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Abstract

The pulsatile activity of gonadotropin-releasing hormone neurons (GnRH neurons) is a key
factor in the regulation of reproductive hormones. This pulsatility is orchestrated by a net-
work of neurons that release the neurotransmitters kisspeptin, neurokinin B, and dynorphin
(KNDy neurons), and produce episodic bursts of activity driving the GnRH neurons. We
show in this computational study that the features of coordinated KNDy neuron activity can
be explained by a neural network in which connectivity among neurons is modular. That is, a
network structure consisting of clusters of highly-connected neurons with sparse coupling
among the clusters. This modular structure, with distinct parameters for intracluster and
intercluster coupling, also yields predictions for the differential effects on synchronization of
changes in the coupling strength within clusters versus between clusters.

Author summary

Since the discovery of a small population of hypothalamic neurons that secrete kisspeptin,
neurokinin B, and dynorphin (KNDy neurons), there has been interest in their role as a
pacemaker for the pulsatile release of key reproductive hormones. A fundamental ques-
tion is what mechanism coordinates KNDy neuron activity to generate population bursts.
Optical imaging of the KNDy network at single-neuron resolution has revealed that indi-
vidual KNDy neurons participate in many, but not all, population bursts. It has also
shown that the order in which the neurons are recruited in each burst could be highly
determined in some animals but not in others. We demonstrate here that these observa-
tions can be explained by a neural network with a modular structure, and that one benefit
of the structure is the ability to differentially modulate the level of synchronization by
changes in key coupling parameters.
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Introduction

The gonadotropins luteinizing hormone (LH) and follicle-stimulating hormone (FSH) play
key roles in fertility through their actions on other hormones and gamete development [1].
The gonadotropins are secreted by gonadotrophs located in the anterior portion of the pitui-
tary gland. Secretion of these key reproductive hormones is controlled by hypothalamic
gonadotropin-releasing hormone (GnRH) neurons [2, 3], which release GnRH into the hypo-
physeal portal bloodstream in males and females in pulses [4, 5], driven by bursts of electrical
activity [6, 7]. GnRH must be delivered in a pulsatile manner since continuous delivery desen-
sitizes gonadotropin release [8, 9]. The mechanism for the synchronous release of GnRH from
the GnRH neurons has been a matter of investigation for many years, pushed forward by the
discovery in 2003 that mutations in the gene encoding the G protein-coupled receptor for kis-
speptin led to hypogonadotropic hypogonadism [10, 11]. We now know that pulsatile GnRH
activity is coordinated by a small population of kisspeptin (Kiss)-releasing neurons in the arcu-
ate nucleus of the hypothalamus that also release neurokinin B (NKB), and dynorphin (Dyn),
and are known as KNDy neurons [12-18]. In short, the pulsatility of GaRH neuron activity
reflects pulsatility in KNDy neuron activity, with kisspeptin serving as the output of the KNDy
network to the GnRH neurons [17]. The obvious next question is what mediates the synchro-
nous episodic activity in the population of KNDy neurons? These neurons are interconnected,
and the “KNDy hypothesis” suggests that release of the stimulatory neurotransmitter NKB
from KNDy neurons to neighboring KNDy neurons starts an episode of electrical activity,
while a delayed action by Dyn terminates an episode [19-21]. There is substantial evidence
supporting this hypothesis, reviewed in [17, 19], but recent data supports an alternate hypothe-
sis in which coupling among KNDy neurons through glutamate is the essential ingredient for
the coordinated rhythmic activity of the neurons [22, 23]. According to this hypothesis, gluta-
mate provides the excitation responsible for initiating each episode of electrical activity
through actions on AMPA receptors, while either synaptic depression or the buildup of intra-
cellular Ca®" acting on Ca**-activated K* channels within the cells ends each episode. NKB
and Dyn then serve as modulators of the rhythmic activity of the population of neurons [22],
with NKB being particularly important in brain slice studies from female mice [23]. In addi-
tion to receptors for NKB and Dyn, KNDy neurons have been shown to express AMPA recep-
tors [24], and to release glutamate onto KNDy neurons [25], which are essential elements of
this “glutamate hypothesis”.

The goal of this article is not to weigh in on the validity of either the KNDy or glutamate
hypothesis. Instead, through mathematical modeling, it aims to demonstrate how an imple-
mentation of the glutamate hypothesis along with a modular network structure can account
for experimental findings reported in two recent studies [22, 26]. In so doing, we also show
how apparent discrepancies in some results of these studies can be explained by heterogeneity
in the modular network. The experimental findings were obtained using GCaMP transfection
to measure Ca®* fluorescence in individual KNDy neurons either in vivo [22, 26] or in brain
slices containing a portion of the arcuate nucleus [22, 23]. With these measurements, it was
possible to examine the activity of many KNDy neurons simultaneously. The findings we wish
to explain with the model are the following:

1. Why do many neurons participate in some episodes of activity, called “synchronization
events” (SEs), but not all [22, 26]?

2. Are there “leader cells” that consistently fire first during SEs [26], or is the temporal order
more random [22]?

3. How do changes in the structure of the network impact the frequency of SEs?
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Modular networks are characterized by clusters of highly-connected nodes with sparse cou-
pling among the clusters. In the context of neural networks in which coupling is through excit-
atory glutamatergic synapses, this structure leads to a high degree of coordinated activity
among cells in a cluster, and some weaker coordination among the clusters. This structure
gives rise to two qualitatively different types of connections: the intracluster connections
(intraCC) and the intercluster connections (interCC). While the two are implemented in the
same way in the model, we show that their roles on the synchronisation behavior of the popu-
lation of neurons are different. This characteristic of modular networks provides simple
answers to the three questions above.

Methods

We do not assume any special properties (such as rhythmic bursting) for the KNDy neurons,
so we model them using a reduced Hodgkin-Huxley model, as we used in previous studies
[27-30]. In Ca®* measurements from intact animals, SEs occur once every 5-20 min [15, 22,
26]. Since the time scale for electrical impulses is in milliseconds, replicating the long intervals
between SEs would require very long computations. Our focus is on the impact of a modular
network structure, and not on accurately reproducing the time scale of KNDy network behav-
ior, so we simulate SEs with a much smaller inter-SE interval of approximately 1 s. We first
describe the single-cell model, then the way that the network is implemented. All parameter
values are given in Table 1.

The single-cell model

The intrinsic behavior of cell j is described by two differential equations, one for the cell’s
membrane potential (V;) and one for the activation variable of a delayed rectifying K" current
("j)i

av.

j_
CE = _[INuj +IKj +Ilj +Isyﬂj _Ihkgj] (1)

Table 1. Parameters of the network model.

