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Featured Application

This study presents a new model of a well-known physiological mechanism: the reciprocal
inhibition between the hypothalamic—pituitary-adrenal (HPA) and hypothalamic—pituitary—
gonadal (HPG) endocrine axes. The model reveals transitions to bistability which, according
to a paradigm proposed by one of us (B.B.), represents an essential step for the insurgence
of pathogenesis in physiological systems. In this context, bistability could give rise, for
example, to stress-induced, gender-related neuroendocrine disorders. Through bifurcation
analysis, the model also identifies critical bifurcation parameters, linking them to their
biological counterparts as potential therapeutic targets. In summary, the analysis provides
direct insights for the development of new and effective treatments for a range of poorly
understood and difficult-to-treat disorders.

Abstract

Endocrine axes are pathways of interactions involved in various aspects of the organism'’s
functioning, also implicated in deviations from physiological states leading to pathological
conditions. The hypothalamic—pituitary—adrenal (HPA) axis releases corticosteroid hor-
mones promoting adaptation to environmental stimuli (acute stress) or inducing altered
conditions due to long-term noxious solicitations (chronic stress). The HP-gonadal (HPG)
axis regulates reproductive activities by releasing gonadal steroids. These axes have been
shown to engage in reciprocal inhibition under certain conditions, particularly when they
rise beyond normal ultradian and circadian fluctuations. Based on the literature data, we
reconstructed a neuroendocrine network responsible for this type of interaction. There-
after, we developed a model of the HPA-HPG inhibition based on a series of nonlinear
interactions represented by a system of differential equations in the Matlab environment.
The quantitative analysis of the system’s behavior revealed the occurrence of bifurcations
leading to bistable behavior, allowing us to detect bifurcation parameters. Bifurcation
arises as the system’s components increase hypersensitivity and sustained activity in re-
sponse to activating inputs. This involves transition from a single low-activity attractor to
two distinct attractors, with a new high-activity state representing a breakdown of home-
ostasis. These results provide insights into the potential involvement of the HPA-HPG
interaction in neuroendocrine disorders, and the identification of therapeutic targets from
bifurcation parameters.
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1. Introduction

The term ‘“interaction” most accurately captures the essence and objectives of phys-
iology. Biological systems can be understood as emergent phenomena resulting from
a network of interactions among elements producing physical changes. In fields such
as medicine and biotechnology, controlling and manipulating these systems is crucial
for restoring physiological conditions or for engineering and utilizing them effectively.
Achieving these goals requires not only identifying the interacting components but also
accurately modeling the patterns of their interactions. The rise of systems biology has
marked a growing interest in the dynamics of biological systems. This area has been the
cradle of the idea that closed loops of interactions are the predominant, or even exclusive,
arrangement in these systems, so to be considered a hallmark of life [1-3]. A key element
supporting this interpretation is the intricate network of crosstalk between metabolic and
signal transduction pathways and their implications for health and disease [4,5].

Endocrine axes have been long established as pathways of interactions involved in
various aspects of the organism’s functioning, and are therefore also implicated in devia-
tions from physiological states, leading to pathological conditions. The hypothalamic—
pituitary—adrenal (HPA) axis has been identified following the discovery of a cascade
of interactions starting from the hypothalamus and proceeding with the anterior pitu-
itary and adrenal glands. It leads to the release of corticosteroid hormones promoting
adaptation to environmental stimuli (acute stress) or inducing altered conditions due
to long-term noxious solicitations (chronic stress) [6]. Similarly, the HP-gonadal (HPG)
axis proceeds from the hypothalamus to the anterior pituitary and gonads, leading to
the release of gonadal steroids into the plasma [7]. As further confirmation of the gener-
alized crosstalk among pathways, these axes have been shown to engage in reciprocal
inhibition under certain conditions, particularly when they rise beyond normal circadian
fluctuations [8].

In studies on both cycling and postmenopausal women, based on circadian fluctu-
ations of cortisol and progesterone, the interaction between the two axes has not been
detected [9,10]. By contrast, HPA-HPG interactions have been observed when higher
hormone fluctuations were induced by physiological or pharmacological agents [11]. For
instance, various studies on women have shown an inverse correlation between circadian
progesterone and cortisol during pregnancy [3,12], and HPG axis suppression caused
by cortisol [13] and hydrocortisone injections [14]. Additionally, circadian increases in
allopregnanolone and reductions in cortisol have been observed in premenstrual dys-
phoric disorder (PMDD) [15]. In males, cortisol injections have been shown to lower
plasma testosterone [16], while exercise has induced a rise in cortisol and a decrease in
testosterone [17]; moreover, testosterone replacement has been found to reduce the cortisol
response to corticotropin-releasing hormone (CRH) [18]. Such a complex of data suggests
that there is a reciprocal inhibition between HPA and HPG axes, which becomes measur-
able and significant when either or both axes increase their activity beyond physiological
circadian oscillations.
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The neuroendocrine network responsible for this type of interaction can be recon-
structed with a certain degree of precision from the literature data, but the dynamics of
the system have never been explored. In this study, we develop a model of the HPA-
HPG system allowing us to investigate its dynamics, providing insights into the potential
involvement in neuroendocrine disorders and identifying possible targets for restoring
physiological conditions.

