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Abstract

Pattern separation, the ability of a network to distinguish similar inputs by transforming them into distinct outputs, was
postulated by the Marr-Albus theory to be realized by divergent feedforward excitatory connectivity. Yet, there is evidence
for strong but differential regulation of pattern separation by local circuit connectivity. How do we reconcile the conflicting
views on local-circuit regulation of pattern separation in circuits receiving divergent feedforward connectivity? Here, we
quantitatively examined a population of heterogeneous dentate gyrus (DG) spiking networks where identically divergent
feedforward connectivity was enforced. We generated 20000 random DG networks constructed with thousands of
functionally validated, heterogeneous single-neuron models of 4 different DG neuronal subtypes. We recorded network
outputs to morphed sets of input patterns and applied quantitative metrics that we developed to assess pattern separation
performance of each network. Surprisingly, only 47 of these 20 000 networks (0.23%) manifested effective pattern separation
showing that divergent feedforward connectivity alone does not guarantee pattern separation. Instead, our analyses
unveiled strong contributions from the 3 interneuron subtypes toward granule cell sparsity and pattern separation, with
pronounced network-to-network variability in such contributions. We traced this variability to differences in local synaptic
weights across pattern-separating networks, highlighting synaptic degeneracy as a key mechanism that explains diversity
in interneuronal regulation of pattern separation. Finally, we found heterogeneous DG networks to be more resilient to
synaptic jitter compared to their homogeneous counterparts. Together, our findings reconcile conflicting evidence by
revealing degeneracy in DG circuits, whereby similar pattern separation efficacy can arise through diverse interactions
among granule cells and interneurons.
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Introduction

Pattern separation is the ability of a system to discriminate
between similar inputs by transforming them into distinct out-
puts. In the context of the brain, inputs could originate from sim-
ilar behavioral contexts or experiences and pattern separation
is accomplished by neural circuits that transform these similar
inputs into dissimilar neuronal outputs. The dentate gyrus (DG),
the gateway to the hippocampus proper, is a well-studied pat-
tern separation circuit that has also been implicated in memory
formation, spatial navigation, and different learning paradigms.
Historically, DG was postulated as a pattern-separating network
based on divergent excitatory afferent connectivity from the
entorhinal cortex.»? Since then, several studies have provided
strong lines of evidence for a role of DG in pattern separa-
tion.>? Despite this, the mechanisms underlying pattern sepa-
ration in the dentate gyrus have been highly debated,'*-*! espe-
cially regarding the origins of sparse activity of granule cells,*?1
the roles of the several DG local-circuit components,® -2 impli-
cations for the widespread heterogeneities in the DG circuit,?6-2
and the impact of adult neurogenesis and hyperplasticity on cir-
cuit formation.®»?>-3> There are conflicting reports especially on
the specific roles of the different interneurons in the intricately
connected DG circuitry in pattern separation, sparsity, and other
functions,8>10-12,14,16-20,36-42

What are the relative contributions of divergent feedforward
connectivity and local circuit interactions to pattern separa-
tion? How do we reconcile the contrasting lines of evidence on
interneuron regulation of pattern separation in circuits endowed
with divergent feedforward connectivity? Is there a unifying
framework that could synthesize these conflicting lines of evi-
dence on the roles of different circuit components in executing
pattern separation? In addressing these questions, we chose an
exhaustive population-of-networks approach to study pattern
separation in the heterogeneous DG circuit that was endowed
with different neuronal subtypes. First, we generated tens of
thousands of random spiking neuronal models to arrive at thou-
sands of non-repeating single-neuron models of 4 different DG
neuronal subtypes, each satisfying their respective functional

characteristics. We connected these heterogeneous populations
of neurons with subtype proportions and local connectivity that
reflected the DG microcircuit.

In a second level of unbiased search, we generated 20000
identical networks that differed from each other only in their
synaptic weight values and surprisingly found only 47 of these
networks to perform effective pattern separation. We found
the synaptic weight values in these heterogeneous pattern-
separating networks to span a large range with weak pairwise
relationships between weight values across networks. Strikingly,
our analyses unveiled pronounced network-to-network variabil-
ity in the impact of deleting each interneuron subtype on pattern
separation performance, sparsity, and firing rates. Finally, our
analyses demonstrated that DG networks endowed with within-
cell-type heterogeneities were more resilient to synaptic pertur-
bations compared to their homogeneous counterparts.

Together, our population-of-networks approach showed that
divergent connectivity of afferent inputs does not guarantee pat-
tern separation in DG networks. Instead, we demonstrate strong
yet variable roles for interneurons in implementing pattern sep-
aration. Importantly, our analyses unveil multi-scale degener-
acy in DG circuits, whereby similar single-neuron function was
achieved through disparate parametric combinations and sim-
ilar pattern separation efficacy was implemented by disparate
circuit interactions. Our demonstration that pattern separation
emerged through interactions among several non-unique, non-
random combinations of circuit elements strongly advocate the
use of the complex adaptive systems framework to study DG
function. Within this unifying framework, one of several combi-
nations of different functionally specialized subsystems (the dif-
ferent neuronal and circuit elements) interact with each other to
yield the complex DG network that adaptively implements effec-
tive pattern separation.

The presence of several functionally specialized subsystems
and the ability of several non-random, non-unique combina-
tions of these subsystems to interact toward executing pre-
cise pattern separation offers reconciliation to widespread vari-
ability reported on the contributions of different subsystems.
Specifically, a complex system manifesting degeneracy is bound
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to exhibit widespread variability in the role of different subsys-
tems, in a context- and system-dependent fashion. Thus, our
analyses underscore the unifying capacity of the complex adap-
tive systems framework, strongly emphasizing the need to use a
population-of-networks approach rather than deriving conclu-
sions from a single network for all conclusions. The complex
adaptive systems framework and the population-of-networks
approach together offer an ideal route to account for the sev-
eral DG circuit components and heterogeneities therein, toward
implementing robust pattern separation through flexible mech-
anistic routes.

Results

Functionally Validated Heterogeneous Populations of
Models for Each of the 4 Different Neuronal Subtypes

We generated 4 independent heterogeneous populations of
granule cells (GC), basket cells (BC), mossy cells (MC), and HIPP
cells (HC). Granule cells are the principal excitatory neurons in
the dentate gyrus, implicated in spatial navigation, engram for-
mation, and pattern separation.®>1416.43,44 They receive inputs
from the medial as well as lateral entorhinal cortices and project
to CA3 via mossy fibers.?>%> Mossy cells are excitatory interneu-
rons located in the hilus. They have been shown to exhibit mul-
tiple place field activity and are implicated in pattern separa-
tion.1*:36,39,46 Bagket cells are GABAergic interneurons that pro-
vide perisomatic inhibition to granule cells. They have been
attributed roles in defining sparsity as well as in pattern sep-
aration.''Hilar perforant path-associated (HIPP) cells, another
class of inhibitory interneurons, receive direct inputs from
the entorhinal cortex through the perforant pathway. These
interneurons target the distal dendrites of granule cells and have
been shown to participate in modulating pattern separation and
novelty detection.?0:%

We employed the well-established multi-parametric multi-
objective stochastic search (MPMOSS) algorithm?®:34:48-% to gen-
erate valid heterogeneous populations of each cell type through
independent and unbiased stochastic searches (Figure 1A). We
used adaptive exponential integrate-and-fire (aEIF) spiking neu-
ron models for all 4 neuronal subtypes. The search spanned the
same set of 9 parameters, but with different ranges, for each of
the different cell types (Supplementary Tables S1-S4). Randomly
generated models were validated against subtype-specific signa-
ture electrophysiological measurements (Supplementary Table
S5). We used 6 subtype-specific electrophysiological measure-
ments for validation:?*26:>7-> membrane time constant (zy), sag
ratio (sag), input resistance (Rin), spike frequency adaptation
(SFA), and action potential firing frequency for 50 pA (fso) or
150 pA (fiso) pulse current injections. We randomly generated
100000 granule cells, 60000 basket cells, 10000 mossy cells,
and 20000 HIPP cells from respective parametric distributions
and validated them against their signature electrophysiological
characteristics. Of these models, we found 6378 granule cells
(~6.3% of the total generated models), 573 basket cells (~0.9%),
273 mossy cells (~2.7%), and 87 HIPP cells (~0.4%) to satisfy all
electrophysiological constraints (Figure 1B).

We confirmed heterogeneities in the model parameters
(Supplementary Figure S1) and physiological measurements
(Supplementary Figure S2) of these models by noting the
widespread nature of the ranges of each parameter and mea-
surement, spanning their respective valid ranges in entirety.
In addition, we plotted pairwise dependencies across model
parameters (Supplementary Figure S1) and measurements
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(Supplementary Figure S2) and found most pairwise correla-
tions to be weak. These observations are consistent with other
computational and electrophysiological studies demonstrating
degeneracy in different DG cell types,?6:3%°%>7 whereby dis-
parate combinations of model parameters yield signature phys-
iological outcomes. Importantly, since all 4 neuronal subtypes
shared the same parametric and the measurements spaces, we
performed principal component analysis on both spaces span-
ning all neuronal subtypes to visualize these models in reduced
dimensions. We visualized all models as coefficients on the first
3 principal components, which explained ~90% of the variance
(Figure 1C). We found that the models belonging to the 4 neu-
ronal subtypes formed distinct clusters while also manifesting
heterogeneities within individual clusters (Figure 1C).

Together, these MPMOSS algorithms yielded heterogeneous
populations of models that functionally matched each of the 4
neuronal subtypes. We used these single-neuron model popula-
tions to build a heterogeneous DG network (Figure 1D) that was
made of non-repeating neurons with connectivity and synap-
tic properties (Supplementary Tables S6-S7) adopted from their
biological counterparts.?337:47,58,:59 The network model thus was
built with single-neuron models that matched the physiolog-
ical heterogeneities of the different neuronal subtypes with
local and afferent connectivity matching anatomical observa-
tions (Figure 1D).

Progressively Morphed Patterns As Network Inputs

The perforant pathway served as inputs to the DG network,
with 700 afferent inputs projecting onto granule and HIPP cells
within the network (Figure 1D). Each of these 700 PP inputs
was modeled as an independent spike train, collectively form-
ing one input pattern. The spike trains were randomly gener-
ated, with the spike frequency drawn from a Poisson distribution
with 1 = 8 Hz (Figure 2A) and inter-spike intervals drawn from
a corresponding exponential distribution (Figure 2B). A total of
700 spike trains that were constrained by these distributions (10
examples are shown in Figure 2C) were generated to yield one
pattern (designated as Py in Figure 2D). A similar randomized
generation process with a different seed yielded a second inde-
pendent pattern (designated as P; in Figure 2D). These 2 pat-
terns Py and P; served as extremes for generating 9 other mor-
phed intermediate patterns that transitioned progressively from
P, toward P, (Figure 2D). For a pattern P4, g fraction of the total
700 spike trains were randomly selected from P; and the remain-
ing (1 — p) fraction from Py. We varied B progressively from 0.1
to 0.9 in steps of 0.1, resulting in a total of 11 input patterns
(Po, Po1, Poa...., Pogand Py).