Parameter Description Value

g Leak conductance 0.1 mS/cm®
Vi Leak reversal potential -49.4 mV
e Sodium conductance 36 mS/cm’
VNa Sodium reversal potential 55mV

I Potassium conductance 12 mS/cm?
Vi Potassium reversal potential -72 mV
&on Max. synaptic conductance 3.6 mS/cm?
Vexe Excitatory reversal potential 10 mV

Toig Constant background current -10to 5 yA/cm®
o, Synaptic activation rate 1ms™

Ba Synaptic decay rate 0.1 ms™"

o Synaptic recovery rate 0.0015 ms™*
Bs Synaptic depression rate 0.12ms ™"
Vin Threshold for activation -20 mV

Parameter values used in model simulations.

https://doi.org/10.1371/journal.pcbi.1011820.t001
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V)=~ BV, o

The Na™ current is simplified to assume instantaneous activation and utilizes the almost-linear
relationship between its inactivation variable and the activation variable for K, as described in
[31]:

INaj :gNamio(Vv])(OB - nj)(Vi - VNa) . (3)
The K" and leak currents are, respectively:

Iy = gKn;'l(‘/j_VK) (4)

J

I, = gz(V;_Vz)- (5)

]
Each model neuron receives excitatory synaptic input from one or more other neurons:
Isynj - gsynj (‘/J - Vexc) (6)

where V., is the excitatory reversal potential. The synaptic conductance is the sum of input
from all neurons innervating neuron j. Finally, the synaptic conductance onto neuron j is

Zm
gsynj = Wy Zaksk (7)

where the summation is over all neurons innervating neuron j, g, is the synaptic conductance
strength parameter, and N is the total number of neurons in a cluster (N = 50). Each of these
neurons has an activity level, a; € [0, 1], and a synaptic efficacy s; € [0, 1]. The activity level
increases with each presynaptic spike and represents the “synaptic drive” from neuron k to
other neurons. The synaptic efficacy reflects synaptic depression, so it declines with frequent
presynaptic activity. The differential equations are:

day

a (Ve (1 —a,) — B.a, (8)
% = ol —s) - I(V)Bs,. (9)

The increasing sigmoidal function TI(V,) = 1/(1 + e!V#~"&/k%) reflects the synaptic release
process that occurs when the presynaptic voltage V. goes past a threshold V;, during an action
potential. When this happens, I1(V}) increases from a value ~ 0 to a value = 1 for a short
period of time, before returning to ~ 0. The @ and § parameters are rate constants.

The final current in the voltage equation is a constant background current, I, that sets the
excitability of the cell. For each cell, this is drawn once randomly from a uniform distribution
over the range -10 to 5 uA/cm?, ensuring the heterogeneous activity of the network (on aver-
age, 10% of the cells spike in the absence of synaptic input).

The modular network

For all simulations, we use a population of 250 model neurons. We form 5 cell clusters of 50
neurons with a high degree of interconnectivity within each cluster (Fig 1A). Cells within these
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Fig 1. Cluster events and synchronization events in the modular network. The model neural network has 5 highly
connected cell clusters (left). Each of these is capable of producing population bursts of activity or “cluster events” (CE),
as seen in the raster plots (right), color-coded to indicate the cluster that the cells are part of. The bottom black curve is
the activity averaged (a) over all 250 cells in the population. When overlapping events occur in 3 or more clusters, (a) is
above the threshold for what we refer to as a synchronization event (illustrated with gray shading) A: Without
interconnections among the clusters (intraCC = 100%, interCC = 0%). B: Interconnections among the clusters, though
sparse, can synchronize the cluster events (intraCC = 100%, interCC = 0.1%). We have sped up the synaptic efficacy
variable to decrease the simulation time scale for producing synchronized events from hours to seconds.

https://doi.org/10.1371/journal.pcbi.1011820.9001

clusters are connected to cells in other clusters with many fewer links (Fig 1B). To generate a
cluster, we first set the coupling parameter for the fraction of cells within the cluster that a neu-
ron should connect to (called “intraCC” for intracluster coupling). The same value is used for
all 5 clusters. Then pseudo-random numbers are generated to determine which connections
are actually made. A similar process is done for intercluster coupling. The coupling parameter
“interCC” is then the fraction of all possible connections between clusters that are actually
made. The extent of coupling within each cluster is large in our model, but the coupling
strength of each connection is small, so that stimulation of any one neuron so that it fires toni-
cally is typically insufficient to evoke firing in neurons that it synapses onto. This is consistent
with the brain slice experiments of Han et al., in which they found that stimulating one neuron
rarely had an effect on the behavior of the other neurons that they were examining [22].

The network activity (denoted as (a)) is calculated by averaging over all cell activities a;
(Fig 1, black traces). When all clusters fire together, (a) rises to ~ 0.6, and we define a synchro-
nization event to occur when 3 of the 5 clusters are simultaneously active, so when {a) > (0.6)
(0.6) = 0.36 (Fig 1, gray shading).

The model and simulations were implemented using the Eclipse IDE for C and C++ with
the MinGW gcc v12.2.0 compiler. Ordinary Differential Equations (ODEs) were solved using
the Runge-Kutta fourth-order (RK4) method with time step 0.01 ms. The output .txt files were
processed using Python (v3.10.9) and Matplotlib (v3.7.0) to generate the figures. The graph in
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Fig 1 was created using Gephi [32]. Source code can be downloaded from www.math.fsu.
edu/~bertram/papers/neuron.

Results

The modular network exhibits a mix of partially and fully synchronized
events

The model modular network consists of 5 cell clusters with extensive intracluster coupling (Fig
1A left) quantified by the coupling percentage “intraCC”, and much less extensive intercluster
coupling (Fig 1B left) quantified by the coupling percentage “interCC”. Each cluster contains
50 neurons described by Hodgkin-Huxley-like models. Although the clusters have the same
intraCC, the intracluster network structure is determined randomly, so will differ from cluster
to cluster. In addition, the background currents in the model neurons are determined ran-
domly from a uniform distribution (see Methods), so neurons in the network have different
excitability. For these reasons, some clusters are more active than others. The raster plots in
Fig 1A, where there is no intercluster coupling, illustrate this. The top (pink) cluster has cells
that are tonically active, and those that are inactive. However, there are three instances when
the entire cluster is active, i.e., there is a population burst that we refer to as a “cluster event”
(CE). The onset is triggered by a few initiating cells that spike and, due to the extensive cou-
pling, cause others in the cluster to spike [28]. An episode terminates due to the buildup of
synaptic depression that reduces the coupling between the cells to a level that is eventually too
low to continue the regenerative activity [28, 33].