2. Methods
2.1. Literature Survey

A literature search was conducted in PubMed to reconstruct a loop-based interac-
tion system representing reciprocal inhibition between the HPA and HPG axes. Stud-
ies published up to July 2025 were identified using the following main keywords in
Boolean operators: (hypothalamic[Title/ Abstract] AND pituitary[Title/ Abstract] AND
adrenal[Title/ Abstract] AND axis[Title/ Abstract] AND gonadal[Title/Abstract] AND inhi-
bition[Title/ Abstract]), 45 results;

(dorsomedial hypothalamic nucleus|Title]), 23 results;

(RFRP3 Neurons|Title]), 57 results;

(kisspeptin neurons[Title] AND review[Title/ Abstract]), 15 results;

(GABA[Title] AND glutamate[Title] AND neurons[Title/ Abstract] AND review[Title/
Abstract]), 23 results;

(CRHJTitle] AND review][Title/Abstract]), 44 results;

(GnRH[Title] AND review[Title]), 121 results;

(circadian[Title] AND hypothalamic[Title]), 206 results;

(glucocorticoids[Title] AND stress[Title] AND review[Title/ Abstract]); 54 results;

(gonadal hormones|[Title] AND review[Title/ Abstract]), 38 results;

(cortisol[Title] AND progesterone[Title] AND stress[Title/ Abstract]), 26 results;

(human stress response[Title]), 21 results;

(biological feedback loops|Title]), 256 results;

(dynamical systems[Title] AND bifurcation[Title/Abstract]), 61 results;

((oscillations[Title] OR oscillatory[Title]) AND physiological[Title]), 71 results.

Titles and abstracts were screened for relevance, and reference lists of included articles
were also examined to identify additional relevant studies. To address specific contextual
issues relevant to the present work, a set of papers previously published by some of
the authors (B.B. and 1.D.) were also included. Based on this survey, we constructed
an interaction map of the main physiological systems involved in the double-inhibitory
interplay between the HPA and HPG axes.

2.2. Mathematical Model

The interaction map was formalized as a system of nonlinear ordinary differential
equations (ODEs), representing nodes (variables) and directed edges (interactions). Loops,
defined as closed chains of interactions, were explicitly modeled to capture recurrent
feedback dynamics. The model was implemented in MATLAB R2025a (MathWorks, Natick,

MA, USA) and expressed as a set of coupled ODEs having the general form: {X } = f(X)

where X is a vector of variables, and X denotes their time derivative.

Symbolic definitions of interaction functions were coded and numerically solved using
MATLAB’s built-in solvers (e.g., ode45). Additional MATLAB routines were employed to
perform parameter scans and to visualize trajectories, phase portraits, and bifurcation-like
behaviors of the loop systems.
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3. Results

3.1. Model Construction
3.1.1. Neuroendocrine Mechanisms of the HPA-HPG Inhibition

Based on the literature data, we reconstructed the mutual repression of HPA and
HPG axes in the form of a series of interactions among hormones produced by adrenals
and gonads and different hypothalamic districts. Repression of the HPA axis is due to
inhibitory activities exerted by estrogens, androgens, progesterone, and their metabolites
on neurons of the hypothalamic peri-paraventricular and paraventricular nuclei, and the
anterior pituitary. Repression of the HPG axis is due to inhibitory activities exerted by
corticosteroids on hypothalamic kisspeptin and gonadotropin-releasing-hormone (GnRH)
neurons, the anterior pituitary, and gonads [19].

The HPA and HPG systems are traditionally referred to as axes but would be more
accurately defined as networks. Their mutual inhibition is mediated by direct hormonal
effects, along with GABAergic and glutamatergic neurotransmission. On the HPG axis
side, this process involves hypothalamic GnRH and kisspeptin neurons in the preoptic area
(POA) and arcuate nucleus (ARC) [20] (Figure 1). These neurons are the main target of
feedback signaling by estradiol, which is considered the principal regulator of gonadotropin
release. Negative feedback from estradiol on ARC kisspeptin neurons induces small,
pulsatile releases of GnRH and LH. Conversely, positive feedback signaling from estradiol
on POA kisspeptin neurons is responsible for the large surge of GnRH and LH that precedes
ovulation [21]. However, both GnRH and kisspeptin neurons also express various types of
glutamate and GABA receptors and respond to these neurotransmitters [22,23]. Multiple
studies suggest that the LH surge is stimulated by glutamate [24,25], and inhibited by
GABA [26,27], with its occurrence corresponding to a decrease in GABAergic transmission
to both POA kisspeptin and GnRH neurons [28,29].

The effect of stressors reverberates on the HPG axis through repression induced by
CRH and its CRH-R1 and CRH-R2 receptors, possibly acting via GABA neurons [30].
Moreover, cortisol can also inhibit the HPG axis by acting on hypothalamic nuclei and the
pituitary [31]. It should be noted that stimulatory effects of CRH via CRH-Rs have also
been observed under certain circumstances, suggesting stress biphasic effects on the HPG
axis which overall induce dysregulation of reproductive activities [32].

