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Intrinsic Plasticity Underlies the Malleability of Neural Network Heterogeneity
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Diversity exists throughout biology, playing an important role in maintaining robustness and stability. The
same is true of the brain, as has become increasingly apparent in recent years with the accumulation of datasets
of unparalleled resolution. These datasets show widespread neural heterogeneity, spanning cells, circuits, and
system dynamics, marking it as an unavoidable component of the brain’s composition. Recent experiments
found that declines in heterogeneity among neurons may accompany pathological states. While heterogeneity has
been linked to stability, robustness, and increased computational potential, the loss of biophysical diversity was
found conducive to the onset of seizurelike activity, suggesting an important functional role. Despite this, how
changes in heterogeneity arise remains unknown. Oftentimes considered a static metaparameter resulting from
solely genetic disposition, heterogeneity is, in fact, a highly dynamic property of biological networks arising
from various sources. Here, we consider this through the lens of intrinsic plasticity, the activity-dependent
modulation of neuron biophysical properties, which we propose allows the degree of biophysical diversity to
fluctuate in time. Using a network of Poisson neurons endowed with intrinsic plasticity, we combine analytical
and numerical approaches to measure the effect of input statistics on the excitability of individual cells, and how
this translates into changes in network heterogeneity at the population scale. Our results indicate that, through
intrinsic plasticity, diversity in synaptic inputs promotes heterogeneity in cell-to-cell excitability due to changes
in the statistics of presynaptic firing rates and network topology. In contrast, whenever the statistics of synaptic
input between cells were too similar, intrinsic plasticity promoted the decline in heterogeneity. Further, we show
that changes in heterogeneity can coexist with degeneracy in the firing rate between neurons. Taken together,
understanding how input statistics affect neuronal network heterogeneity may provide key insights into brain
function, resilience, and the manipulability of neural diversity through intrinsic plasticity.
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A common feature of many complex systems’ consti-
tution is the presence of disorder or heterogeneity [1-8].
This is especially true for the brain, where the sources of
heterogeneity are widespread [9,10], with important conse-
quences on neural circuits dynamics and function [11-15].
One of the most salient, and studied, forms of heterogene-
ity arises through diversity in neuronal excitability [16—18],
manifested through neuron-specific, cell-to-cell variations in
both the minimal intensity of a stimulus required to elicit a
response (i.e., threshold), as well as in the magnitude of this
response (i.e., gain) [19]. A confluence of both experimental
and theoretical studies have demonstrated that excitability
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heterogeneity plays multiple important functional roles, such
as optimizing coding capacity, promoting efficient learning
and information flow, as well as reinforcing the resilience
of neural circuits by stabilizing their dynamics away from
pathological states [13,18-23].

In all likelihood, because neuronal excitability is not static,
excitability heterogeneity is also not static and modulated
by intrinsic plasticity mechanisms that play an important
role in learning and memory [24,25]. Intrinsic plasticity is
the postsynaptic counterpart to synaptic plasticity, whereby
a neuron’s excitability (e.g., gain) is modulated by its past
activity profile [24,26-29], including background fluctuations
and/or persistent changes in the input statistics (hereafter re-
ferred to as the “milieu”). Such modulation of excitability
in an activity-dependent manner was first shown by blocking
voltage-gated sodium channels to silence neocortical neurons,
which triggered an increase in excitability via the upregula-
tion of voltage-gated sodium channels and downregulation
of potassium channels [24,27,30]. Experimentally, this mal-
leability of excitability not only plays a key role in memory
and learning [24,31-34], but also in several pathological states
of the nervous system [35], including epilepsy [24,35], tinni-
tus [36-38], neuropathic pain [38,39], and a whole host of
neurodegenerative and neuropsychiatric conditions [40-47].

At a network level, the changes in excitability in patho-
logical states like epilepsy can be seen to alter the diversity
of excitability across the population. Indeed, our recent work
shows that a loss of excitability diversity accompanies human
[13] and rodent [48] epilepsy, and results in network instabil-
ity that predisposes the brain to slipping into a seizurelike state
[13,49,50]. However, how such a decline in heterogeneity
arises remains unknown, and of even wider importance is how
the excitability diversity we see in the brain [11,12,51-53] is
maintained for the “healthy” function of the nervous system.
Therefore, we pursue the hypothesis that intrinsic plasticity
modulates neural circuit heterogeneity through the regulation
of the excitability of individual neurons. We consider this
mechanism of particular candidacy as it aligns with recent
research highlighting the importance of degeneracy in ex-
plaining the multiple pathways through which epilepsy occurs
[54]. Indeed, if intrinsic plasticity enhances variability be-
tween neurons, either by diversifying their excitability profiles
between each other or by accentuating preexisting differences,
the network’s heterogeneity will increase. In contrast, if in-
trinsic plasticity instead drives a convergence of excitability
profiles between cells, this will manifest as a decline in ex-
citability heterogeneity. Given the close relationship between
diversity and stability [13,15,49,50], the ability of intrinsic
plasticity to promote (or hinder) excitability heterogeneity
might provoke important changes in dynamic stability, which
may be physiologically beneficial, or in the extreme it may
predispose neural circuits to pathological states, such as those
seen in epilepsy [13,49,50].

Inspired by our recent experimental work [48], we pur-
sue here the novel hypothesis that intrinsic plasticity is a
critical modulator of neural circuit excitability heterogeneity.
This novel perspective is in stark contrast with the pre-
existing notions that excitability heterogeneity is a static
metaparameter resulting mainly from genetic predisposition

[12,14,18,52,53,55-57]. Herein we propose intrinsic plastic-
ity as a candidate mechanism by which intrinsic plasticity sup-
ports time-dependent changes in the heterogeneity expressed
by neural populations, thereby influencing the stability of neu-
ral circuits. To explore these hypotheses, we use a widely used
recurrent neural network of excitatory Poisson neurons with
sparse, random connectivity, endowed with intrinsic plasticity.
We characterize the dynamics of this model under varying
stimulation conditions (e.g., step current, spike trains) and net-
work architecture (e.g., topology and weights). We found that
heterogeneity arises naturally among neurons from changes
in input statistics, resulting from cell-to-cell variations in con-
nectivity profiles. Most importantly, our result indicates that
stimuli can be used to manipulate the level of heterogene-
ity in the network. The increase in heterogeneity was found
to enhance network stability. In contrast, diversity decline
was alternatively found to promote multistability. Importantly,
we found that heterogeneity can coexist with degeneracy:
networks of neurons exhibiting similar firing rates can still
demonstrate excitability heterogeneity. Taken together, these
results imply that heterogeneity is a malleable property of neu-
ral networks, supported by the topology of the network and
imperative for maintaining stable neural network operation.

II. METHODS
A. Network model

We consider an excitatory network of Poisson point neu-
rons with random connectivity. The neurons have a membrane
potential, u;, where i = 1, ..., N is the neuron index. The dy-
namics of the membrane potential for neurons in this network
obey the following system of evolution equations:

du; e
Tzz—ui—Fﬁgwinj, (1)

where X; = Z{m 8(t — 1) are Poisson spike trains, 7 is the
membrane time constant, and w;; are synaptic weights. Spik-
ing activity follows a nonhomogeneous Poisson process, that
is, X; — Poisson (r;), where r; corresponds to the instanta-
neous firing rate of neuron j. This firing rate depends directly
on the membrane potential through the excitability curve of
that same neuron, that is, r; = f(u;), where f is defined by
the sigmoid [49,50],

S i, i hi) = 511+ erf(Bi(u; — hi))], 2)

where i is the neuron index, and {B;, ;} are the slope and
midpoint (or rheobase), respectively. A Poisson spike occurs
if pyike = 1 —exp(— f(w;, B, h;)) is greater than a ran-
domly generated uniform probability. The excitability curve
hence sets the firing rate, r;, of neuron i. All parameters
used to simulate this model can be found in Table I (see
Appendix B).

B. Model assumption

The model in Eq. (1) and associated analyses below rely on
a set of assumptions, validated in previous work [13,58-60],
and whose purpose is to balance physiological relevance and
mathematical tractability. Specifically:

(i) Neuronal spiking is Poisson, uncorrelated, and resides
in the high firing rate limit.

013023-2



INTRINSIC PLASTICITY UNDERLIES THE ...

PRX LIFE 4, 013023 (2026)

(ii) Connectivity is random with probability p = 0.15, and
the network topology is constructed to accommodate any in-
and out-degree distributions. To do so, we follow the steps
described [61]. In summary, the degree of connectivity to a
given neuron, i = 1, ..., N, is drawn from a uniform distribu-
tion centered around a fixed mean. The connections are then
made randomly with the neurons in the network.

(iii) Synaptic weights are positive (purely excitatory net-
work) and uniform across all realized connections: w;; =
w, > 0 if a connection exists between neurons i and j, and
0 otherwise. This choice is made for convenience, so that
the expectation value of the weights across all neurons is
Enxnlwij] = pw,.