The second (cyan) cluster exhibits a quite different activity pattern. Although there are
some tonically active cells, at no point during the 2 s simulation is there a CE. The fourth
(green) and fifth (red) clusters, on the other hand, exhibit 5 CEs over the 2 s simulation time.
Clearly then, with the randomness in the coupling and distribution of background currents,
the cluster activity is very heterogeneous.

The bottom panel shows the activity variable, a, averaged over the population of 250 cells,
denoted as (a). The time course of (a) shows the timing of bursts within a cluster, and when
bursts occur in two or more clusters simultaneously this is reflected in the amplitude of the (a)
deflection. Thus, (a) can be used as a metric to determine whether the bursts in the clusters are
synchronized. There were several occasions in which bursts in two clusters overlapped in Fig
1A, even though the clusters are not coupled, and this is reflected in larger deflections in (a).

When a low level of intercellular coupling is added (interCC = 0.1%) there are, not surpris-
ingly, more instances of coordinated bursting. In the 2 s simulation shown in Fig 1B, there are
instances of coordinated bursting in 3, 4, or all 5 clusters. When three or more clusters exhibit
overlapping bursting we call this a “synchronization event” (SE), since the majority of cells in
the population are spiking simultaneously. These SEs are highlighted in gray in the time course
for (a). In this case, a cell is receiving, on average, 0.001*200 = 0.2 synapses from clusters other
than the one it belongs to, so a cluster receives about 10 connections from the four other clus-
ters—this is enough to produce synchronized cluster events.

An observation made in [22, 26] in Ca** imaging studies of KNDy neurons in vivo is that
many of the neurons participated in some, but not all, of the synchronization events. We
examine this in the modular network in Fig 2, which shows activity traces (the variable a) for 3
randomly-chosen neurons from each of the 5 clusters. In this network, there is complete cou-
pling within each cluster (intraCC = 100%) and weak coupling among clusters
(interCC = 0.4%). Over a period of 5 sec, this network produces 9 SEs. All 15 cells participated
in the first SE. However, only 12 participated in the fifth SE; cells in the blue cluster did not
exhibit a CE, and so remained inactive (indicated by a red X). In the seventh and eighth SEs,
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Fig 2. Synchronization events and miniature synchronization events in the modular network. The activity time
courses (the variable a) for 3 model neurons selected randomly from each of the 5 clusters. Most cells participate in
some, but not all, of the synchronization events. A red X highlights an instance in which a cell did not participate, and
an orange circle highlights an instance in which a cell did participate, but other cells in its cluster did not. The bottom
panel shows the average activity across the network, with SEs indicated by gray bars. Arrows in the bottom panel
highlight a few (but not all) instances of mini-SEs, where one cluster (light orange arrow) or two clusters (dark orange
arrow) produced bursts of activity. IntraCC = 100%, interCC = 0.4%.

https://doi.org/10.1371/journal.pcbi.1011820.g002

different clusters of cells did not participate, from the magenta and cyan clusters. An interest-
ing case is SE 6, where cells in the green cluster had a burst immediately before, but not during,
the SE. These likely contributed to the SE initiation. Also, one of the cells in the cyan cluster
was active during the SE (orange circle), while the other two from the same cluster were inac-
tive. This illustrates that cells sometimes participate in SEs even though their cluster does not
produce a CE. Overall, the figure shows that many cells in the modular network participate in
some, but not all, of the SEs, as reported in [22, 26].

Another phenomenon shown in Fig 2 is that the averaged activity of the population has a
mix of large increases, the SEs, and smaller ones (marked with orange arrows). These smaller
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events reflect burst activity of only one or two clusters. Smaller events in the population activity
were referred to as “miniature synchronization events” in [22], and we use this nomenclature
for the smaller events that occur in the modular network.

Leader cells are possible, but not guaranteed

Are there leader cells that consistently fire near the beginning of SEs and therefore serve as
triggers for the SEs? This question was addressed in vivo by both Moore et al. [26] and Han
etal. [22]. The former found that there was indeed a set of KNDy neurons for which the Ca®t
level consistently reached its peak at the beginning of an SE in which it participated. Other
KNDy neurons consistently fired in the middle of an SE, and others consistently fired at the
end, indicating that they were recruited to fire by other neurons (Fig 4 of [26]). The latter
study showed much more flexibility in the firing order of KNDy neurons. In some animals
there appeared to be a similar preferred firing order of KNDy neurons as in [26], while in
other animals there was no consistent temporal ordering (Fig 1 of [22]). Similar results were
shown for SEs that occurred in vitro in brain slices (Fig 2 of [22]). How can these conflicting
data be reconciled?

We examined this question in the modular network using different combinations of the
connectivity parameters. Fig 3A shows one example with intraCC = 55% and interCC = 0.6%.
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Fig 3. Network connectivity parameters determines whether there are leader cells. A: Activity time courses of 15 neurons selected
from all 5 clusters during two SEs (left, SEO1 and SE02). The left table shows the temporal order of firing of the 15 neurons in 8 SEs; light
shading indicates that the cell fired early in an SE. The right table is a reorganization of the left table so that cells that typically fire early
are placed in the top rows. The scatter plot indicates spike timing with those cells spiking early in the SEs placed on the bottom. There is
a strong correlation (R = 0.84), indicating the presence of leader cells. The data points are color-coded according to the cluster that the
corresponding neurons are part of. IntraCC = 55%, interCC = 0.6%. B: With a different value of the intracluster coupling parameter
there is much less consistency in the temporal order of spiking during SEs (R = 0.5). IntraCC = 75%, interCC = 0.6%.

