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Behavioral Posology: A Novel Paradigm for Modeling the
Healthy Limits of Behaviors

Nathan Henry,* Mangor Pedersen, Matt Williams, and Liesje Donkin

One of the challenges faced by behavioral scientists is the lack of modeling
methodologies for accurately determining when a behavior becomes
problematic. The authors propose “behavioral posology” as a novel modeling
paradigm for quantifying the healthy limits of behaviors through the concept
of behavioral dose. As an example of this paradigm, a
pharmacokinetic/pharmacodynamic model of a hypothetical digital behavior
is presented, based on opponent process theory. The generic model can be
adapted to simulate Solomon and Corbit’s model of affective dynamics from
1974, and the model predicts features of addiction such as hedonic allostasis,
withdrawal, and apparent tolerance. A behavioral frequency response analysis
(BFRA) of the model demonstrates how behavior repetition may result in a
hormetic dose–response relationship that depends on the frequency of the
behavior. The model can be experimentally validated using Ecological
Momentary Assessment, allowing researchers to hypothesize, model, and test
causal mechanisms for behavioral addictions. The potential for behavioral
posology to be applied as a clinical support tool in psychological medicine is
discussed, as this modeling framework may help to detect and limit behaviors
being performed too frequently based on factors such as the person’s moral
beliefs.

1. Introduction

1.1. Rationale for Behavioral Posology

Posology is the study of dosage. It is mainly used for optimiz-
ing therapeutic drug administration, but has also been used
to establish safe doses for illicit drugs in therapeutic contexts,
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such as cannabis[1,2] and LSD (lysergic acid
diethylamide).[3] Evidence suggests that be-
havioral and drug addictions have a simi-
lar etiology,[4–7] indicating that a posologi-
cal paradigm could be applied to study the
temporal nature of behavioral addictions—
particularly those of a digital nature.
Many mental health disorders have been

linked to the excessive use of technology.
Examples include increased rates of de-
pression and anxiety in high users of so-
cial media,[8] smartphones,[9] gaming,[10]

pornography,[11–15] and Internet-related be-
haviors in general.[16] Still, there is debate
over whether behaviors such as compul-
sive pornography use can be classified as
addictive, due to insufficient evidence of
causal directionality between the behaviors
and their associated mental states.[17–20]

Some causal mechanisms for depression
induced by repeatable behaviors have been
proposed. For example, correlational stud-
ies show that people who morally disap-
prove pornography but continue to use it ex-
perience greater levels of depression, anxi-
ety, and distress.[21–24] Moral incongruence

can be defined broadly as the feelings of distress, guilt and shame
experienced when one performs a behavior that violates one’s
moral code.[21] Lewczuk et al.[24] highlighted the potential role of
moral incongruence in self-perceived addiction to the Internet,
social networking, and online gaming. Further, Grubbs et al.[22]

found that the interaction of behavioral frequency and moral in-
congruence predicted self-perceived addiction to behaviors such
as pornography use and gambling; however, the same has not
been found for illicit substances, tobacco, or prescription drugs,
and results were inconclusive for alcohol and marijuana use.
The authors noted that while context matters, "moral disapproval
consistently predicted self-reported addiction to all focal behav-
iors and substances, with effect sizes in the medium-to-large
range".[22] Still, the neuropsychological mechanisms behind this
interaction are poorly understood, due in part to a lack of longitu-
dinal data and insufficient causal modeling techniques. In partic-
ular, there is no clear method for quantifying whether a person’s
behavioral pattern has led to long-term mood modification, in-
creased tolerance, or withdrawal—some of the key components
of addiction.[5]

This article proposes a novel modeling paradigm called "be-
havioral posology" to analyze these temporal relationships, in or-
der to find the healthy limits of behaviors. This paradigm may
assist researchers in producing causal models of addiction and
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has the potential to be applied broadly in the field of behavioral
sciences. We demonstrate an example of this method by model-
ing the relationship between a repeated digital behavior and he-
donic states. We also discuss how to validate this model experi-
mentally. But first, we need to explain the historical background
of this model.

1.2. Theoretical Background

1.2.1. Opponent Process Theory

Solomon and Corbit’s opponent process theory suggests that re-
peated behaviors can lead to allostasis, a condition where an in-
dividual’s set point becomes dysregulated and shifts away from
homeostatic levels, often leading to a depressed hedonic state.[25]

In this theory, the initial euphoric response to a behavior, experi-
ence, or drug is known as the "a-process". This is followed by a
compensatory opposite reaction, or "b-process," which consists of
a more extended period of negative hedonic state—typically asso-
ciated with craving and withdrawal—after which homeostasis is
restored.[25] Repeating the opponent processes at high frequency
prevents recovery to homeostasis due to the slow decay and ad-
ditive nature of the b-process,[25,26] leading to a gradual slide into
a depressed mood. While this theory has been broadly accepted,
much remains unknown about the psychological and pharmaco-
logical mechanisms behind opponent processes.

