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Computational research tools have reached a level of maturity that enables efficient simulation of
neural activity across diverse scales. Concurrently, experimental neuroscience is experiencing an
unprecedented scale of data generation. Despite these advancements, our understanding of the
precise mechanistic relationship between neural recordings and key aspects of neural activity remains
insufficient, including which specific features of electrophysiological population dynamics (i.e.,
putative biomarkers) best reflect properties of the underlying microcircuit configuration. We present
ncpi, an open-source Python toolbox that serves as an all-in-one solution, effectively integrating well-
established methods for both forward and inverse modeling of extracellular signals based on single-
neuron network model simulations. Our tool serves as a benchmarking resource for model-driven
interpretation of electrophysiological data and the evaluation of candidate biomarkers that plausibly
index changes in neural circuit parameters. Using mouse LFP data and human EEG recordings, we
demonstrate the potential of ncpi to uncover imbalances in neural circuit parameters during brain

development and in Alzheimer’s Disease.

In the last few decades, numerous research initiatives have focused on
developing the research infrastructures and computational engines required
for the effective simulation of brain activity at multiple levels, ranging from
individual neuron activity to large-scale brain signals'~. Network models
composed of single neurons, based on leaky integrate-and-fire (LIF) spiking
neurons and multicompartment neurons, have been employed to address
fundamental questions about neural dynamics, cortical oscillations, sensory
processing, working memory, behavior, cortical connectivity, and neuro-
logical diseases”™"“. Moreover, the recent surge in both the quantity and
quality of available data, coupled with rapid advancements in computational
power, has enabled the development of spatially extended data-driven
cortical networks composed of LIF and multicompartment neuron
models”**'. Compared to more abstract, idealized models, the benefits of
using single-neuron models are: (i) a more realistic accounting of the bio-
physics of neurons and their interrelationships in the cortical circuit,
including, for example, their spiking activity and non-linear synaptic
interactions; and (ii) a more precise comparison between model parameters

and experimentally accessible in vivo features, using tools such as electro-
physiology and fluorescent calcium imaging. Single-cell network models
have limitations, including higher computational demands and a potentially
large number of parameters that need to be tuned. Additionally, a key
drawback of LIF neuron models is their representation as a single com-
partment, which prevents them from capturing the spatial distribution of
transmembrane currents necessary for generating extracellular potentials™.
However, progress made in recent years has enabled the accurate approx-
imation of extracellular signals by leveraging variables directly measured
from LIF network simulations™™’. By using an appropriate forward head
model, such as the New York head model®, these network models can
generate realistic representations of large-scale field potentials, such as
electroencephalogram (EEG) and magnetoencephalography (MEG) sig-
nals, paving the way for applying single-cell network models in clinical
settings.

Multicompartment and spiking neural network models have been
applied to explore the links between electrophysiological population
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dynamics and the underlying microscopic biophysics-based understanding
of neuron dynamics'*'*"7*****°, Recently, single-neuron network models
have been utilized to elucidate potential disruptions in cortical circuit
mechanisms that lead to atypical patterns in neuroimaging recordings
measured in patients with neurological disorders™"”. Specifically, these
studies have investigated the causal relationship between specific bio-
markers, such as the aperiodic component of neural power spectrum, often
referred to in the literature as the 1/f slope™, and imbalances of the excita-
tion/inhibition (E/I) ratio in clinical populations. There is a growing body of
evidence indicating that E/I imbalances in a variety of medical conditions
are mirrored by changes in certain neuroimaging biomarkers™"*****,
suggesting that these readouts could serve as indirect indicators of the
underlying neural circuit dysregulation. These markers have also been
correlated with changes in cortical circuit activity associated with brain
development and healthy ageing®™*. Unfortunately, we currently lack
validated noninvasive methods to evaluate the effectiveness of each marker
in measuring the E/I ratio and other circuit parameters™*'. Before these
markers can be reliably used in clinical practice, further efforts are needed to
refine them and thoroughly investigate their potential as indicators of circuit
parameter imbalances.