https://doi.org/10.1371/journal.pcbi.1011820.9003
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We examined the activity of 15 neurons (3 from each cluster) as this is a typical number of
neurons recorded simultaneously [22, 26]. Activity traces for the 15 neurons were analyzed,
starting with time courses of the neurons during two SEs. From these, it is apparent that cells
in the green cluster began firing first in the two SEs, while those in the blue or magenta cluster
began last. The firing order for 8 SEs is shown in the left table. Each entry of this table gives the
order that firing began, and the boxes with light coloring represent firing near the beginning
of an SE and dark coloring represents firing late in the SE. From this, we see that the cells in
the green cluster consistently began firing first, they are leader cells, while those in the blue
and magenta clusters mostly began near the end of the SEs. To bring out the temporal ordering
more clearly, the table was reorganized so that the ordering of the rows is based on the typical
order when firing began during SEs; cells that typically began firing first are placed in the top
row, and those that typically began last are placed in the bottom. In this rightmost table, the
shading variation from top to bottom clearly demonstrates consistency in the temporal order
of spiking during SEs. Finally, the data are shown as scatter plots, with the order in which spik-
ing began on one axis and the cell ID on the other, with cells that typically began first placed
on the bottom and those that typically began last placed on the top. The data are color-coded
to correspond to the cluster that the corresponding neuron is part of. When organized this
way (as was also done in [22] and [26]), the consistency of the temporal order of firing can be
quantified with the Spearman’s rank correlation coefficient (R). The large value of the R (0.85)
demonstrates that there is consistency in the temporal order in which spiking began during
SEs in this example network. Also, with the color coding, it is clear that neurons in the green
cluster consistently fired first, they are leader cells, while those in the magenta and blue clusters
consistently fired last and so are follower cells. This ordering reflects the level of activity pro-
duced by the clusters without intercluster connections. That is, without any intercluster con-
nectivity the neurons in the green cluster produce the most frequent bursts of activity,
followed by neurons in the red cluster, with neurons in the magenta and cyan clusters not
active at all without intercluster coupling.

Another example network, with a larger value of intraCC, produced different results (Fig
3B). While neurons in the red cluster often began to fire early in an SE, they also sometimes
began much later. Cells in the magenta cluster most often began to fire toward the end of an
SE, but sometimes began at the start of an SE. The lack of consistency in the temporal order of
spiking is seen most clearly in the scatter plot, where the R (0.5), is much lower than in the pre-
vious example. This value is very similar to what was reported in most of the data from [22]. In
addition, it is evident from the color coding that there are no clusters that consistently fired
first. This likely reflects the fact that when intraCC is increased all the clusters produce bursts
of activity, even without intercluster coupling, making it more likely that any cluster can start
an SE by recruiting other clusters to fire.

The last figure raises the question of whether consistent temporal firing is more likely with
some network coupling parameters than others. To investigate this, we examined the temporal
order R for a grid of coupling values (intraCC € [50, 100]% and interCC €[0.2, 2]%) using
heat maps in Fig 4. The top, left panel of Fig 4A shows, in each element, the average R value
over 6 different simulations using fixed values for the coupling parameters. The coupling pat-
tern among neurons is different in each simulation, but intraCC and interCC values are the
same. The sampling is from 15 neurons, chosen randomly from the network. Light colors cor-
respond to high temporal order values. The panels labeled Samplel through Sample4 show
similar information, but with different samplings of neurons. The final panel shows the means
of these five grids of simulations. All simulation grids show a trend in which R is highest for
small values of intraCC and large values of interCC. This result is consistent with the simula-
tion of single networks in Fig 3.
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Fig 4. Changes in coupling parameters and cell sampling can alter the consistency of temporal recruitment order.
Each element of the heat map corresponds to a specific choice of the intraCC and interCC parameters. The element
value is the average of the temporal order correlation coefficient (R) for six instances of a network. Light colors
indicate high R (see scale bar). A: Each panel corresponds to a different sampling of 15 cells, chosen randomly from the
network. The last heat map is the average of the 5 grids of simulations. B: In this case, in each panel all 15 cells are
chosen from a single cluster. The last panel is the mean of these.

https://doi.org/10.1371/journal.pcbi.1011820.9004

What happens to the temporal order if all 15 neurons examined are selected from the same
cluster? This is shown in Fig 4B, where each heat map corresponds to neuron sampling from
one of the five clusters. In each simulation, 15 neurons were chosen randomly from a single
cluster and the temporal order R was calculated. The networks used in all simulations were
identical to those used in panel A; only the neurons used in the sampling differed. In all of
these cases, the temporal order R is high, with much less variation across coupling parameters
than was seen when neuron sampling came from all clusters in the network.

Differential effects of changes in the coupling parameters

In [22], small “miniature SEs” (mSEs) were distinguished from SEs as being significantly
smaller and therefore reflecting a smaller degree of synchronous neural activity. Following this
nomenclature, in the simulations it is natural to categorize events in which a majority of the
clusters (3 or more) fire together as SEs, and events in which one or two clusters fire together
as mSEs. Hence, if we define NCE, as the number of events in which k clusters were simulta-
neously active (i.e., in which there were k “cluster events”), then the number of mSEs through-
out a simulation is NCE;+NCE, and the number of SEs (which we refer to as NSE) is

NSE = NCE;+NCE4+NCEs. Fig 5 A shows the number of cluster events for different values of
the interCC parameter in simulations of 40 s duration. For example, with interCC = 0.25%
(top left histogram, with tan shading), 62 events were single-cluster events (NCE,), while all
clusters fired together in only 22 events (NCEs). The number of synchronization events is
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Fig 5. The number of cluster events and the degree of synchronization increases with an increase in the
intercluster coupling. A: Histograms showing the number of events in which 1,2, .. ., 5 clusters fired together during
simulations with 40 s duration. The interCC is increased moving from top to bottom. B: Average activity time courses
of the 5 clusters during 5 s of simulation time, corresponding to the histograms with tan shading in the previous panel.
The number of CEs is shown on the right. C: (left) Mean number of CEs, along with standard deviation, for the range
of interCC values explored in the histograms and over simulations with 40 s duration. (right) The mean fraction of
synchronization events (events with 3 or more clusters active) in which all 5 clusters are active, NCEs/NSE, along with
standard deviation. IntraCC = 60%.

https://doi.org/10.1371/journal.pchi.1011820.g005

NSE =39 (3+14+22). The top panel of Fig 5B shows the average activity of each cluster during
5 s of the simulation corresponding to this same coupling parameter value. The number of
CEs is shown on the right. Several CEs do not recruit all the other clusters into full-blown SEs.

When the intercluster coupling is increased there is a clear shift in the histogram, so that by
interCC = 0.35% the vast majority of events are SEs, and most of these have all clusters firing
in synchrony. With interCC = 0.60% almost all CEs are in SEs with all clusters firing together.
This increase in the degree of synchrony is also evident in the average activity time courses in
panel B. Increasing interCC is therefore a very effective way of increasing the number of CEs
that are part of SEs. As network synchronization increased with higher interCC values, the
number of CEs also increased, as illustrated in the left panel of Fig 5C. In addition, the stan-
dard deviation in the number of CEs among the clusters decreased with an increase in
interCC, again indicating that the cluster activity became more uniform when interCC was
increased. Finally, the mean fraction of synchronization events in which all 5 clusters partici-
pated (frequency of NCEs) increases and the standard deviation decreases with increases in
the interCC (right panel of Fig 5C), again demonstrating the tendency of intercluster coupling
to increase the degree of synchronization between clusters.