1.2.2. Pharmacokinetic/Pharmacodynamic Modeling of Opponent
Processes

Theway the body processes a drug (its pharmacokinetics) and the
drug’s effect on the body (its pharmacodynamics) can be simu-
lated using pharmacokinetic/pharmacodynamic (PK/PD)model-
ing. Clinicians use this tool to optimize drug dose regimens.[27]

Most PK/PD models rely on the Hill equation to quantify the
relationship between a drug’s concentration in the body and its
pharmacodynamic effects—also known as the biophase curve—
which provides a greater understanding of drug–receptor inter-
actions and their effects on mental states.[28,29] A full explana-
tion of the technique is outside the scope of this article, but for
those unfamiliar with PK/PD modeling, we recommend Upton
and Mould’s introductory papers.[30–32]

Opponent process theory assumes that the b-process is phar-
macokinetically derived from the a-process. For example, if the a-
process is caused by dopamine release, then the b-process could
be at least partly due to dopamine depletion of equal and oppo-
site magnitude.[33] However, the neurochemical and hormonal
cascades for most opponent processes are generally more com-
plex. It’s also possible that the dose–effect relationships for the
a-process and b-process could be different, which means differ-
ent behaviors could lead to varying rates of allostasis and depres-
sion based on the Hill equation parameters for the opponent pro-
cesses generated by the behavior.
In theory, the effect of any chemical or behavioral stimulus

on the body can be modeled as a PK/PD process, even for a-
processes with no opposing after-reaction. For example, laugh-
ing or cuddling can produce a pleasurable reaction—due to the

release of endorphins and oxytocin—with a negligible opposing
response,[34,35] making it near-impossible to observe allostasis.
Yet allostasis can still be achieved with very high behavioral fre-
quencies. Laughter-induced syncope, a rare phenomenon where
a person can faint from excessive laughter, is an example of
this.[36]

Since the b-process decays more slowly than the a-process,
moderators of the b-process have the greatest effect on the
rate of hedonic allostasis (i.e., the rate at which the subject’s
mean hedonic state decreases), as shown by Ahmed and Koob’s
modeling.[37] In another example, Chou and D’Orsogna[33] pro-
posed a link between neuroticism and the b-process for certain
behaviors, showing that a larger b-process produces greater levels
of craving, which could lead to addiction. A similar mechanism
can be applied to themoral incongruencemodel of behavioral ad-
diction to simulate a subject’s slide into depression via allostasis.
From this, a question arises: can we determine the frequency at
which any behavior becomes harmful to the user based on their
moral beliefs about the behavior? To answer this, we must first
understand the concept of hormesis.

1.2.3. Hormesis

Hormesis is a biphasic dose–response relationship where low
doses of a stimulus have a positive effect on the organism, while
high doses have a negative effect.[38] Numerous examples of
hormesis exist in nature,[39,40] medicine, and psychology, such as
the Goldilocks zone,[41] the Yerkes–Dodson law,[42] and the thera-
peutic window.[43] Dose–response curves for toxic substances can
be broadly categorized under three models,[44] demonstrated in
Figure 1:

- Hormesis—low doses are beneficial, but high doses are detri-
mental beyond a dose threshold, known as the hormetic thresh-
old, or No Adverse Effect Level (NOAEL)

- Linear No Threshold (LNT)—harm increases monotonically
with dose

- Linear With Threshold (LWT)—harm increases monotonically
with dose, but only beyond NOAEL

1.2.4. Frequency Response Analysis

The hormesis literature generally focuses on the dose–response
relationship for single doses.[45] For example, Calabrese has sug-
gested that hormesis is a commonly observed dose–response pat-
tern in addictive drugs, focusing on the relationship between
dose concentration and rat locomotor activity.[45] However, this
approach may not accurately predict the effects of dose sched-
ules. In their review of hormetic phenomena, Li et al. stated that
"the temporal pattern and duration of the exposure are underap-
preciated factors in determining the net outcome. Intermittent
exposure often generates opposite effects as compared to contin-
uous exposure".[46]

In a behavioral context, one should analyze low and high be-
havioral frequencies to see whether the relationship between be-
havioral frequency and effect is linear (e.g., LNT) or nonlinear
(e.g., LWT or hormesis). This can be assessed using frequency
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Figure 1. Generic graphs of the Linear No Threshold model (LNT, dotted line), Linear With Threshold model (LWT, dashed line), and hormesis (solid
line) for both drug-based and behavioral contexts. NOAEL = no adverse effect level (also known as the hormetic threshold), presented for the hormetic
curve only.

response analysis (FRA), a signal processing technique that in-
volves creating Bode plots to show a system’s response to inputs
of different frequencies.[27] Thismethod has already been applied
in biological contexts. Schulthess et al. proposed that dosing fre-
quency could be modulated to affect the pharmacodynamic re-
sponse and demonstrated four pharmacological problems where
FRA could be used to optimize drug treatment regimens.[27]

Mitchell et al. discovered an optimal frequency of oscillation for
a mitogen-activated protein kinase signaling network in yeast;
above and below this frequency, the response was dampened.[47]

Radiotherapy is another field in which the frequency of radiation
dose delivery significantly impacts therapeutic outcomes.[48]

We propose that one can observe hormesis in behaviors by
changing their frequencies and observing the hedonic outcomes,
as part of a behavioral frequency response analysis (BFRA). As-
suming a hormetic relationship, positive long-term hedonic out-
comes will be observed at low behavioral frequencies, but nega-
tive long-term outcomes will occur at higher frequencies. There-
fore, one can use a BFRA to identify the behavioral frequency
range that produces positive long-term hedonic outcomes for in-
dividuals.