We assessed the similarity between P, and each of the
10 other input patterns using 6 different metrics: nor-
malized Euclidean distance (Supplementary Figure S4A),
Hamming distance (Supplementary Figure S4B), cosine sim-
ilarity (Supplementary Figure S4C), mutual information
(Supplementary Figure S4D), correlation between average firing
rates, rg (Figure 2E), and the correlation between the instan-
taneous firing rates (R4) (Figure 2F; Supplementary Figure S3).
As expected, the two distance-based similarity measure-
ments increased as patterns diverged from each other
(Supplementary Figure S4A-B), while cosine similarity, mutual
information, and the correlation-based measures decreased
with increasing dissimilarity (Supplementary Figure S4C-
D; Figure 2E-F). The large distances between P, and P;, coupled
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Figure 1. Dentate gyrus networks were constructed with cell-type-specific heterogeneous cell populations derived from independent unbiased stochastic searches.
(A) Schematic of the MPMOSS algorithm used for generating heterogeneous populations of the 4 different cell types that were used to construct the heterogeneous
dentate gyrus (DG) network. We used unbiased stochastic searches spanning a wide parametric space, independently performed for each cell type. For each cell type,
the 9-dimensional parametric spaces of the aEIF models were randomly sampled (Supplementary Tables S1-S4) to yield N individual models. Each randomly generated
model was then validated against the physiological properties of the respective cell type (Supplementary Table S5). Models that satisfied all physiological properties
for that cell type were declared to be valid, with Ny,;;;4 representing the number of such valid models. (B) The total number of random models that were generated
(N) and the number of valid models (N;,4;4) obtained for each of the 4 cell types. The number of valid models generated was constrained by the number of distinct
models of each cell type required for generating the heterogeneous DG network. (C) Visualization of all valid models of the 4 different cell types (from panel B) on the
same reduced 3D space for measurements (left) and parameters (right), through principal component analysis spanning all valid models. The clustering across and the
heterogeneities within different cell types may be noted in both the measurement as well as parametric spaces. The numbers along each principal component (PC)
axis indicates the percentage variance explained by that dimension. PC1 vs. PC2 is plotted below to demonstrate distinct clusters. (D) A graphical representation of the
heterogeneous DG network architecture with 3600 unique granule cells and 3 unique sets of interneuron subtypes (500 basket, 180 mossy, and 50 HIPP cells) randomly
picked from the respective heterogeneous population. The network receives inputs from the perforant pathway and sends its outputs to CA3 pyramidal cells.

with the gradual changes in the measurement values as func-
tions of the morphing parameter (Supplementary Figure S4A-
D, Figure 2E-F) together confirmed that these patterns could
be used to systematically assess pattern separation in our DG
network using the morphed inputs approach.3#0

Correlation-Based Metrics Were Invariant to Population
Size, Average Firing Rate, and the Form of the Firing
Rate Distribution of Input Patterns

If S, denoted similarity among the input patterns and S, repre-
sented the same similarity measure computed for the pattern-
specific outputs of the network to these inputs, pattern separa-
tion was defined when S,; < S, across different levels of simi-
larity among input patterns.®6:10.60-62 We set 3 specific criteria in

choosing the best of the several similarity measures across pat-
terns made of spike trains (Figure 2G-H; Supplementary Figure
S4E-H). First, consistent with the divergent anatomical connec-
tivity in the DG network, our model consisted of 700 PP input
spike trains and 3600 output spike trains from granule cells
(Figure 1D). This difference in number of elements in the input
vs. the output populations and the need to compare output
vs. input similarity to quantitatively analyze pattern separation
necessitated a metric that was invariant to population size. Sec-
ond, as average firing rates of the input vs. output patterns could
be very different, we required a metric that was invariant to the
average firing rates of the population. Third, the firing rate dis-
tributions of the input and the output need not obey specific
parametrized forms, especially given the sparse nature of GC
firing.13-16.63-65 Therefore, we laid an additional constraint that
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Figure 2. Input structure to the DG network and performance of different distance metrics. (A) Distribution of firing rates of 700 input neurons, derived from a Poisson
distribution with a mean of 8 Hz. (B) Distribution of the inter-spike intervals generated from an exponential distribution with i of 125 ms. (C) Raster plot of randomly
selected 10 out of 700 perforant pathway input neurons. (D) Two independent firing patterns, Py and P, were generated by randomly sampling the firing rate distribution.
Each panel shows the heat map representing the average firing rate of 700 (25 x 27) neurons for both the patterns. P, was progressively morphed to P, to generate
9 intermediate patterns, P; with 0 < g < 1. (E-F) Assessment of the correlation-based metrics for comparing the 11 different input patterns, with reference to the Py
pattern. Shown are the computed similarity measures between P4 (with 0 < g < 1) and Py for the 2 pattern correlation metrics, average rate correlation rs (E) and
rate correlation Ry (F). (G-H) Performance of correlation-based metrics to quantify similarity of spike raster patterns generated for different average firing rate (first
column), different population sizes (second column), and different firing rate distributions (third column). In each scenario, 10 sets of 2 distinct patterns (P, and P;) were
generated to match the specifications (of firing rate, population size, and distribution type). For each of the 10 Po—P; pairs, 9 additional intermediate morphed patterns
were created by morphing through P, to P;. The metrics were computed for all patterns with reference to Py and the mean values across the 10 sets of patterns were
plotted as functions of the morphing parameter g. The metrics shown here are r; (G) and Ry (H). The plots associated with panels (E-H) for the other metrics we
tested are provided in Supplementary Figure S4.

the similarity measure should be invariant to the form of the firing we computed the similarity between P4 and P, for each of the 6
rate distribution. These 3 constraints on metrics were essential to similarity metrics. We plotted the similarity measure values as
ensure that the metric was sensitive solely to the degree of sim- functions of the morphing parameter g for each of the 3 sets of
ilarity between the two spike trains, thereby enabling effective patterns (Figure 2G-H; Supplementary Figure S4E-H).
comparisons between input and output similarity. Across all sets of patterns, all similarity metrics showed
To evaluate the robustness of the different similarity met- monotonic and gradual changes with reference to change in the
rics to average firing rates of input patterns, we generated dif- morphing parameter. We found that Hamming distance, nor-
ferent sets of 11 morphed patterns (as illustrated in Figure 2), malized Euclidean distance, cosine similarity, and mutual infor-
each with a different average firing rate value (5 Hz, 15 Hz, or mation measures were sensitive to changes in average firing rate
25 Hz). To assess invariance to population size, we generated and in firing rate distributions (Supplementary Figure S4E-H).
different sets of 11 morphed patterns with 1000, 2000, or 3000 In addition, the two distance-based metrics were sensitive to
spike trains in each pattern. To examine the robustness of the changes in population sizes as well (Supplementary Figure S4E-
similarity metrics to different firing rate distributions, we gen- F). The correlation-based measures, rs and Ry, were invariant to
erated 2 sets of input patterns, one from a Poisson distribution all the 3 different tested criteria (Figure 2G-H). Based on these
and another from an exponential distribution, with average fir- analyses, we chose 3 and Ry as similarity measures for compar-

ing rate set at 8 Hz. For each of these 3 sets of input patterns, ing input and output patterns of our network.
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Sparse Firing and Pattern Separation in the Default DG
Network Were Strongly Dependent on Interneuron
Activity

We constructed a heterogeneous DG network by randomly pick-
ing non-repeating units of each neuron subtype from their
respective valid model populations (Figure 1), with connectiv-
ity and synaptic parameters defined by the biological equiva-
lents (Supplementary Tables S6-S7). We hand-tuned the synap-
tic weight parameters in this network such that S, was less
than S;, across input patterns, with similarity computed with
either the rz or the Ry metric. This yielded a heterogeneous DG
network that executed pattern separation (Figure 3). In arriving
at this network, we presented the 11 morphed inputs patterns to
the network and computed the voltage responses of all neurons
in the network to arrive at their spike patterns (Figure 3A). We
computed the firing rates of all neurons in this default network
and found neuron-to-neuron variability across all neuronal sub-
types (Figure 3B).

We found granule cells to show low firing rates and sparse fir-
ing, with many cells eliciting no spikes during the 500-2000 ms
period that was considered for analysis (Figure 3B). Quantita-
tively, we computed sparsity in granule cell firing as (1 — fcc),
where fgc defined the fraction of granule cells that elicited
spikes. In the default hand-tuned network, granule cells showed
sparse activity, with a sparsity value of 0.79. In contrast, the
interneurons showed relatively low sparsity of action potential
firing in the default network (BC: 0.58; MC: 0.02; HC: 0). We asked
if sparsity in GC firing was simply consequent to the divergent
connectivity of 700 PP inputs to 3600 granule cells, by computing
firing rates in networks where individual interneuron subtypes
were removed. We deleted individual interneuron subtypes from
the network by removing all synapses to and from the specific
subtype, while retaining the rest of the network to match the
default network. We found that deletion of either basket cells
or mossy cells markedly altered firing rates of the other neu-
ronal subtypes, with the most dramatic differences observed
with the removal of basket cells from the default network (Figure
3B; Supplementary Figure S5B-C). HIPP cells were unaffected by
removal of interneurons, but removal of HIPP cells did alter fir-
ing of other cell types (Figure 3B; Supplementary Figure S5D).
This was expected from the network architecture (Figure 1D)
where HIPP cells did not receive inputs from other local neu-
rons and project solely to the GCs (which is connected to the
other 2 interneuron subtypes). Notably, consistent with previ-
ous lines of evidence on the roles of interneurons in GC spar-
sity,'2:17-20 we found that removal of any of the interneuron sub-
types from the default network resulted in reduction of GC spar-
sity (Supplementary Figure S5B-D; GC sparsity after Bc removal:
0; GC sparsity after MC removal: 0.69; GC sparsity after HC
removal: 0.71).

We used the average firing rates and spike patterns to com-
pute the rgz or the Rz metric, respectively, for both the input
and the output (action potentials from all GCs) patterns. We
plotted output similarity vs. input similarity to confirm pattern
separation in the default network, for the chosen set of Py and P;
input patterns and their morphs (Figure 3C). To confirm that the
hand-tuned DG network can perform pattern separation on dif-
ferent sets of randomly generated Po—P; patterns, we repeated
our analyses with 10 additional sets of patterns. These sets
of morphed patterns were presented to the same default net-
work and pattern separation performance was assessed by plot-
ting output vs. input correlations (Supplementary Figure S6A).

We found that the default network manifested pattern separa-
tion with all these additional input sets as well (Supplementary
Figure S6A). These results confirmed that the default network
was not biased to the set of patterns used to hand-tune the
network but could separate additional sets of input patterns
as well.

In another set of simulations, we initialized our net-
work with randomly re-picked heterogeneous neurons from
their respective populations, with individual choices different
from our original default network. For these simulations, we
set the synaptic weights to be unchanged from our hand-
tuned default network. We presented the morphed patterns,
recorded the network outputs, computed both rz and Ry across
the input-output patterns of the networks (Supplementary
Figure S6B). We found that pattern separation performance
was dependent on the choice of specific neuronal popula-
tions as well, with certain initializations yielding compara-
ble pattern separation performance while others hampering
performance.

In these analyses, as GCs constitute the network output to
the CA3, we computed output correlation from the action poten-
tials of the GCs. Did the outputs of the other neuronal subtypes
in the same default network manifest pattern separation with
identical inputs? To answer this, we computed rz and Ry for the
outputs of each interneuron subtype and plotted them against
the respective input correlation values. We found that the out-
puts of basket cells and mossy cells showed pattern separation,
but outputs of HIPP cells did not (Supplementary Figure S6C).
As HIPP cells receive inputs solely from PP inputs (Figure 1D),
the absence of pattern separation in these cell types was to be
expected. In contrast, basket cells and mossy cells receive inputs
from GCs (Figure 1D), implying that pattern separation in these
cell types could be inherited from GCs. Alternately, as they send
projections back to the GCs (Figure 1D), they could be playing a
role in shaping pattern separation in GC outputs.

To assess the dimensionality of network activity and poten-
tially visualize network response to different morphed pat-
terns, we computed the principal components of the instanta-
neous firing rate vectors of all granule cells in the default net-
work, obtained in response to all the 11 different input pat-
terns (Po—P;). Consistent with the sparse granule cell firing in
our pattern separating network (Figure 3A), the cumulative vari-
ance explained by the first 10 principal components was <40%
(Supplementary Figure S6D). For the dominant 3 principal com-
ponents, the cumulative explained variance was lower than
15%. Consequently, projections of activity patterns to a lower-
dimensional space corresponding to the dominant 3 dimensions
did not yield meaningful or interpretable trajectories, together
emphasizing the sparse nature of activity patterns in granule
cells (Supplementary Figure S6D).

To understand how different interneurons regulated pat-
tern separation of GC outputs in the default network, we
assessed pattern separation in the models where individual
interneuron subtypes were deleted. We found that the GC
outputs from networks that lacked any of the 3 interneu-
ron subtypes were ineffective in executing pattern separation
(Figure 3D), irrespective of whether pattern separation was
assessed with the rz or the Ry metric. The largest impact on
the GC output correlations was observed when the basket cells
were deleted (Figure 3D). Together, these observations demon-
strated that sparse firing and pattern separation in DG granule
cells were strongly regulated by the different DG interneuron
subtypes.
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Figure 3. Deletion of different interneuron populations yielded differential impact on pattern separation performance of the default dentate gyrus network model.
(A) Raster (top) and voltage traces (bottom) of 10 different granule, basket, mossy, and HIPP cells of the default DG network presented with the Py pattern. Asterisks
above voltage traces indicate action potentials, which are represented by the raster plots above. (B) Distribution of firing rates for each neuronal subtype in the default
network and in networks where each of the different interneuron subtypes (basket cells, mossy cells, and HIPP cells) were deleted. Supplementary Figure S6 provides
representative raster plots of different neuronal subtypes from networks where each interneuron population was deleted. (C) The ability of the default network to
perform pattern separation (output correlation < input correlation) represented using the plots of output correlation vs. input correlation, when correlation was
measured using the r4 (top) or Rg (bottom) metrics. (D) Pattern separation in the default network and in networks where each of the different interneuron subtypes
(basket cells, mossy cells, and HIPP cells) were deleted. Correlation was measured using either the r4 (top) or Ry (bottom) metrics. For panels C-D, the dots represent the
input-output pairs when the network was presented with the 11 morphed patterns and the traces represent a cubic polynomial fitted to these data points.

