In this work, the strength of
the ANS tones VH and βH are held constant, but in reality are likely to
change over various temporal scales according to multiple theories of
autonomic system physiology (Berntson et al., 1991; Thayer and Lane,
2000, 2009). The sensitivity of the baroreflex for the sympathetic (Ts)
and parasympathetic (Tp) activations are controlled by αsp and Psp, which
control the steepness and center, respectively, of the activation curves.
For this dynamical systems model of emotion, the effect of internal
and/or external stimuli manifests through P*(t). P*(t) is considered to be
the output of a transfer function computed by the CNS that establishes
dynamic physiologic set points in response to stimuli consistent with
physiological models of allostasis in which physiologic set points vary to
support dynamic functions (McEwen and Wingfield, 2003; Vernon et al.,
2015). For example, this may represent an increase in the desired blood
pressure to support cerebral perfusion changes occurring in response to
a mental arithmetic task (Wang et al., 2005).
Fig. 2 shows the control architecture employed to drive the blood
pressure toward P*. The error between current P(t) and P*(t) is defined
as:

2. Method
This section describes the model’s constituent systems and presents
the equations that compose the model. An apt metaphor for our model
compares emotions to a ball rolling in a hilly terrain with multiple
valleys (Oken et al., 2015; Wichers et al., 2015). The valleys represent
states (one of which could be stress) and transitions are enabled by
providing enough force to roll the ball over a hill and into another
valley. The effect of the applied force on the ball is affected by kinematic
parameters (e.g., damping/friction) and those that arise from the to
pology of the attractor landscape (e.g., steepness of the hill). Our work
utilizes the simplest state transition model, a two-state simulation
featuring two valleys with one hill separating them (see Fig. 1).
Consider, for example, an experiment where participants respond to
a mental arithmetic task and baroreflex-mediated blood pressure
changes and the perception of stress are observed (Callister et al., 1992;
Forsman and Llndblad, 1983; Middlekauff et al., 1997). In the context of

ΔP(t) = P(t) − P* (t)

(3)

where ΔP(t) is used to control the sensitivity of the baroreflex by shifting
the position of its inflection point, Psp, through:
Ṗsp (t) = ΔP(t)*G

(4)

where G represents the gain on ΔP(t). Through this set of equations, the
heart rate changes to meet P*(t) by changing the sensitivity of the
1
For simplicity, when describing the states of the system we use the states of
Non-stressed, Transition, and Stressed. However, these states could represent
any number of possible emotions.
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Fig. 1. The attractor landscape for v2 = 146.25. The left basin represents a Non-stressed state and the right basin represents a Stressed state. q2 is the horizontal
distance between the two basins and w1/w2 are parameters that are inversely proportional to the width of the wells. The ball represents an instantaneous position of
the system. A negative ΔP(t) pushes the ball toward the Stressed state.
Table 1
Parameters and variables used in our simulation. Many of the parameters for the
baroreflex model are found in Ataee et al. (2014). However in addition to those
parameters we provide descriptions of the parameters and variables introduced
in this work.
Parameter

Value

Description

G

0.3
3s
0.07

Gain for Psp controller
Time delay for sympathetic response
Slope of sigmoid determining baroreflex
response
Stroke volume
Minimum arterial resistance
Arterial compliance
Parasympathetic control of heart rate
sympathetic control of heart rate
Sympathetic effect on Ra
Parasympathetic damping of βH
Relaxation time
Intersection point of two wells
Inversely related to well width
Controls distance between two wells
Damping of emotion transition

τ
αsp
ΔV
R0a
Ca
VH
βH

α
γ
δH
q0
w1, w2
q2
c
v2
f

100 ml
0.6 mm Hg s ml− 1
1.55 ml mm Hg− 1
1.17 s− 2
0.84 s− 2
1.3
0.2
1.7 s− 1
Varies with V2
10, 40
10
Varies between 0 and
10
Varies between 0 and
975
17