We next followed the same procedure, but this time keeping the intercluster coupling
parameter fixed and varying the intracluster coupling. Fig 6A shows histograms of the number
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Fig 6. Increasing intracluster coupling has a weak effect on the number of cluster events, and weakly decreases
cluster synchronization during SEs. A: Histograms showing the number of events in which 1, 2, .. ., 5 clusters fire
together during simulations with 40 s duration. The intraCC is increased moving from top to bottom. B: Average
activity time courses of the 5 clusters during 5 s of simulation time, corresponding to the histograms with tan shading
in the previous panel. C: (left) Mean number of CEs, along with standard deviation, for the range of intraCC values
explored in the histograms. (right) The mean fraction of SEs in which all five clusters participate, NCEs/NSE, and
standard deviation. InterCC = 0.2%.

https://doi.org/10.1371/journal.pchi.1011820.9006

of clusters participating in events during 40 s simulations, with intraCC from 60% (top) to
95% (bottom). As intraCC is increased, there are more events with some level of synchronized
activity. However, for all values of the parameter investigated, there were more mSEs than SEs.
Panel B shows average activity time courses over 5 s for three cases (tan shading in the histo-
grams) that show that while synchronous events occur, there are many instances in which sin-
gle clusters fire alone. Increasing intraCC does increase the number of CEs, but the standard
deviation across the clusters changes little (Fig 6C, left), again indicating that increasing
intraCC is not particularly effective at bringing all clusters into synchrony. Interestingly,
increasing the intraCC led to a reduction in the mean fraction of SEs in which all 5 clusters
participated, with little change in the standard deviation (Fig 6C, right). That is, increasing the
intracluster coupling lowers the degree of synchrony among the SEs.

Discussion

This study was motivated by recent data describing neuronal activity within the arcuate
nucleus KNDy neuron network in vivo, at single-cell resolution [22, 26]. The data described
how single neurons coordinate to generate the synchronized network events that drive pulsa-
tile LH release. It led Han et al (2023) to propose a new paradigm for the synchronization
events, where glutamate transmission provides the main synchronization drive, and Dyn and
NKB play supporting roles, amplifying the synchronization. The single-cell resolution also
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enabled the observation of leader cells that activate first during synchronization events, with a
consistent order of recruitment over synchronization events [26]. At the same time, some net-
works exhibited more variability in the order of firing. We have demonstrated here that these
experimental findings can be explained by a network of neurons that has a modular structure
consisting of clusters of highly connected neurons with sparse intercluster coupling.

We provide an explanation for why temporal ordering could be seen as fixed or variable in
different studies, or different animals. The findings of Moore et al. suggest that there are dis-
tinct leader and follower cell populations [26]. The consistency of firing order between groups
of cells suggests a cluster organization in the KNDy network, like the one we have adopted.
This experimental study, and our simulations that exhibit a high correlation between cell ID
and firing order, show “blockiness” in the ID versus order scatter plot (Fig 4Bii in [26] and our
Fig 3A). This suggests that the same groups of cells are consistently activated around the same
time relative to the start of a synchronization event. In our simulations, this is due to the con-
sistent recruitment of clusters to an active state occurring during each synchronization event.
This happens when intercluster connectivity is high and intracluster connectivity is low. In
other words, we get a consistent order of firing between cells when the coupling between clus-
ters is sufficiently strong that the most active cluster can consistently evoke episodes of activity
in less-active clusters, establishing a leader-follower hierarchy. Also, the coupling within a clus-
ter is sufficiently weak so that while some clusters are active even without intercluster coupling,
other clusters are silent without the influence of other clusters. Paradoxically, this reveals the
cluster organization.

On the other hand, when the network is more modular (high intracluster connectivity and
low intercluster connectivity), the consistency in the order of cell activations is lower. This is
because the clusters are more independent and any cluster can generate a CE that then may
trigger a more global SE. Because each cluster is as likely as another to trigger a synchroniza-
tion event, the ordering of cell activations is variable. This more variable temporal ordering is
consistent with results from Han et al. [22]. We point out, however, that relatively small con-
nectivity parameter manipulations were sufficient to go from consistent to variable temporal
ordering, suggesting that minor connectivity differences in the experiments from Han et al.
versus Moore et al. can explain the difference in their results. Such differences could reflect the
sex difference between animals used in the experiments. Male mice were used in Han et al.
and ovariectomized female mice were used in Moore et al. In a subsequent study of KNDy
neurons in brain slices from female mice, there was little consistency in the order of spiking
during mSEs [23], consistent with the findings from male mice by the same lab [22].

Our final finding is that increasing the inter-cluster connectivity increased the level of syn-
chronization among the clusters, while increasing the intra-cluster connectivity had the oppo-
site effect (Figs 5 and 6). This has similarities to the finding reported in [22] that blocking
receptors for either NKB or Dyn reduced the size of the SEs, indicating that these neurotrans-
mitters both act to increase synchrony among KNDy neurons, even though one is excitatory
and the other inhibitory [34]. This experimental finding could be explained with our modular
model if one effect of NKB is to increase intercluster coupling and one effect of Dyn is to
decrease intracluster coupling. The neurotransmitters Kiss, Dyn, and NKB are packaged into
separate vesicles [35], so the proportion of neurotransmitter type released at synapses could
vary from synapse to synapse. It is possible that NKB is preferentially secreted at intercluster
connections and Dyn at intracluster connections. To date, however, there is no experimental
evidence that this is the case.

One notable difference between the SEs produced by our model network and those
observed in actual KNDy neuron populations [22, 26] is the much shorter time between SEs
and SE duration in the simulations. Replicating the much slower SEs reported in the
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experiments would greatly increase the time required for computer simulations, without
changing the results of interest to us, such as the order of spiking during SEs and participation
of neurons in some, but not all SEs. Indeed, as reported in [22], the SEs recorded in brain slices
had much shorter inter-SE intervals than those recorded in vivo, but the basic properties of the
SEs were the same.

The simulations were performed with a version of the Hodgkin-Huxley model, with only two
voltage-dependent ion channel types. The actual KNDy neurons are almost certainly more com-
plicated, but to date no biophysical model of KNDy neurons based on single-cell data has been
published. We do not believe, however, that the use of more complete single-cell models would
impact the findings of this study, which are determined primarily by the network structure.