(iv) Intrinsic plasticity is slow compared to membrane po-
tential dynamics. We have assumed that the intrinsic plasticity
equations have reached an equilibrium, for which the firing
rate of individual neurons has been homeostatically normal-
ized to a set value r° (see below).

These assumptions play an instrumental role in the analysis
that follows. Notably, they set the network in a dynamical
regime in which individual membrane potentials can be as-
sumed to be Gaussian, a key requirement in the mean-field
analysis pursued below. These assumptions also enable the
use of adiabatic approximations, in which intrinsic plasticity
(IP) has reached an equilibrium, where firing rates remain
constant on the shorter timescales defined by the membrane
time constant (i.e., tp > t). While seemingly restrictive,
analyses relying on these assumptions have been shown to
agree well with simulations, both here and in our previous
work [13,58-60].

C. Regulation of excitability via intrinsic plasticity

Thus far, the excitability described for each neuron in
the network is static. To introduce intrinsic plasticity in this
framework, we allow the parameters §; and h; in Eq. (2) to
fluctuate in time to normalize the firing rate of individual
neurons in an activity-dependent manner. Specifically, we
allow the excitability curve of each neuron to adapt so that,
over long timescales, its firing rate is drawn towards a value
r°, hereafter referred to as the homeostatic target rate. For
simplicity, this target rate is chosen to be equal for each neuron
in the network. To implement intrinsic plasticity, Eqgs. (1)
and (2) are complemented by an additional set of differential
equations accounting for the dynamics of the parameters g;
and #;,

dp; v
ur - = eplf(ui, Bi, hi) — r’1©(B;) 3)
and
dh;
tlpd_tj = e [f(ui, Bis hi) — 1°1, 4

respectively. Combined, Egs. (1), (3), and (4) form a system
of 3N differential equations, in which the parameters defining
the excitability of individual neurons adapts to fluctuations in
its membrane potential. The constant tjp refers to the time
constant of intrinsic plasticity, and is assumed to be slow com-
pared to the dynamics of the membrane potential in Eq. (2),
i.e., Tip K 7. The parameters €g and €, correspond to learning
rates (eg < 0 and ¢, > 0), scaling the direction of the rate of
change, while compensating for the vastly different range of

values the parameters 8; and /; can take. The function ® in
Eq. (3) is defined by ©(8;) = 1 whenever 0 < f; < Bmax and
zero otherwise, and is included to ensure that the slopes g; re-
main positive and bounded within a physiologically plausible
range, where Bn.x = 50.

D. Excitability and cellular milieus

To characterize how intrinsic plasticity influences the ac-
tivity of individual cells in Eq. (1), one can examine the
asymptotic dynamics of the parameters §; and h; for an arbi-
trary neuron i. Since the membrane potential u; is a stochastic
state variable (due to Poisson spiking), it is more appropriate
to consider the temporal averages of Egs. (3) and (4), that is,

dp;

m% = ep(Lf (ui, Bis hi) — 1Dt (5)
(dhi)r o

TIp T en[f (ui, Bi, hi) — r’I)r, 6)

where ()7 represents an average over a long time window,
i.e., T > tp and T > 7, and where we assumed O(8;) = 1.
At equilibrium, these equations possess steady states 8; and
kY that satisfy the same implicit expression

(f(uis ﬁ;k’h;k))T _rU:Ov (7)

which simply indicates that asymptotically, the average in-
dividual firing rate of a neuron i will converge towards the
homeostatic target rate r°. This can can equivalently be written
for T — oo as

/f(ui, B h)p(ui)du; = r°. ®)

Note that one obtains an identical expression for each neuron
in the network, although the values of 8 and A} may differ.
The above expression depends directly on the a priori
unknown probability density function p(u;) for the membrane
potential of neuron i, as defined in Eq. (1). Determining this
distribution exactly represents a challenge, but approxima-
tions are possible. Indeed, in the limit of high firing rates,
and assuming that spiking activity in the network is uncor-
related, one may replace the spike trains, X;, in Eq. (1) by
Xj ~ rj+ /r;§j, where r; is the firing rate of neuron j, and
&; is a Gaussian white noise process such that (§;(2)&.(s))r =
8kt — s) [59]. Using these approximations, Eq. (1) becomes

du; 1 &
T =t ; wij (1) + JT5E))- ©)

As per the steady-state analysis of the intrinsic plasticity
equations performed above, we now examine the adiabatic
regime in which the individual firing rates r; asymptotically
converge towards their homeostatic target rate r’ [i.e., Eq. (7)]
and remain constant within the time window 7. Hence, at
equilibrium, one obtains [59,60]

N N
dl/t,' 1 0 1 ”
'L'E w—u,’—i-]ng:l wi;r +NjE:1 Wi;jVr r‘;:j. (10)

One may simplify this expression further, recalling that synap-
tic weights are assumed to be random and the same for all
connections, i.e., w;; = w, with probability p, and zero oth-
erwise. Note that we will break this assumption later on. In
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this case, the degree distribution P(k) of the network con-
nectivity adopts a binomial distribution, i.e., P(k) = (¥ ') p*
(1 — p)~1=k_ Both in-degree (i.e., k™) and out-degree
(i.e., kOUT) are identically distributed, with EN[k}N] =
En[kPUT] = p(N — 1). As such, one may rewrite Eq. (10) as

dbt,' ~ 1 kIN

T— ~ —u; +

w,or® + Ilvk}NwO\/F;,-, (11)
where kN corresponds to the in-degree associated with neuron
i. The variance of the degree of connectivity, when nonzero,
is symmetric around the mean (e.g., uniformly distributed).
By independence, the second sum on the right-hand side of
Eq. (10) also conforms to a zero mean Gaussian white noise
process [62], and it has thus been replaced by independent,
identically distributed Gaussian white noise processes ;, also
satisfying (¢;(1)¢())7 = 8u(t — ) [59].

Following these approximations, Eq. (11) is fully decou-
pled from the dynamics of other neurons in the network. It
further shows that the dynamics of the membrane potential of
individual cells depend directly on the neuron’s milieu—here
defined as the environment or local conditions that impact a
neuron’s membrane dynamics [63]—resulting from the com-
bination of passive properties, synaptic inputs (i.e., via the
in-degree), and also external stimuli (see below). Following
the assumptions highlighted above, the membrane potential
u; in Eq. (11) of each neuron can be approximated by an
Ornstein-Uhlenbeck process whose probability density func-
tion p(u;) has the shape of a normal density with mean

1
My, = ]vngworO (12)

and variance
1
% =
where we assume v = 1. We highlight that the mean and
variance differ between cells within the network, here as a
result of variability in synaptic connectivity.

With an approximation for the probability density function
p(ui) = N(py,, auzi) in hand, we can now return to Eq. (8) and
determine the conditions on the excitability parameters 8;° and
h¥ by computing the integral on the right-hand side, that is,

— (KNw,)*r, (13)

/f(ul’ :31 ’ 1)17(“ )dul

— (=)

/ [1 4 erf(BF (u; — B))]e > du;,

2 27102
(14)

which can be separated into two integral terms,

—(uj— Mu,

202
it

ff(ul’ ﬂl ’ z)p(u )duz
—(u_py)?

2 /2710“2 /

1 o )
+—/ erf(Bf(u; — hf))e i du;. (15)
2,202 /o0

The first term of this equation resolves to 1/2. The second
term can be solved using the known integral solution of a
normal distribution with an error function [64], yielding

/f(ul’ ,6, s ,)P(u )du;

_1 + 1 T
2 5 /2]‘[0’31 (1/2%2,-)

B7 (1, — ) (16)

xerf(\/%7 o 1/20

/f(uz,ﬁl, hi)p(u;)du,
B (i, —

1
~27 5 (\/;,/,3*2 1/20) )

Simplifying this equation, we obtain an expression for the
average firing rate of individual neurons, which at equilibrium
must correspond to the homeostatic rate as per Eq. (7), that is,

* *
Fua B 1) = 1(1 +erf(M)) .
2 /1428722
(18)
Equation (18) shows that the excitability of individual neurons
changes in an activity-dependent manner to normalize the
neuron(s) firing rate: it defines a self-consistent yet implicit
expression for values of g7 and A} reached at equilibrium,
which result from Egs. (3) and (4). It further confirms that
the shape of the excitability curve (which is parametrized by
the parameters 8 and ) depends directly on the statistics
of the membrane potential of individual cells. Variability in
membrane potential statistics results in different excitability
profiles, reflected as heterogeneity in the network.

E. Excitability degeneracy

As defined, the equilibrium of Egs. (5) and (6) both sat-
isfy Eq. (7): these form an underdetermined system and, by
extension, the model displays degeneracy. That is, Eq. (18)
admits multiple equivalent solutions, where multiple combi-
nations of B and £} satisty the equilibrium conditions of the
intrinsic plasticity equations. That is, within the available -3
parameter space there exists a set of equivalent pairs of g
and A} that parametrize an excitability curve with the same
qualitative excitability profile. These define a curve, which we
call the degeneracy curve h*(8*), towards which values of S
and & will converge to maintain the neuron at a set homeostatic
target firing rate [see Fig. 1(c)].