Potential energy difference between two
wells
Scaling term for forcing

Fig. 2. Model of the closed loop control of blood pressure using the baroreflex.
In this model, a blood pressure set point (P*(t)) is determined by the brain in
response to a stimulus. The actual blood pressure (P(t)) meets this set point by
changing the sensitivity of the baroreflex (Psp), which in turns amplifies or di
minishes the influence of the ANS (parasympathetic (VH), sympathetic (βH)) on
the heart rate. In turn, the heart rate changes blood pressure by decreasing or
increasing cardiac output, which is directly related to the blood pressure.

baroreflex for the sympathetic (Ts) and parasympathetic (Tp)
activations.
2.2. Model of emotion as a dynamical system

Fig. 1 and described by:

This section describes the attractor landscape that defines two states
(Non-stressed and Stressed), the dynamics within the landscape, and its
link to the closed-loop blood pressure control described above. We use
the two-welled example as exemplified in Oken et al. (2015); Wichers
et al. (2015) to define a two-basin potential landscape (V) shown in

])
[
V(q) = [1 − sig(q, 10, q0 ) ]w1 q2 + sig(q, 10, q0 ) w2 (q − q2 )2 + v2

(5)

where w1 and w2 control the widths of the attractor basins, q2 is the
85
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distance between the basins, and v2 is the difference in potential energy
between basins (Fig. 1). In this set of equations, one emotion is centered
at q = 0 and the other at q2. For general purposes this could represent
two disparate emotions (e.g., happy versus sad or aroused versus bored),
or two similar emotions (e.g., happy and elated). In this work, state is
quantitatively defined with respect to trajectory in or around these ba
sins of attraction. There are three potential emotional states: 1. Nonstressed–stable trajectory around the left basin, 2. Transition–current
trajectory spans both basins, and 3. Stressed–stable trajectory around
the right basin. With respect to the widths (w1 and w2) larger values
make the basins narrower, and therefore more force is required to
transition to the other state. The sigmoid function (sig) is used for mixing
the quadratic potentials to ensure V(q) and dV/dq are smooth, and q0 is
obtained by determining the intersection of the two quadratics such that
0 < q0 < q2.
While Eq. (5) describes the two-dimensional attractor landscape, the
basins of attraction that characterize the stress states are defined in
phase space. This phase space is characterized by q and q̇, where q is the
generalized coordinate of the oscillator and q̇ is the velocity. The dy
namics of this system are modeled as a driven oscillator such that:
q̈ + cq̇ +

dV
= − f ΔP(t)
dq

2.3. Simulation strategy
In this work, we simulate experiments 180 s in duration, during
which stimuli are presented for 5 s every 10 s starting at 20 s into the
experiment. There are a total of 10 stimuli. Stimuli are represented by
changes in P*(t) from a resting value of 84 mmHg to 92 mmHg, modeled
after responses to a hard problem task in the literature (Middlekauff
et al., 1997). The resulting step function for P* is shown in Fig. 3a. After
initializing the model, physiologic responses are determined through
evolution of Eqs. (1)–(4) and the dynamics of the stress states are
computed with Eq. (6). Stress state is then characterized over each peakto-peak interval defining a half-period of oscillation. If q only spans the (
− ∞ , q0) domain over this interval, then we say the oscillation is con
tained in the left basin of attraction and the system is in the Non-stressed
state. If, on the other hand, q only spans the (q0, ∞ ) domain over this
interval, then we say the oscillation is contained in the right basin of
attraction and the system is in the Stressed state. If q spans both basins
over a single peak-to-peak interval, then the system is determined to be
in a Transition state. From these definitions, we are able to determine,
for any given simulation, its initial state, the point at which it transitions
states, and how long it remains in that state once transition has occurred.
It is particularly important to understand the potential influence of
intra- and inter-individual differences and dynamics in the attractor
landscape on emotional state, given the same stimuli and physiologic
response. To that end, we systematically vary (i.e., linearly space) two
parameters in the model: c from 0 to 10 and v2 from 0 to 975. Twentyone values of these parameters are used for a total of 441 simulations.
Lower c values correspond to less damping and therefore increased
lability (transitions between various states), since the opposing force
that would attenuate the system’s energy is reduced. Conceptually, this
parameter could be linked to a variable like sleep quality given the
empirical research suggesting that sleep quality is inversely related to
emotional lability (Gujar et al., 2011a; Gujar et al., 2011b). Lower v2
values reflect smaller differences in potential energy of the two basins. In
this model, a smaller potential energy difference corresponds to a more