A more fundamental assumption that we made is that the coupling between neurons is
through glutamate. This is consistent with recent results from [22], but is contrary to the pro-
posal that the episodes of activity are started by the actions of NKB and terminated by the
actions of Dyn [17]. In our model, the excitatory action of glutamate declines over time due
to synaptic depression, which is responsible for terminating each activity episode, as in
developing networks [27]. Another possibility is that the buildup of some intrinsic hyperpo-
larizing current or currents could cause episode termination [27]. Indeed, [22] found evi-
dence for Ca*"-activated K* current in KNDy neurons that could play such a role. The
presence of these currents does not, however, discount the potential role of synaptic depres-
sion in episode termination.

The key property of the networks used in our study is that they are modular, consisting of
clusters of highly-coupled neurons with sparse coupling between clusters. Our key findings
cannot be replicated in a non-modular network. When looking at a homogeneous network
(i.e., a single cluster), we found that all neurons consistently participate, or not, in synchroniza-
tion events. This is contrary to the finding that KNDy neurons participate in some, but not all,
SEs [22]. We also found that the temporal order of spiking during a CE is similar from one
event to the other; there are definite leader cells and follower cells (Fig 4C). This order is set by
the background current in each cell, i.e., their level of excitability. Thus, with a single cluster
we do not capture the variable order of spiking during SEs reported by [22].

In homogeneous networks the order of recruitment is mostly determined by cell excitabil-
ity: the more excitable cells fire before the least excitable cells. In the modular network, the
cells that consistently fire first are the ones that belong to the most excitable clusters. So
recruitment order does not depend on cell excitability, it depends on cluster identity. That is,
for neurons in a modular network, it is not “who they are” that determines recruitment order,
but “who they know”. Thus we predict that in networks with consistent recruitment order, the
cells that are recruited first are not necessarily the most excitable cells.

Conclusion

A mathematical model of the KNDy network with a modular structure elegantly explains key
features of KNDy population activity observed experimentally. In particular, individual neurons
participate in some SEs, but not all, since different SEs are generated by different combinations
of neuron clusters. In addition, the balance between intra- and inter-cluster connectivity deter-
mines whether the recruitment order of cells during SEs is consistent or not. When recruitment
is consistent across SEs, this is because the order of cluster recruitment is consistent.

Acknowledgments

W.B. thanks the Department of Mathematics and the Institute of Molecular Biophysics at Flor-
ida State University for hosting his sabbatical.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1011820 July 31, 2024 14/17


https://doi.org/10.1371/journal.pcbi.1011820

PLOS COMPUTATIONAL BIOLOGY Population bursts in a modular neural network

Author Contributions

Conceptualization: Wilfredo Blanco, Joel Tabak, Richard Bertram.
Data curation: Richard Bertram.

Formal analysis: Wilfredo Blanco, Joel Tabak, Richard Bertram.
Funding acquisition: Richard Bertram.

Investigation: Wilfredo Blanco, Joel Tabak, Richard Bertram.
Methodology: Wilfredo Blanco, Joel Tabak, Richard Bertram.
Project administration: Richard Bertram.

Resources: Richard Bertram.

Software: Wilfredo Blanco.

Validation: Wilfredo Blanco, Joel Tabak, Richard Bertram.
Visualization: Wilfredo Blanco.

Writing - original draft: Richard Bertram.

Writing - review & editing: Wilfredo Blanco, Joel Tabak, Richard Bertram.

References

1. Freeman ME. Neuroendocrine control of the ovarian cycle of the rat. In: Neill JD, editor. Knobil and
Neill’s Physiology of Reproduction. 3rd ed. Elsevier; 2006. p. 2327—2388.

2. Stojilkovic SS, Kukuljan M, Tomié M, Rojas E, Catt KJ. Mechanism of agonist-induced [Ca*]; oscilla-
tions in pituitary gonadotrophs. J Biol Chem. 1993; 268:7713-7720. https://doi.org/10.1016/S0021-
9258(18)53015-5 PMID: 8463300

3. Stojilkovic SS, Zemkova H, Van Goor F. Biophysical basis of pituitary cell type-specific Ca2* signaling-
secretion coupling. TRENDS Endocrin Metab. 2005; 16:152—159. https://doi.org/10.1016/j.tem.2005.
03.003 PMID: 15860411

4. Moenter SM, Brand RM, Midgley AR, Karsh FJ. Dynamics of gonadotropin-releasing hormone release
during a pulse. Endocrinology. 1992; 130:503-510. https://doi.org/10.1210/endo.130.1.1727719 PMID:
1727719

5. Levine JE, Pau KY, Ramirez VD, Jackson GL. Simultaneous measurement of luteinizing hormone-
releasing hormone and luteinizing hormone release in unanesthetized, ovariectomized sheep. Endocri-
nology. 1982; 111:1449-1455. https://doi.org/10.1210/endo-111-5-1449 PMID: 6751794

6. Nunemaker CS, Defazio RA, Geusz ME, Herzog ED, Pitts GR, Moenter SM. Long-term recordings of
networks of immortalized GnRH neurons reveal episodic patterns of electrical activity. J Neurophysiol.
2001; 86:86—-93. https://doi.org/10.1152/jn.2001.86.1.86 PMID: 11431490

7. Suter KJ, Wuarin JP, Smith BN, Dudek FE, Moenter SM. Whole-cell recordings from preoptic/hypotha-
lamic slices reveal burst firing in gonadotropin-releasing hormone neurons identified with green fluores-
cent protein in transgenic mice. Endocrinology. 2000; 141:3731-3736. https://doi.org/10.1210/endo.
141.10.7690 PMID: 11014229

8. Belchetz PE, Plant TM, Nakai Y, Keogh EJ, Knobil E. Hypophysial responses to continuous and inter-
mittent delivery of hypothalamic gonadotropin-releasing hormone. Science. 1978; 202:631-633. https://
doi.org/10.1126/science.100883 PMID: 100883

9. WildtL, Hausler A, Marshall G, Hutchison JS, Plant TM, Belchetz PE, et al. Frequency and amplitude of
gonadotropin-releasing hormone stimulation and gonadotropin secretion in the rhesus monkey. Endo-
crinology. 1981; 109:376-385. https://doi.org/10.1210/endo-109-2-376 PMID: 6788538

10. Seminara SB, Messager S, Chatzidaki EE, Thresher RR, Acierno JS, Shagoury JK, et al. The GPR54
gene as a regulator of puberty. N Engl J Med. 2003; 349:1614—1627. https://doi.org/10.1056/
NEJMoa035322 PMID: 14573733