Regarding the HPA axis, GABAergic and glutamatergic regulation occurs at the level of
CRH neurons in the paraventricular nucleus (PVN) of the hypothalamus [33,34] (Figure 1).
CRH neurons are activated by glutamate and inhibited by GABA, which binds to both
synaptic and extra-synaptic GABA-A receptors, thereby mediating both phasic and tonic
inhibition, respectively [35]. CRH release is also modulated by noradrenergic inputs from
the brainstem. As a result, GABAergic transmission to CRH neurons can be either inhibited
or enhanced, while glutamatergic signaling to CRH neurons is facilitated [36]. The activa-
tion of the HPA axis by psychosocial stressors involves complex polysynaptic pathways
linking brain regions, such as the hippocampus, amygdala, and prefrontal cortex, to CRH
neurons through multiple relays, including the bed nucleus of the stria terminalis, the
medial preoptic area, and peri-paraventricular neurons, among others. These mechanisms
allow for the downregulation of the stress response via inputs from the hippocampus and
prefrontal cortex, whereas activation of the amygdala reduces GABAergic inhibition and
stimulates the stress response [37].
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Figure 1. Diagram of the double-inhibitory system formed by the HPA and HPG axes. Green
boxes: stress-inducing agents; yellow boxes: major neural districts mediating the effects of
stress-inducing agents; orange boxes: neuroendocrine districts involved in the HPA axis; cyan
boxes: neuroendocrine districts involved in the HPG axis. ARC: hypothalamic arcuate nucleus;



Appl. Sci. 2025, 15, 10483

6of 21

AVPV: hypothalamic anteroventral periventricular nucleus; CRH: corticotropin-releasing hormone;
DMH: dorsomedial hypothalamic nucleus; GABA: gamma-aminobutyric acid; GnRH: gonadotropin
releasing hormone; kiss1 neurons: kisspeptin neurons; POA: hypothalamic preoptic area; RFRP3:
(Arg)(Phe) related peptide-3. Blue lines: activations; pink lines: inhibitions.

The influence of the HPG axis on HPA activity partly depends on neurosteroids,
mainly allopregnanolone. This latter is synthesized in the brain but is a metabolite of
progesterone and its brain level shows a positive correlation with high plasma rises of
its gonadal precursor [11]. Allopregnanolone is known to positively modulate GABA-A
receptors, thereby repressing the HPA stress response [38]. In mice, it has been found that
kisspeptin neurons in the anteroventral periventricular nucleus (AVPV) of the hypothalamic
preoptic area send inhibitory GABAergic projections to the hypothalamic paraventricular
(PVN) and dorsomedial hypothalamic (DMH) nuclei [39]. Moreover, it has been observed
in vitro that rat PVN cells express less CRH when treated with kisspeptin [40].

In this context, the hypothalamic DMH plays a significant role through neurons that
release RFamide-related peptide-3 (RFRP-3). This nucleus serves as a critical junction
between stress-inducing factors and the reciprocal interaction of the HPG and HPA axes.
RFRP-3 neurons stimulate the HPA axis while inhibiting the HPG axis [41]. Additionally,
they receive stimulatory feedback from the HPA axis, mediated by glucocorticoids, which
contributes to the stress-induced suppression of reproduction [42,43]. Conversely, RFRP-3
neurons are subject to inhibitory feedback from the HPG axis, primarily mediated by
estradiol [44-46], but also by kisspeptin neurons from the preoptic area [47] (Figure 1).

3.1.2. Increasingly Expanded Interaction Maps

Given the pathways thought to play key roles in the HPA-HPG interaction, we de-
veloped progressively expanded versions of the system to enable computational analysis.
These versions allowed us to test the robustness of our model and to identify the key
bifurcation parameters that most strongly influence the system’s behavior.