The degeneracy curve arises directly from Eq. (18), where
F(uy,, B, hY) = r°. Assuming that cruzi > 0 and performing
the appropriate rearrangement to isolate /;, we hence obtain
an expression for the degeneracy curve,

BB = o, — ﬁ*( [142p%c2erf (2" — 1)).  (19)

The degeneracy curve depends on the homeostatic target fir-
ing rate, as well as the mean and variance of the membrane
potential of individual neurons, which themselves depend on
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FIG. 1. Intrinsic plasticity regulates neuron excitability in response to input statistics. (a) For a given neuron, its excitability is altered by
the input statistics it receives via intrinsic plasticity. Changes in input statistics can result from multiple factors, including connectivity and
weights. In response to an increase in activity (such as from a high amount of input, blue), a neuron becomes hypoexcitable. Conversely, a low
activity (red) will yield hyperexcitability. Both of these directions of change are facilitated by intrinsic plasticity. (b) Intrinsic plasticity adapts
the slope, B (left), and rheobase, & (right), of the excitability in response to high (blue) and low (red) input activity. (c) The slope and rheobase
that the excitability adopts are directly influenced by the intensity of input received, where high (blue) intensity yields hypoexcitable low slopes
and high rheobase values, and low (red) intensity yields the opposite. The black line is the degeneracy curve, and the black circle acts as an
exemplar initial parameter set for a given neuron. When the input intensity changes to lower or high, the neuron will adopt new parameters
via intrinsic plasticity that are more hyperexcitable (low activity) or hypoexcitable (high activity), the relative parameter spaces for which are
demonstratively shown as a heat map. In a simulated network of N = 100 excitatory neurons, the varied statistics of their presynaptic firing
rates will cause a heterogeneous population of excitabilities to emerge. By assigning thresholds, these excitabilities can be grouped into three
broad categories of the amount of activity the neurons receive [low (red), mid (gray), and high (blue)]. Correspondingly, this results in neurons
that are hyperexcitable (red) and hypoexcitable (blue) with the mid group having excitability between these extremes. (d) This excitability is
shown as the average number of spikes produced by neurons in each grouping when stimulated by step currents, I, for # = 700 ms intervals
with increasing current amplitude (see Sec. II). Error bars are SEM. The spikes evoked by the step current are recorded and reflect the rheobase,

h (e) and gain, 8 (f).

the weights and firing rates within the network [i.e., Eq. (12)
and (13)]. The presence of degeneracy in the plasticity of our
model differentiates it from other adaptation models [65-71]
as there are equivalent parametric pairs that can arise from
inputs with the same statistics. Further, in cases where the

neurons have nonidentical input statistics (from, e.g., degree
distribution and connections weights), the presence of de-
generacy allows for elevated levels of heterogeneity in the
network. This degeneracy allows neurons to have different
parametrizations, increasing the available parameter space
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beyond what a nondegenerate model can access. This is partic-
ularly important, as it is consistent with neuronal adaptations
that occur via the complex interaction of multiple biophysical
properties [72,73].

F. Network simulations
1. Manipulating network heterogeneity: Stimulation

The input statistics of each neuron regulate the network’s
level of heterogeneity by way of the membrane potential
mean and variance [Egs. (12) and (13)]. As such, we would
expect that heterogeneity will be modulated by exogenous
stimulation. To explore how different types of stimulation af-
fect network heterogeneity, we apply stimulation, S;, to every
neuron in the network such that Eq. (1) becomes

N
dl/i,'

o _ui‘i‘;wijxj‘i‘si(t)v (20)
where §; is representative of different kinds of stimulation:

I, Fixed input,
n(t), Ornstein-Uhlenbeck process, 201
Y;(t), Spike trains.

These correspond to different stimulus types regularly ob-
served in experimental protocols and in vivo [74].

Starting with the case of fixed input, S; corresponds to
regimes of persistent high or low input, whereupon every neu-
ron receives the same injected input. This kind of persistent
stimulation is modeled in Sec. III B, where three different
simulations are performed: one with persistently high strength
input where I, > 0, one with persistently low strength input
where I, < 0, and a baseline case where I, = 0 V¢. The net-
works are initialized with random values of B;,, h;, from
uniform distributions of 8 and A for neurons i =0, ..., N.

At the end of these simulations, the obtained parametriza-
tions of the excitability curves (e.g., B; s, hi s) for each of
the three networks are kept to investigate the dynamics these
curves would evoke in a static network, that is, without intrin-
sic plasticity to adjust the excitability curves, what dynamics
may result from the new levels of excitability and homogene-
ity. This no-plasticity version of the network is then simulated
with an Ornstein-Uhlenbeck process, 1, such that every neu-
ron receives the same slow-varying signal. This variety of
stimulation allows us to investigate the influence of hetero-
geneity on the stability of the network dynamics.

Finally, in the case where the network is stimulated by im-
pinging spike trains each train, ¥;,i = 1, ..., N is independent
of the N — 1 other trains and has a rate, r; ;, drawn from a uni-
form distribution of rates. The rates are nonidentical between
neurons with the objective of increasing the heterogeneity in
the population. Simulations of this kind are initialized with
random B; ,, h; ,, and the spike trains are applied over a win-
dow At to induce heterogeneity in the network.

Si(t) =

2. Manipulating network heterogeneity: In-network properties

In addition to exploring the effect of stimulation, we
sought to investigate the effect of the network’s properties on
excitability and heterogeneity. Specifically, we consider the
impact of (i) the topology and (ii) the connectivity weights.

These quantities are of particular interest due to their role in
setting the mean [see Eq. (12)] and variance [Eq. (13)] of the
membrane potential. To do this, rather than stimulating, we
alter the input statistics of the neurons by changing (i) the
degree distribution of the topology or (ii) the weights.

Specifically, to explore the effect of the topology on the
network heterogeneity, we fix the mean connectivity to 15%,
but we replace the distribution the number of connections
is drawn from (see Methods, Sec. II A) with a uniform
one. In subsequent simulations, the variance of the uniform
distribution is increased to observe the effect on network
heterogeneity. For all of these simulations, the weights are
maintained at a constant value, w;; = w,.

For the contribution of the weights, the topology is kept to
the initial degree distribution with 15% random connectivity.
However, the weights are no longer constant (w;; # w,). In-
stead, the weights are drawn from uniform distributions and
multiplied by the connections (C;; =0 or 1) to obtain the
realized weight matrix W. As the network is all excitatory,
the weights are all chosen to be w;; > 0.

In both cases, it is of interest to know what level of het-
erogeneity these in-network properties create and their ability
to retain any induced heterogeneity. Thus the simulations for
each case are first allowed to run until a baseline level of
heterogeneity is achieved, after which spike trains of different
rates [¥; in Eq. (20)] are applied for an interval ¢+ = 3000
to induce elevated heterogeneity in the network. When the
stimulation ends, it can then be observed in each framework if,
and to what extent, the induced heterogeneity is successfully
retained.

III. RESULTS

A. Intrinsic plasticity and neural excitability

To explore the relationship between intrinsic plasticity
and heterogeneity, we considered a simple and well-studied
[65,75] excitatory network endowed with a phenomenologi-
cal model of intrinsic plasticity, whereby the excitability of
individual neurons changes in an activity-dependent manner.
Similar to other forms of adaptation [65-69,76], homeostatic
intrinsic plasticity was implemented by allowing the slope,
B, and rheobase, h, of each neuron’s excitability curves to
change as a function of membrane potential fluctuations [see
Figs. 1(a) and 1(b)], while preserving a target homeostatic
firing rate.

A key difference between the myriad of other models of
neural adaptation [65-71,75,76] and ours stems from the pres-
ence of degeneracy, a phenomenon where multiple unique
sets of solutions can produce a highly similar performance.
Importantly, this differs from redundancy, where multiple sets
of the same elements perform the same function [54,77,78].
While long understood in theory, it is only more recently that
degeneracy has been understood as a pervasive property of
biological systems, including in the brain where neurons with
widely varying ion channel conductances can nonetheless
exhibit remarkably similar electrophysiological properties
[72,73,79-81]. This is particularly true for excitability, as
multiple forms of contextual, environmental, and neuromod-
ulatory perturbations may cause changes in input statistics to
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trigger intrinsic plasticity, ranging from variations in synaptic
dynamics, synchrony, input amplitude and position, shunting
inhibition, total conductance, depolarization state, and fluctu-
ations in the membrane potential [19]. Leveraging this in our
model, we implement degeneracy by allowing the neurons to
possess different excitability profiles while sharing a common
target firing rate (see Methods, Sec. II). By this, numerous
combinations of B and h satisfy the equilibrium conditions
of the intrinsic plasticity equations, which define a curve
which we call the degeneracy curve, h(8). Over time 8 and
h converge to the degeneracy curve maintaining the cell at a
set target firing rate [see Fig. 1(c)]. As the statistics of the
neuron’s membrane potential change, the combinations of g
and A required to preserve the target firing rate change too,
repositioning the degeneracy curve in parameter space.