Multiple Pattern-Separating Networks Were Identified
Through an Unbiased Stochastic Search Algorithm

Our hand-tuned default model offers one instance of the DG
network that efficaciously implemented pattern separation. The
choice of one single hand-tuned model offers a single solution
that is biased by the parameters that were chosen for that net-
work. Such biases also have been shown to reflect in how the
network responds when challenged with perturbations such as
deleting individual components.>* %673 Therefore, we asked if
the hand-tuned model was the only combination of synaptic
weights in the DG network that could execute pattern separa-
tion. On the other extreme, is it possible that any random choice
for these synaptic weight parameters yield efficacious pattern
separation?

To address these questions, we modified the MPMOSS algo-
rithm (Figure 1A) to search for valid network models, with
the parametric space spanning the different synaptic weights
(Supplementary Table S8) and the objective specified to be effi-
cacious pattern separation by the network. We generated 20 000

different random DG networks by picking 8 synaptic weight val-
ues from their respective uniform distributions, without chang-
ing any of the other network properties. To each of these 20000
networks, we presented all 11 input patterns (P to P;) and
obtained the outputs of the GCs for each pattern. We assessed
the pattern separation capability of each network by plotting
output correlation vs. input correlation, with correlation com-
puted independently with the rs and Ry metrics.

Given the large number of randomly generated network
models, it was essential to develop quantitative metrics for eval-
uating the pattern separation efficacy of each network toward
their validation (Figure 4A-B). In doing this, we plotted Sy Vvs.
Sin for all 11 patterns, independently with the r; or the Ry corre-
lation metric. For pattern separation to be realized, it was essen-
tial that S, be less than §;, across the 9 intermediate mor-
phed patterns (Figure 4A). With reference to the S,y us. Sin plot,
this translates to the need for all 9 intermediate points to fall
below the 45-degrees (Sout = Sin) equality line of the plot. To cod-
ify this requirement into our quantitative measurements, we
first rotated the Sy vs. Sin plot by 45 degrees, with the 45-degree
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Figure 4. Unbiased search in the synaptic weights space yielded several DG networks that matched the performance criteria for pattern separation. (A) The Soy; Vs. Sin
plot was derived from the inputs and outputs of the network using the rs and Ry metrics. The r4 plot for the default network is shown for this illustration. Note that
pattern separation (PS) is defined to occur if Sy < Si,. Pattern completion (PC) occurs if Spue > Sin. (B) The data points from the plot in panel A were rotated clockwise by
45°. A cubic polynomial was fitted to the rotated datapoints. In this rotated plane, pattern completion lies above the zero line, while pattern separation occurs below.
(C) Quantitative measurements derived from the rotated plot of output vs. input correlation were used for validating models based on pattern separation performance.
The plot and the fitted cubic polynomial shown are reproduced from panel B. Four measurements were defined using the fitted cubic polynomial: Aps, the total pattern
separation area; Apc, the total pattern completion area; Tpcpg, pattern completion to pattern separation transition point; and P Sy, the peak pattern separation index.
Effective pattern separation was deemed to be achieved if Aps > 0.15, Apc < 0.02, Tpcpg < 0.25, and P Syax > 0.2 (Supplementary Table S9). (D) Pattern separation plots
for the 47 networks that satisfied all 4 measurement bounds computed with both rg and Ry metrics. (E-F) Distributions of the 4 pattern separation measurements for
15 (E; top) and Ry (E; bottom) metrics as well as sparsity of different cell types (F) for all 47 valid DG networks.

line forming the transformed x axis (Figure 4B). In this rotated
plane, the region above and below the zero-line represented pat-
tern completion (PC) and pattern separation (PS), respectively
(Figure 4B). We fitted a cubic polynomial to these rotated data-
points to arrive at quantifications that would maximize pattern
separation and minimize pattern completion for our network
outcomes.

We defined 4 quantitative measurements using the cubic
polynomial fit to the S Vs. Sin plot in the rotated plane (Figure
4C). We defined total pattern separation area, Aps, as the total
area under the curve of the negative-rectified cubic polynomial.
Total pattern completion area, Apc, was computed as the total area
under the curve of the positive-rectified cubic polynomial. The
point at which the fitted polynomial crossed zero was defined as
the PC-PS transition point, Tpcpg. The absolute value of the peak
negative deflection of the fitted cubic polynomial represented
the peak pattern separation index, P Symax. With these quantitative

definitions, effective pattern separation was achievable by max-
imizing Aps, minimizing Apc, minimizing Tpcpg, and maximiz-
ing P Smax (Figure 4C; Supplementary Table S9).

We imposed bounds on each of these 4 measurements
(Supplementary Table S9) for a network to be called a pattern
separation network. We computed each of these measurements
from the S,y vs. S, plot spanning all 11 patterns for each of the
20000 randomly generated networks, independently with the rs
or the Ry correlation metric. A network was declared to be a valid
pattern separation network only if all 4 measurements (Aps,
Apc, Tpcps, and PSpax) were within their respective bounds,
with both rs and the Ry correlation metrics. Thus, a total of 8
measurements (4 each with r; and Rg) were used for validating
each network. The validation process yielded 47 valid DG net-
works, which was a small proportion of the generated random
networks (~0.2% of 20000), that performed pattern separation
(Figure 4D-E).
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Pattern-Separating Networks With Similar Granule Cell
Activity Manifested Dissimilar Activity in the
Interneurons

How distinct were these 47 valid networks from each other in
terms of the pattern separation measurements and the activity
of the different neuronal subtypes? Although all valid networks
satisfied all measurement bounds (for pattern separation) by
requirement, we found marked network-to-network variability
in their pattern separation (Figure 4D-E) and sparsity (Figure 4F)
measurements. Importantly, although all 47 networks showed
very similar sparsity values for their granule cells, the sparsity
values for the different interneurons manifested pronounced
network-to-network variability (Figure 4F). To explore this aspect
of network-to-network variability, we first computed pairwise
similarity between granule cell outputs of all 47 DG network
using rs and Rg measures. Using these pairwise similarity mea-
sures, we identified 4 networks with highest similarity in terms
of granule cell outputs and sparsity values (Figure 5A). It may be
noted that while the raster plots associated with 50 granule cells
showed similar sparse firing across all 4 networks, action poten-
tial firing in mossy cells and basket cells were starkly different
across the 4 networks (Figure 5A). With the network architecture
(Figure 1D), HIPP cells did not receive any feedback from other
neuronal subtypes in the network and therefore did not show
marked variability across these 4 networks. Importantly, the pat-
tern separation measurements of these 4 networks were also
comparable, computed either using rz or Rz measures (Figure
5B). These examples illustrate our observation that networks
that had very similar granule cell activity and pattern separa-
tion performance were endowed with pronounced network-to-
network variability in interneuron activity.

Complexity and Degeneracy in Pattern-Separating
Networks

How distinct were these 47 valid networks from each other in
terms of the synaptic weights that defined them? To address
this, we first considered the 4 networks that manifested simi-
lar granule cell activity (Figure 5A) and pattern separation per-
formance (Figure 5B). We plotted the synaptic weights that con-
nected the different neuronal subtypes within each of these
4 networks (Figure 5C). We found striking variability in the
synaptic connectivity across these different networks, with even
extreme scenarios where some networks lacked certain con-
nections. For instance, in Network 21, mossy cells did not elicit
action potentials (Figure 5A; mossy cell sparsity for Network
21 was 1) as there was weak connectivity from granule cells to
mossy cells in this network (Figure 5C). Thus, despite strong sim-
ilarities in DG activity (Figure 5A) and in pattern separation per-
formance (Figure 5B) across 4 different networks, the underlying
synaptic connectivity was extremely variable (Figure 5C).

To compare similarities of synaptic parameters across all
47 valid networks, we plotted the histograms of and pairwise
correlations between the synaptic weight parameters governing
these networks (Figure 5D). We found that the synaptic weight
distributions spanned a large range of the search space (his-
tograms in Figure 5D). Most synaptic weight parameters exhib-
ited weak pairwise correlations (Figure 5D), except for rela-
tively high correlation value between the excitatory PP-to-GC
and inhibitory HC-to-GC weights, which was expected due to
the network architecture (Figure 1D). Specifically, granule cells
and HIPP cells receive common inputs from PP, and this strong
correlation indicates the need to balance the excitation from the

Saini and Narayanan | 9

perforant pathway and the inhibition from the HIPP cells. Thus,
valid pattern-separating networks did not cluster around a spe-
cific type of connectivity in achieving pattern separation through
sparse firing across the granule cell population. Together, these
results provide clear lines of evidence for synaptic degeneracy
in heterogeneous DG network models, whereby disparate com-
binations of synaptic connectivity yielded similar pattern sepa-
ration capabilities in DG networks.

Network-to-Network Variability in the Impact of
Deleting Individual Interneuron Subtypes on Pattern
Separation

Our analyses showed that deletion of individual interneuron
subtypes differentially hampered firing rates, sparsity, and pat-
tern separation performance capabilities of granule cell outputs
(Figure 3B, Figure 3D). These observations demonstrated that
sparsity and pattern separation in DG networks are not solely
dependent on the projection of low-dimensional PP inputs to
a high-dimensional space involving a larger number of gran-
ule cells. There are several lines of evidence for important roles
for the local DG network (Figure 1D) and the different interneu-
ron subtypes in sparse firing and pattern separation.'>17-2° How-
ever, our observations on the differential roles of the individ-
ual neuronal subtypes were confined to the default network
(Figure 3) and are prone to biases driven by connectivity patterns
in the default network. Therefore, we extended our interneuron-
deletion analyses to the 47 valid pattern-separating networks,
especially considering the variability in synaptic connectivity
and interneuron firing properties across these networks (Figure
4E, Figure 5).

We created a total of 3 x 47 = 141 networks that were altered
by 3 different perturbations (where either all BCs, all MCs, or
all HCs were deleted) in each of the 47 valid networks. We pre-
sented the 11 morphed patterns to each of these networks and
computed sparsity of GC firing. We quantified pattern separa-
tion performance by assessing output correlations using r4 and
Ry across the granule cells in each of the 141 networks (Figure
6A-B; Supplementary Table S10). First, we found that the impact
of deletion on pattern separation was differential across differ-
ent neuronal subtypes. Specifically, there was a striking loss of
pattern separation performance across all networks when bas-
ket cells were deleted. However, deletion of either mossy or HIPP
cells did not have as large an impact across networks (Figure 6A-
B). Second, and more strikingly, there was pronounced network-
to-network variability in how deletion of specific interneuron
subtypes affected different networks. Whereas deletion of either
mossy cells or HIPP cells had a large impact on pattern sepa-
ration performance in certain networks, in other networks the
impact was negligible (Figure 6A-B). In some of the networks,
deletion of interneuron population even resulted in enhanced
pattern separation capabilities, resulting in a diversity of net-
work responses to deletions (Figure 6A-B). Remarkably, however,
deletion of any of the 3 interneuron subtypes resulted in signif-
icant loss in sparsity of granule cells, basket cells, and mossy
cells (Figure 6C; Supplementary Table S10).