A critical challenge to achieve this is the absence of standardized
methods and tools for systematically assessing the markers’ effectiveness in
tracking specific attributes of the neural circuit configuration. For example,
previous modeling approaches have primarily focused on the forward
modeling of the brain signal stemming from simulated activity of cortical
circuit models, manually exploring a limited set of parameter combinations
and evaluating their effects on electrophysiological patterns'”***"**. They do
not exploit the enormous potential of machine learning to improve auto-
matic discovery of relationships between model parameters and neural data,
effectively addressing the inverse modeling problem. A successful approach
for integrating mechanistic modeling with machine learning methods is the
use of a machine-learning-assisted simulation framework, also known as
surrogate modeling”*. This methodology has been widely used across
diverse fields, from engineering and environmental sciences to finance and
medicine, to approximate complex, computationally expensive
simulations'”*. The learning model can be trained on simulation data as an
inverse surrogate to infer model parameters from empirical data*’**. Inverse
surrogate models are often built using well-established regression algo-
rithms, e.g,, a multilayer perceptron (MLP) or Ridge regression models,
which provide individual estimates of model parameters. On the other hand,
simulation-based inference (SBI) offers a powerful alternative to traditional
model inversion by leveraging deep neural density estimators to learn a
probabilistic Bayesian mapping between observed data and model para-
meters. Unlike conventional methods, SBI techniques are capable of iden-
tifying the full landscape of parameter distributions that are consistent with
the observed phenomena®™ . This enables a thorough exploration of the
parameter space, capturing intricate and nonlinear relationships between
model parameters. SBI methods are particularly advantageous in inference
scenarios where the likelihood function is analytically intractable or com-
putationally prohibitive, such as in the case of neural mass modeling at
whole-brain level™ ™. Yet, the use of deep learning density estimators in
biophysically detailed single-cell network models is challenging, and tech-
niques for doing so have only recently started to be developed™.

Various approaches from brain research and artificial intelligence have
studied the relationship between features from neural data and cortical
circuit properties, yet key aspects remain unclear. We introduce the neural
circuit parameter inference (ncpi) toolbox, an all-in-one platform integrating
state-of-the-art methods from both disciplines to advance research in
inverse modeling. Our toolbox serves as a model-driven testbench for
evaluating candidate biomarkers in population-level electrophysiological
data, enabling rapid, interpretable, and systematic comparisons of circuit
parameter predictions for individual biomarkers (or a combination of
biomarkers) on a given dataset. To demonstrate the applicability of the ncpi
toolbox, we created a dataset of 2 million simulated samples generated from
a LIF network model and computed local field potentials (LFPs) and EEG

signals from this data. We used the simulation data to analyze the rela-
tionships between key cortical circuit parameters (e.g., E/I ratio) and field
potential features (i.e., candidate biomarkers). We then trained a series of
regression-based inverse surrogate models (i.e., MLP and Ridge), and SBI
models, and assessed the predictive power of these approaches trained on
individual features and their combinations. Finally, we explored ncpi’s
capabilities in revealing mechanistic imbalances in circuit parameters using
real data, employing a bottom-up approach based on LFP and EEG
recordings, starting with mice and extending to humans. We show that our
approach has the potential to: (i) reveal the relationship between local circuit
properties and population-level brain dynamics using field potential
recordings, (ii) be applied across different spatial scales, and (iii) track the
pathological progression and variability of circuit parameters in clinical
populations.

Results

The results are organized as follows: first, we introduce the ncpi software
platform and its features; next, we analyze the characteristics of the simu-
lation data generated for this study and the predictive power of various
learning algorithms and biomarker configurations; finally, we apply our
approach to two distinct experimental datasets and present the resulting
inferences.

Overview of the ncpi toolbox

We begin by describing the developed toolkit and key techniques integrated
in the software platform. Figure 1 shows the structure of ncpi, illustrating the
toolbox’s approach for providing an all-in-one computational framework
that unifies methods for both forward and inverse modeling of population
neural signals (referred to here as field potentials). The Python classes
included in ncpi are designed to encompass the entire workflow for simu-
lating brain models (Simulation), computing extracellular signals (Field-
Potential), extracting features (Features), training inverse surrogate models,
and utilizing them to compute predictions on real data (Inference), and
analyzing results (Analysis). These classes integrate a broad spectrum of
state-of-the-art methods based on established software toolkits, e.g., NEST”,
NEURON™, LFPy”, scikit-learn (sklearn)®” and SBI”, enabling users to
easily derive model-based inferences of circuit parameters with minimal
coding. Additionally, all classes are designed to support parallel computing,
allowing for faster execution by leveraging all available computational
resources, whether natively provided by the software tool (such as NEST) or
integrated into the ncpi toolbox using the pathos framework®.