To demonstrate how intrinsic plasticity shapes the ex-
citability profile of neurons (Fig. 1), simulations were
performed in which individual neurons were exposed to dif-
ferent inputs (resulting from both connectivity and external
stimuli). From these simulations, three categories (classed by
ad hoc thresholds of impinging firing rate to each neuron)
of excitability emerged as a result of neuron exposure to
persistent high-, mid- or low-amplitude activity [Fig. 1(d)].
For those neurons receiving high-amplitude activity, com-
pared to baseline, the intrinsic plasticity-driven excitability
changes in h [Fig. 1(e)] and B [Fig. 1(f)], yielded hypoex-
citability. In contrast, low-amplitude activity did the opposite
and yielded hyperexcitability. Despite displaying the same
target firing rate, such changes in excitability result in an
important difference in the neuron’s response to forthcom-
ing stimuli, as both the rheobase (i.e., #) and slope (i.e., B)
of the resulting excitability curve had changed significantly.
These results echo the experimentally observed homeostatic
responses of neurons to low and high activity [26,27,30],
supporting the qualitative behavior of this model of intrinsic
plasticity.

B. Intrinsic plasticity supports changes in cell-to-cell
heterogeneity and network dynamics

Our central hypothesis is that, within an active network,
the tuning of cellular excitability through intrinsic plasticity
will modulate population diversity. To investigate this poten-
tial relationship between diversity and activity, we placed our
network of neurons into three distinct activity level regimes by
applying a constant input equally to all neurons (i.e., +/ — I,,)
reflective of three different physiological/experimental states
[see Fig. 2(a)]: (i) a baseline state, where the network receives
no external stimulation, and thus the activity of the popula-
tion is entirely dictated by the recurrent connectivity of the
network; (ii) a high input state similar to what is observed
in the upstate of the cortex [82,83] or in a region receiving
feed-forward drive [84]; and (iii) a low input state similar to
what is found in slice culture [85], or deafferented cortex [86]
where the population receives a scarcity of excitatory drive.
Thereafter, a second stimulation protocol, without plasticity, is
leveraged to demonstrate the dynamical differences between
the three excitability levels obtained [see Fig. 3(a)].

The top row of Fig. 2(e) shows that persistent high and
low input causes shifts in excitability compared to base-

line, Fig. 1, that one would expect experimentally [26,27].
In the network, these changes are reflected in the shape of
the mean network response function, (f(u, Bef, hetf))n- This
mean network response function was computed by assuming
that intrinsic plasticity operates over long time scales com-
pared to ongoing membrane potential fluctuations, rendering
the excitability profile of individual neurons essentially con-
stant on shorter timescales. The mean response function is
characterized by an effective parametrization (Begr and heg)
of the network excitability, where the effective rheobase,
hege is the midpoint of the population-average excitability
curve [e.g., (f(u;, B;, h;))y = 1/2] and the effective slope,
Betr, can be determined from the derivative of this curve
(see Appendix A). The value of these parameters reflects
the heterogeneity in excitability found in the network and
was determined numerically. We found that receiving per-
sistent high-level input activity caused the excitability to be
suppressed homeostatically [Fig. 2(e,i)], whereas receiving
persistent low level input activity caused the neurons to be-
come more excitable [Fig. 2(e,iii)] [27] before returning to
baseline after the persistent high and low input stops [bottom
row of Fig. 2(e,i—iii)].

The parametrizations of the excitability, expectedly,
change in opposing ways to adapt to the strength of the
persistent activity they receive [Fig. 2(f)]. In line with
Figs. 1(a)-1(c), the neurons exposed to high input (and hence
requiring to become less sensitive to maintain their target
firing rate) adopt more hypoexcitable curves, characterized by
lower B and high & values, and the neurons exposed to low
input (and hence requiring to become more sensitive to main-
tain their target firing rate) adopt more hyperexcitable curves,
with higher 8 and lower & values [Fig. 2(f)]. Concurrent with
these excitability changes, the population firing rate also rose
or dropped in response to high and low drive, respectively, but
normalized over time back towards their homeostatic target
via intrinsic plasticity [see Methods, Sec. II; Figs. 2(b) and
2(c)]. Likewise, when the induced activity was turned off,
the networks experienced opposing deviations in their firing
rate before being driven back toward their homeostatic target
again. The amount of time required for a given neuron in the
network to regain the target firing rate is dependent on the
excitability it possessed at the onset of high- or low-activity
[Fig. 2(b)].

Beyond these predictable network-level excitability
changes, surprisingly, these shifts in excitability were
accompanied by a remarkable amount of malleability in
heterogeneity [Fig. 2(e,i—iii)]. Heterogeneity was quantified
by computing the population-averaged Hellinger distance,
(H?)y (a similarity metric; see Appendix C) to track the
variability in excitability profiles among cells. Using this
metric, the network demonstrated a decline in heterogeneity
for both activity states. However, in the high-activity state,
this initial loss recovers to an overall increase in heterogeneity
as the activity persists [Fig. 2(d)]. The initial nominal drop
in heterogeneity in the hypoexcitable case occurs as the
sudden increase in activity induces intrinsic plasticity, and
all the neurons start moving toward more hypoexcitable
parametrizations. However, as the high input stimulation
persists, the interneuron variance in activity (e.g., from
differing connectivity degree) brings the recovery and
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FIG. 2. Persistent high and low activity input modulate both excitability and heterogeneity via intrinsic plasticity. (a) To explore our
network, we initialized it to have heterogeneous excitability by randomly sampling {,;, 4, ;} for each neuroni = 1, ..., N from independent
uniform distributions. For this protocol, the simulation proceeds as follows: after a transient period to allow the randomized excitability
parameters to adapt their equilibrium values via intrinsic plasticity (e.g., r;, = r° Vi =1, ..., N), the neurons are all stimulated with a fixed
current, /,. This is considered in three independent simulations: (i) I, > 0 (high activity input), (ii) Z, = 0 (baseline), and (iii) I, < 0 (low
activity input). After a time, the stimulation is stopped. Intrinsic plasticity adapts the excitabilities in response to the stimulus’s on- and
off-sets. (b) A raster of the firing rate of a random sample of n = 50 neurons from the network stimulated with persistent high activity input
(blue), baseline activity (gray), and persistent low activity input (red). The heatmaps are schematic representations of the heterogeneity in
excitability obtained in the simulated networks. (c) The population average firing rate, (r), throughout the simulations. The black bar indicates
when stimulation is applied to provide persistent high (blue) and low (red) activity. The horizontal dashed line is the target rate, r* = 0.05.
(d) The heterogeneity level in the network, calculated as the population average Hellinger distance, (H?)y (see Appendix C), is calculated
as the pairwise average across all neurons. The black bar indicates exposure to stimulation. A window of transient behavior, indicated by the
arrow on the plot, occurs with the onset of high activity input (blue) resulting in a temporary decline in heterogeneity as intrinsic plasticity is
induced. (e) Top: The colored curves represent the excitabilities obtained by the N = 100 individual neurons connected with mean degree 15,
and the black curve is the mean network response function, (f (i, Besr, hetr)) v, from simulations of a network initialized with random S, ; and
h, ;. Top: t = 19900 ms following 9900 ms of exposure to stimulation of (i) persistent high activity input, +/, (blue), (ii) continued baseline
activity, I, = 0 (gray), and (iii) persistent low activity input, —I, (red). Bottom: plots of the excitabilities at t = 30 000 ms, 10000 ms after
exposure to persistent high (i) and low (iii) activity has stopped. (f) The average population value of g (left) and 4 (right) before (r = 9000),
during ( = 19900), and after (+ = 30 000) persistent activity. The error bars are SEM.
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FIG. 3. High- and low-activity induced excitability alterations yield aberrant network dynamics. To explore the dynamics of the different
regimes of excitability that are obtained during persistent stimulation in Fig. 2, we consider a separate stimulation protocol. (a) In this case,
three separate networks are considered. Each is endowed with the excitabilities obtained during the persistent stimulation (e.g., +/ — 1,))
of Fig. 2. Importantly, for this protocol, the plasticity is off. Instead, the neurons of each network are exposed to a low amplitude, slow
Ornstein-Uhlenback input, 1(¢), to demonstrate the differences in network activity for each level of excitability. (b) Raster of a subset of the
neuron responses to the new slow stimulus 7 [see Eq. (20)]. (c) Distribution of the firing rates of the N = 100 neurons simulated in each

network in (b).

eventual overtake of the baseline heterogeneity. Moreover,
the cessation of the high input stimulation induces further
heterogeneity. This differs from the hyperexcitable case,
which experiences a profound decline in diversity, where the
inter-neuron variability in activity becomes small owing to the
suppressing nature of the applied input (see Methods, Sec. 11
and the Appendixes). Interestingly, this lost heterogeneity is
readily recovered when the low input stops.