Together, we demonstrate that the local DG circuit played
a crucial role in regulating pattern separation across different
networks. However, we report pronounced network-to-network
variability in how interneurons affect pattern separation in the
DG network, depending on the specific connectivity patterns in
the network under consideration.
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Figure 5. Networks with similar pattern separation performance and granule cell population activity manifested dissimilar activity across interneurons and pronounced
variability in synaptic connectivity. (A) Raster plots showing firing of 50 granule (GC), basket (BC), mossy (MC), and HIPP cells (HC) of 4 selected networks where granule
cell population activity was most correlated (computed through both r; and Ry metrics for activity of all granule cells across networks). Although the granule cell
population activity across the 4 networks were similar, the activity of interneurons manifested pronounced variability. Sparsity values for all neurons of each subtype
in the networks also followed the same trend, showing similar sparsity for GCs but widely variable sparsity for the other interneurons. Network 43: GC: 0.63, BC: 0.05,
MC: 0.41, HC: 0; Network 21: GC: 0.62, BC: 0.13, MC: 1, HC: 0; Network 4: GC: 0.62, BC: 0.1, MC: 0, HC: 0; Network 16: GC: 0.6, BC: 0.06, MC: 0, HC: 0; (B) Distributions of the
4 pattern separation measurements for r4 (top) and Ry (bottom) metrics for the 4 selected networks. (C) Distribution of the synaptic weights for 4 selected networks. (D)
Pair-wise scatter plots and distributions of the 8 synaptic weights for all 47 valid DG networks. The color-coded heat map represents Pearson’s correlation coefficient
values for each pairwise relationship. The inset depicts the distribution of all the 28 unique correlation coefficients in the scatter plot matrix.
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Figure 6. Pronounced network-to-network variability in the impact of removing individual interneuron subtypes on pattern separation performance and neural activity.
(A) Visualization of pattern separation performance in all 47 valid baseline networks, and in each of the 47 networks with basket cells (BC), mossy cells (MC), or HIPP
cells (HC) individually removed. Shown are fitted cubic polynomial on the rotated output correlation vs. rotated input correlation datapoints for all 11 morphed
patterns. Correlation was computed either with the rs metric (top) or the R metric (bottom). (B) All 4 pattern separation measurements in the valid networks and
in networks where individual interneuron subtypes were deleted. These measurements were calculated from the traces shown in panel A for all 47 networks, with
correlation computed either with r4 (left) and Ry (right). Blue and red shades indicate valid and invalid ranges for each measurement, respectively. (C) Sparsity of all
neuronal subtypes in all 47 valid baseline networks and after deletion of individual interneuron subtypes. In (B-C), thick horizontal lines (placed on the right of the
actual values) indicate the respective median values. Results of statistical analyses for these panels are presented in Supplementary Table S10.
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Heterogeneous Networks Were More Robust to
Synaptic Perturbations

The high proportion of random networks that were declared
invalid (~99.8%; Figure 5) demonstrates that pattern separation
was highly sensitive to synaptic weight parameters. In biological
networks, synaptic weights could undergo changes as the ani-
mals learn other tasks or undergo pathological changes. Hetero-
geneities in neural circuits have been proposed as a physiologi-
cal mechanism to maintain resilience to perturbations in differ-
ent kinds of neural circuits.”* %7274 Do heterogeneous DG net-
works maintain robust pattern separation in the face of synap-
tic perturbations? Would a homogeneous DG network maintain
similar robust pattern separation in the presence of synaptic
perturbations?

To address these questions, we compared the performance
of heterogeneous and homogeneous dentate gyrus networks
under different network perturbations. We introduced pertur-
bations through jitter in synaptic weights and/or additive noise
to synaptic currents. Both jitter and noise were Gaussian in
nature, with increasing variances representing different graded
levels. We assessed network’s pattern separation performance
in all 47 homogeneous and 47 heterogeneous networks, each
tested at different graded levels of jitter and/or noise (Figure
7, Supplementary Figures S7-S12). We computed the percent-
age change in all 8 pattern separation measurements (Aps, Apc,
Tpcps, and P Smay computed with rg and Ry metrics) with refer-
ence to measurements from respective networks with no per-
turbations. We observed pronounced network-to-network vari-
ability, in both homogeneous and heterogeneous networks, in
percentage changes of pattern separation measurements for the
same levels of jitter and/or noise (Figure 7).

When these metrics were computed with rs for synaptic jit-
ter (Figure 7; Supplementary Figures S7-S8), we found that Aps
(Figure 7) and P Smax (Figure 7) showed significantly higher reduc-
tion (Supplementary Table S11) in homogeneous networks com-
pared to their heterogeneous counterparts, indicating that het-
erogeneous networks were more robust to synaptic perturba-
tions. Consistent with this, Apc (Figure 7) and Tpcpg (Figure 7)
showed significant increases in homogeneous networks with
synaptic jitter but did not change significantly in heterogeneous
networks. These observations demonstrated that pattern sep-
aration performance of networks progressively degraded with
graded increase in synaptic jitter, with heterogeneous networks
more robust to jitter than their homogeneous counterparts.
For the same set of networks, we found no significant dif-
ference in pattern separation performance between homoge-
neous and heterogeneous networks perturbed with synaptic jit-
ter, when the Ry metric was used for correlation computation
(Supplementary Figure S13).

We repeated these analyses with additive noise (Figure 7;
Supplementary Figures S9-S10) to synaptic currents as well
as with the combination of jitter and noise (Figure 7;
Supplementary Figures S11-S12). We did not observe significant
changes in pattern separation performance (computed either
with ry or Ry metrics) of homogeneous vs. heterogeneous net-
works when additive noise was introduced into synaptic cur-
rents (Figure 7; Supplementary Figures $9-S10; Supplementary
Table S11). We observed significant differences in robustness
between heterogeneous and homogeneous networks when per-
turbations in both synaptic jitter and additive noise were intro-
duced together, with the rs metric (Figure 7; Supplementary
Figures S11-S12; Supplementary Table S11) but not with the Ry
metric (Supplementary Figures S11-S13).

Discussion

How do we explain the several conflicting lines of evidence
on the roles of different local-circuit interneurons of the den-
tate gyrus to pattern separation and sparsity? In addressing
this question, we found that disparate combinations of non-
random and non-unique synaptic connectivity yielded simi-
lar pattern separation efficacy in heterogeneous DG networks.
These observations clearly explained the conflicting conclu-
sions by unveiling synaptic degeneracy in the manifestation
of pattern separation. The pronounced nature of network-to-
network variability and the beneficial roles of heterogeneities
in imparting resilience present a strong case for systematic
characterization and analyses of the different forms of DG
heterogeneities.

Complexity and Multi-Scale Degeneracy in
Heterogeneous Pattern-Separating DG Networks

Degeneracy, the ability of disparate structural components to
yield similar functional outcomes, is a ubiquitous feature of bio-
logical systems across all scales of analysis.®¢:737>-%0 Our analy-
ses demonstrate the manifestation of multi-scale degeneracy in
pattern separating DG networks. At the cellular scale, consistent
with prior studies from different DG neuronal subtypes,?®-34:34-57
we found that disparate parametric combinations yielded signa-
ture functional characteristics of individual neurons belonging
to 4 different subtypes (Figure 1; Supplementary Figure S1). At
the network scale, several non-unique combinations of synap-
tic weight combinations yielded pattern separating DG networks
with sparse firing (Figures 4, 5). The concurrent expression of
cellular and network-scale degeneracy emphasizes the inherent
flexibility and adaptability of the DG network,?6:>+81.82 with sev-
eral degrees of freedom available toward achieving pattern sep-
aration.

The manifestation of heterogeneities and degeneracy rules
out the presence of a unique, completely determined solution
that yields functionally precise neuronal models (at the cellular
scale) or a pattern-separating DG network (at the network scale).
In addition, we found large proportions of randomly generated
neuronal models (Figure 1B) or network models (~99.8%; 19953
of 20000) to be invalid. Therefore, in both cellular and network
scales, arbitrarily random combinations could not yield collec-
tive functional outcomes. These observations provide direct evi-
dence that pattern-separating DG networks are neither fully
determined nor are completely random. They require specific
non-random interactions among components to yield collective
neuronal or circuit function. The manifestation of such interme-
diate levels of randomness along with the expression of degen-
eracy indicate that pattern-separating networks are complex
systems.”>-83-87

Complex systems execute their collective function through
non-unique and non-random interactions among their func-
tionally specialized subsystems. The ability of disparate func-
tional subsystems to yield similar collective function through
non-random, motif-based interactions is a hallmark of com-
plex systems. Thus, our analyses argue for approaching pattern-
separating DG networks from the complex systems framework.
This implies that the relationship between structural compo-
nents and collective functional outcomes is not one-to-one, but
many-to-many.
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Figure 7. Heterogeneous dentate gyrus networks showed higher robustness in pattern separation performance when challenged with synaptic perturbations. Per-
centage changes in pattern separation measurements (computed using the r; metric; Supplementary Figure S13 provides measurements with the R; metric) when
perturbations of different levels were introduced (with reference to respective base networks receiving no perturbations). Perturbations were introduced in 3 distinct
levels (low, medium, and high) as synaptic jitter (left column), or as additive noise to synaptic currents (middle column) or a combination of both jitter and noise (right
column). In all plots, thick horizontal lines (placed on the right of the actual values) indicate the respective median values. Results of statistical analyses for these
panels are presented in Supplementary Table S11.
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Multiple Subsystems Differentially Contribute to
Pattern Separation in Heterogeneous DG Networks

Our observations with the population-of-networks approach are
in striking contrast with the classical Marr-Albus theory, where
pattern separation is postulated to be realized by divergent feed-
forward excitation.»»? First, despite being endowed with the
same divergent afferent connectivity and despite being built
of the same set of neurons, we found that pattern separation
couldn’t be achieved in a vast majority of networks where local
connectivity was randomized (Figures 4-5). These observations
demonstrate that divergent connectivity and low excitability of
granule cells are not sufficient to guarantee pattern separation.
Instead, consistent with other observations from the DG net-
work,'?177-20 our results suggest a critical role for local interneu-
rons in regulating pattern separation and sparse firing. These
conclusions are further validated by the strong dependency of
pattern separation on local synaptic weights. Specifically, we
showed that a majority of randomly connected networks were
invalid (Figures 4-5) and deletion of interneurons (Figure 6) or
synaptic jitter (Figure 7) degraded pattern separation perfor-
mance of the networks.

Second, within the pattern-separating networks, we found
pronounced network-to-network variability in firing rates and
sparsity of interneuron populations, in local synaptic weights,
and in how different interneuron populations contributed to
pattern separation and sparsity (Figures 4-5). This is consistent
with the manifestation of degeneracy, where different neural cir-
cuits performing the same function (through different combi-
nations of subsystems) show differential dependencies on indi-
vidual subsystems.>*¢72 More importantly, the complex sys-
tem framework and network-to-network variability provide per-
fect substrates for explaining discrepancies in the literature
on interneuron contributions. Specifically, the several recurrent
connections between excitatory and inhibitory interneurons in
the DG network have yielded puzzling conclusions about the
role of each neuronal subtype in regulating sparsity and pattern
separation 810-12,14,16-20,36-42 Quy observations show that there
are several non-random synaptic connectivity patterns that can
yield effective pattern separation, with pronounced network-to-
network variability in the roles of interneuron subtypes.

Future studies should approach pattern separation in the
DG network not exclusively from the perspective of one-to-
one relationship between individual components and function.
Instead, the focus must be on the global structure associated
with how different components interact with each other in sev-
eral non-unique, non-random ways to yield pattern separation.
Such analyses should account for the manifestation of network-
to-network variability in dependencies on specific components,
ensuring that the heterogeneities across networks are respected
and all networks are not lumped into one homogeneous popu-
lation. It is equally important to account for heterogeneities in
the proportions of neuronal subtypes in different parts of the
dentate gyrus.®

Our conclusions on degeneracy, complexity, and network-
to-network variability were possible only because we used a
population-of-networks approach to study the DG network. The
choice of one hand-tuned model offers a single solution that
is biased by the parameters that were chosen for that net-
work. Such biases have been demonstrated to reflect in how
the network responds when challenged with perturbations such
as deleting a component.”!>4:69.71,72,88-94 Together, our anal-
yses strongly advocate the use of a population-of-networks
approach, involving networks with different heterogeneities,

in assessing pattern separation in DG networks. The complex
systems framework and the population-of-networks approach
together offer an ideal route to account for the several DG circuit
components and heterogeneities therein, toward implementing
robust pattern separation through flexible mechanistic routes.

Heterogeneities, Metrics for Circuit Performance, and
Robustness to Perturbations

Biological systems are characterized by their robust execution of
function despite the expression of perturbations. There are lines
of evidence that the manifestation of heterogeneities could offer
a biological mechanism to yield robustness in certain types of
networks.>*66-72.74 Qur analyses also demonstrate that DG net-
works endowed with intra-subtype heterogeneities were more
robust to the synaptic weight perturbations compared to their
homogeneous counterparts (Figure 7). However, our analyses
also highlight the need for the use of different metrics in assess-
ing circuit function. Specifically, our analyses demonstrated that
pattern separation performance computed from correlations of
average firing rates (rz) showed progressive degradation with
increasing level of jitter in synaptic weights, but not with addi-
tive noise. These analyses also indicated that heterogeneous
networks were more resilient to synaptic jitter compared to their
homogeneous counterparts (Figure 7).