1.2.5. Modeling “Behavioral Dose”

Using a “black box” approach, it is possible to infer a drug’s prop-
erties by evaluating its effects on a person’s mental state over
time. In other words, one can reverse engineer the pharmacoki-
netics of a drug—how the body processes it—from its pharmaco-
dynamic effects on the brain.[32,49–51] This approach is used when
it is too difficult to measure the underlying biological mecha-
nisms of a drug.[52] Similarly, it may be possible to use this ap-
proach to understand the effects of performing a behavior on
one’s mental state.
To do this, behavioral “dose” must first be defined. A con-

cept analysis by Manojlovich and Sidani[53] found that four

attributes can describe the “dose” of an intervention: purity,
amount, frequency, and duration.[54,55] By reframing “interven-
tion” as “behavior”[56] and “purity” (i.e., concentration) of dose as
“potency” of the behavior,[57] we can similarly define behavioral
dose. For example, “video gaming dose” can be determined by
recording the following metrics:

• Potency: the level of immersion or engagement in the behavior
(e.g., a game played on a high-end gaming console is likely to
provide greater immersion than the same game played on a
smartphone)

• Amount: the time spent performing the behavior (e.g., length
of a gaming session)

• Frequency: how often the behavior is performed within a spe-
cific period (i.e., Duration).

Then, the gaming dose for a single session can be calculated
as follows:

Doseindividual session = Potency × Amount (1)

and the total dose of cumulative gaming sessionswithin a specific
period is:

Dosetotal = Frequency × Duration × Doseindividual sessions (2)

where Doseindividual sessions represents the mean individual session
dose for all gaming sessions over the duration in which Dosetotal
is assessed.
Thus, we can perform a BFRA by treating Potency, Amount,

and Duration as constants and replacing Dose with Frequency on
the x-axis of Figure 1. However, this definition is problematic be-
cause it implies a fixed effect, when in fact the effect of behavior
on one’s mental state varies over time. It also does not capture
the complexity of multiple behavioral doses applied in rapid suc-
cession. To better model the cumulative effects of repeated doses,
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Figure 2. Hypothesized compartment model representing the cycle of a repeated digital behavior, potentially leading to addiction. Compartments linked
by dotted lines were not modeled but demonstrate how the cycle of addiction could continue.

a PK/PD model of the opponent processes generated by each be-
havioral session could be created and validated using experimen-
tal data.

1.3. Conclusion

It may be possible to detect healthy limits for certain behaviors,
by changing the frequency of behavioral doses and observing the
effects on a person’smental state. This type of analysis can be per-
formed using amodeling paradigm called behavioral posology. In
this article, we will define behavioral posology and demonstrate
its use by performing a BFRA on a hypothetical digital behavior to
determine the healthy limits of that behavior.We will also discuss
how this model can be tested experimentally using an Ecological
Momentary Assessment (EMA) study.

2. Experimental Section

2.1. Mathematical Model

This work created a proof-of-concept PK/PD model of a digi-
tal behavior to simulate Koob and Le Moal’s conceptual frame-
work of allostasis, based on Solomon and Corbit’s theory of oppo-
nent processes.[25] The mrgsolve package (v1.0.9) in R v4.1.2[58,59]

was used to code the model as a system of ordinary differen-
tial equations (ODEs). The base model (Figure 2) was a two-
compartment pharmacokinetic model with zero order infusion
(i.e., the behavioral dose directly induced a change in hormonal
states, with no intermediate processing) and had a hedonically
positive a-process. The model code is available in the supple-
mentarymaterials. The following assumptions weremade, based
on the principles of affective neuroscience and opponent process
theory:[25,26,60]

- A behavior results from a stimulus that creates a desire for a
state change.

- Conservation of energy andmass is observed,meaning that the
pharmacokinetic concentrations of the a- and b-processes are
linked.

- A neurochemical and hormonal response cascade at least par-
tially drives the emotional response to this state change. An ap-
proximate model of the behavior’s effects doesn’t require per-
fect knowledge of the sequence of hormones released.

- The initial a-process is followed by an oppositional b-process,
which is caused by the depletion of the a-process hormones or
the release of other hormones in response to the a-process.

- Behaviors have a complex relationship with internal and exter-
nal events, which can generate either a positive or negative net
hedonic outcome. For example, using social media to plan an
activity with friends can promote long-term social bonding and
generate a greater positive response than negative, resulting in
a net positive outcome—despite the possibility that the person
may feel some cravings for social media use afterward.