Briefly, the Simulation class provides methods for constructing a net-
work model of individual neurons, simulating its behavior, and collecting
simulation outputs such as spike times, synaptic currents, or membrane
potentials. As an example, we provide the code to simulate, using NEST, a
two-population network (excitatory, E, and inhibitory, I) of LIF neuron
models (iaf_psc_exp neuron model) recurrently connected with current-
based synapses. The network parameters (e.g., [, the synaptic weight
between presynaptic population E and postsynaptic population I, or N and
N/, the population sizes) correspond to the best fit provided in a recent
modeling study”. Outputs recorded from the cortical circuit model simu-
lation are utilized by methods of the FieldPotential class. Extracellular sig-
nals are derived for LIF network models by convolving population spike
rates with spatiotemporal filter kernels. These kernels are previously
obtained using a hybrid modeling framework’*”” built on NEURON mul-
ticompartment neuron simulations (Fig. 1 and Methods). Alternatively, we
can approximate the extracellular signals by combining variables directly
measured from network simulations through proxies (i.e., estimates of the
signal), such as the average firing rate or the average sum of AMPA and/or
GABA currents. The kernel method can be employed to calculate LFP
signals across different recording sites or to estimate the current dipole
moment (CDM). The CDM defines EEG and MEG signals, both of which
can be calculated using a suitable forward head model, such as the New York
head model”. Although the FieldPotential methods were initially designed
for computing model-based inferences with point-neuron models, they can
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Fig. 1 | Outline of the ncpi toolbox. The diagram shows the Python classes, their
primary methods, and the included software libraries, and provides a representation
of the processing flow. From left to right: simulation of neural activity, computation
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of field potentials, feature extraction, training of regression models, predictions
computed on real data, and analysis and visualization of results. For further infor-
mation, please refer to Methods.

also be used with multicompartment models, leveraging the packages
available from the LFPy workspace™* for computing extracellular poten-
tials from multicompartment neuron networks.

Next, features from field potentials (i.e., putative biomarkers) are
computed using well-established scientific time-series analysis tech-
niques included in the Features class. Two time-series feature
libraries are included: hctsa® and catch22%, which provide a com-
prehensive set of data-driven feature-based representations. These
feature sets have demonstrated success in solving a broad spectrum of
time-series problems across diverse applications in the life sciences,
particularly in neuroscience, e.g., for investigating neurophysiological
signatures related to cortical micro-architecture® or exploring mul-
tiple representations of cortical connectivity”. We have also inte-
grated two additional well-known feature extraction methods shown
to effectively assess changes in the E/I balance: the specparam library
for power spectrum parametrization®, which separates power spectra
into aperiodic and periodic components, and the functional E/I ratio
(fE/D), a fluctuation-based metric that was developed to infer the state
of dynamics concerning the critical point™. Features extracted from

simulated data are incorporated into the Inference class and used for
training inverse surrogate models, accessible through two prominent
machine learning libraries integrated into the toolbox: sklearn and
SBI. By employing the RepeatedKFold method, available in Inference,
the user can evaluate the model’s stability and generalization across
multiple training and testing splits. Once the inverse surrogate model
is trained on simulation data, it can be applied to real-world data to
predict the neural parameters associated with each dataset. Finally,
the Analysis class provides methods for automatically performing
statistical analyses on features and predictions, e.g., using linear
mixed-effects (LME) models, as well as for creating appealing and
informative statistical graphics.

Figure 2 presents a Python code example leveraging all ncpi’s classes,
demonstrating the toolbox’s full potential to create in-silico brain models,
simulate neural activity, extract features, train an inverse model, and make
predictions on real data, all with just a few lines of code. This example
showcases how ncpi can streamline complex workflows, providing an easy-
to-use and intuitive platform for testing hypotheses about the neural origins
of electrophysiological data.
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import ncpi

# Build the LIF network model and simulate %t

sim = ncpi.Simulation(param_folder='params',
python_folder='python',
output_folder='output')

sim.network('network.py', 'network_params.py')

sim.simulate('simulation.py', 'simulation_params.py')

# Compute the spatiotemporal kernel

potential = ncpi.FieldPotential(kernel=True)

H_YX = potential.create_kernel(MC_model_folder,
MC_output_path,
kernelParams,
biophys,
dt,
tstop,
electrodeParameters,
CDM=True)

# Compute the CDMs

probe = 'KernelApproxCurrentDipoleMoment'

kernel = H_YX[f'{X}:{Y}'] [probel [2, :] # z-azis
CDMs = np.convolve(LIF_spike_rates, kernel, 'same')