The most schematic version consists of a tripartite loop, comprising three intercon-
nected feedback loops arranged in a closed chain (Figure 2a). A substantial amount of
data on the input-output relationships among endocrine systems suggests that endocrine
axes can be viewed as a monotonic collection of subsystems [11]. Thus, from a mathe-
matical standpoint, these subsystems can be treated as a collapsed single element within
a mathematical model of the dynamic system under consideration. This approach still
enables the analysis of its behavior by examining the presence of signed loops [48]. Based
on these premises, to model the dual inhibition of the two axes, we employed a system
comprising three variables: one (X1) represents the collapsed HPA axis network, the second
(X2) corresponds to the collapsed HPG axis, and the third (X3) reflects the activity of RFRP-3
neurons in the DMH nucleus. This latter element cannot be condensed within the collapsed
HPA or HPG axes because it establishes reciprocal activation with HPA and reciprocal
inhibition with HPG. As such, it cannot be integrated into the cascade of activations with
negative feedback, typical of either axis. It must therefore be represented as a distinct
variable to fully describe the system. Additionally, we introduced self-limiting components
for each variable, reflecting the biological principle that the growth or increase in a variable
limits its own future growth. Self-limiting parameters were also used for all variables in
the following versions of the system.
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Figure 2. (Top) Diagram showing the relationships among the endocrine axes and the DMH nucleus
(acronyms as in Figure 1). (Bottom) From this configuration, three schematic multiple-loop models
were derived as follows: (a) simple tripartite system in which both the HPG and HPA axes are
condensed into single elements; (b) model derived from (a), with the HPG axis expanded into three
components and a sinusoidal input added to the HPA axis; (c) model derived from (b), in which the
HPA axis is also expanded into three components, while the sinusoidal input is retained. The elements
of the multiple-loop models are labeled with the names of the variables used in the corresponding
differential equation systems. The biological counterparts of variables are the following: (a) X1 = HPA
axis condensed, X2 = HPG axis condensed, X3 = DMH RFRP3 neurons, (b) X1: condensed HPA axis,
X3 = DMH RFRP3 neurons, X2 = ARC Kiss and POA GnRH neurons, X4 = anterior pituitary LH and
FSH cells, X5 = gonadal progesterone cells; (¢) X1 = PVN CRH neurons, X3 = anterior pituitary ACTH
cells, X5 = adrenal cortisol cells, X2 = ARC Kiss neurons and POA GnRH neurons, X4 = anterior
pituitary LH and FSH cells, X6 = gonadal progesterone cells, X7 = DMH RFRP3 cells (see also Box 1 in
the Mathematical Modeling section). Blue lines: activations; pink lines: inhibitions, fine pink curved
lines: self-limitation effects, fine black wavy lines: sinusoid input to HPA axis.
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The second version of our system accounts for oscillatory behavior (Figure 2b). Plasma
levels of glucocorticoids and gonadal hormones show ultradian, circadian, and long-term
fluctuations, revealing oscillatory functioning of endocrine systems. As said above, the
mutual interaction between the HPA and HPG axes becomes significant for stronger
oscillations of either axes, and therefore we dismissed smaller ultradian fluctuations. This
led us to consider main circadian oscillations of the HPA axis, which are principally
regulated by the circadian clock residing in the hypothalamic suprachiasmatic nucleus
(SCN) [49]. To model this mechanism, we used a sinusoid oscillatory input. Conversely,
in modeling the oscillations of the HPG axis, our focus was primarily on progesterone, as
both the hormone itself and its neurosteroid derivatives exert strong negative feedback on
hypothalamic centers [11]. In this context, we disregarded smaller ultradian and circadian
oscillations, considering only the 28-day female menstrual cycle. Progesterone fluctuations
over the cycle can be approximated by a sinusoidal function and are largely driven by
negative feedback on the hypothalamic and pituitary components of the axis [50]. To
capture the oscillatory behavior of the HPG axis, we expanded the model to include its
three main components, namely the hypothalamic, pituitary, and gonadal regions, forming
a negative feedback loop.

Finally, we also analyzed a third version where we also expanded the HPA axis
into its hypothalamic, pituitary, and adrenal components, arranged to form one neg-
ative feedback as seen above for the HPG axis (Figure 2c). In this version, we main-
tained the sinusoidal input to the HPA axis representing the SCN circadian clock effect.

Box 1. ODE systems in the three versions of the HPA-HPG inhibition model.

ODE system 1 (condensed HPA and HPG axes)

Variables: X1 = HPA axis condensed; X2 = HPG axis condensed; X3 = DMH RFRP3 neurons

Parameters: hy, = hill exponent, e;, = response threshold, and p,, = self-limitation parameter of neural
elements
h; = hill exponent, e¢; = response threshold, and p; = self-limitation parameter of
endocrine elements

Combined interactions: N
noncompetitive (single activation and single inhibition): M,}i’_ﬁ C

! ! 1+<—f)
(generic indices)

competitive double inhibition: 1

() ()"

. Xhn th
Xi= 0 (1- 22 —py- X
LT i) P

—pa- X2

ODE system:

ODE system 2 (expanded HPG axis)
Variables: X1: condensed HPA axis
X2, X4, X5: HPG axis
X2 = ARC Kiss and POA GnRH neurons
X4 = anterior pituitary LH and FSH cells
X5 = gonadal progesterone cells
X3 = DMH RFRP3 cells
Parameters: see above, and in addition, w = frequency of the sinusoid input, and A = amplitude of
the
sinusoid input.
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Box 1. Cont.

ODE subsystem for sinusoid input: Xcjre, = w*Xcire,
Xcircz = 7W'Xcircl
oscillation imposed to HPA by the SCN (circadian clock)
Combined interactions:
noncompetitive (single activation and single inhibition): see above
competitive multiple inhibition: - 1 T
14(3) ’+<7](> T

ODE system:
X;1: ’Xé'”h : ! i *de1+A'(Xcirc +1)
EV;'I+X3” 1+<§) d 1
eq
X5 = T ! - P X
XN xa N x NP na2
NERESEY
h
. x'a 1
Xz =" — 7 — PnXs3
o +X 1 (%)Y
. Xl
X4 = 1 2 — X
4 1+(%>hd Ei’,”‘f’XZ” pd 4

. hy
X5 = — PaXs
ODE system 3 (expanded HPG and HPA axes)
Variables: X1, X3, X5: HPA axis
X1 =PVN CRH neurons
X3 = anterior pituitary ACTH cells
X5 = adrenal cortisol cells
X2, X4, X6: HPG axis
X2 = ARC Kiss neurons and POA GnRH neurons
X4 = anterior pituitary LH and FSH cells
X6 = gonadal progesterone cells
X7 = DMH RFRP3 cells
Parameters: see above
Combined interactions: see above, and in addition, noncompetitive interaction between single
activation and competitive multiple inhibition =
Xl 1