In Figure 2, the PK compartments are the first to follow the
Dose compartment, and these represent the concentrations of
neurochemicals and hormones released into the brain and blood-
stream following the digital behavior. The PD (or “effect”) com-
partments represent the intensity of the neurochemicals’ effects
on the body, for both the a- and b-processes.[61] The relationship
between the PK and PD compartments is governed by the Hill
equation. The value of the “net hedonic response” compartment
is calculated as the sum of the opposing a- and b-process PD
compartments and represents the brain’s overall perception of
the person’s mood, or the “manifest affective response”.[25] For
simplicity, each compartment was treated as a discrete location
within the body. While multiple brain regions are likely to be in-
volved in hedonic states, our model of opponent processes did
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not require these regions to be treated separately to produce use-
ful results.
The equations for the base model are listed below. Due to the

hypothetical nature of the model, arbitrary units were used for
most variables, unless stated otherwise:

dDose
dt

= −kDoseDose (3)

dapk
dt

= kDose Dose − ka,pkapk (4)

dbpk
dt

= ka,pk apk − kb,pkbpk (5)

dapd
dt

= E0a +
Emaxa ⋅ apk

𝛾a

EC50a
𝛾a + apk𝛾a

− ka,pdapd (6)

dbpd
dt

= E0b +
Emaxb ⋅ bpk

𝛾b

EC50b
𝛾b + bpk

𝛾b
− kb,pdbpd (7)

dHa,b

dt
= ka,pd apd − kb,pdbpd − kHHa,b (8)

where t is the time elapsed, in minutes; Dose is the compart-
ment for hormonal and neurochemical concentrations follow-
ing digital technology use; apk, bpk, apd and bpd are the pharma-
cokinetic (pk) and pharmacodynamic (pd) compartments for the
a- and b-processes; kDose, ka,pk and kb,pk are the clearance rates
for the pharmacokinetic compartments; ka,pd, kb,pd and kH are
the clearance rates for the pharmacodynamic compartments;
E0, Emax, EC50 and 𝛾 are the coefficients of the Hill equation
governing the shape of the biophase curve and the relationship
between PK and PD, where E0 represents baseline effect, Emax
represents the maximum possible effect, EC50 represents half-
maximal effect, and 𝛾 is the sigmoidicity parameter describing
the steepness of the biophase curve; and Ha,b is the hedonic re-
sponse compartment. At time t = 0, the values of the compart-
ments were set as follows: Dose (0) = 1, apk (0) = 0, bpk (0) =
0, apd (0) = 0, bpd (0) = 0, and Ha,b (0) = 0. To simplify the ini-
tial model, the clearance rates of the pharmacodynamic compart-
ments (ka,pd, kb,pd, kH) were set as constants equal to 1. When apd
> bpd, the manifest affective response was denoted as the A-state,
and when apd < bpd, the response was denoted as the B-state.
Solomon and Corbit’s ‘hedonic scale’ of affect[25] was used as

the primary outcome variable, with a value of 0 representing
a neutral mood. The pharmacodynamic effects of the behavior
were described as transit compartments following their pharma-
cokinetic compartments. Input dose was distributed over a vari-
able length of time, known as the infusion time, or time during
which the behavior was performed. The initial model had a 1-min
infusion time, which was near-instantaneous on the timescale
used. To achieve a steady-state response at each behavioral fre-
quency, Doseindividual session constant was kept for each simulation.
This allowed to perform a BFRA that focused purely on the ef-
fects of modifying Frequency.
Parameters were arbitrarily chosen to mimic the exponen-

tial decay of dopamine release and clearance in the brain as
measured and modeled by Everett et al.[62] and Chou and
D’Orsogna.[33] The Hill equation was adjusted for both a- and
b-processes so that the relationship between dose and effect for

both processes was approximately linear formost of the plausible
range of dose concentrations. A high ratio of PK:PD magnitudes
was chosen to simulate realistic opponent process dynamics, but
other parameter sets would likely achieve similar dynamics. The
main interest was how the a- and b-process influenced hedonic
outcomes, not the PK-PD relationship. Therefore, ka,pd, kb,pd and
kH were set as constants equal to 1, and the pharmacokinetic
clearance rates (and EC50b

) were only hanged to adjust the a- and
b-process magnitudes.

𝛾b was set to 2, representing positive cooperativity, to produce
allostatic effects and apparent tolerance without requiring a feed-
back loop. The Hill equation for the a-process was relatively in-
sensitive to the 𝛾a parameter, due to the size of Emaxa. Hence,
both the a-process and b-process were treated as having identi-
cal 𝛾 values. However, the pharmacokinetic compartment for the
b-process (bpk) had a slower evolving curve because it had a lower
clearance rate than the a-process (i.e., kb,pk < ka,pk).
In simpler terms, the model was designed to simulate a hypo-

thetical dose of a digital behavior that generates a short, intense
burst of pleasure-inducing hormones during the behavior and a
longer period of decreased hormone release and increased crav-
ing after the behavior ends. This response cycle has a shorter,
more intense a-process than Koob and LeMoal’smodel,[26] which
is plausible for behaviors such as pornography and social media
use, where the a-process has a short duration, while the b-process
is likely to be longer and less intense.
Themodel was optimized to predict short- tomedium-termhe-

donic outcomes over a range of days. For this reason, this work
did not include the “Craving/withdrawal” compartment in the
model, whichwould have turned this into a stochastic closed-loop
model[33,51,63] Instead, for simplicity, net hedonic effects were cal-
culated at constant behavioral frequencies, replacing the “Crav-
ing/withdrawal” compartment with a constant frequency input
to the Dose compartment.