In the hyperexcitable modelled here, and paralleled by
our recent human slice culture experiments [48], a substan-
tial reduction in diversity is accompanied by shifts in mean
excitability. These features are similarly reproduced in our
simulations [Fig. 2(e,iii)]. While a simplified representation,
our model effectively captures the adaptive regulation of di-
versity and its relationship to excitability through intrinsic
plasticity mechanisms observed in biological neural networks,

thus highlighting how diversity is maintained by activity, de-
clining without it.

Recent experimental evidence, corroborated by numerical
and analytical work, has associated reduced heterogeneity in
neuron excitability with pathological states [13], and found
it broadly destabilizing for brain activity [49,50]. The re-
sults presented in Fig. 2 support these findings, showing
that stimulation can be used to manipulate the excitability
[i.e., Fig. 2(e)] and level of heterogeneity [i.e., Fig. 2(d)]
of a population of neurons. It remains to explore the con-
sequences of these heterogeneity changes on the network’s
dynamics. To do this, we exposed networks endowed with
the hypo-, hyper- and baseline excitabilities as a result from
exposure to different activity levels [Figs. 3(a) and 2(e), top
row] to a slow, time-varying stimulus [i.e., 7(¢)] in the form
of an Ornstein-Uhlenbeck process selected to interrogate the
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system’s dynamics (see Methods, Sec. ITF 1). To avoid con-
founds, and because it occurred on a much slower time scale,
intrinsic plasticity was temporarily turned off for this analysis.

The network response to the applied stimulus is shown
in Fig. 3(b). In the baseline case, the neurons’ responses
varied smoothly, mirroring the stimulation applied. Variabil-
ity in spiking was observed amongst neurons, as a direct
consequence of high excitability heterogeneity [Fig. 2(e)].
However, both other regimes had stereotyped network re-
sponses: In the hypoexcitable case, the network remained
mostly silent and unresponsive, revealing reduced hetero-
geneity. In the hyperexcitable case, the network dynamics
were characterized by sharp, networkwide (i.e., identical be-
tween cells) fluctuation alternating between states of full
quiescence and states of saturation. This is the signature
of heterogeneity decline depicted in Fig. 2(e). Such tran-
sitions emerged as the direct consequence of the increased
nonlinearity of the network mean response function. This
homogenization-induced nonlinearity was especially impor-
tant when the network was in the hyperexcitable regime,
wherein bursts of intense activity resulted from small per-
turbations, suggestive of multistability. That is, in line with
what has been observed in previous studies of pathological
states [13], reduced heterogeneity results in network dynam-
ics with sharp transitions between alternate states, displaying
highly nonlinear behavior. Conversely, heterogeneity prevents
such dynamics and replaces them with smooth, more linear
responses. To further interrogate this result, we performed
linear stability analysis on the network (see Appendix A and
Supplemental Material Fig. S1 [87]).

Further in line with the spiking behavior exhibited by the
different networks, the hypoexcitable neurons had the lowest
firing rates, and the mean of the hyperexcitable neurons was
highest [Fig. 3(c)]. The differences in these excitabilities is
reflected in the firing rates, showing the high (red) through
low (blue) firing rates that result when such hyperexcitable
or hypoexcitable populations receive input different from the
persistent activity. In addition to the OU process applied here,
we further verified the response patterns of the three levels of
excitability were robust to more complex stimulation by ap-
plying (i) sine waves with uncorrelated noise and (ii) partially
correlated noise (see Supplemental Material Fig. S2 [87]).

Beyond promoting dynamical stability, our results fur-
ther demonstrate that heterogeneity enhances the network’s
computational capabilities. Specifically, in agreement with an
extensive number of existing works on the subject [11,49—
51,88-92], mutual information between stimuli and network
response is amplified in heterogeneous networks compared to
homogeneous networks (see Supplemental Material Fig. S3
[87]), scaling with stimulation amplitude. The mutual infor-
mation is found to be maximal when the stimulus amplitude is
close to the population effective excitability threshold. These
results confirm that heterogeneity promotes the encoding of
stimuli.

C. Network heterogeneity reflects variability in cellular milieus

Our results indicate that excitability heterogeneity is an
activity-dependent, malleable property of our network model.
This malleability arises directly from the intrinsic plasticity

equations through an implicit dependence on the membrane
potential of individual cells. The impetus for any alteration in
the heterogeneity is thus supported by changes to its mem-
brane potential statistics [e.g., (¢#;)7 and %2, ; — Eqgs. (12) and
(13)] that define the neuron’s milieu—here defined as the en-
vironment or local conditions that impact a neuron’s response
[63]—resulting from the combination of passive properties
(e.g., membrane time constant, leaking term), synaptic inputs,
and external stimuli. Thus, as has been hypothesized for cells
in organ tissue [93,94], we postulate that heterogeneity is a
direct consequence of variability in cellular milieu wherein
the neurons adapt to their local conditions. In our model, this
is then obtained through intrinsic plasticity. To challenge this
claim, we first considered factors that influence the firing rate,
ri, and connectivity weights, w;;. Specifically, we consider
these factors as they directly influence the neuron’s milieu via
the membrane potential statistics to individual neurons [see
Egs. (12) and (13)]. Importantly, the inputs to a given neuron
are dictated by the excitability (i.e., §;, h;) of the presynaptic
neurons as well. That is, the milieu is not easily de-tangled
from excitability and its heterogeneity itself. However, due to
the regularized firing rates across the network in the steady
state (e.g., 7?), we here quantify the heterogeneity (see the Ap-
pendixes) in the network and its relationship with the milieu.
This analysis, and all hereafter, have the intrinsic plasticity
once more engaged and, unless otherwise stated, have mem-
brane potential dynamics obeying Eq. (1).

To highlight the effects of different milieu, we simulate
a network of neurons each receiving stimulation via a spike
train whose rate is drawn from a uniform distribution. The
steady-state excitability parameters (S;, /;) of each neuron, i,
will be at a point along its degeneracy curves [Fig. 4(a); see the
inset for corresponding excitability curves]. To characterize
how unique each neuron is from the population, we calcu-
lated its Hellinger distance ((Hl%), i#j=1,...,N), which
represents the difference of neuron i’s excitability profile from
those of the N — 1 other neurons in the network. This was
performed on the network in its baseline regime (one where
no stimulation is present; I, = 0). This resultant “uniqueness”
metric was plotted with respect to the first two moments of the
membrane potential of individual cells, that is the temporal
mean, (i;)7 [Fig. 4(b)], and variance, <Ulii)T [Fig. 4(c)].

We found that the neurons with the most unique ex-
citability profiles were those with the most unique milieus—
characterized by statistics far from the population average
[dashed lines in Figs. 4(b) and 4(c)]. This was also reflected
in their degeneracy curves [Fig. 4(a)], where those of high
(u;)7 and ou% ; were positioned far from the population aver-
age curve (dashed line). The separation of these degeneracy
curves from those around the population average will, via
intrinsic plasticity, lead to very different parametrizations
of their excitability [Fig. 1(a)] and hence contribute to am-
plify heterogeneity in the network. These results indicate that
factors that increase the variability of membrane potential
statistics between cells—i.e., diversify the milieus— promote
heterogeneity.

To understand the underpinning factors that influence
the mean and variance of the membrane potential, which
define the milieu, we considered three factors that have ma-
jor influence on single cell milieus as per Eqgs. (12) and
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FIG. 4. Network properties affecting membrane potential statistics regulate population diversity. For a network simulated with each neuron,
i=1,..., N, receiving stimulation via a Poisson spike train of rate r;, drawn from a uniform distribution of rates (see Methods, Sec. II), we
plot (a) the degeneracy curve [Eq. (19)] of each neuron using its membrane potential mean, (u;), and variance, cruzi , coloring the curves such
that darker (e.g., more purple-blue) curves correspond to lower membrane potential mean and variance. The corresponding excitability curves
[Eq. (2)] are plotted in the inset. The dashed degeneracy curve is found using the population mean and variance ({u)y and (c?)y). The average
of the pairwise Hellinger distance for each neuron, (H,._zi), i#j,j=1,...,N, as a function of the membrane potential (b) mean, (u;)7, and

(c) variance, o2

u’

of each neuron, i = 1, ..., N. The color of a given point matches its degeneracy curve in (a). The population membrane

potential mean, (u)y, and variance, (auz)N, are shown as dashed vertical lines in each plot. In subsequent simulations, the mean (top) and
variance (bottom) of the membrane potential of neurons for varying (d) in-degree, (e) sum of the realized weight, W, and (f) rate of stimulation

are calculated for 10 trials each. Error bars are SEM across trials.