Ty 78 T
e+ X' X:\ " h
o ”(?f’) (@)

4
I h
d d
e +X,

ODE system:
. th 1
X) = 5ty 7 7 _PnX1+A'(Xcirc +1)
1
T T T
X.2 = 7 11 —pnXo
X\ x5\ (X \d, (X7 \ ™
1+(3) +(§) +(3) "+ (%)
. n
X3 = 57" — paX
37 g xin ~ Pass
. th 1
Xy = 52— — PaX
4= Xl 1+(X75)}1d Pa&4
e
n
. xhd
X5 = 5727 — paX
5 Ji K Pa&s
h,
. Xd
Xe = 72— — paX
6 eZ”’-&-XZ” Pd&e
h
; X" 1
X7 = 7> — pnXy

ehi 4 x0 1+(ﬁ)”d
ed

3.1.3. Mathematical Modeling

To carry out computational analyses of the above versions of the HPA-HPG interaction,
we defined three systems of ordinary differential equations (ODEs), where the dynamics of

each variable are described based on its interactions with the other variables.
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The effects of a variable on another variable were described using Hill functions,
increasing ones for activating effects, and decreasing ones for inhibitory effects. This choice
is generally adopted for a wide series of nonlinear biological input-output processes [51],
notably for endocrine and neuron interactions (see also the literature surveys in [11,52]).
In addition, in our schematic models, different variables receive more than one input. To
model such combined influences, noncompetitive interactions, i.e., noncompeting for the
same binding site or mechanism, were assumed for combined activating and inhibitory
actions. Conversely, competitive interactions, i.e., competing for the same binding site or
regulatory pathway, were assumed for combined inhibitory actions, because the inhibitory
pathways considered in our study are mediated by GABAergic transmission (see above
the “Neuroendocrine Mechanisms of the HPA-HPG Inhibition” section). Noncompetitive
interactions were modeled as the product of Hill functions, while competitive interactions
were modeled additively (see below for details). This kind of mathematical modeling is
widely used in fields like biochemistry, gene regulation, and systems biology [53-55].

As reported in a previous survey [11], and summarized above, the reciprocal inhibitory
effects between the HPA and HPG axes become evident when either axis enhances its
activity beyond daily fluctuations. This behavior is intrinsically modeled by the Hill
function which describes a situation where a variable responds in an ultrasensitive manner
to changes in the input variable, characterized by a steep transition from low to high (or high
to low) response as the input variable crosses a certain threshold. The threshold parameter
in the Hill function typically represents the concentration or value at which the response
reaches half of its maximum and was denoted by e in our ODEs. The ultrasensitivity is
represented by the steepness or ultrasensitive nature of the response, controlled by the
Hill coefficient, denoted by h in our ODEs. The values assigned to these parameters were
derived from a previous literature survey [11]. The negative feedback exerted by each
variable on itself was modeled by adding a self-limiting component pX, with negative sign,
where the parameter p represents the weight of the self-limiting effect. The sinusoid input
to HPA was modeled by adding an A - (Xcirc1 + 1) component, where X, is part of an
ODE subsystem with two variables: X, and X,, forming an independent harmonic
oscillator, and A represents the amplitude. The addition of 1 to X, acts as an offset,
ensuring that during ODE integration, the dependent variable does not fall below its lower
bound of 0. The harmonic oscillator generates a perfect sinusoid when defined on the set
where the equation is satisfied as follows: X2 e, + X%gire, = 1.

Based on the above considerations, three ODE systems were defined, each correspond-
ing to one of the loop configurations shown in Figure 2. These represent three different
versions of the model describing the mutual inhibition between the HPA and HPG axes.
The systems of equations, along with the descriptions of their components, variables, and
parameters, are presented in Box 1. The range of variables was set within the [0, 1] interval,
in arbitrary units corresponding to 0 to 100% activity. The parameters of the Hill functions
were set according to a previous study [11]. In the modeling of HPA oscillations, the
parameter w of the sinusoid input was set to simulate a higher frequency with respect to
the HPG cycle, because HPG oscillations represents the approximately monthly female
cycle, while those of HPA corresponds to the daily fluctuation of cortisol. The amplitude A
was set based on the ratio between the daily plasma cortisol peak at arousal (the peak of
the sinusoidal daily variation) and the corresponding peak during a stress response (the
maximum possible value attained by the variable) [56,57]. The range of the variables and
the values assigned to the parameters are detailed in Table 1.
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Table 1. Symbols and quantities in the ODEs.
Symbol Assigned Range/Value  Quantity Ref.
Variables X; Scaled to [0, 1] (see Box 1)
Variables of the harmonic oscillator
Keireys Xeires Xairey + Xairey = 1 generating a sinusoid trend
Parameters hy 2.5 Hill coefficient of neuronal effects [11]
hy 6 Hill coefficient of endocrine effects [11]
half-saturation constant of neuronal effects
en 0.2 measuring the threshold of X; inducing a [11]
significant response of X;
half-saturation constant of endocrine effects
K 0.3 (see above) [11]
1 weight of the self-limiting effect in neuronal
Pn elements
1 weight of the self-limiting effect in
Pd endocrine elements
A 0.1,0.2 amplitude of HPA oscillation [57]
w 5.7 frequency of HPA oscillation