2.2. BFRA of PK/PD Model

The model was run across a range of dose frequencies as part of
a BFRA. For a single behavioral dose initiated at time t = 0, the
integral of the hedonic compartment over time, Ha,b(t)single, can
be calculated; this represents the sum of mood scores produced
by the behavior over the time of the simulation tsim, and indicates
whether the behavior had a net positive or negative hedonic effect
on the individual:

tsim

∫
0

Ha,b(t)single dt =

tsim

∫
0

⎛⎜⎜⎝
ka,pdapd (t) − kb,pdbpd (t) −

dHa,b(t)

dt

kH

⎞⎟⎟⎠
dt (9)

If multiple behavioral doses are added at a constant frequency,
the opponent processes can be summed to find the total integral
forHa,b(t)total:

tsim

∫
0

Ha,b(t)total dt =
n∑
i=0

tsim

∫
i∕f

⎛⎜⎜⎝
ka,pdapd,i(t) − kb,pdbpd,i(t) −

dHa,b,i(t)

dt

kH

⎞⎟⎟⎠
dt

(10)
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where n is the number of behavioral doses added to the initial
dose at a frequency f during tsim; therefore i∕f is the infusion
start time of the new behavioral dose i. A Bode magnitude plot
can then be plotted to show the system’s frequency response, in

terms of the magnitude of
tsim∫
0
Ha,b(t)total dt as a function of f . Un-

like a typical Bode plot, since the opponent process is not a sinu-
soidal function, phase does not require analysis.
Allostasis occurs when the b-processes accumulate without

sufficient recovery time. Hence, the simplest (and most plau-
sible) way to change the rate of allostasis was to modify the
Hill equation for the b-process, particularly EC50b

and Emaxb
which have been associated with tolerance development in drug
addiction.[64,65] To simplify the model, EC50b

was only modifiedto
simulate a change inmoral incongruence, which in turn adjusted
the rate of allostasis.

3. Results

3.1. Initial Model

Figure 3 shows the compartment values for apk, bpk, apd, bpd,
andHa,b at a dose frequency of 0.006 min−1, for kDose = 10, ka,pk =
0.02, kb,pk = 0.004, ka,pd = 1, kb,pd = 1, kH = 1, E0a = 0, Emaxa =
1, EC50a

= 1, 𝛾a = 2, E0b = 0, Emaxb = 1, EC50b
= 3 and 𝛾b = 2.

Dose infusion time was set to 1 min, while tsim was set to 1000
min. Since EC50b

> EC50a
, the biophase curve is shifted to the

right for the b-process (Figure 3b), which results in a net positive
score for ∫ tsim

0 Ha,b(t)single dt, since the a-process is greater than the
b-process. However, at higher dose frequencies, ∫ tsim

0 Ha,b(t)total dt
has a net negative score, because the a-processes recover rapidly
to baseline levels between behavioral doses, while the summed
b-processes don’t have time to recover due to the longer b-process
decay time. In other words, opponent processes are generated
at time intervals shorter than the critical decay duration of the
b-process, but longer than the critical decay duration of the
a-process.[66] This leads to a decreased set point and allostasis.
The difference in decay rates can be observed in Figure 3c, which
demonstrates buildup for the b-process but not for the a-process.
Consequently, allostasis is observed in Figure 3d.

3.2. Observing Hormesis via BFRA

Figure 4 shows how the three dose–response models (hormesis,
LNT, and LWT) in Figure 1 can be produced using a BFRA. We
set tsim to 4000min to allow themrgsolve simulations (Figure 4c,d)
to reach steady-state before calculating their integrals. We sim-
ulated the moderating effect of moral incongruence on the b-
process by reducing EC50b

in the Hill equation, indicating that
we were treating protective mechanisms that reduce guilt as a
reversibly competitive antagonist on the b-process.[65] Put sim-
ply, by reducing EC50b

, we increased the subject’s moral incon-
gruence (their feelings of guilt about the behavior), which in
turn increased the magnitude of the b-process and raised the
rate of allostasis, leading to a more intense hedonic depression.
(The darker the curve in Figure 4, the lower the value of EC50b

.)

Similar results can also be achieved by changing Emaxb (simulat-
ing irreversible antagonism) or 𝛾b (simulating a change in dose
sensitivity).[64,65]

BFRA curves for different levels of moral incongruence can be

seen in the graph of
tsim∫
0
Ha,b(t)total dt (Figure 4e) for varying lev-

els of EC50b
. Lower values of EC50b

shift the biophase curve to
the left and generate a larger b-process. This increases the rate of
allostasis, which becomes visibly observable in themrgsolve simu-
lation (Figure 4c,d) at dose frequencies of 0.001 min−1 or greater.
Higher values of EC50b

lead to higher hormetic thresholds (i.e.,
the x-intercept of the curve shifts to the right). This indicates that
subjects with less moral incongruence are protected against al-
lostasis over a greater range of behavioral frequencies. Put sim-
ply, they can perform the behavior more frequently without expe-
riencing excessive guilt or depression.
We used the graph of BFRA curves in Figure 4e to quantify the

healthy limits of the digital behavior for each level of EC50b
:

- When EC50b
= 3.6, hormesis was observed in the BFRA curve.

The behavior could be performed without adverse effects at
frequencies below approximately 0.0042 min−1 (the hormetic
threshold, or NOAEL). Above this frequency, negative total he-
donic scores were observed.

- When EC50b
= 3.0, hormesis was observed but the hormetic

threshold was lower at approximately 0.0026 min−1.
- When EC50b

= 2.4, the BFRA curve was similar to the LWT
model in Figure 1 (despite some nonlinearity). The behavior
could still be performed up to a frequency of approximately
0.0008 min−1 before adverse effects were observed.