(6)

where c is the damping coefficient and f is a scaling parameter for the
external forcing. Critically, ΔP(t) provides the force in the system and,
depending on the other parameter values (including the topography of
the attractor landscape (w1, w2, v2, and q2)), may cause the simulation to
oscillate within a given state or to transition to another state (i.e., the
other basin of attraction). In this work, we directly link the dynamical
system of stress to the physiology given the known (albeit variable)
correlation between physiology and stress. The parameter values for the
simulations presented here are provided in Table 1.

Fig. 3. The physiologic response is the same for all 441 simulations conducted in this study and is shown in plots a–d. As shown in plot a, blood pressure increases in
response to the stimuli (modeled as P * (t), black line) by changing the heart rate (plot b). The error, ΔP(t) (plot c), is translated into baroreflex sensitivity by changing
the inflection point (plot d) of the sigmoid that governs the gain on the ANS.
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equal likelihood of residing in either state (Non-stressed vs. Stressed).
Conversely, larger values of v2 indicate that the system is less likely to
enter or remain in the Stressed state. As an example application, in this
context, v2 could be reflective of the 5-HTT gene, consistent with the
observation that these individuals with the short-arm variant tend to
dwell in negative emotions when compared to long-arm genotype in
dividuals (Caspi et al., 2003; Collier et al., 1996; Mendes de Oliveira
et al., 1998; Pérez de Castro et al., 1999).

Next, we analyze the temporal dynamics of the emotional state
experience. We examine the number of simulations that experience their
first and last Stress state across all the simulations as a function of time.
This analysis is similar to survival analysis and the well-known KaplanMeier estimation technique (Kaplan and Meier, 1958).
Finally, the physiologic response in the model is correlated to the
emotional states experienced for each simulation. This is accomplished
by performing a cross-correlation with a lag of 3 s (related to τ = 3 s) and
taking the maximum value of the correlation as recommended by several
emotion empiricists (Levenson, 2014; Mauss et al., 2005). The values
considered in this analysis are P*(t), VH(t), βH(t), P(t), and H(t). The
correlation coefficients are then transformed using atanh and subjected
to a one-way Analysis of Variance (ANOVA) to determine if any of the
measures show statistically significant differences in correlation with
emotional state.

2.4. Analysis
Our analysis focuses on demonstrating that for a given physiologic
response, multiple states are possible within a dynamical systems
framework. We first analyze the time spent by our simulations in a given
state in response to the stimuli. This is done using a percentage metric,
which divides the time spent in a given state over the total time interval
of interest. This is performed across the entire 180 s time series for each
of the 441 combinations of c and v2 parameter values.

Fig. 4. In plot a, we graph the trajectory through phase space of the system for a full simulation of 10 stimuli, 180 s, with v2 = 146.25 and c = 0.5. As shown in this
figure, the system oscillates over several trajectories. In plot b, we graph the discretized values of state (dependent on the oscillations in plot b of Fig. 3) as a function
of the stimuli. As shown in this figure, the experience of emotional state is not directly coupled to the experience of the stimuli.
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3. Results