3.2. Computational Analysis of Phase Portraits and Bifurcation Patterns

We utilized MATLAB to characterize the dynamical landscape of our nonlinear model,
including the identification of trajectories and, in the case of bistability, the decision bound-
ary separating the basins of attraction. The term bistability is used here in a broad dynamical
sense to denote the partitioning of an initially single basin of attraction into two distinct
basins, each associated with its own attractor (see the Discussion section). The simplest
tripartite system can exhibit either bistable or monostable behavior, depending on the
choice of parameter values (Figure 3).

In the more complex versions, the expansion of HPG, or of both axes, together with
the addition of a circadian input to HPA, converts stable equilibria into attractors exhibiting
oscillatory behavior. Due to the sinusoidal input to the variable representing the condensed
HPA axis, or to the hypothalamic component of the expanded HPA axis, the attractor
is not a true limit cycle but rather a bundle of Lissajous curves, with each trajectory
eventually settling on its own individual curve. These Lissajous curves arise from the
combined oscillatory dynamics of the HPA and HPG axes. (Figure 3). Nevertheless, in
the versions with expanded axes, the overall behavior with respect to mono- or bistability
remains essentially unchanged. The trajectories in the phase space demonstrate that under
bistability, HPG is always opposed to HPA and DMH at the attractors. Namely, when HPG
is high, the other two are low, and vice versa (Figure 3).

We then performed a bifurcation analysis to examine how the ODE parameters influ-
ence the system’s bifurcation structure within realistic value ranges. For each parameter,
we conducted a separate analysis by varying its value while keeping the others fixed at
the reference values reported in Table 1. The analysis reveals two mechanisms shaping
the system’s dynamics. In all versions of the model, bifurcations drive transitions from
monostability to bistability, allowing the coexistence of distinct stable states (Figure 4).
Moreover, when either axis is expanded, including its intrinsic negative feedback, Hopf-
like bifurcations appear on the upper attractor (not genuine Hopf due to the oscillatory
nature of the attractor) (Figure 4). This dual organization suggests that the system can
exhibit both between-attractor transitions (switching between alternative stable states),
and within-attractor changes in dynamical regime (fixed point oscillations), depending on
bifurcation parameter values. Such a combination provides a rich repertoire of possible
responses to perturbations and parameter modulation.
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In the simple tripartite system, where oscillations are absent, saddle-node bifurcations
(transitions between monostability and bistability) are observed only with p; and p;,. In the
two more complex versions of the system, in addition to the duplication of attractors due
to pg and p, variations, transitions to bistability also occur with ¢y, e, h;, and h;,. These
more complex versions are similar to each other in their bifurcation pattern, indicating
that the expansion of the HPA axis has a very limited effect on the bifurcation structure of
the system (Figure 4). Furthermore, we performed bifurcation analysis for the sinusoidal
subsystem parameters A and w, which showed no bifurcation pattern.

0.15
) 0.1
0.05 HPA

Figure 3. Phase portraits depicting the variation through time of the system variables in its three
versions. (a) Phase portrait with different exemplificative trajectories of the simple tripartite system
(HPA = X3, HPG = X, DMH = Xj; see Figure 2a), The system shows bistability for p; = 1
(upper panel), and monostability for p; = 4 (lower panel). (b) Same as above for the system version
with the HPG axis expanded (HPA = X;, HPG = X5, DMH = Xj; trajectories initialized with
(X2, X4) = (04, 0.4); see Figure 2b). (c) Same as above with both axes expanded (HPA = X,
HPG = Xg, DMH = Xjy; trajectories initialized with (X3, X, X3, X4) = (0.05, 0.05, 0.05, 0.05);
see Figure 2c). (d) Detail of the phase portrait in (b) showing three trajectories converging to an
oscillatory attractor composed of a bundle of Lissajous curves. Blue dots indicate initial points, red
dots indicate final points.
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Figure 4. Bifurcation diagrams of the ODE systems for the three model versions (see Figures 2 and 3),
illustrating how equilibrium values or attractor oscillations change as a function of different bifur-

cation parameters. (a) Simple tripartite system. For each parameter, two bifurcation diagrams are

shown corresponding to the variables HPA =

X; and HPG = Xj. Solid lines represent stable

equilibria, while dashed lines indicate unstable equilibria. Colors distinguish the different attractors.
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(b) System with expanded HPG axis and sinusoid input to the HPA axis. Diagrams are shown as in
(a) (HPA = Xjand HPG = Xs). Attractors exhibiting oscillatory behaviour are represented by pairs
of lines indicating the maximum and minimum values of the variable within the attractor. Unstable
equilibria were not calculated. (c) System with expanded HPG and HPA axes and sinusoid input to
HPA axis. Diagrams are shown as in (b) (HPA = X5 and HPG = Xg). Some diagrams show saddle-
node bifurcations (transitions between monostability and bistability, e.g., bifurcation point indicated
by arrows and vertical line). In some cases, Hopf-like bifurcations are visible (e.g., arrowhead).