11. de Roux N, Genin E, Carel JC, Matsuda F, Chaussain JL, Milgrom E. Hypogonadotropic hypogonadism
due to loss of function of the KiSS1-derived peptide receptor GPR54. Proc Nat Acad Sci. 2003;
100:10972-10976. https://doi.org/10.1073/pnas.1834399100 PMID: 12944565

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1011820 July 31, 2024 15/17


https://doi.org/10.1016/S0021-9258(18)53015-5
https://doi.org/10.1016/S0021-9258(18)53015-5
http://www.ncbi.nlm.nih.gov/pubmed/8463300
https://doi.org/10.1016/j.tem.2005.03.003
https://doi.org/10.1016/j.tem.2005.03.003
http://www.ncbi.nlm.nih.gov/pubmed/15860411
https://doi.org/10.1210/endo.130.1.1727719
http://www.ncbi.nlm.nih.gov/pubmed/1727719
https://doi.org/10.1210/endo-111-5-1449
http://www.ncbi.nlm.nih.gov/pubmed/6751794
https://doi.org/10.1152/jn.2001.86.1.86
http://www.ncbi.nlm.nih.gov/pubmed/11431490
https://doi.org/10.1210/endo.141.10.7690
https://doi.org/10.1210/endo.141.10.7690
http://www.ncbi.nlm.nih.gov/pubmed/11014229
https://doi.org/10.1126/science.100883
https://doi.org/10.1126/science.100883
http://www.ncbi.nlm.nih.gov/pubmed/100883
https://doi.org/10.1210/endo-109-2-376
http://www.ncbi.nlm.nih.gov/pubmed/6788538
https://doi.org/10.1056/NEJMoa035322
https://doi.org/10.1056/NEJMoa035322
http://www.ncbi.nlm.nih.gov/pubmed/14573733
https://doi.org/10.1073/pnas.1834399100
http://www.ncbi.nlm.nih.gov/pubmed/12944565
https://doi.org/10.1371/journal.pcbi.1011820

PLOS COMPUTATIONAL BIOLOGY Population bursts in a modular neural network

12. Goodman RL, Lehman MN, Smith JT, Coolen LM, de Oliveira CV, Jafarzadehshirazi MR, et al. Kisspep-
tin neurons in the arcuate nucleus of the ewe express both dynorphin A and neurokinin B. Endocrinol-
ogy. 2007; 148:5752-5760. https://doi.org/10.1210/en.2007-0961 PMID: 17823266

13. Goodman RL, Hileman SM, Nestor CC, Porter KL, Connors JM, Hardy SL, et al. Kisspeptin, neurokinin
B, and dynorphin act in the arcuate nucleus to control activity of the GnRH pulse generator in ewes.
Endocrinology. 2013; 154:4259-4269. https://doi.org/10.1210/en.2013-1331 PMID: 23959940

14. Messager S, Chatzidaki EE, Ma D, Hendrick AG, Zahn D, Dixon J, et al. Kisspeptin directly stimulates
gonadotropin-releasing hormone release via G protein-coupled receptor 54. Proc Nat Acad Sci. 2005;
102:1761-1766. https://doi.org/10.1073/pnas.0409330102 PMID: 15665093

15. ClarksonJ, Han SY, Piet R, McLennan T, Kane GM, Ng J, et al. Definition of the hypothalamic GnRH
pulse generator in mice. Proc Nat Acad Sci. 2017; 114:E10216—E10223. https://doi.org/10.1073/pnas.
1713897114 PMID: 29109258

16. Herbison AE. The Gonadotropin-releasing hormone pulse generator. Endocrinology. 2018; 159:3723—
3736. https://doi.org/10.1210/en.2018-00653 PMID: 30272161

17.  Moore AM, Coolen LM, Porter DT, Goodman RL, Lehman MN. KNDy cells revisited. Endocrinology.
2018; 159:3219-3234. hitps://doi.org/10.1210/en.2018-00389 PMID: 30010844

18. Uenoyama Y, Nagae M, Tsuchida H, Inoue N, Tsukamura H. Role of KNDy neurons expressing kis-
speptin, neurokinin B, and dynorphin A as a GnRH pulse generator controlling mammalian reproduc-
tion. Front Endocrinol. 2021; 12. https://doi.org/10.3389/fendo.2021.724632 PMID: 34566891

19. Lehman MN, Coolen LM, Goodman RL. Minireview: kisspeptin/neurokinin B/dynorphin (KNDy) cells of
the arcuate nucleus: A central node in the control of gonadotropin-releasing hormone secretion. Endo-
crinology. 2010; 151:3479-3489. https://doi.org/10.1210/en.2010-0022 PMID: 20501670

20. Navarro VM, Gottsch ML, Chavkin C, Okamura H, Clifton DK, Steiner RA. Regulation of gonadotropin-
releasing hormone secretion by kisspeptin/dynorphin/neurokinin B neurons in the arcuate nucleus of
the mouse. J Neurosci. 2009; 29:11859-11866. https://doi.org/10.1523/JNEUROSCI.1569-09.2009
PMID: 19776272

21. Voliotis M, Li XF, Burgh RD, Lass G, Lightman SL, O’Byrne KT, et al. The Origin of GnRH Pulse Gener-
ation: An Integrative Mathematical-Experimental Approach. J Neurosci. 2019; 39:9738-9747. https:/
doi.org/10.1523/JNEUROSCI.0828-19.2019 PMID: 31645462

22. Han SY, Morris PG, Kim JC, Guru S, Pardo-Navarro M, Yeo SH, et al. Mechanism of kisspeptin neuron
synchronization for pulsatile hormone secretion in male mice. Cell Rep. 2023; 42:11914. https://doi.org/
10.1016/j.celrep.2022.111914 PMID: 36640343

23. Morris PG, Herbison AE. Mechanism of arcuate kisspeptin neuron synchronization in acute brain
slices from female mice. Endocrinology. 2023; 164. https://doi.org/10.1210/endocr/bgad167 PMID:
37936337

24. WangL, Burger LL, Greenwald-Yarnell ML, Meyers MG Jr, Moenter SM. Glutamatergic transmission to
hypothalamic kisspeptin neurons is differentially regulated by estradiol through estrogen receptor alpha
in adult female mice. J Neurosci. 2018; 38:1061-1072. https://doi.org/10.1523/JNEUROSCI.2428-17.
2017 PMID: 29114074