- When EC50b
= 1.8, performing the behavior at any frequency

led to adverse effects. This is similar to the LNT model in
Figure 1 (despite some nonlinearity).

We can apply this model to a hypothetical real-life scenario.
Imagine that a person with a moral incongruence score of EC50b
= 3.0 performs the behavior at a frequency greater than 0.0026
min−1 (thus exceeding the hormetic threshold). Therefore, the
person performs the behavior excessively despite experiencing
overall adverse hedonic effects, providing evidence of salience
and mood modification. The graphs in Figure 4c,d also demon-
strate allostasis beyond the hormetic threshold, providing evi-
dence of tolerance and withdrawal. This suggests that the person
may be addicted to the behavior, based on Griffiths’ six compo-
nent model of addiction.[5] However, further examination would
be required to confirm that the remaining two components (con-
flict and relapse) are also present.

3.3. Simulating the "Standard Pattern of Affective Dynamics"

We previously simulated low dose frequencies to leave breaks
between doses. This approach was suitable for modeling behav-
iors with short a-processes and refractory periods, such as or-
gasm during pornography use. However, we wanted to see what
would happen if the behavior were performed continuously for
an extended period. Such a model could be applied to behav-
iors of longer duration, such as Internet, smartphone, or gaming

Adv. Theory Simul. 2023, 6, 2300214 2300214 (6 of 13) © 2023 The Authors. Advanced Theory and Simulations published by Wiley-VCH GmbH
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Figure 3. Model showing how summed a- and b-processes can generate an overall decrease in mood (allostasis) over time at high dose frequencies. a,b)
Biophase graphs based on Hill equation parameters. c) mrgsolve-simulated compartment values for apk, bpk, apd and bpd. d) Simulated compartment
values for Ha,b(t)total, showing allostasis and reduced average mood over time.

sessions that last for hours. To do this, we increased the dose
frequency to 0.2 min−1 (one dose infusion every 5 min) to sim-
ulate near-continuous behavioral dosing. At this frequency, the
a-processes from each individual opponent process didn’t have
time to fully decay, and the individual opponent processes ap-
peared to merge into a single dynamic process. Remarkably, we
observed that at this dose rate, the graph ofHa,b(t) closely resem-
bled Solomon and Corbit’s "standard pattern of affective dynam-

ics" (Figure 1 of Solomon and Corbit’s paper[25]), though on a
timescale of minutes rather than seconds.
In Figure 5, we demonstrate a simulation of the standard pat-

tern of affective dynamics (dark red, approximating Figure 5 of
Solomon and Corbit’s paper[25]), as well as the pattern of affective
dynamics with tolerance induced by repeated stimulations (light
red, approximating Figure 6 of Solomon and Corbit’s paper[25]).
For both graphs, we set EC50a

to 3 and EC50b
to 35 to reduce the

Adv. Theory Simul. 2023, 6, 2300214 2300214 (7 of 13) © 2023 The Authors. Advanced Theory and Simulations published by Wiley-VCH GmbH
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Figure 4. Simulation for varying levels of EC50b (shades of blue), representing different levels of moral incongruence. a,b) Biophase curves for a- and
b-processes. c,d)Ha,b(t)total scores generated bymrgsolve. At a dose frequency of 0.0015 min−1, b-processes decay to homeostatic levels, but at a higher
dose frequency of 0.006 min−1, allostasis is observed at all levels of EC50b . e) BFRA curves plotted as a function of dose frequency at each level of EC50b .

b-process magnitude relative to the a-process. For the standard
pattern, we set ka,pk to 0.02 and kb,pk to 0.005, while for the
tolerance-induced pattern, we set ka,pk to 0.04 and kb,pk to 0.004,
increasing the decay rate of the a-process and decreasing the de-
cay rate of the b-process. We ended dose input after 300 consecu-
tive doses to observe withdrawal effects. As behavioral frequency
increased, the hedonic state converged to an equilibrium value

before the dose was withdrawn (Figure 5d). Five distinct phases
are observed in both graphs, which can now be explained as fol-
lows:

1) The peak of the primary affective reaction (A-state): represents
the cumulative effects of the a-processes from each behavioral
dose.

Adv. Theory Simul. 2023, 6, 2300214 2300214 (8 of 13) © 2023 The Authors. Advanced Theory and Simulations published by Wiley-VCH GmbH
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Figure 5. Simulation of Solomon and Corbit’s "standard pattern of affective dynamics" (dark red; EC50a = 3, EC50b = 35, ka,pk = 0.02, kb,pk = 0.005), and
tolerance-induced affective dynamics (light red; EC50a = 3, EC50b = 35, ka,pk = 0.04, kb,pk = 0.004). At a dose frequency of 0.2 min−1 (near-continuous
dose), the individual opponent processes appear to merge into a single dynamic process, and the graph of Ha,b(t) (d) demonstrates the following
distinctive features of affective dynamics: peak of primary affective reaction (1), adaptation phase (2), steady-state (3), peak of affective after-reaction (4),
and decay of after-reaction (5).

2) Adaptation phase (A-state): the effects of cumulative b-
processes appear while the a-processes start to recover to base-
line levels.