(13): the network topology via input degree [Fig. 4(d)], the
connectivity weight [Fig. 4(e)], and the presynaptic firing rate,
ry [Fig. 4(f)]. The latter acts as a proxy for a case where the
impinging firing rates could be directly manipulated. In line
with their theoretical relationship, the mean of the membrane
potential were found to scale linearly with the degree of
connectivity, synaptic weights and presynaptic firing rate, and
scaled nonlinearly with the variance of the synaptic weights
and connectivity.

Having characterized a relationship between milieu fea-
tures and the excitability of individual neurons, we sought
to elucidate the contributions of these features to network
heterogeneity. To do this, we performed a series of simula-
tions where the variances of each trait were systematically
increased for different distribution means. At the end of the
simulation, the network’s effective excitability (Fig. 5, top
row) and heterogeneity (Fig. 5, bottom row) were calculated

as the population-average Hellinger distance (see the Ap-
pendixes).

Beginning with the degree of connectivity [Fig. 5(a)], we
found that regardless of the mean degree, increasing the vari-
ance of the degree distribution increased the heterogeneity of
the network. Specifically, because the presynpatic weights are
not scaled with respect to the degree, increasing the variance
of the degree distribution results in a perturbation to the milieu
of the postsynaptic neurons, driving intrinsic plasticity. As the
distribution of the degrees widens, and hence the cell-to-cell
degree becomes more heterogeneous, the milieus of individual
neurons become correspondingly different [Fig. 4(d)], and the
excitability heterogeneity increases. The observed increase in
heterogeneity from high (Degree) and oéegree was in agree-
ment with our analytical predictions, where (u;)r [Eq. (12)]
and auz’i [Eq. (13)], and hence the milieu, were related to
degree as it controls the number of local synaptic connec-
tions. In contrast, Fig. 5(b) showed that changes in effective
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FIG. 5. Increased variance of degree distributions and stimulation rate but not weights yields elevated heterogeneity. For networks of
increasing variance in (a) the degree distribution, oéegm, (b) the weight distribution, a&,eigms, and (c) the rates of Poisson spike trains that act as
surrogates for presynatpic firing rate (see Methods, Sec. II), o2,... population-average heterogeneity, (H>)y (top), and the effective excitability
profiles (bottom) are plotted for three different means. For the effective excitability profiles, the dashed lines correspond to the lowest variance
cases and the solid lines to the highest variance cases. Error bars are the standard deviation across ten independent simulations at each variance
level. When not otherwise stated, the network for all subsequent simulations has a degree distribution with mean 15 connections and fixed
weight, w;; = w,, for all connections. The network is simulated for 7" = 20 000 ms, during which intrinsic plasticity allows the evolution of

each neuron’s excitability in response to the neuron’s milieus.

excitability scaled mostly with the mean synaptic weight, (w),
but did not vary significantly with the distribution’s variance,
o&,eights. Not unexpectedly increasing the mean of the degree
distribution, (Degree), produced a more hypoexcitable effec-
tive excitability. Increasing the mean of the weight distribution
similarly increased the network heterogeneity. However, in-
creasing the variance of the weight distribution had no such
effect [Fig. 5(b)]. Finally, we investigated the influence of the
presynpatic firing rate on excitability and heterogeneity. As
with degree, the heterogeneity of the network increased with
higher variance in the distribution of presynpatic firing rates
[Fig. 5(c)]. Taken together, these results suggest that degree
and presynaptic firing rate are the most influential on the
neurons’ milieus, and hence the heterogeneity of the network.

D. Application: External stimulation as a candidate for
stabilizing changes in heterogeneity

Collectively, the previous results indicated that (i) intrinsic
plasticity makes heterogeneity malleable; (ii) variability in
milieu features promotes increased diversity in the network;
and (iii) such increased diversity is activity-dependent. We
therefore sought to explore the malleability of heterogeneity
in the context of neuromodulation, where exogenous stimula-
tion may be a potential therapeutic intervention. Specifically,
we wished to verify (i) whether external stimulation may

be used to modulate the heterogeneity of our network
model and (ii) if such induced changes in heterogeneity
might persist in time (i.e., whether networks can retain such
stimulation-induced heterogeneity). To this end, we repeated
the simulations of networks with different variances in the
degree distribution [Fig. 5(a)], but included a fixed input, I,,
injection for an epoch of duration Az = 10 000 ms in the mid-
dle of the stimulation. From these simulations, we compare
the heterogeneity in the network in three epochs: before (pre;
At = 15000 ms), during (stimulation; A¢ = 10 000 ms), and
after (post; At = 10000 ms). The prestimulation duration is
longer to allow the network excitabilities to reach a steady
state from their randomized initialization. The heterogeneity
of each of these epochs is measured by calculating (H?)y
for the network at a time point near the end of each epoch
(t = 14000, 24500, and 34 000 ms, respectively). This pro-
cess was repeated for injections of input with increasing
amplitude.

As can be seen in Fig. 6(a), heterogeneity increases with
stimulation, /,, of sufficiently high amplitudes. This was true
across a range of degree distribution variances. However, in-
creasing variance of the degree itself had only limited effect,
contributing only when stimulation was a moderate amplitude
[Fig. 6(b)]. This suggests, in agreement with Figs. 5(a) and
5(c), that more heterogeneity is recruited by the manipulation
of presynaptic input than the variance of degree. Interestingly,
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FIG. 6. High amplitude stimulation induces heterogeneity across multiple variances in degree distributions. (a) Three networks with
increasing variances in their degree distributions and a mean (Degree) = 15 were simulated for 7 = 35000 ms. Each network received
fixed-input injections, I,, at four different amplitudes for Ar = 10000 ms ( = 15000 to 25000 ms). This was repeated 10 times, with the
connectivity randomly drawn at the start of each trial. The heterogeneity of each simulation was calculated at three different time points:
t = 14000 ms (prestimulation), r = 24 500 ms (during), and ¢ = 34 000 ms (poststimulation), as the population-average Hellinger distance,
(H?)y. Error bars are SEM. (b) The difference in the population-average Hellinger distance pre- and poststimulation obtained in (a). (c) The
difference in the average membrane potential before, (i), and after, (i), stimulation is calculated for the different degrees of connectivity
and strengths of stimulation. (d) The effective excitability of the highest variance network (ol%cgrcc = 70) under the strongest stimulation
(I, = 0.15) is plotted before (pre), during (stim), and after (post) stimulation. (e) A raster plot showing one simulation of each of the degrees

of network receiving stimulation 7, = 0.1.

the induced heterogeneity was found to persist after stimula-
tion offset when the amplitude of stimulation was sufficiently
large [Fig. 6(b)]. In line with Fig. 2, this suggests that the
network, perhaps by recruiting the preexisting heterogeneity
from the distributed degree of connectivity, has enough vari-
ability to sustain the heterogeneity induced by stimulation.

In fact, for stronger stimuli, there is a net increase in the
mean population membrane potential, (u)y [Fig. 6(c)] that
results in a more hypoexcitable effective excitability poststim-
ulation [Fig. 6(d)]. This occurs because, as the stimulation
amplitude increases, neurons in the network that were quies-
cent pre-stimulation are induced to fire. When this occurs for
sufficient neurons (e.g., the majority or all of the neurons in
the network), the baseline activity of the network increases.
However, while the population’s effective excitability be-
comes more hypoexcitable, some of the neurons with a low
degree of connectivity maintain relatively similar excitabili-
ties to their initializations and thus alters the heterogeneity.
When the pre- (and hence post-) stimulation excitabilities of
the lower degree neurons are more excitable, they fire at a
high rate whenever the limited neurons connected to these
neurons are active, which is more frequent with the ele-
vated network activity [Fig. 6(e)]. This subsequently supports
the continuation of the poststimulation elevated population

mean membrane potential, and hence the maintenance of the
attained heterogeneity.

IV. DISCUSSION

Our computational modeling and mathematical analyses
reveal that neuronal activity “milieus” interacting with de-
generate homeostatic intrinsic plasticity rules can actively
modulate neuronal diversity. Herein, our work animates
the conceptually static image of transcriptomic and elec-
trophysiological diversity [12,16,17,52,53,55,95,96], towards
understanding within cell-type diversity as a homeodynamic
process. In this light, rather than a fixed monolithic property
of neuronal populations, within-cell-type diversity takes on an
adaptive property of networks dependent on activity statistics,
connectivity, and intrinsic plasticity rules. This has partic-
ularly salient implications, as recent genetics research has
found that neurons receiving different inputs (e.g., barorecep-
tor versus catecholaminergic) form unique clusters in reduced
dimensional anaylsis [93]. That is, differential inputs to in-
dividual cells drive population variability at the phenotypic
level.