3.3. Variability in the dynamics of emotion

3.1. Physiology

Fig. 5 shows the amount of time spent in the Non-stressed, Transi
tion, and Stressed emotional states for each parameter pair averaged
across the entire 180 s. The variability across simulations ranged from
11.79% to 100% for the Non-stressed state, 0% to 71.43% for the
Transition state, and 0% to 74.38% for the Stressed state. As evidenced
by this quantitative analysis, there is marked heterogeneity in the states
experienced by the different simulations, despite the fact that they
simultaneously experienced the same stimuli and physiologic evolution.
This variability arises strictly from changes in the dynamical system’s
parameters (c and v2), which demonstrate nonlinear interactions as
shown in Fig. 5.
A more complete characterization of the variability in state changes
experienced by the simulations is provided by performing a modified
survival analysis on the Stressed state. The results of this analysis are
shown in Fig. 6. The black curve depicts when the first experience of
stress occurred across the simulations. The median point in time (cor
responding to 50% of the simulations) occurs at 31.31 s. However, as
noted from this figure, some of the simulations experience the first
Stressed state as early as 20.68 s or as late as 126.3 s seconds into the
simulation, and some simulations do not experience the Stressed state at
all. The gray curve depicts the time at which simulations experienced
the Stressed state for the last time. The median value for this occurs at
114.8 s; however, some simulations experience this point as early as
24.88 s or as late as 138.2 s. This analysis demonstrates that differences
in the attractor landscape generate significant variability in the time at
which these simulations experience emotional states.
The final analysis examines the correlation between the physiologic
time series data (including P*(t)) and the emotional states to determine
how well physiologic measures can be expected to predict emotional
state in our model. As stated in the Methods section, this analysis uses a
cross-correlation approach with a maximum lag of 3 s and records the
maximum correlation value. The results of this analysis are plotted in
Fig. 7. The correlation for each measures is as follows (mean ± standard
deviation): P*(t): 0.5707 ± 0.3013, VH * Tp(t): 0.5567 ± 0.3000, βH *
Tp(t): 0.5944 ± 0.3023, P(t): 0.5694 ± 0.3015, and H(t) 0.5640 ±
0.3009. A one-way ANOVA performed on the arc hyperbolic tangent
transformed correlation coefficients revealed no significant difference
between the physiologic parameter and degree of correlation to
emotional state, F(4,2204)=0.67,p=0.6144.

The physiologic response for our simulated conditions is shown in
Fig. 3. The stimuli are provided as a step function for P*(t) to which Eqs.
(1)–(4) respond by attempting to reduce ΔP(t) to 0. As shown in Fig. 3a
and b, the system responds within reasonable physiologic bounds to the
presented stimuli. Mean arterial pressure, P(t), ranges from 81.5 mmHg
to 94.4 mmHg and the heart rate, H(t), ranges from 68.5 bpm to 73.4
bpm. The difference between the desired and actual blood pressure, ΔP
(t), is plotted in Fig. 3c and varies from − 10.833 mmHg to 10.7286
mmHg. Through Eq. (4), changes to Psp(t) are driven by ΔP(t), which
translates the baroreflex sensitivity curve to the right and left (corre
sponding to less versus more activity for a given P(t)). In these simula
tions, Psp(t) varies from 59.4 mmHg to 71.5 mmHg and the resulting
range of activation curves, Ts and Tp, are illustrated in Fig. 3d. The time
series of the autonomic, baroreflex activity is dependent on Psp, as well
as the instantaneous and delayed values of blood pressure, P(t) and P(t −
τ), respectively. The resulting time series of parasympathetic (VH * Tp(t))
and sympathetic (βH * Ts(t)) activations, which corresponds to rates of
change in heart rate, ranges from 0.8766 to 1.0285 and 0.1016 to
0.2106, respectively. It is important to note that these physiologic dy
namics are constant for all simulations in this work.
3.2. Emotion dynamics for a representative set of parameters
Fig. 4a shows the complete trajectory through phase space of an
entire simulation, for parameters v2 = 146.25 and c = 0.5. As shown in
this figure, the trajectory through the phase space is complex, with os
cillations centered at q = 0, q = 10, and across both basins of attraction.
As discussed in the Methods section, this phase space was used to
determine the discrete stress states being experienced by the simulation.
Plot b of Fig. 4 charts stress state as defined in the Methods section
against time and in reference to the stimuli. This data is for the simu
lation whose continuous trajectories in phase space are graphed in
Fig. 4a. As shown in this plot, this simulation begins in the Non-stressed
emotional state, then enters the Stressed emotional state in stimuli #1,
#2, #3, #5, #6, #8, and #9. During the inter-trial intervals, the system
experiences the Transition and Non-stressed emotional states, and
finally resolves to the Non-stressed emotional state. The duration of
these emotional states is ~3–7 s for this particular simulation, which is
consistent with the emotion literature (Levenson, 2014; Scherer and
Ekman, 2014). Not all simulations demonstrated this activity pattern,
and were the focus of additional analyses.