3) Steady-state (A-state): equilibrium is reached, with a- and b-
processes generating and recovering at equal rates.

4) The peak of the affective after-reaction (B-state): following re-
moval of the stimulus, the a-processes are first to recover,
while the b-processes take longer to decay, leading to a rapid
decrease in hedonic scores. The subject is likely to feel strong
withdrawal symptoms during this time.

5) Decay of after-reaction (B-state): finally, the b-processes re-
cover to baseline.

These results suggest that the standard pattern of dynamics, as
described by Solomon and Corbit in 1974,[25] may be comprised
of the sum of multiple opponent processes, with short, intense a-
processes followed by longer, less intense b-processes. However,
further experimentation is necessary to confirm this hypothesis.

4. Discussion

4.1. Implications of Behavioral Posology

Behavioral posology is a modeling paradigm for analyzing the
cumulative effects of behaviors delivered at varying frequencies,
using BFRA. Coupled with empirical data, this approachmay en-
able researchers to accurately predict the effects of performing
compulsive behaviors at different frequencies, particularly those
involving digital technologies. It also provides a way to quantify
the healthy limits of a behavior for an individual, which in turn
can be used as one of the criteria for testing whether the indi-
vidual is addicted to the behavior. This has several clinical impli-
cations. For example, behavioral posology could help clinicians
treat depressed patients by identifying and limiting problematic
behaviors that have exceeded the hormetic threshold.However, to
achieve this, experimental studies will be needed to quantify the
parameters of the a- and b-processes of those behaviors so they
can be simulated accurately. Future research in this field could

Adv. Theory Simul. 2023, 6, 2300214 2300214 (9 of 13) © 2023 The Authors. Advanced Theory and Simulations published by Wiley-VCH GmbH
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also impact the design of ethical technologies by allowing guide-
lines to be set for healthy behavioral frequencies, enabling soft-
ware creators to make more ethical design choices for their apps.
This article also presents four main findings:

1) We support Koob and Le Moal’s[37] extension of Solomon and
Corbit’s[25] model of allostasis by simulating it with an open-
loop PK/PD model of opponent processes.

2) As a special case of this PK/PD model, we replicate Solomon
and Corbit’s "standard pattern of affective dynamics",[25]

showing that it can be modeled as the sum of high-frequency,
short-duration opponent processes.

3) One can identify behavioral hormesis by altering the fre-
quency of behavior-induced opponent processes and observ-
ing the overall impact on the subject, rather than simply
studying the effects of a single behavioral dose at different
potencies.

4) The width of the hormetic region—i.e., the range of behav-
ioral frequencies that produce a net positive hedonic effect—
can be moderated by adjusting the parameters of the PK/PD
model, particularly those linked to the b-process.

Our PK/PDmodel has important implications for treating con-
ditions such as depression. For patients who feel guilty about
problematic behaviors, reducing the frequency of these behav-
iors andmanagingmoral incongruence may be key to their treat-
ment. Acceptance and commitment therapy (ACT) can be a prac-
tical approach for these cases, as it helps patients to acknowl-
edge negative thoughts and emotions related to their behavior
and make changes that align with their values.[67] ACT has al-
ready shown promise for treating conditions such as problematic
pornography use in multiple studies.[21,68–70] The PK/PD model
presented here could be used alongside ACT to determine the
healthy limits of these behaviors and assist clinicians in setting
goals for their patients.

4.2. Modifying the Model

Thanks to their grounding in neuropharmacological principles,
PK/PD models have significant potential for accurately predict-
ing behavioral effects. We have created a simple PK/PD model
that can be used as a basemodel for simulating any behavior with
opponent process dynamics. Readers are encouraged to down-
load andmodify the R code in the supplementary materials. Sim-
ulating other behaviors is as straightforward as running the func-
tion “bode_plot()” and adjusting the input parameters. Examples
of this are providedwithin the script for the reader’s convenience.
Themrgsolve package is flexible enough to allow for a wide range
of customizations, and researchers can estimate parameters em-
pirically to create accurate models for their own field of study.
For example, in the Figure 5 simulation, tolerance to the be-

havioral stimulus was simulated by increasing ka,pk (shortening
the a-process) and decreasing kb,pk (lengthening the b-process).
However, other adjustments were also tested to obtain similar
results. For instance, increasing EC50a

(simulating the develop-
ment of tolerance via a competitive agonist) lowers both the peak
of the primary affective reaction and steady-state value, and in-
creases the magnitude of the affective after-reaction. Alterna-

tively, reducing Emaxa produces similar effects, as does modify-
ing the clearance rates of the pharmacodynamic compartments
(ka,pd, kb,pd, kH). (Note that to achieve a positive steady-state, the
a-process magnitude needs to exceed that of the b-process.)
To perform a true BFRA, it is important to keep

Doseindividual session constant for each simulation. However, fu-
ture experiments should also consider the effects of changing
the dose magnitude, perhaps as a function of tolerance devel-
opment. By changing the ratio of a- and b-process magnitudes,
one can easily adjust the rate of development of allostasis
and apparent tolerance. If more sophisticated modification is
required, one could add a parallel tolerance compartment to
create a feedback loop, similar to those in control system models
of addiction in the literature.[32,33,37,51,52,63,71–76] Several types
of functional tolerance, both competitive and noncompetitive,
could be added, including both pharmacokinetic tolerance (such
as changes inmetabolite production or transporter function) and
pharmacodynamic tolerance (such as modifications to receptor
functionality or changes to signal pathways).[52]