In striking contrast, when we computed pattern separa-
tion performance through correlations across spike trains (Rg)
instead of average firing rates, pattern separation performance
did not manifest large differences and there were no differ-
ences between heterogeneous and homogeneous networks as
well (Supplementary Figure S13). Specifically, r4 and Ry could
be considered to be different in terms of smoothing time win-
dows and the specific representation (scalar vs. vector) of fir-
ing associated with each neuron. The metric rz uses a larger
time window in computing the average firing rate across the
entire time duration. This yields a single scalar (firing rate) that
represents single-neuron firing, and thus does not account for
temporal pattern of the spikes. On the other hand, in com-
puting Rs (Supplementary Figure S3), we used a low-variance,
smaller timescale Gaussian kernel to smooth the spike trains.
This results in a vector along the time axis as the representation
of firing activity in each neuron, thereby allowing retention of
temporal information of where the spikes specifically occurred.
Thus, the temporal pattern of spikes also plays a role in deter-
mining Ry. Together, our analyses provide lines of evidence that
the additional information carried by the temporal pattern of
spikes might offer efficacious pattern separation despite per-
turbations.® ¢ In this context, it is important to note that the
specific value of R would be influenced by the variance of the
Gaussian kernel used to compute instantaneous firing rates?®,
together allowing a continuum of correlation metrics that spans
both Ry (small timescale) and rs (large timescale spanning the
entire window). These observations also emphasize the need to
use multiple metrics to assess network performance, to avoid
biases associated with the use of a single metric in evaluating
circuit function.

Future Directions Within the Complex Adaptive
Systems Framework

The complex adaptive systems perspective for the emergence
of circuit function provides a unified framework to understand
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heterogeneities and how they contribute to collective func-
tion of the network and robustness therein. As our analyses
showed, the focus here must be on how different forms of het-
erogeneities (eg, in neuronal intrinsic properties, local synap-
tic connectivity, sparsity of afferent connectivity, and neuronal
morphology) interact with each other toward achieving collec-
tive function and resilience therein. Context-dependent multi-
component plasticity during behavioral learning provides the
means to align different forms of heterogeneities toward yield-
ing robust function.>>’7-%7-101 Such multi-component plasticity
and its specificity to behavioral contexts could be mediated by
temporally aligned adult neurogenesis, which offers a hyper-
plastic substrate to regulate sparsity of representation by imple-
menting plasticity heterogeneity.®-12:26:28-35.54 Structured multi-
component plasticity driven by behavioral context, with adult
neurogenesis as the substrate, offers a flexible set of adaptive
mechanisms that recruit different circuit components to yield
one of several robust solutions for sparse firing and pattern sep-
aration in DG circuits.?6,>*77,81,82

Thus, the complex adaptive systems framework unifies
disparate lines of research on the dentate gyrus on differ-
ent forms of plasticity, adult neurogenesis, engram forma-
tion, and resource allocation toward selection of specific com-
binations of heterogeneities that yield robust circuit func-
tion.912:26,28,30,31,33,34,44,77,81,100,102-105 [mportantly, findings on
representational drift in network representations for the same
behavioral context!%-1% could be effectively fit within the
complex adaptive systems framework, as representational
drift simply implies that the complex network is traversing
across different degenerate solutions that retain functional
precision.

Future computational models could focus on adaptive emer-
gence of effective pattern separating networks through multi-
component plasticity in random networks that are endowed
with different cell types, plasticity in neuronal properties and
connectivity, and hyperplasticity in a subset of adult-born neu-
rons. In pattern separating networks arrived through such an
adaptive learning process, the manifestation of specific net-
work motifs!’® that resemble connectivity in the DG micro-
circuit could be assessed. The specific roles of intrinsic and
synaptic plasticity (across different cell types) in the emer-
gence of pattern separating networks and underlying motifs
could then be assessed within the complex adaptive systems
framework. Heterogeneities across different neuronal popula-
tions and their connectivity, the contributions of temporally-
aligned adult neurogenesis in encoding specific contexts, repre-
sentational drift, and network-to-network variability in the role
of different interneurons could be easily explained within this
framework.

Experimentally, it is important that studies that assess pat-
tern separation systematically account for the different forms of
heterogeneities that the DG is endowed with as well as animal-
to-animal variability in different components that contribute to
pattern separation. Importantly, analyses of neurological dis-
orders affecting hippocampal function should consider differ-
ent routes to dysfunction, including possibilities where unstruc-
tured changes to heterogeneities could result in loss of collec-
tive functions under pathological conditions.”*77:111 Together,
the complex adaptive systems framework offers a unified frame-
work for tying together the disparate lines of research on the
heterogeneous dentate gyrus network and could be effectively
harnessed for studying its multifarious functions under both
health and disease conditions.
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Materials and Methods

Neural circuits are heterogeneous. Heterogeneities span struc-
tural characteristics, intrinsic properties, local synaptic con-
nectivity, and afferent connectivity onto individual neurons in
the network. A fundamental question in neuroscience is to
understand the origins, the prevalence, and the implications
of these heterogeneities to neural circuit physiology. Although
the pronounced manifestation of heterogeneities in different
cellular-scale properties is well-characterized in the dentate
gyrus (DG), the implications for these heterogeneities to its
circuit-scale function have not been thoroughly assessed. Our
goal here was to study the implications of different neural het-
erogeneities on pattern separation in the hippocampal dentate
gyrus network. In addressing this, we took a population-of-
models approach that involved a multi-scale cascade of unbi-
ased stochastic searches. Specifically, 4 independent stochastic
searches were first used to find physiologically validated hetero-
geneous cellular-scale models of 4 different neuronal subtypes.
A second level of unbiased stochastic search was performed to
identify networks composed of these validated neuronal mod-
els that were structurally constrained by the DG architecture and
functionally validated for their ability to perform pattern separa-
tion. We used the population of networks that emerged from the
second search to assess heterogeneities and degeneracy in these
networks toward the emergence of pattern separation capabili-
ties.

Subtype-Specific Single-Neuron Models

We first ensured that the constituent single-neuron model pop-
ulations functionally matched the DG neuronal subtypes and
their specific heterogeneities. The DG network was constructed
with 4 neuronal subtypes: the principal granule cells and 3 dif-
ferent interneuron subtypes, namely basket cells, mossy cells,
and HIPP cells. Irrespective of neuronal subtype, we modeled
individual cells using the adaptive exponential integrate-and-
fire (aEIF) spiking neuronal model'*? given their ability to match
different physiological characteristics and the low computa-
tional complexity. The choice of the aEIF model for implement-
ing all subtypes allowed for exploration of intra- and inter-
subtypes heterogeneities within the same parametric and mea-
surement spaces.

The membrane potential dynamics of aEIF neurons was
defined by the following system of ordinary differential equa-
tions'2:

de Vin — Vth
CMT = g1 (E1 — Vin) + g1 AT €Xp (7AT ) + Z Isyn —w, (1)

where V,, represented the membrane potential (in mV), ¢, and g
defined the membrane capacitance (in ¢F) and the leak conduc-
tance (in mS), respectively. E; was the reversal potential for the
leak conductance (in mV), At was the slope factor (in mV), Vi
was the threshold (in mV), I, was the synaptic current (in nA).
The dynamics of the adaptation parameter w in eqn (1) evolved
as

dw

E:a(Vm—Vm)—w, 2

Tw

where 1, defined the time constant association with w and «
was the adaptive coupling parameter. We used surface area (A)
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as representation for the structural properties of the neurons,
which was used to compute ¢, and g; in eqn (1) as follows:

en=Cmx A ®3)
A
g=75" )

where C,, and R,, represented tyﬂe specific membrane capac-
itance (in uF/cm?) and specific membrane resistance (in k-
cm?), respectively.

As the dynamics evolved for different synaptic inputs, the
neuron was considered to have elicited an action potential every
time the value of Vi, [computed from eqn (1)] crossed the thresh-
old voltage Vy,. The occurrence of a spike also triggered updates
in the values of V;,, and w as follows:

Att= tspike (Vm > Vth) (5)

Reset: V — Vypget;w — w+Db

where b defined the spike-triggered adaptation parameter and
Vreset denoted the voltage to which V,, was reset after a spike.
A refractory period of 5 ms was imposed following every spike,
during which no further spiking was allowed.

The default values of the 10 parameters that defined models
for each of the 4 cell types are listed in Supplementary Tables S1-
S4.

Intrinsic Electrophysiological Properties of the 4
Neuronal Subtypes

We validated models for each neuronal subtype against 6 elec-
trophysiological measurements: membrane time constant (),
sag ratio (Sag), input resistance (R;y), spike frequency adapta-
tion (SF A), and action potential firing frequencies for 50 pA and
150 pA pulse current injections (fso and fiso, respectively). All
measurements were obtained after an initial delay period of
500 ms, during which the transient membrane dynamics of the
model stabilized to its resting potential. These measurements
were computed using established protocols for computing each
of them?326,113-115 and are elaborated below.

The membrane time constant (r,) was estimated by fitting
a single exponential to the membrane potential response to a
20-pA pulse current injected into the neuron for 1500 ms:

Vim = Vo (17exp (7TL)) + Vo, (6)

m

where V,, denoted the steady-state voltage response and V, rep-
resented the resting potential at which the pulse current was
injected.

Sag ratio was measured as the ratio of the steady-state
voltage deflection (Vss) to the peak voltage deflection (Vpeak)
obtained in response to —50 pA current pulse for one second.
Input resistance (Rin) was calculated by injecting a family of nine
1-s-long pulse currents with amplitudes ranging from —40 pA to
40 pA in steps of 10 pA. Steady-state voltage deflections were
calculated for each pulse current injection. Ri, was then com-
puted as the slope of the steady-state voltage deflection vs. cur-
rent injected plot for all 9 pulse current amplitudes. As HIPP cells
elicit action potentials for current amplitudes above 20 pA, we
used step currents ranging from —20 pA to 20 pA in steps of 5 pA
for Ri, computation in HIPP cells. Firing frequencies ( fsp and fiso)
were computed as the number of spikes elicited by the neuron
upon injection of 50 pA and 150 pA pulse currents, respectively,
for 1 s duration each. Spike frequency adaptation (SFA) was mea-
sured as the ratio of the first inter-spike interval to the last inter-
spike interval for a pulse current of 150 pA amplitude injected

for 1 s. The electrophysiological ranges for all 6 measurements
derived from previous electrophysiological studies??26:113-115 gre
listed in Supplementary Table S5.

Generation of Heterogeneous Populations of
Functionally Validated Models for the 4 Neuronal
Subtypes

We needed physiologically validated heterogeneous neurons of
all 4 neuronal subtypes to construct the DG network. We used 4
independent implementations of MPMOSS algorithm (Figure 1A)
to generate heterogeneous model populations of all 4 neuronal
subtypes. The MPMOSS algorithm has been widely used to study
the emergence of signature physiological characteristics in neu-
rons and their networks through disparate combinations of dif-
ferent parameters,*¥-3116 including in DG neurons with differ-
ent model complexities.?-34:>4-56 We chose an unbiased random
search approach covering a large swath of the parametric space,
rather than confining search spaces to constrictive subspaces,
to allow for model heterogeneities to potentially span the entire
parametric space.

In implementing MPMOSS, we first generated one valid
model for each neuronal subtype by hand-tuning the parame-
ters such that all 6 measurements were in their respective valid
range (Supplementary Table S5). These models then served as
the substrate for performing the stochastic search where we
specified upper and lower bounds for each parameter around the
parameters of the default network (Supplementary Tables S1-
S4). To ensure that the search remained unbiased to any spe-
cific distribution, these bounds were used to define uniform dis-
tributions for each parameter for each neuronal subtype. Each
parameter was randomly sampled several times (N = 100 000 for
granule cells, 60000 for basket cells, 10000 for mossy cells, and
20000 for HIPP cells) from its respective distribution, together
creating several multi-parametric random models of each neu-
ronal subtype (Figure 1A).

All 6 electrophysiological measurements were computed for
each of these random models and were independently vali-
dated against the electrophysiological measurement ranges of
the respective neuronal subtype (Supplementary Table S5). A
model was declared valid only if all measurements were within
their respective physiological ranges; otherwise, the model was
considered invalid. This validation process, applied to every gen-
erated model across the 4 neuronal subtypes, yielded a subset
of models that were valid (N,q;4) for each neuronal subtype.
The heterogeneities within and across valid models of different
neuronal subtypes, in the 9-dimensional parametric space and
the 6-dimensional measurement space, were visualized using
principal component analysis. In addition, statistical analyses
involving the histogram of individual parameters and pairwise
correlations between valid model parameters/measurements
were performed for each of the 4 neuronal subtypes to assess
heterogeneities.