4. Discussion
Our metric of stress state is discretized according to theories that
regard these states as basins of attraction in phase space, wherein a
complete oscillation around a basin or basins defines a state (Oken et al.,

Fig. 5. Percentage of time spent in each possible state as a function of parameters v2 and c. Of note, the physiologic response and stimuli experienced are always the
same. As is shown in each plot, the time spent in each state is nonlinear and varies according to the value of v2 and c.
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Fig. 6. Analysis of the first and last experience of the Stressed
state. The black curve signifies the first experience of stress,
which varies from very early (20.68 s) to very late (126.3 s) in
the simulation. Half of the simulations experienced stress for
the first time by 31.31 s (left, black x). The gray curve reflects
the percentage of simulations that experienced the last Stress
state. This occurred by 114.8 s for 50% of the simulations
(right, black x); however, the range was 24.88 s to 138.2 s.
(For reference, the first stimulus was experienced at 20 s and
the last stimulus was experienced at 110 s, as in Fig. 4.)

state and trait level variability. However, these parameters and others in
the model could be correlated with other sources of inter and intraindividual sources of variability. Regardless of their biological corre
lates, variation in these parameters yielded different stress responses
(timing and quality) for a given stimulus and physiologic response.
Across all of the simulations, the baroreflex response to ΔP(t) is the
same, despite the differences in the experienced emotional states that
are described above. Therefore, the low correlation between the physi
ology simulated and the emotional states is expected. However, the
average correlation observed in this study across all of the physiologic
measures (including the stimulus P*(t)) is 0.571, which is consistent
with results found in the literature (Kreibig, 2010; Levenson, 2014;
Mauss et al., 2005). This observation implies that approximately 67% of
the variance in stress experience may be the result of the attractor
landscape and its accompanying kinematics, rather than physiology or
environmental stimuli.
Our research is consistent with the theoretical perspective that stress
manifests as basins of attraction in a dynamical system and therefore
inherently argues against physiologic specificity for a given stress state.
More directly, this model argues that states and the transitions between
them are a function of physiology, stimuli, attractor landscape topology,
and the parameters that control dynamics between them. To date, most
empirical work has focused on relating emotional state to physiology,
behavior, and stimuli, with little attention being given to the parameters
that influence the dynamics of emotion. The mechanistic model
described here provides a parameterizable description of state that uti
lizes ANS activations to mediate the relationship between the CNS and
physiology in a dynamical systems framework that can be utilized as a
tool to further represent and understand stress state.
While the proposed model captures some generic features of current
affective research, there are others that merit exploration. First, within
the context of this model, several physiologic parameters affect the
baroreflex as described in Ataee et al. (2014), including those related to
the inherent delay of the sympathetic system, compliance of the arteries,
and intrinsic rate of the sinoatrial node. In this work, we utilize the
baroreflex strictly as a means for modeling a physiologic response, but
there are many other sources of physiologic control (e.g., respiratory
sinus arrhythmia, which could be modeled as oscillations in VH). A
further simplification that was assumed in this work was that the bar
oreflex response considered in this work changes its lateral position for
closed loop control. Other potential control parameters could include
the slope of the sigmoid, scaling/height, among others. Certainly, more
complex control is at play in vivo, which can be added to our work.

Fig. 7. The maximum, time-lagged correlation between physiologic measures
and emotional state is similar across the various physiologic measures, and on
average was 0.5701. One-way ANOVA revealed no statistically significant dif
ferences in the correlation between physiologic variables and emotional state
across the 441 parameter value combinations.