Crucially, in our network model, this occurred in neu-
rons endowed with a degenerate intrinsic plasticity mecha-
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nism, wherein qualitative similarity of their dynamics (e.g.,
firing rate) is achieved with diverse excitability curves.
Such degeneracy has been observed throughout the nervous
system, including at the level of ion channels [72,73,97],
which directly relates to the plasticity rule implemented here.
Including degeneracy in our framework distinguishes the ap-
proach from existing adaptation models [65-70,75,76], where
neurons exposed to the same input statistics reach identical
parametrizations. The intrinsic plasticity in the model serves
to modulate the level of diversity in response to the milieus the
neurons experience. However, in actual neurons, changes in
excitability manifest as biophysical alterations such as upreg-
ulation of ion channels [19,54,63,75]. By including the ability
to capture these differences in our model, we obtained a much
more biophysically plausible model [73,78,97,98], supporting
the candidacy of intrinsic plasticity as a mechanism by which
diversity is actively maintained, and which can be lost under
pathological conditions.

Importantly, here, we were interested in exploring the mal-
leability of excitability heterogeneity as a result of intrinsic
plasticity in a homeostatic context. This neglects heterogene-
ity that may be observed in more non-equilibrium regimes,
such as from firing rate heterogeneity [99]. Rather, we limit
our results to those about an equilibriated firing rate, in part,
due to the simplistic nature of our network model [Eq. (1)],
and all of the neurons being excitatory, which limits the
dynamical regimes available to the model. However, while
beyond the scope of this work, there remain many interesting
questions about the role of this mechanism in nonequilibrium
states.

Within this framework, our finding that the hyperexcitable
state gives rise to seizurelike dynamics through diversity de-
cline is particularly compelling, as it supports the emerging
view that network "silence" may serve as a convergent path-
way to seizure generation across diverse neurological and
neurodegenerative disorders [83]. Although such silence is
thought to destabilize network dynamics through homeostatic
increases in excitability alone [26,27,83], our previous work
suggests the associated diversity decline is equally culpable
in allowing pathological dynamics to emerge [13,49,50].

Aside from its utility for pathological explorations, our
model’s relative simplicity allowed us, with analytical mo-
tivation, to interrogate what network properties support
heterogeneity. Specifically, we consider those features that ef-
fect the membrane potential statistics, (¢#;)7 and oi ; [Egs. (12)
and (13) and Fig. 4] that comprise each neuron’s milieu. In
our analysis, we found each neuron’s milieu was defined by
the presynaptic firing rate, connectivity, and weights. Increas-
ing the mean of any of the three properties and increasing
the variance of the degree or presynaptic firing rate directly
increased network heterogeneity (see Fig. 5). The network
weights having less influence on the ability of the network to
induce heterogeneity implies that the local milieu differences
between neurons acquired by varying the weights are small
compared to those created by topology (e.g., degree). This is
of particular interest as it has been reported in recent years that
the probability of connectivity within and between different
cortical layers and regions is variable [17,100]. This may then
serve a purpose in bolstering the heterogeneity within the
brain. That is, in line with transcriptomic work [93] and theory

in non-neuronal cells [94], increasing the variability in input
to individual neurons shifts the network into near-subclasses
reflective of the milieus the neurons experience (e.g., sep-
aration of neurons with low degree and hence membrane
potential mean and variance from those with a high degree).
This separation of milieus begins to cause increased diversity
in the excitability analogous to what is observed under differ-
ent activity levels as was simulated [see Figs. 1(d)-1(f)] and
aligns with experimental manipulation of presynaptic firing
rate [30].

In this context, it is well established that the number
of synaptic connections a neuron receives—its degree—is
log-normally distributed, reflecting the heavy-tailed structure
of cortical and hippocampal networks [101]. Interestingly,
transcriptomic levels of many ion channel genes also ex-
hibit log-normal distributions. Our work here provides a
parsimonious explanation for this convergence via intrinsic
plasticity [102]. Neurons with high synaptic degree tend to
fire more frequently and with higher burst probability, engag-
ing calcium-dependent signaling cascades and transcriptional
regulators such as CREB and Fos, which in turn modulate
ion channel gene expression [103]. Because both synaptic
input and transcriptional output are shaped by multiplicative,
synergistic processes—rather than linear summation—their
resulting distributions naturally follow log-normal statistics
[101]. This link provides a mechanistic bridge from net-
work topology to cellular identity, suggesting that intrinsic
plasticity may serve to reinforce or even amplify the func-
tional stratification imposed by the log-normal architecture of
connectivity.

The malleability of heterogeneity observed in our model
shares a remarkable convergence with our previously reported
experimental papers [13]. This is particularly true in the
hyperexcitable state [see Fig. 2(e,iii)], which paralleled our
recent human slice culture experiments [48] where a sub-
stantial reduction in diversity is accompanied by shifts in
mean excitability. In our computational approach, the hyper-
excitable state is induced by applying a negative fixed input
(see Methods, Sec. II). Similar to a slice experiment, wherein
the neurons are deafferented, this pushes the neurons in our
network to a ~ homogenous, near-zero mean that will move
the target parameters of the neurons into the hyperexcitable
regime [see Fig. 1(c) and Methods, Sec. II]. That is, the
milieus of the neurons become aggressively similar. This dif-
fers from the hypoexcitable state, where applying a positive
fixed input yields an initial transient decline in heterogeneity
[see Fig. 2(d)]. However, ultimately, the baseline variance in
the milieus created by the network connectivity is preserved
(unlike the large quenching experienced in the low activity
regime) and pushes the neurons to new, greater levels of
heterogeneity across the hypoexcitable regime. Compared to
physiological regimes, which are constrained by factors such
as energy expenditure, our model has no upper bound in
parameteric space.

From a functional perspective, our current work posi-
tions the work of Tripathy et al. [11] in a “dynamic” light,
suggesting that heterogeneity can be tuned by the statis-
tics of afferent input. Their results show that population
coding is optimized not by maximal heterogeneity, but by
an intermediate level tailored to the structure of the stimu-
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lus. This suggests that intrinsic plasticity mechanisms could
adapt the diversity of a neuronal population to match its
functional demands. For example, a population exposed to
highly periodic, low-dimensional input—such as a rhythmic
oscillation—may converge toward similar intrinsic properties,
effectively homogenizing the population to encode redundant
temporal/spatial features efficiently. In contrast, exposure to
more asynchronous, high-entropy input, rich in temporal or
spectral complexity, could diversify the population, broaden-
ing its receptive field space to enhance coding capacity. An
excellent example of this is the visual system that is pluri-
potent in the activity it can generate in reponse to stimuli
of varying spatial statistics. We have provided computational
evidence of how, within the same network, visual input of
low spatial variance generates gamma oscillations, whereas
stimuli with high spatial variance generate broadband power
changes indicative of asynchronous (high-entropy) population
activity [104]. Thus, stimulus-driven patterns of activity may
shape population heterogeneity through intrinsic plasticity,
enabling neural circuits to flexibly allocate variability in ser-
vice of efficient coding.

Limitations

Due to the mobile nature of the degeneracy curves in re-
sponse to increases in (u) and o2, and the equations which
regulate the intrinsic plasticity [Egs. (3) and (4)], the network
is sensitive to its initialization conditions. If the initialization
of B and & starts a sizable portion of the neurons on, or
near, the multistable region [see Supplemental Material Fig.
S1C [87], shaded region] or in the hyperexcitable regime it
may result in initially high activity that will prompt a pe-
riod of hypoexcitability in the network by causing a large
upward migration of the degeneracy curves. Further, the lack
of inhibitory activity in the model predisposes the network to
bursts of high activity if a sufficient portion of the neurons
occupies the hyperexcitable parameter space at the same time.
Such states result in intermittent fluctuations in the rate, as
any sudden burst of high activity induces the network’s plas-
ticity to adapt toward hypoexcitability. Additionally, as 8; are
restricted to positive values for all neurons [Eq. (3)], initial-
izations placing neurons near the minimum and maximum
(e.g., 0 or Bmax) risk neurons reaching those boundaries and
becoming stuck.

To quantify the amount of heterogeneity in the networks
here, we use the Hellinger distance as a metric (see Ap-
pendix C). We use this in order to have a metric by which
we can directly, analytically relate the parameters 8 and h
to the heterogeneity, in this case via their relationship to the
mean and variance of the derivative of the excitability curve.
Importantly, though both parameters contribute to the hetero-
geneity measured by this metric, there is a disproportionate
weighting to heterogeneity in 8 compared to A. This is due
to the scale difference in the parameters and the variance of
B being accounted for by a squared term [see Eq. (C5)]. As
a result of this, if the heterogeneity is increased, for example,
before and after stimulation predominantly in 4, it may appear
small in (H?) for such cases. This can be verified, visually,
instead by looking at the standard deviations of the excitability
curves when overlaid.