We finally explored the relationships among the bifurcation parameters in inducing
bistability, focusing on the system with an expanded HPG axis and sinusoidal input to the
HPA axis. Three-dimensional cube diagrams, with axes representing triplets of parameters,
showed that parameters are correlated in promoting bistability (Figure 5). When more
parameters vary simultaneously, the system is more prone to bistability for decreasing
values of p; and p, (reflecting the strength of the self-limiting effect), decreasing values of
eg and e, (the half-saturation constants), and for increasing values of h; and h;, (the Hill
coefficients). In summary, the bifurcation analysis indicates that bistability generally arises

from increased hypersensitivity and sustained system activity.

Figure 5. Analysis of the relationships among bifurcation parameters in the model version with HPG
axis expanded and sinusoid input to HPA axis. The diagram shows the occurrence of bistability for
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triplets of values of the bifurcation parameters. The axis labels indicate the parameter values used
to generate the triplets. Colored cubes indicate bistability for the corresponding triplet, while the
absence of a cube indicates monostability. Alternated colors are used to enhance the visibility of the
ladder-shaped arrangement.

4. Discussion
4.1. Interpretation of the Results and Their Possible Application

Our modeling approach assumes that closed-chain interactions represent a fundamen-
tal and essential feature of biological functioning. This kind of modeling is assumed to
be the most efficient way to acquire control of life systems [2]. Accordingly, our goal is to
develop a coherent model of the HPA and HPG axes and to demonstrate its relevance in
medical and clinical contexts. The first point to consider is that our study primarily aims to
identify patterns rather than focus on the absolute values of the mathematical results. In the
ODE systems used to model the HPA-HPG interaction, parameter values were derived from
the literature data on a statistical basis and serve as schematic approximations. Conversely,
the pattern of interactions could be affordably reconstructed from the literature data. As a
result, the numerical outcomes of our computational analyses should not be interpreted
as accurate reproductions of the activities of the actual biological systems. Instead, our
primary interest lies in the system’s qualitative behavior, specifically, its propensity for
bistability, the occurrence of bifurcations, and the identification of bifurcation parame-
ters. This focus aligns with the idea previously formulated by one of us, stating that, in
modeling biological processes that underlie functional changes, whether physiological
or pathological, the parameters driving bifurcations can be considered critical targets for
system control [58].

The first general result observed in our computational analysis was the system’s
ability to transition from having a single basin of attraction to having two distinct basins
of attraction. This cannot always be described strictly as a transition from monostability
to bistability, since the system may converge to an oscillatory attractor rather than a fixed
point. However, the presence of multiple stable attractors (either oscillatory ones or fixed
points) is sufficient to qualify it as bistability in a broader dynamical sense [59]. In our
case, for certain parameter values, the system reliably converges to a single regime of
functioning, irrespective of initial conditions. When these parameters are varied, the
system develops the possibility of evolving toward one of two distinct functional regimes,
depending on initial conditions, consistent with the definition of bistability involving
coexisting attractors [60].

Building on a range of data from the literature, one of us previously developed the
idea that bistability, or more broadly multistability, is a fundamental prerequisite for any
form of endogenous change in living systems, including the emergence of pathological
conditions [58]. Accordingly, a key finding of our analysis was the identification of bifur-
cation parameters. The trajectories produced by the system, along with the bifurcation
behavior, exhibited a distinct uniformity across the different model variants representing
the HPA-HPG interaction. The consistency of these results suggests their reliability in
representing the actual behavior of the modeled biological system. Even the introduction
of oscillatory components, which changed the nature of bifurcations, did not substantially
alter the pattern.

In all versions of the model, the parameters p; and p;,, which quantify the strength of
the self-limiting mechanisms, consistently acted as bifurcation parameters. Bifurcations
invariably arose as the influence of these self-limiting components decreased, indicating
that the system becomes bistable when its components are more capable of sustaining high
levels of activity in response to activating stimuli. Moreover, in all cases and for all vari-
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ables, bifurcation involved a transition from a single low-activity attractor to two distinct
attractors, including the emergence of a new high-activity state. This shift suggests a
potential breakdown of homeostatic control.

In the fully expanded version of the model, additional bifurcations were observed
with decreasing values of ¢, and increasing values of ;. A reduction in ¢, corresponds to a
lower activation threshold for stimuli exerted by neural elements, while an increase in h
reflects heightened hypersensitivity to endocrine stimuli, with responses becoming sharply
concentrated around the input threshold. Overall, the bifurcations identified in our analysis
consistently point to mechanisms involving increased sensitivity and responsiveness of the
system’s components to the received stimuli. In particular, regarding p;, it is well known
that the primary self-limiting mechanism for the homeostatic control of an endocrine axis
is negative feedback. Therefore, the mechanisms governing negative feedback represent
potential therapeutic targets for the diseases whose insurgence can be represented by
certain functional states of our model. These include, for instance, stress-related disorders
(characterized by hyperactivity of the HPA axis) with higher female prevalence (involving
the HPG axis and significant fluctuations in female gonadal hormones) [11].