2015). Using this approach, we are able to observe and quantify changes
in stress state over time and across two parameters—one that changes
the topography of the landscape (v2) and one that affects the forces
acting upon state transitions (c). Our dynamical systems model of state
captures extant observations in stress research. Specifically, for a given
physiologic response and stimuli frequency/magnitude, variability in
the attractor landscape and/or dynamics can yield markedly different
states. This variability can be construed as the effect of differences
within (over time) and across individuals. Therefore, while none of the
parameters used in this work are stochastic (although they could be
modeled as such) the model generates a stable, non-deterministic
mapping between physiology and stress states. This stability (which
bounds the model) is enforced by the balance between damping and
forcing functions in Eq. (6). To the best of our knowledge, this is the first
mechanistic model to demonstrate this theoretical perspective. As such,
it may prove valuable to researchers for evaluating and conceptualizing
empirical data. In the first analysis, we characterize the duration of time
spent in the stress states as a function of two parameters (c and v2) that
were varied in our model. As an example, we suggested these parameters
could represent sleep quality and 5-HTT genotype as potential sources of
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Changes in these parameters will necessarily alter the physiologic re
sponses determined in Eqs. (1) and (2) and will ultimately affect stress
dynamics. There are additional parameters within Eqs. (4), (5), and (6)
that can be explored beyond c and v2 that were varied for purposes of
this study. Finally, more complex model architectures could be imposed.
In this work, we describe a one-way interaction between physiology and
emotion; i.e., the force provided for emotional state transitions is pro
vided by ΔP(t) through Eq. (6). In reality, it is likely that the topology of
the attractor landscape (w1, w2, q2, v2) in Eq. (5) and perhaps the kine
matic variables (c, f) in Eq. (6) are time-varying and functionally linked
to previous states visited and/or to the evolution of the physiology,
thereby providing some closed loop control. It is also likely that the
dimensionality of the emotional state landscape is of higher order than
that presented in this work. While arguments on this subject are
ongoing, the number of “basic” emotions is likely greater than 2, which
would require topology more complex than that presented in Fig. 4. A
limitation of the approach described here is the complexity of the model
system. While the presented model is the ‘simplest’ (i.e. a two state
system) instantiation of the non-linear mapping between physiology and
stress, it is likely that stress is expressed in a much higher order space
with two or three way interactions. For example, another level of
interaction could be closed-loop influences from previous stress states
affecting the topography of the basins of attraction making it more or
less difficult to experience that stress state in response to a stressor. This
may reflect an important variable underlying stress resilience (Montpetit
et al., 2010). Such additional complexity would then require significant
amounts time-series data that adequately sampled the state-space in
order to confirm the model. This will be the focus of our future work.
In this work, we made the specific design choice to define states as
complete cycles (oscillations) within a basin of attraction, while tra
jectories that spanned both basins were considered to be transition
states. This choice was motivated by our desire to differentiate stable
trajectories within a state from transition-state trajectories. Alternative
definitions of state could be used. For example, an instantaneous posi
tion of the generalized coordinate (e.g. q in Fig. 1). Such a definition
would permit rapid state transitions (sub-second) depending on the
frequency of the oscillator or a time-averaged value of q, where the
temporal window size controls the frequency at which state transitions
occur. However, these definitions of state are not consistent with the
dynamical systems approach presented in this work, where the entire
phase space (both q and q̇) should be considered in the definition of
state. Furthermore, the model’s focus on >1 Hz state transitions (as
opposed to changes on a millisecond-to-millisecond basis) are
commensurate with stress-related cardiovascular changes that are
typically examined in the cardiovascular stress literature (Cacioppo,
1998). While the brain is capable of rapidly processing stress-related
stimuli on a millisecond basis, the relationship of these dynamics to
autonomic and stress-related feeling states requires further clarification
(Pace-Schott et al., 2019). Yet, the model is generalizable such that it can
be used to model states that may have faster, or slower, temporal dy
namics than the frequency of the oscillator.
Critical questions persist with this work, including how the attractor
landscape and the parameters that control the dynamics of emotional
state are developed, where they anatomically reside, and how they
function physiologically. Candidate regions include the thalamus, cen
tral autonomic network, and other subcortical structures that have been
implicated in CNS/ANS interactions (Critchley, 2005). Our model is a
significant asset for answering these questions because it provides time
series (q(t) and q̇(t)) that we would hypothesize are correlated to the
neural activity that reflects emotional state.

subsystems. The proposed model demonstrates significant emotional
state variability, for a fixed set of stimuli and a stereotyped physiologic
response, that arises from parameters that govern the dynamics of
emotional state. This model provides a tool to help investigators explore
the dynamics of emotional state beyond measures of physiology and
stimuli, and therefore may provide additional insight for affective sci
ence research.
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