V. CONCLUSION

We have demonstrated that a degenerate intrinsic plasticity
rule is a viable mechanism for dynamically regulating het-
erogeneity in an excitatory network. Specifically, we showed
that intrinsic plasticity can sustain, increase, or decrease di-
versity. Such “dynamic diversity” is dependent on the milieus
experienced by the neurons in the network as a function of
the input statistics to each neuron, which are manipulated
by external stimuli, and the amount of diversity itself. These
results thus form the framework for future investigation into
how the statistics that arise in more complex networks may
influence the heterogeneity and hence functional capacity [11]
and resilience of neuronal networks [13].
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APPENDIX A: MEAN-FIELD ANALYSIS

To formally relate intrinsic plasticity and heterogeneity at
the network scale in Eq. (1), we leverage an approach inspired
by mean-field theory [49,50]. Taking the mean of Eq. (1)
yields

du; 1 &
<75>N = —(ui)y + <N ; winj>N7 (AD)

where (-)y = Ey[-] corresponds to the ensemble average
taken across all neurons in the network. Recalling that
in a regime of high firing rates and uncorrelated spiking,
Xj ~rj+ Jri§; [59], and that r; = f(uj, B;, hj), one may
write

dii

T = =i+ pwo(f(uj, By b))y

since (§;)y = 0. In the above, we assumed independence be-
tween the firing rates and synaptic weights i.e., Ey[w;;r;] =
En[w;;]Ey[r;], which holds whenever the degree distribution
is relatively uniform, and introduced the population mean
membrane potential (i.e., the mean field) defined by

(A2)

i = (uj)y = Enlu]. (A3)

Equation (A2) warrants further examination of the population-
averaged response function at a given moment in time, defined
by

F = (f(u;, B, hj))n, (A4)
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which for N — oo may be written as
F = // S ;. Bj, hj)plup)p(Bj)p(hj)du;dBidh;. (AS)

The above expression depends on the a priori unknown
membrane potential probability density function p(u;) (which
differs between neurons), as well as the distributions for the
slopes p(B;) and rheobases p(h;) found across the network.

To the best of our knowledge, Eq. (A5) does not possess
a well-defined analytical solution for arbitrary distributions.
Previous work has, however, shown that whenever p(u;) and
p(h;) are normally distributed, Eq. (AS) is also a sigmoid.
The slope and rheobase of this resulting sigmoid depend on
the mean and variance of the distributions p(u;) and p(h;),
and hence scales with network heterogeneity in those param-
eters [49,50]. Motivated by these findings as well as robust
numerical observations (i.e., see Figs. 2 and 5), we assume
the population-averaged response function in Eq. (A4) is also
sigmoidally shaped, and we write

F ~ f(i, Betr, hefr),

where B and heg are the effective slope and rheobase of the
population averaged response. The value of these parameters
reflected the heterogeneity in excitability found in the net-
work, and will be determined numerically. It is indeed known
that increased heterogeneity will generally decrease the slope
Betr of the mean response function [49,50], effectively making
the system behave more linearly. Combining the steps above,
we may recast Eq. (A2) and obtain the dynamics of the mean
field,

(A6)

Td_u =—iu+ pwl)f(ai Bett, hetr)-
dt
Steady state. At equilibrium, intrinsic plasticity and net-
work dynamics have both stabilized. There, the parameters ;'
and £} lie on the degeneracy curve [i.e., Eq. (19)] and one
has f(u;, B;, h;) ~ r° Vj as per Eq. (7). Hence, Eq. (A4)
reduces to

(A7)

F =~ r°. (A8)
Thus, within the scope of the approximations above, the
steady state of Eq. (A7) is found to be

i~ pw,r’.

(A9)

The steady state i* above is furthermore unique. Indeed, since
the derivative of Eq. (2) with respect to u; is always positive,
Eq. (7) possesses a single root. We further highlight that this
steady state does not depend explicitly on the excitability of
individual neurons in the network, and results directly from
homeostasis, by which the firing rate of each cell is normal-
ized.

Stability. To characterize the effect of excitability het-
erogeneity on network stability, we rely on an adiabatic
approximation. We first assume that under the action of the
intrinsic plasticity equations, which operate on a slower time
scale, the system has reached equilibrium: neurons adopt their
individual excitability profiles (i.e., 8] and h}), leading the
network towards its steady-state activity #* defined above.
Over short time scales (<tpp), the excitability profile of indi-
vidual neurons can be assumed to be constant: the value of the

parameters §; and /; do not change, even the membrane poten-
tial of neurons is perturbed. As such, in this adiabatic regime,
the stability of the system depends only on the membrane
potential [i.e., Eq. (1)], and we may thus restrict our analysis
to the mean field equation. While approximate, this approach
allows us to relate heterogeneity with stability resulting from
the parameters Begr and hegr over short time scales.

Systems such as those in Eq. (A7) are known to exhibit
multistability. The following steady-state equation:

0" = wof (@*, Bes, hef),

may indeed admit one or three solutions, depending on the
values of the parameters Beg and hegr [58,59,106]. Linear sta-
bility analysis indicates that the stability of these fixed points
is determined by the following characteristic equation for the
eigenvalues A € R,

A4 1 —wof (@, Besr, herr) = 0,
with f7(i*, Betr, hetr) = %fﬁ:ﬂ(ﬁthb‘“z > 0.

For the fixed point defined in Eq. (A9), this equation be-
comes

(A10)

(Al1)

)\‘ — _1 + woﬁeffe_ﬁfff(woru_heff)z.
N

(A12)
The above equation indicates that stability of the steady state
u* decreases whenever By increases and heg approaches
the value w,r°, conditions in which the second term on
the right-hand side of Eq. (A12) becomes large. We note
that this analysis is only valid over short timescales. Over
longer timescales, perturbations of the membrane potential
will be compensated for by intrinsic plasticity, driving the
system back to its baseline steady state #* defined above.
Thus, strictly speaking, the steady state #* is stable over long
timescales, but allows for brief periods of instability.

APPENDIX B: TABLE OF PARAMETERS

The model parameters chosen for this work and a summary
of their symbols are listed in Table I below.

TABLE I. Model parameters.

Symbol Definition Value
u; Membrane potential of neuron i N/A
Bi Slope of the excitability curve 0.1-50
h; Rheobase of neuron i 0-0.7
N Number of neurons in the network 100
Tp Time constant of intrinsic plasticity >T
r’ The target firing rate of the neurons 0.05
€p The learning rate of 8 -0.05
€ The learning rate of & 0.001
T Membrane time constant 1

T Firing rate of neuron i N/A
dt Integration time step 0.1
Wij Weight of connection between neuron i and j 0-0.4
w, Fixed connection weight of all w;; unless 0.21

otherwise stated

o Connection probability 0.15
X; Poisson spike train N/A
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APPENDIX C: QUANTIFYING HETEROGENEITY

To discuss the heterogeneity of the excitability curves
within the network, we first require a metric to quantify it.
In choosing a metric for this, we capitalize on the fact that the
derivative of the excitability curves has the shape of a normal
distribution, for which there exists a number of established
similarity metrics [107—109]. The derivative of the excitability
curve is given by

P, by = L e pn?, (C1)

JT

where we have dropped the index i for convenience, and
further adopts the form of a normal distribution of mean, u,
and variance, o2, which can be written in terms of B and h.
Specifically, u = h and 02 = 1/(28%). We use these values to
calculate the Hellinger distance, H? [Eq. (C5)]. The Hellinger
distance is a type of f-divergence used to define the difference
between two probability distributions [110]. We chose it as
our heterogeneity metric because, leveraging the normally dis-
tributed shape of the derivative of the excitability [Eq. (C1)], it
can be fully resolved in terms of 8 and & [Eq. (C5)], allowing
for a more direct relationship to our excitability. Moreover,
the Hellinger distance is bounded between 0 and 1, and is thus
a readily interpretable measure of the network heterogeneity
where 0 corresponds to fully homogeneous and 1 would indi-
cate heterogeneity with no cell-to-cell overlap. Between any
two probability distributions P and Q, the Hellinger distance
is defined on measure space x as

1
H*(P,Q) = 3 / [v/P(dx) — /Q(dx)]? (C2)
X

for a discrete distribution P = (py,...,px) and Q =
(41, - -, qr), that is,
1 k
HAP.Q) = | 2R Var ()
i=1

This measure is bounded between 0 and 1, where the max-
imum distance 1 is achieved if there is no positive overlap
whatsoever between the two distributions. For the special case
where the distances are calculated between two normal distri-
butions, P ~ N(p, 03) and Q ~ N (g, aqz), we can write H>

as
20.0 1 (p—ng)?
H=1- [ S-—e b (C4)
o + o

where @’s and o2’s are the mean and variance of the respective
distributions. As noted earlier, these can be written in terms of
B and h for the normal-distribution shaped excitability curves.
This then yields,

B2B2(hp—hq)?
w=1- | PP (C5)
B2+ B2 ’

where B, B; > 0V p, g. To quantify the heterogeneity within
the network, this value is calculated pairwise for each neuron,
and the result is then averaged.
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