Dentate Gyrus Network Model Endowed With
Within-Subtype Heterogeneities

Valid models of the 4 neuronal subtypes were then used to
construct the heterogeneous DG network with non-repeating
units. We built a network made of 3600 granule cells, 500 bas-
ket cells, 180 mossy cells, and 50 HIPP cells (Figure 1D). The rel-
ative proportions of each cell type were informed by previous
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studies.?6:3,:447 The primary afferent input to the DG is the per-
forant pathway (PP), which we modeled using 700 independent
spike trains, with specific firing rates and spike timing distribu-
tions. Granule cells functioned as the primary output neurons of
the DG, projecting excitatory synapses onto CA3 pyramidal cells.
The connectivity within the DG circuitry (Figure 1D) was
adopted from previous work.” Specifically, HIPP cells, as
GABAergic interneurons, established inhibitory synapses onto
granule cells. Granule cells made excitatory synaptic connec-
tions with mossy cells and basket cells. Mossy cells, which are
glutamatergic interneurons, connected to both granule and bas-
ket cells through excitatory synapses. Basket cells, which are
inhibitory interneurons, established inhibitory connections with
granule cells. The afferent inputs (PP) and all the neuronal sub-
types together formed 8 types of synapses in the model. The spe-
cific connectivity between individual neurons or with afferent
inputs was established randomly, by specifically accounting for
the different connection probabilities (Supplementary Table S6)
derived from an earlier study.® For the default network, the
weights of all connections were hand-tuned toward achieving
effective pattern separation by the DG network (see below).

Modeling Synapses

Given the nature of the individual neuronal subtypes that were
used to construct the network, there were excitatory (gluta-
matergic) and inhibitory (GABAergic) synapses that connected
different neurons in the network. The excitatory synapses
were modeled as synaptic current mediated through colocalized
AMPA and NMDA receptors, which were activated upon spiking
of the respective presynaptic neuron. The inhibitory synapses
were modeled as current mediated through GABA, receptors.
The currents through AMPA and GABA, receptors were modeled
using the following formulation:

Lsyn = Goyn (t) [Vin (t) — Esyn] @)

Gsyn (t) = Gsyn u(t). ®)
where Iy, represented the synaptic current, Egy, denoted the
reversal potential of the receptor (0 mV for AMPA and NMDA
receptors and —90 mV for GABA, receptors), Vi, defined the
membrane potential and gsy,(t) tracked the evolution of receptor
conductance. gsy(t) was computed as a scaler multiple of u(t), a
double exponential waveform to represent the rise and decay of
synaptic currents.

u(t):exp(—rdt )—exp(—r1_t ) )
ecay rise

and Tdecay defined the time constants associated

where ¢,
with the rise and decay of synaptic conductance, respectively.
The values for 7,;,, and Tdecay for the receptors associated with
the different synapses in the network (Supplementary Table S7)
were taken from previous studies.?®%:47:58.59 g defined the
peak conductance of the AMPA and GABA, receptors and will
be referred to as the weight of the connection.

The dependence of the current through NMDA receptor on

postsynaptic membrane voltage was modeled as

Lsyn = Gsyn (8) S(V) [Vin(t) — Esyn] (10)

1
s(V) = ,
=17, [Mg**], exp (=¥ Vi)
where s(V) defined the additional magnesium-dependent mech-
anism of the NMDA receptors. The parameters that defined the

(1)
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sigmoid, n was set at 0.28 mM~!, [Mg**], was 1 mM, and y
was 0.04 mV~!. Synaptic conductance gsy(t) for NMDARs fol-
lowed a similar formulation as in eqns (8)-(9). gsyn of NMDA
receptors was defined as a scaled version of the gsyn of AMPA
receptors (Supplementary Table S7), with a fixed NMDAR:
AMPAR ratio used for scaling.’’

We introduced delays between presynaptic spike and the
onset of the corresponding postsynaptic responses. Differ-
ent values for delays were used for different connections

(Supplementary Table S7), which were taken from previous stud-
jes.23:47,58,59

Modeling Perforant Pathway Inputs

Our model contained 700 PP inputs impinging on the granule
and HIPP cells. We modeled 700 PP inputs as 700 independent
spike trains generated from a Poisson distribution with » = 8 Hz
(Figure 2A) and inter-spike interval drawn from a correspond-
ing exponential distribution (Figure 2B). We generated 2 dis-
tinct input patterns Py and P; by randomly generating 700 spike
trains for each pattern. These 2 patterns formed the extreme
inputs that were fed as inputs to the DG network. We confirmed
the distinctiveness of these two patterns by ensuring that the
input correlation measures computed between the 2 patterns
approached zero. To assess pattern separation capabilities of
the network, we used the morphed input approach where Py
was progressively morphed into P; through several interme-
diate input patterns.?-60.81.82 Specifically, we generated 9 more
intermediate input patterns by progressively morphing P, to Py,
yielding a total of 11 input patterns Py, Po1, Po2, ..., Pog and P,
referred to as P; with g representing the morphing parameter.
With increasing g, patterns progressively became more dissimi-
lar to Pg and more alike P;. For generating pattern Py, g fraction
of the 700 PP inputs were randomly picked from the P; pattern
and remaining (1 — g) fraction of PP inputs were picked from pat-
tern Py. We presented each of these 11 input patterns to the net-
work and obtained the outputs of the granule cells in the net-
work for each input pattern. We quantified pattern separation
by plotting the similarity/dissimilarity among the granule cell
outputs us. the similarity/dissimilarity among the input patterns
that were presented to elicit those outputs. This was repeated for
each of the 11 patterns to cover a range of input similarities. Pat-
tern separation was deemed to be implemented by the network
if the similarity among the network outputs was lower than the
similarity among the network inputs.3#° All patterns were 2 s in
duration. We allowed the network to stabilize for the first 500 ms
and considered the remaining 1500 ms for computing similarity
metrics.

Similarity Metrics

We rigorously tested 6 different metrics, used in previous stud-
ies,?0:81.96,117 {0 identify those that satisfied our 3 criteria: invari-
ance to population size, average firing rate across the popula-
tion, and the specific form of the firing rate distribution of input
patterns. For all the metrics defined below, N denoted the num-
ber of neurons in the population, Fg; represented the normal-
ized firing rate of i™" neuron of the P; pattern. Hamming distance
(HDyg) between Py and Py was computed as

N
HDg =Y |Foi — Fpil. (12)

i=1
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Normalized Euclidean Distance (nEDg) between Py and Py
was computed as

NnE Dy = (13)

Cosine similarity (6s) between Py and P4 was computed as

0p = ﬁ’ (14)
[[Foll I1F5]|
where Fg represented the vector of average firing rate of P4, Fy -
Fg denoted the dot product between F, and Fg, and ||Fg|| defined
the L, norm of vector Fg.
Mutual information (MIg) between Py and P4 was computed
as

Ml (Fo, Fg) = H (Fo) — H (FolFp)

_bfo. fo)
fOZE;O fﬂEZFﬁ p(fo’ fﬂ) 1082 p(fO) P(fﬁ) ) (15)

where F; defined the vector of average firing rate of Py, p(fz) rep-
resented the marginal probability of firing rates in pattern Py,
and p(fo, fs) denoted the joint probability of firing rates in pat-
terns Po and Pg.

The correlation metric between average firing rates (rg)
between Py and Pz was defined as

g = corr (Fo, Fg), (16)

where corr () represented the Pearson correlation, and Fs defined
the vector built of the average firing rate of each neuron in pat-
tern Py.

To compute the correlation metric between instantaneous
firing rates (Rg) between Py and Pg, we first computed the instan-
taneous firing rate of all the neurons when these two patterns
were presented as network inputs. This was accomplished by
convolving the spike train with a Gaussian function with =0
and o = ﬁ, where f was the average firing rate of the spike
train. This resulted in N rows corresponding to the instanta-
neous firing rates of N neurons in each pattern. We then com-
puted pairwise Pearson’s correlations between the instanta-
neous firing rates of all N neurons for each of the two patterns
under considerations, Py and Pz. We computed Ry as the Pear-
son’s correlation between the resulting N x N similarity matri-
ces Cp and Cg, associated respectively with Py and Py.

To compare the dependence of these 6 similar-
ity/dissimilarity metrics on the size of the population, we
generated 3 independent sets of Py and P;. The population size
of the 3 sets of generated inputs were 1000, 2000, and 3000. We
morphed each set of Py—P; pairs to generate 11 patterns for
each set (3x11 patterns) and calculated all 6 metrics for 3 sets
of morphed patterns. To assess the invariance of these metrics
to average firing rates, we repeated a similar process involving
3 sets of Po—P; pairs with average firing rates of 5 Hz, 15 Hz, and
25 Hz. We considered Poisson vs. exponentially distributed firing
frequencies to address the question of whether these metrics
were invariant to the specific form of firing rate distribution. For
each of the 3 factors (population size, average firing rate, and
distribution type), we generated 10 independent sets of patterns
and analyzed whether the mean similarity/dissimilarity varied
across different conditions.

Unbiased Stochastic Search in Synaptic Weights Space
to Identify Heterogeneous Networks Performing
Effective Pattern Separation

We generated one DG network capable of executing pattern sep-
aration by hand-tuning the 8 synaptic weights. However, as hand
tuning yields a single biased network that does not account
for network-to-network variability in synaptic connectivity, we
resorted to searching for DG networks that were effective in per-
forming pattern separation across the synaptic weight space.
We modified the unbiased stochastic search (MPMOSS) strategy
that we had used to identify valid single-neuron models to now
search for valid network models that were effective in perform-
ing pattern separation. The parametric search space was defined
by the 8 synaptic weights between the different cell types,
which were picked randomly from respective uniform distribu-
tions for the underlying conductances (Supplementary Table S8).
We generated 20000 random networks by sampling the synap-
tic weights space and validated them against bounds on mea-
surements that defined effective pattern separation (Figure 4C;
Supplementary Table S9). As our search space was limited to the
synaptic weight space, we used the same unique heterogeneous
combinations of neuron subtypes used in the hand-tuned base
model for all 20000 randomly networks generated. In another
set of simulations, we kept the synaptic weights to be fixed but
randomly re-picked heterogeneous neurons from the respective
populations, with neuronal choices different from our hand-
tuned network (Supplementary Figure S6B). The population-of-
networks approach involving unbiased random search span-
ning multiple parameters and multiple validation measure-
ments allowed us to explore variability across different valid
networks that performed pattern separation.

Assessing the Impact of Individual Interneuron
Subtypes on Pattern Separation in the Population of DG
Networks

To assess the role of the specific interneuron subtypes (ie, bas-
ket cells, mossy cells, and HIPP cells) in pattern separation per-
formance by the heterogeneous DG networks, we systemati-
cally deleted each interneuron population from the network and
computed pattern separation metrics. For deletion of individ-
ual neuronal subtypes, we set the weights of all the synapses
formed onto or by that interneuron subtype to zero. We repeated
this procedure for each of the 3 interneuron subtypes for all
Nyqlig tumber of valid DG networks (total 3 x N,,1;4 networks).
We plotted Syt Vs. Sin spanning all 11 patterns for each of the
3 x Nyglid DG networks, using both the r; and R; metrics. We
computed the different pattern separation measurements for all
these networks and compared these measurements with their
base counterparts where all interneurons were intact.

Assessing Robustness of the Pattern Separation
Performance in the Heterogeneous and Homogeneous
DG Network Population to Synaptic Jitter and Noise

We compared pattern separation performance of heterogeneous
and homogeneous DG networks when perturbations were intro-
duced into the synaptic weights and/or synaptic currents. We
used the Ny,,1;4 number of heterogeneous networks generated
from the stochastic search to generate a population of homo-
geneous networks. We implemented this by replacing the non-
repeating population of neurons in the heterogeneous networks
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by a homogeneous set of base neuron models. In other words,
in the homogeneous network all GCs were identical to each
other and so were each of the 3 different interneuron subtypes
(one per subtype). This gave us 1 homogeneous network corre-
sponding to each of the N,;;;q heterogeneous networks, with
conserved synaptic connectivity between the homogeneous and
heterogeneous counterparts.

We introduced perturbations to the network either as jitter to
the synaptic weights of the network or as additive noise to the
synaptic current or both. For synaptic weight perturbation, we
introduced random jitter to each synaptic weight, picked from
a Gaussian distribution with mean zero and standard deviation
o. We introduced 3 levels of jitter: low (¢ = 1), medium (¢ = 3),
and high (¢ = 5). We introduced additive zero-mean Gaussian
noise to the synaptic current with 3 levels: low (o = 1), medium
(0 = 3),and high (¢ = 5). When both jitter and noise were present
together, we perturbed both the synaptic weight and added
additive Gaussian noise, with the same 3 levels of perturbations.
We computed the different pattern separation metrics using
both the rs and Ry metrics for all Nj,,1;4 heterogeneous networks
and their homogeneous counterparts to compare pattern sep-
aration performance between homogeneous vs. heterogeneous
networks.