It is well known that stress-related psychiatric disorders such as depression, post-
traumatic stress disorder (PTSD), and anxiety show a higher prevalence in females than in
males [61,62]. It has been proposed that, in these conditions, the inability to appropriately
terminate the stress response leads to a heightened sensitivity to stressors [63], mainly due to
a failure of glucocorticoid-mediated negative feedback on the HPA axis, largely attributable
to impaired glucocorticoid receptor (GR) function [64]. GRs are central mediators of the
negative feedback regulation of the HPA axis. These low-affinity receptors are activated
by elevated concentrations of circulating glucocorticoids, such as those occurring during
the circadian peak or in response to stress. GRs are widely expressed throughout the brain,
including the hippocampus, prefrontal cortex, amygdala, and the hypothalamic PVN, all
regions critically involved in the regulation of HPA axis negative feedback [65]. Overall,
evidence from the literature underscores that proper regulation of GR function is critical
for maintaining homeostatic HPA axis activity, while various impairment mechanisms
have also been highlighted. These latter involve impaired GR expression [66,67], nuclear
translocation [68], and serine phosphorylation [69].

In the framework of our model of HPA-HPG interactions, GRs can be associated with
the p; bifurcation parameter and thus can be suggested as potential therapeutic target
for stress- and sex-related disorders, for which effective treatments are still lacking or
insufficient. This approach could be highly effective, due to its ability to target the modula-
tory mechanisms of pathogenic dynamics. However, since GRs are expressed in multiple
tissues, systemic targeting would produce broad metabolic and anti-inflammatory effects.
Therefore, to precisely modulate the dynamics of the HPA-HPG interaction for therapeutic
purposes, selective techniques should be employed to directly access hypothalamic areas
or to drastically reduce side effects, such as nanotechnology, intranasal delivery routes, or
the promising selective glucocorticoid receptor modulators (SGRMs) [70].

Representative examples of disorders linked to HPA-HPG impairment include post-
partum depression (PPD), in which reduced levels of allopregnanolone lead to impaired
GABAergic neurotransmission, which in turn contributes to HPA axis hyperactivation [38].
Clinical trials have shown that treatment with allopregnanolone analogues effectively
alleviates PPD symptoms [71,72]. Moreover, psychological distress and elevated cortisol
levels have been identified as predictive risk factors for the onset of PPD symptoms [73,74],
supporting the rationale for investigating new therapeutic targets within the molecular
mechanisms regulating HPA axis feedback, particularly through modulation of GR activity.
Fibromyalgia is another stress-related syndrome with a markedly higher prevalence in
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females. It is characterized by chronic pain accompanied by fatigue and sleep distur-
bances, but the etiopathogenesis is unknown and effective treatments are lacking. In a
previous paper, some of us proposed a pathogenic model of fibromyalgia considering
the mutual HPA-HPG inhibition [11]. Based on this hypothesis, we suggested that treat-
ment with allopregnanolone analogues could represent a promising treatment strategy for
fibromyalgia [75]. Furthermore, the results from the present study indicate the modulation
of GR activity as a foundation for a novel therapeutic hypothesis.

4.2. Limitation of the Study

This study is fundamentally based on the Loopomics hypothesis, which posits that
every biological process, metabolic pathway, and regulatory mechanism arises from the
dynamics of closed chains of interactions, admitting regular (non-chaotic) attractors [2].
This perspective extends and generalizes various ideas and approaches developed in
systems biology [3], and represents a completely new vision of life, in which the modeling
of interaction patterns provides the key to developing interventional strategies. More
specifically, the hypothesis implies that pathogenic processes underlying a wide range of
human diseases can be modeled by a restricted family of positive loop systems admitting bi-
or low-dimensional stability, where bifurcation parameters define the ultimate therapeutic
targets [58].

This interpretation of life addresses fundamental issues, such as the absence of but-
terfly effects in biological processes and their high predictability, despite the astonishing
number of chemical reactions and physical processes involved, each with a proportional
contribution from noisy components. However, the Loopomics hypothesis has not yet
received experimental support. Persuasive evidence could come from the discovery of at
least a partial solution to one of the many still intractable diseases, particularly those that
have been the focus of great and prolonged efforts without producing any significant clini-
cal improvement. At present, the validity of the hypothesis remains limited to its adherence
to fundamental life features and the ease of identifying loops in metabolic pathways from
available data. This includes positive loops in pathogenic processes and a unifying and
well-defined analytical approach for disease management. The contents of this study and
their potential applications fully share both the innovative strengths and the limitations of
the underlying theoretical framework.

5. Conclusions

We presented a mathematical description of the HPA-HPG complex using a system
of ODEs that captures its closed-loop interactions. The model exhibits a transition to
bistability for specific values of parameters associated with increased hypersensitivity
and excitability. Various findings from the literature suggest that our analysis may be
relevant to a range of stress- and sex-related disorders whose pathogenesis and treatment
remain to be fully understood. In this context, the bifurcation parameters identified
in our model could help guide biomedical and pharmacological research toward more
effective therapeutic targets.
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