25. QiuJ, Rivera HM, Bosch MA, Padilla SL, Stincic TL, Palmiter RD, et al. Estrogenic-dependent glutama-
tergic neurotransmission from kisspeptin neurons governs feeding circuits in females. eLife. 2018; 7:
e35656. https://doi.org/10.7554/eLife.35656 PMID: 30079889

26. Moore AM, Coolen LM, Lehman MN. In vivo imaging of the GnRH pulse generator reveals a temporal
order of neuronal activation and synchronization during each pulse. Proc Nat Acad Sci. 2023; 119:
e€2117767119. https://doi.org/10.1073/pnas.2117767119

27. Tabak J, Mascagni M, Bertram R. Mechanism for the universal pattern of activity in developing neuronal
networks. J Neurophysiol. 2010; 103:2208—2221. https://doi.org/10.1152/jn.00857.2009 PMID:
20164396

28. Blanco W, Bertram R, Tabak J. The effects of GABAergic polarity changes on episodic neural network
activity in developing neural systems. Front Comput Neurosci. 2017; 11:88. https://doi.org/10.3389/
fncom.2017.00088 PMID: 29085291

29. Blanco W, Lopes PH, de S Souza AA, Mascagni M. Non-replicability circumstances in a neural network
model with Hodgkin-Huxley-type neurons. J Comput Neurosci. 2020; 48:3:357-363. https://doi.org/10.
1007/s10827-020-00748-3 PMID: 32519227

30. Lopes PH, Oliveira BC, Souza AAdS, Blanco W. Mitigating computer limitations in replicating numerical
simulations of a neural network model with Hodgkin-Huxley-type neurons. Front Neuroinform. 2022; 16.
https://doi.org/10.3389/fninf.2022.874234 PMID: 35645756

31. Rinzel J. Excitation dynamics: insights from simplified membrane models. Fed Proc. 1985; 44:2944—
2946. PMID: 2415401

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1011820 July 31, 2024 16/17


https://doi.org/10.1210/en.2007-0961
http://www.ncbi.nlm.nih.gov/pubmed/17823266
https://doi.org/10.1210/en.2013-1331
http://www.ncbi.nlm.nih.gov/pubmed/23959940
https://doi.org/10.1073/pnas.0409330102
http://www.ncbi.nlm.nih.gov/pubmed/15665093
https://doi.org/10.1073/pnas.1713897114
https://doi.org/10.1073/pnas.1713897114
http://www.ncbi.nlm.nih.gov/pubmed/29109258
https://doi.org/10.1210/en.2018-00653
http://www.ncbi.nlm.nih.gov/pubmed/30272161
https://doi.org/10.1210/en.2018-00389
http://www.ncbi.nlm.nih.gov/pubmed/30010844
https://doi.org/10.3389/fendo.2021.724632
http://www.ncbi.nlm.nih.gov/pubmed/34566891
https://doi.org/10.1210/en.2010-0022
http://www.ncbi.nlm.nih.gov/pubmed/20501670
https://doi.org/10.1523/JNEUROSCI.1569-09.2009
http://www.ncbi.nlm.nih.gov/pubmed/19776272
https://doi.org/10.1523/JNEUROSCI.0828-19.2019
https://doi.org/10.1523/JNEUROSCI.0828-19.2019
http://www.ncbi.nlm.nih.gov/pubmed/31645462
https://doi.org/10.1016/j.celrep.2022.111914
https://doi.org/10.1016/j.celrep.2022.111914
http://www.ncbi.nlm.nih.gov/pubmed/36640343
https://doi.org/10.1210/endocr/bqad167
http://www.ncbi.nlm.nih.gov/pubmed/37936337
https://doi.org/10.1523/JNEUROSCI.2428-17.2017
https://doi.org/10.1523/JNEUROSCI.2428-17.2017
http://www.ncbi.nlm.nih.gov/pubmed/29114074
https://doi.org/10.7554/eLife.35656
http://www.ncbi.nlm.nih.gov/pubmed/30079889
https://doi.org/10.1073/pnas.2117767119
https://doi.org/10.1152/jn.00857.2009
http://www.ncbi.nlm.nih.gov/pubmed/20164396
https://doi.org/10.3389/fncom.2017.00088
https://doi.org/10.3389/fncom.2017.00088
http://www.ncbi.nlm.nih.gov/pubmed/29085291
https://doi.org/10.1007/s10827-020-00748-3
https://doi.org/10.1007/s10827-020-00748-3
http://www.ncbi.nlm.nih.gov/pubmed/32519227
https://doi.org/10.3389/fninf.2022.874234
http://www.ncbi.nlm.nih.gov/pubmed/35645756
http://www.ncbi.nlm.nih.gov/pubmed/2415401
https://doi.org/10.1371/journal.pcbi.1011820

PLOS COMPUTATIONAL BIOLOGY

Population bursts in a modular neural network

32.

33.

34.

35.

Bastian M, Heymann S, Jacomy M. Gephi: An Open Source Software for Exploring and Manipulating
Networks; 2009. Available from: www.aaai.org/ocs/index.php/ICWSM/09/paper/view/154.

Tabak J, Rinzel J, O’'Donovan MJ. The role of activity-dependent network depression in the expression
and self-regulation of spontaneous activity in the developing spinal cord. J Neurosci. 2001; 21:8966—
8978. https://doi.org/10.1523/JNEUROSCI.21-22-08966.2001 PMID: 11698607

de Croft S, Boehm U, Herbison AE. Neurokinin B activates arcuate kisspeptin neurons through multiple
tachykinin receptors in the male mouse. Endocrinology. 2013; 154:2750—-2760. https://doi.org/10.1210/
en.2013-1231 PMID: 23744641

Murakawa H, lwata K, Takeshita T, Ozawa H. Immunoelectron microscopic observation of the subcellu-
lar localization of kisspeptin, neurokinin B and dynorphin A in KNDy neurons in the arcuate nucleus of
the female rat. Neurosci Lett. 2016; 612:161—-166. https://doi.org/10.1016/j.neulet.2015.12.008 PMID:
26679227

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1011820 July 31, 2024 17/17


http://www.aaai.org/ocs/index.php/ICWSM/09/paper/view/154
https://doi.org/10.1523/JNEUROSCI.21-22-08966.2001
http://www.ncbi.nlm.nih.gov/pubmed/11698607
https://doi.org/10.1210/en.2013-1231
https://doi.org/10.1210/en.2013-1231
http://www.ncbi.nlm.nih.gov/pubmed/23744641
https://doi.org/10.1016/j.neulet.2015.12.008
http://www.ncbi.nlm.nih.gov/pubmed/26679227
https://doi.org/10.1371/journal.pcbi.1011820