Computational Details

All simulations and analyses were performed within the MAT-
LAB programming environment (Mathworks Inc.) with custom
written codes. The integration time step (At) was fixed at 0.1 ms
for all the simulations. All statistical analyses were performed
using R.18

Acknowledgments

The authors thank Dr Poonam Mishra and members of the cel-
lular neurophysiology laboratory for helpful discussions and for
comments on a draft of this manuscript.

Author Contributions

Sarang Saini (Conceptualization, Data curation, Formal Analy-
sis, Investigation, Methodology, Resources, Software, Validation,
Visualization, Writing - original draft, Writing - review & edit-
ing), Rishikesh Narayanan (Conceptualization, Project adminis-
tration, Supervision, Writing — original draft, Writing - review &
editing).

Supplementary Material

Supplementary material is available at the APS Function online.

Funding

This work was supported by the Wellcome Trust-DBT India
Alliance (Senior fellowship to R.N.; IA/S/16/2/502727) and the
Ministry of education (R.N. and S.S.).

Conflict of Interest Statement

The authors declare that they have no competing interests.

Saini and Narayanan | 19

Data Availability

The data underlying this article are available in the article and
in its online supplementary material. The original source code
used for the simulations reported in this article are publicly
available at https://doi.org/10.5281/zenodo.16757590.

References

1. Albus JS. A theory of cerebellar function. Math Biosci
1971;10(1-2):25-61.

2. Marr D. Simple memory: a theory for archicortex. Phil Trans
R Soc Lond B 1971;262(841):23-81.

3. Leutgeb JK, Leutgeb S, Moser MB, Moser EI. Pattern sepa-
ration in the dentate gyrus and CA3 of the hippocampus.
Science 2007;315(5814):961-966.

4.  Bakker A, Kirwan CB, Miller M, Stark CE. Pattern separation
in the human hippocampal CA3 and dentate gyrus. Science
2008;319(5870):1640-1642.

5. McHugh TJ, Jones MW, Quinn JJ, et al. Dentate gyrus NMDA
receptors mediate rapid pattern separation in the hip-
pocampal network. Science 2007;317(5834):94-99.

6.  Knierim JJ, Neunuebel JP. Tracking the flow of hippocampal
computation: pattern separation, pattern completion, and
attractor dynamics. Neurobiol Learn Mem 2016;129:38-49.

7. Anacker C, Hen R. Adult hippocampal neurogenesis and
cognitive flexibility—linking memory and mood. Nat Rev
Neurosci 2017;18(6):335-346.

8.  Scharfman HE. Towards an understanding of the dentate
gyrus hilus. Hippocampus 2025;35(1):e23677.

9. Aimone]B, LiY, Lee SW, Clemenson GD, Deng W, Gage FH.
Regulation and function of adult neurogenesis: from genes
to cognition. Physiol Rev 2014;94(4):991-1026.

10. Borzello M, Ramirez S, Treves A, et al. Assessments of den-
tate gyrus function: discoveries and debates. Nat Rev Neu-
rosci 2023;24(8):502-517.

11. Cayco-Gajic NA, Silver RA. Re-evaluating circuit
mechanisms underlying pattern separation. Neuron
2019;101(4):584-602.

12. Dieni CV, Nietz AK, Panichi R, Wadiche ]I, Overstreet-
Wadiche L. Distinct determinants of sparse activation dur-
ing granule cell maturation. J Neurosci 2013;33(49):19131-
19142.

13. Diamantaki M, Frey M, Berens P, Preston-Ferrer P, Burga-
lossi A. Sparse activity of identified dentate granule cells
during spatial exploration. eLife 2016;5:e20252. https://doi.
org/10.7554/eLife.20252.

14. GoodSmith D, Chen X, Wang C, et al. Spatial representa-
tions of granule cells and mossy cells of the dentate gyrus.
Neuron 2017;93(3):677-690.e5.

15. Senzai Y, Buzsaki G. Physiological properties and behav-
ioral correlates of hippocampal granule cells and mossy
cells. Neuron 2017;93(3):691-704.e5.

16. Danielson NB, Turi GF, Ladow M, et al. In vivo imaging
of dentate gyrus mossy cells in behaving mice. Neuron
2017;93(3):552-559.e4.

17. Elgueta C, Bartos M. Dendritic inhibition differentially
regulates excitability of dentate gyrus parvalbumin-
expressing interneurons and granule cells. Nat Commun
2019;10(1):5561.

18. Stefanelli T, Bertollini C, Luscher C, Muller D, Mendez P.
Hippocampal somatostatin interneurons control the size
of neuronal memory ensembles. Neuron 2016;89(5):1074—
1085.

G20z Jequiadas 9} uo 1sanb Aq $8802Z8/SE0¥ebZ/G/9/a101E/UONOUNYWOD N0 DlWapEedE//:SdRY WoJ) papeojumoq


https://academic.oup.com/function/article-lookup/doi/10.1093/function/zqaf035#supplementary-data
https://doi.org/10.7554/eLife.20252

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

20 | FUNCTION, 2025, Vol. 6, No. 5

Hainmueller T, Bartos M. Parallel emergence of stable and
dynamic memory engrams in the hippocampus. Nature
2018;558(7709):292-296.

Hainmueller T, Cazala A, Huang LW, Bartos M. Subfield-
specific interneuron circuits govern the hippocam-
pal response to novelty in male mice. Nat Commun
2024;15(1):714.

Mott DD, Turner DA, Okazaki MM, Lewis DV. Interneurons
of the dentate-hilus border of the rat dentate gyrus: mor-
phological and electrophysiological heterogeneity. J. Neu-
rosci. 1997;17(11):3990-4005.

Sik A, Penttonen M, Buzsaki G. Interneurons in the hip-
pocampal dentate gyrus: an in vivo intracellular study. Eur
J Neurosci 1997;9(3):573-588.

Bartos M, Vida I, Frotscher M, Geiger JR, Jonas P.
Rapid signaling at inhibitory synapses in a den-
tate gyrus interneuron network. J Neurosci 2001;21(8):
2687-2698.

Houser CR. Interneurons of the dentate gyrus: an overview
of cell types, terminal fields and neurochemical identity.
Prog Brain Res 2007;163:217-232.

Amaral DG, Scharfman HE, Lavenex P. The dentate
gyrus: fundamental neuroanatomical organization
(dentate gyrus for dummies). Prog Brain Res 2007;163:
3-22.

Mishra P, Narayanan R. Disparate forms of heterogeneities
and interactions among them drive channel decorrela-
tion in the dentate gyrus: degeneracy and dominance. Hip-
pocampus 2019;29(4):378-403.

Mishra P, Narayanan R. Heterogeneities in intrinsic
excitability and frequency-dependent response properties
of granule cells across the blades of the rat dentate gyrus.
J Neurophysiol 2020;123(2):755-772.

Huckleberry KA, Shansky RM. The unique plasticity of hip-
pocampal adult-born neurons: contributing to a heteroge-
neous dentate. Hippocampus 2021;31(6):543-556.

Abrous DN, Wojtowicz JM. Interaction between neuroge-
nesis and hippocampal memory system: new vistas. Cold
Spring Harb Perspect Biol 2015;7(6):a018952.

Schmidt-Hieber C, Jonas P, Bischofberger J. Enhanced
synaptic plasticity in newly generated granule cells of the
adult hippocampus. Nature 2004;429(6988):184-187.

Ge S, Yang CH, Hsu KS, Ming GL, Song H. A critical period for
enhanced synaptic plasticity in newly generated neurons
of the adult brain. Neuron 2007;54(4):559-566.

Li L, Sultan S, Heigele S, Schmidt-Salzmann C, Toni
N, Bischofberger J. Silent synapses generate sparse and
orthogonal action potential firing in adult-born hippocam-
pal granule cells. eLife 2017;6:€23612. https://doi.org/10.755
4/elife.23612.

Lodge M, Bischofberger J. Synaptic properties of newly gen-
erated granule cells support sparse coding in the adult hip-
pocampus. Behav Brain Res 2019;372:112036.

Shridhar S, Mishra P, Narayanan R. Dominant role of adult
neurogenesis-induced structural heterogeneities in driv-
ing plasticity heterogeneity in dentate gyrus granule cells.
Hippocampus 2022;32(7):488-516.

Denoth-Lippuner A, Jessberger S. Formation and integra-
tion of new neurons in the adult hippocampus. Nat Rev
Neurosci 2021;22(4):223-236.

Jinde S, Zsiros V, Jiang Z, et al. Hilar mossy cell degenera-
tion causes transient dentate granule cell hyperexcitability
and impaired pattern separation. Neuron 2012;76(6):1189-
1200.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

Chavlis S, Petrantonakis PC, Poirazi P. Dendrites of dentate
gyrus granule cells contribute to pattern separation by con-
trolling sparsity. Hippocampus 2017;27(1):89-110.
GoodSmith D, Kim SH, Puliyadi V, et al. Flexible encoding of
objects and space in single cells of the dentate gyrus. Curr
Biol 2022;32(5):1088-1101.€5.

GoodSmith D, Lee H, Neunuebel JP, Song H, Knierim JJ. Den-
tate gyrus mossy cells share a role in pattern separation
with dentate granule cells and proximal CA3 pyramidal
cells. ] Neurosci 2019;39(48):9570-9584.

Sun X, Bernstein MJ, Meng M, et al. Functionally dis-
tinct neuronal ensembles within the memory engram. Cell
2020;181(2):410-423.¢17.

Yen TY, Huang X, MacLaren DAA, Schlesiger MI, Monyer
H, Lien CC. Inhibitory projections connecting the dentate
gyriin the two hemispheres support spatial and contextual
memory. Cell Rep 2022;39(7):110831.

Guzman S]J, Schlogl A, Espinoza C, Zhang X, Suter BA, Jonas
P. How connectivity rules and synaptic properties shape
the efficacy of pattern separation in the entorhinal cortex-
dentate gyrus-CA3 network. Nat Comput Sci 2021;1(12):830-
842.

Cayco-Gajic NA, Clopath C, Silver RA. Sparse synaptic con-
nectivity is required for decorrelation and pattern separa-
tion in feedforward networks. Nat Commun 2017;8(1):1116.
Josselyn SA, Tonegawa S. Memory engrams: recall-
ing the past and imagining the future. Science
2020;367(6473):eaaw4325.

Andersen P, Morris R, Amaral D, Bliss T, O’Keefe J. The hip-
pocampus book. New York, USA: Oxford University Press;
2006.

Scharfman HE. The enigmatic mossy cell of the dentate
gyrus. Nat Rev Neurosci 2016;17(9):562-575.

Myers CE, Scharfman HE. A role for hilar cells in pattern
separation in the dentate gyrus: a computational approach.
Hippocampus 2009;19(4):321-337.

Prinz AA, Billimoria CP, Marder E. Alternative to hand-
tuning conductance-based models: construction and anal-
ysis of databases of model neurons. ] Neurophysiol
2003;90(6):3998-4015.

Rathour RK, Narayanan R. Inactivating ion channels
augment robustness of subthreshold intrinsic response
dynamics to parametric variability in hippocampal model
neurons. J Physiol 2012;590(22):5629-5652.

Taylor AL, Goaillard JM, Marder E. How multiple con-
ductances determine electrophysiological properties
in a multicompartment model. J Neurosci 2009;29(17):
5573-5586.

Rathour RK, Narayanan R. Homeostasis of functional maps
in active dendrites emerges in the absence of individual
channelostasis. Proc Natl Acad Sci USA 2014;111(17):E1787-
1796.

Sinha M, Narayanan R. Active dendrites and local field
potentials: biophysical mechanisms and computational
explorations. Neuroscience 2022;489:111-142.

Foster WR, Ungar LH, Schwaber JS. Significance of
conductances in Hodgkin-Huxley models. ] Neurophysiol
1993;70(6):2502-2518.

Mishra P, Narayanan R. Ion-channel regulation of response
decorrelation in a heterogeneous multi-scale model of the
dentate gyrus. Curr Res Neurobiol 2021;2:100007.

Schneider M, Bird AD, Gidon A, Triesch J, Jedlicka P, Cuntz
H. Biological complexity facilitates tuning of the neuronal
parameter space. PLoS Comput Biol 2023;19(7):e1011212.