4.3. Experimental Validation of Behavioral PK/PD Models

If validated experimentally, our PK/PDmodel has the potential to
explain causal relationships between digital behaviors and men-
tal health metrics. To validate this, longitudinal survey methods
such as Ecological Momentary Assessment, or EMA,[77] would
be required to capture the temporal dynamics of specific behav-
iors. An EMA involves regularly sampling an individual’s cur-
rent state, typically by making a participant complete multiple
smartphone-based surveys daily.[78] By fitting a PK/PD model
to high-frequency EMA data, one could test the hypothesis that
allostasis produced by opponent processes can causally predict
mental health metrics relative to behavior times. To test for
hormesis, the Mack–Wolfe test, a nonparametric rank test for de-
tecting “umbrella” alternatives to monotonic functions, could be
performed on the BFRA curves.[79,80] In this way, researchers can
use behavioral posology to hypothesize, model, and test causal
mechanisms for behavioral addictions.
Our PK/PD model can be run across a range of dose frequen-

cies to perform a BFRA, but only considers constant frequen-
cies. It also focusses on short-term craving and withdrawal ef-
fects, which makes it useful only for prediction of hedonic states
in the short- to medium-term. While this allows us to perform
a more accurate BFRA, it may limit the model’s applicability to
cases of long-term addiction with a bidirectional relationship be-
tween craving and behavioral frequency. Chou and D’Orsogna[33]

offer a more comprehensive control-theoretic model of drug ad-
diction by incorporating a craving feedback loop that can accu-
rately simulate the progression to behavioral addiction. A similar
feedback loop could be applied to our model, representing the
buildup of neural memories that trigger craving and withdrawal
symptoms in the long term.

4.4. Future Research

In this article, we focused on hedonic outcomes for a hypotheti-
cal digital behavior, using moral incongruence as a moderator of
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the b-process. However, other moderators could be explored. For
instance, one could measure anxiety outcomes due to pornogra-
phy use as moderated by moral disapproval of pornography,[81]

or measure stress outcomes due to social media use as moder-
ated by job characteristics.[82] Furthermore, this type of modeling
could be applied to several other fields, such as predicting emo-
tional responses to stock market fluctuations and vice-versa,[83,84]

predicting mood outcomes for different styles of music,[85] or
predicting marital stability based on positive and negative inter-
actions between partners.[86] We encourage readers to consider
whether a behavioral PK/PDmodel could be helpful in their field
of study.
Another possibility lies in the similarity between the shape of

the opponent processes modeled in this article (for example, in
Figure 4), and the shape of a neuronal action potential. Specifi-
cally, an action potential could be characterized as an opponent
process, with depolarization being the a-process and hyperpolar-
ization the b-process. This raises the possibility that the affective
states presented in this article could bemodeled as the sum of ac-
tion potentials firing simultaneously in adjacent neurons. Could
it be that such an additive mechanism exists within the brain’s
reward centers? For example, could a person’s hedonic state be
modeled by the addition of membrane potentials, currents, or
even firing rates of neurons within the ventral tegmental area
(VTA), an area of the brain involved in reward? Electrode stim-
ulation of brain regions such as the VTA is known to increase
the firing rate of neurons in those regions, while simultaneously
producing pleasurable hedonic states.[87–91] Other brain regions
are also likely to play a role; for example, functional magnetic
imaging evidence suggests that the VTA is only indirectly linked
to reward magnitude tracking, with neural population activity
in the nucleus accumbens being a more reliable correlate of re-
ward magnitude.[92] Yet studies of neural firing within the VTA
have shown a pattern in hyperpolarization-activated currents (Ih)
where both a “depolarizing voltage sag” and a “repolarizing volt-
age sag” are observed; these patterns are qualitatively similar to
that seen in Figure 5d.[93–96] Future research should investigate
whether this indicates a link between the high-frequency firing of
action potentials in the brain’s reward centers and the “affective
dynamics” model, as Figure 5d shows. Such research may im-
prove our understanding of how people perceive hedonic states
at a cellular level.

5. Conclusion

Behavioral posology is a modeling paradigm that can be used
to analyze the effects of repeatable behaviors on mental wellbe-
ing, and to determine the healthy limits of such behaviors. In
this article, we have demonstrated how behavioral posology can
be used to model depression induced by repetition of a digital
behavior. The model may also provide a causal mechanism for
frequency-based hormesis, in which low frequencies of a behav-
ior have some long-term hedonic benefits, but higher frequen-
cies have negative effects on average. This has significant impli-
cations for the treatment of behavioral addictions, as it may help
clinicians to set goals with greater precision for behavior modi-
fication in their patients, in conjunction with a therapy such as
ACT. Further research is needed to validate this model empiri-
cally across a range of behaviors, which may be achievable using

smartphone-based Ecological Momentary Assessments. This ar-
ticle highlights the need for continued development of PK/PD
models within the behavioral posology paradigm. We hope that
future research in this space will enable us to better predict the
healthy limits of behaviors for any individual.
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