G20z Jequiadas 9} uo 1sanb Aq $8802Z8/SE0¥ebZ/G/9/a101E/UONOUNYWOD N0 DlWapEedE//:SdRY WoJ) papeojumoq


https://doi.org/10.7554/eLife.23612

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

Kumari S, Narayanan R. Ion-channel degeneracy and het-
erogeneities in the emergence of signature physiological
characteristics of dentate gyrus granule cells. ] Neurophys-
iol 2024;132(3):991-1013.

Mishra P, Narayanan R. Ion-channel degeneracy: mul-
tiple ion channels heterogeneously regulate intrinsic
physiology of rat hippocampal granule cells. Physiol Rep
2021;9(15):14963.

Geiger JR, Libke ], Roth A, Frotscher M, Jonas P. Sub-
millisecond AMPA receptor-mediated signaling at a prin-
cipal neuron-interneuron synapse. Neuron 1997;18(6):
1009-1023.

Larimer P, Strowbridge BW. Nonrandom local circuits in
the dentate gyrus. J. Neurosci. 2008;28(47):12212-12223.
Renno-Costa C, Lisman JE, Verschure PF. The mecha-
nism of rate remapping in the dentate gyrus. Neuron
2010;68(6):1051-1058.

Sahay A, Wilson DA, Hen R. Pattern separation: a common
function for new neurons in hippocampus and olfactory
bulb. Neuron 2011;70(4):582-588.

Yassa MA, Stark CE. Pattern separation in the hippocam-
pus. Trends Neurosci 2011;34(10):515-525.

Jung MW, McNaughton BL. Spatial selectivity of unit
activity in the hippocampal granular layer. Hippocampus
1993;3(2):165-182.

Rolls ET. A computational theory of episodic mem-
ory formation in the hippocampus. Behav Brain Res
2010;215(2):180-196.

Zhang X, Jonas P. Integration of spatial and non-spatial
information by heterogeneous dentate gyrus granule
cells. J Life Sci (Westlake Village) 2020;2(4):19-24. Published
2021/01/08.

Calabrese RL, Marder E. Degenerate neuronal and circuit
mechanisms important for generating rhythmic motor
patterns. Physiol Rev 2025;105(1):95-135.

Marom S, Marder E. A biophysical perspective on the
resilience of neuronal excitability across timescales. Nat.
Rev. Neurosci. 2023;24(10):640-652.

Alonso LM, Rue MCP, Marder E. Gating of homeostatic reg-
ulation of intrinsic excitability produces cryptic long-term
storage of prior perturbations. Proc. Natl. Acad. Sci. U.S.A.
2023;120(26):€2222016120.

Gorur-Shandilya S, Cronin EM, Schneider AC, et al. Map-
ping circuit dynamics during function and dysfunction.
eLife 2022;11:e76579. https://doi.org/10.7554/eLife.76579.
Marder E, Kedia S, Morozova EO. New insights from small
rhythmic circuits. Curr Opin Neurobiol 2022;76:102610.
Ratliff J, Franci A, Marder E, O’'Leary T. Neuronal oscilla-
tor robustness to multiple global perturbations. Biophys J
2021;120(8):1454-1468.

Schapiro K, Marder E. Resilience of circuits to environmen-
tal challenge. Curr Opin Neurobiol 2024;87:102885.

Rathour RK, Narayanan R. Degeneracy in hippocampal
physiology and plasticity. Hippocampus 2019;29(10):980-
1022.

Rich S, Moradi Chameh H, Lefebvre ], Valiante TA. Loss
of neuronal heterogeneity in epileptogenic human tis-
sue impairs network resilience to sudden changes in syn-
chrony. Cell Rep 2022;39(8):110863.

Edelman GM, Gally JA. Degeneracy and complex-
ity in biological systems. Proc. Natl. Acad. Sci. U.S.A.
2001;98(24):13763-13768.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

Saini and Narayanan | 21

Goaillard JM, Marder E. Ion Channel Degeneracy, Variabil-
ity, and Covariation in Neuron and Circuit Resilience. Annu.
Rev. Neurosci. 2021;44(1):335-357.

Mishra P, Narayanan R. Stable continual learning through
structured multiscale plasticity manifolds. Curr Opin Neu-
robiol 2021;70:51-63.

Mittal D, Narayanan R. Network motifs in cellular neuro-
physiology. Trends Neurosci 2024;47(7):506-521.

Seenivasan P, Narayanan R. Efficient information coding
and degeneracy in the nervous system. Curr Opin Neurobiol
2022;76:102620.

Albantakis L, Bernard C, Brenner N, Marder E, Narayanan
R. The brain’s best kept secret is its degenerate structure. J
Neurosci 2024;44(40):e1339242024.

Mishra P. Network Heterogeneities, Intrinsic Plasticity and
Decorrelation in the Dentate Gyrus. Bangalore: Molecular Bio-
physics Unit, Ph.D. thesis, Indian Institute of Science, Ban-
galore; 2019. https://etd.iisc.ac.in/handle/2005/4974.
Mishra P, Narayanan R. Degenerate mechanisms mediate
decorrelation and pattern separation in the dentate gyrus.
Paper presented at: Society for Neuroscience Annual Meeting,
San Diego, USA, 2016.

Watts DJ, Strogatz SH. Collective dynamics of ‘small-world’
networks. Nature 1998;393(6684):440-442.

Adler M, Medzhitov R. Emergence of dynamic prop-
erties in network hypermotifs. Proc Natl Acad Sci USA
2022;119(32):e2204967119.

Barabasi AL, Albert R. Emergence of scaling in random net-
works. Science 1999;286(5439):509-512.

Kim J, Wilhelm T. What is a complex graph? Physica A
2008;387(11):2637-2652.

Alon U. An Introduction to Systems Biology: Design Principles
of Biological Circuits. 2nd ed. Boca Raton, FL: Chapman and
Hall/CRC Press; 2019.

Basak R, Narayanan R. Spatially dispersed synapses yield
sharply-tuned place cell responses through dendritic spike
initiation. J Physiol 2018;596(17):4173-4205.

Basak R, Narayanan R. Robust emergence of sharply tuned
place-cell responses in hippocampal neurons with struc-
tural and biophysical heterogeneities. Brain Struct Funct
2020;225(2):567-590.

Jain A, Narayanan R. Degeneracy in the emergence of spike-
triggered average of hippocampal pyramidal neurons. Sci
Rep 2020;10(1):374.

Mukunda CL, Narayanan R. Degeneracy in the regulation of
short-term plasticity and synaptic filtering by presynaptic
mechanisms. ] Physiol 2017;595(8):2611-2637.

Roy R, Narayanan R. Ion-channel degeneracy and hetero-
geneities in the emergence of complex spike bursts in CA3
pyramidal neurons. J Physiol 2023;601(15):3297-3328.
Srikanth S, Narayanan R. Heterogeneous off-target impact
of ion-channel deletion on intrinsic properties of hip-
pocampal model neurons that self-regulate calcium. Front
Cell Neurosci 2023;17:1241450.

Mittal D, Narayanan R. Heterogeneous stochastic bifur-
cations explain intrinsic oscillatory patterns in entorhi-
nal cortical stellate cells. Proc. Natl. Acad. Sci. U.S.A.
2022;119(52):e2202962119.

Madar AD, Ewell LA, Jones MV. Temporal pattern separa-
tion in hippocampal neurons through multiplexed neural
codes. PLoS Comput Biol 2019;15(4):e1006932.

Bird AD, Cuntz H, Jedlicka P. Robust and consistent mea-
sures of pattern separation based on information theory

G20z Jequiadas 9} uo 1sanb Aq $8802Z8/SE0¥ebZ/G/9/a101E/UONOUNYWOD N0 DlWapEedE//:SdRY WoJ) papeojumoq


https://doi.org/10.7554/eLife.76579
https://etd.iisc.ac.in/handle/2005/4974

22 | FUNCTION, 2025, Vol. 6, No. 5

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

and demonstrated in the dentate gyrus. PLoS Comput Biol
2024;20(2):e1010706.

Bliss TV, Gardner-Medwin AR. Long-lasting potentiation
of synaptic transmission in the dentate area of the
unanaestetized rabbit following stimulation of the per-
forant path. J Physiol 1973;232(2):357-374.

Bliss TV, Lomo T. Long-lasting potentiation of synaptic
transmission in the dentate area of the anaesthetized rab-
bit following stimulation of the perforant path. J Physiol
1973;232(2):331-356.

Lopez-Rojas ], Heine M, Kreutz MR. Plasticity of intrinsic
excitability in mature granule cells of the dentate gyrus.
Sci Rep 2016;6(1):21615.

Mishra P, Narayanan R. Conjunctive changes in multiple
ion channels mediate activity-dependent intrinsic plastic-
ity in hippocampal granule cells. iScience 2022;25(3):103922.
Luna VM, Anacker C, Burghardt NS, et al. Adult-born
hippocampal neurons bidirectionally modulate entorhinal
inputs into the dentate gyrus. Science 2019;364(6440):578-
583.

Lau JMH, Rashid AJ, Jacob AD, Frankland PW, Schacter DL,
Josselyn SA. The role of neuronal excitability, allocation
to an engram and memory linking in the behavioral gen-
eration of a false memory in mice. Neurobiol Learn Mem
2020;174:107284.

Park S, Kramer EE, Mercaldo V, et al. Neuronal allo-
cation to a hippocampal engram. Neuropsychopharmacol
2016;41(13):2987-2993.

Yiu AP, Mercaldo V, Yan C, et al. Neurons are recruited
to a memory trace based on relative neuronal excitability
immediately before training. Neuron 2014;83(3):722-735.
Pignatelli M, Ryan TJ, Roy DS, et al. Engram cell excitability
state determines the efficacy of memory retrieval. Neuron
2019;101(2):274-284.e5.

Driscoll LN, Duncker L, Harvey CD. Representational drift:
emerging theories for continual learning and experimental
future directions. Curr Opin Neurobiol 2022;76 102609.

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

Keinath AT, Mosser CA, Brandon MP. The representation of
context in mouse hippocampus is preserved despite neural
drift. Nat Commun 2022;13(1):2415.

Snoo MLD, Miller AMP, Ramsaran Al, Josselyn SA, Frank-
land PW. Exercise accelerates place cell representational
drift. Curr Biol 2023;33(3):R96-R97.

Ziv Y, Burns LD, Cocker ED, et al. Long-term dynamics of
CA1 hippocampal place codes. Nat Neurosci 2013;16(3):264—
266.

Luo L. Architectures
2021;373(6559):eabg7285.
Stober TM, Batulin D, Triesch J, Narayanan R, Jedlicka P.
Degeneracy in epilepsy: multiple routes to hyperexcitable
brain circuits and their repair. Commun Biol 2023;6(1):479.

of neuronal circuits. Science

Brette R, Gerstner W. Adaptive exponential
integrate-and-fire model as an effective descrip-
tion of neuronal activity. ] Neurophysiol 2005;94(5):

3637-3642.

Krueppel R, Remy S, Beck H. Dendritic integration in hip-
pocampal dentate granule cells. Neuron 2011;71(3):512-528.
Liibke J, Frotscher M, Spruston N. Specialized electrophys-
iological properties of anatomically identified neurons in
the hilar region of the rat fascia dentata. J Neurophysiol
1998;79(3):1518-1534.

Ratzliff AH, Santhakumar V, Howard A, Soltesz I. Mossy
cells in epilepsy: rigor mortis or vigor mortis? Trends Neu-

rosci 2002;25(3):140-144.
Marder E, Taylor AL. Multiple models to capture the vari-

ability in biological neurons and networks. Nat Neurosci
2011;14(2):133-138.
Wang H, Singh S, Trappenberg T, Nunes A. An information-

geometric formulation of pattern separation and
evaluation of existing indices. Entropy 2024;26(9):
737.

R Core Team. R: A language and environment for statis-
tical computing. R Foundation for Statistical Computing;
Vienna, Austria; 2013. http://www.R-project.org.

Submitted: 12 May 2025; Revised: 22 July 2025; Accepted: 25 July 2025
© The Author(s) 2025. Published by Oxford University Press on behalf of American Physiological Society. This is an Open Access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

G20z Jequiadas 9} uo 1sanb Aq $8802Z8/SE0¥ebZ/G/9/a101E/UONOUNYWOD N0 DlWapEedE//:SdRY WoJ) papeojumoq


http://www.R-project.org
https://creativecommons.org/licenses/by/4.0/

	Introduction
	Results
	Discussion
	Materials and Methods
	Acknowledgments
	Author Contributions
	Supplementary Material
	Funding
	Conflict of Interest Statement
	Data Availability
	References