# Obtawn features from simulation and empirical data
features = ncpi.Features(method='catch22')

sim_df = features.compute_features(CDMs)

emp_df = features.compute_features(emp_data)

# Train the neural network model using 10-fold CV
hyperparams = [{'hidden_layer_sizes': (25,25)},
{'hidden_layer_sizes': (50,50)}]
inference = ncpi.Inference(model='MLPRegressor')
inference.add_simulation_data(sim_df['Features'],
theta) # parameters
inference.train(param_grid=hyperparams,
n_splits=10,
n_repeats=1)

# Predict the cortical circuit parameters
predictions = inference.predict(emp_df['Features'])

# Perform the LMER analysts
analysis = ncpi.Analysis()
analysis.lmer (predictions)

Fig. 2 | Python code snippet illustrating the use of the ncpi library and its classes.
This code snippet makes a few assumptions, such as the presence of ‘network.py’ and
‘simulation.py’ as files for creating and simulating the LIF network model, which are
included in the ncpi library as examples, the availability of simulated firing rates as
LIF_spike_rates, or the preprocessing of empirical data.

Simulation of neural activity and extracellular potentials using a
LIF network model

We next describe the characteristics of the neural dynamics produced by the
network model of spiking neurons used in our study, along with the gen-
eration of extracellular signals and the computation of relevant features. In
brief, the model is a generic current-based cortical network model consisting
of recurrently connected populations of excitatory and inhibitory LIF point
neurons (8192 and 1024 neurons, respectively), driven by external Poisson
processes with fixed rates, as described previously” (see Methods for further
details). In addition to simulating the spiking output, we computed the
CDM by convolving population firing rates (vy) with spatiotemporal ker-
nels obtained using the methods of the FieldPotential class. Here, for the sake
of simplicity, we present changes in the behavior of the network in response
to a varying external input current (Fig. 3). Effects of changes in the external
input are well-documented in the literature and illustrate how the model’s
parameters modulate the output of a recurrent spiking network

model®'*'M*97 " A key property of excitatory-inhibitory recurrent net-
works is that increasing the strength of the external input leads to an increase
in spiking output and enhancement of synchrony (Fig. 3A). This phe-
nomenon is also observed in the CDM: at a low external input level
(]gf:l = 28nA), the network remains in an asynchronous irregular state,
characterized by weak and strongly damped oscillations. In contrast,
increasing the external input leads to more synchronized oscillatory activity.
This increase in synchronized oscillatory activity is clearly reflected in the
power spectrum (Fig. 3B), which shows how increasing external input
values from a low level (J' ;’fz = 28nA), a state predominantly characterized
by 1/f dynamics, lead to an entrainment of gamma oscillations. With an
increase in external input, gamma-band oscillation frequencies are also
elevated.

Next, using the tools provided in the Features class, we extracted fea-
tures from the simulated CDMs by applying the aperiodic 1/f slope and the
catch22 library. We chose these feature sets because we believe that com-
paring these two methods offers a valuable opportunity to contrast a
general-purpose time-series feature extraction library with a specific mar-
ker, the 1/f slope, that has been shown to reliably track circuit parameter
imbalances. Clearly, both the 1/f slope and the three representative features
selected from the catch22 set show marked changes in response to altera-
tions in the external input (Fig. 3C). These initial findings indicate that
alterations in specific network model parameters are strongly mirrored in
the extracellular signal and could potentially be extracted from its readout.
However, extrapolating these findings to more complex contexts, such as the
joint effects of various parameters in the signal, may not be straightforward,
as demonstrated below.

Characterization of features in the simulation dataset

The spiking network model introduced above was used to develop a com-
prehensive training dataset containing two million individual simulation
samples. To create this dataset, we systematically explored key parameters
that define recurrent and external synaptic connectivity (/5> Jgynig> Jgner>
Jynit> Topms Tg“,fl, and J 32‘1), generating simulation data that fully characterize
how the model’s synaptic mechanisms contribute to cortical circuit activity
and, ultimately, the resulting extracellular signals (for more details, refer to
the Methods section). We chose to focus on the synaptic parameters of the
model, maintaining the others unchanged, because of their relevance to
brain development and ageing’*™*’, and their vital role in neurodegenerative
and neurodevelopmental diseases’”*. Once we generated the simulated
spiking activity for the dataset, we calculated the corresponding extracellular
signals and computed features using the 1/f slope method and the catch22
library (Fig. 4).

Distributions of features extracted from the simulation dataset are
presented as a function of the parameters of the spiking network model used
to generate them (Fig. 4). It is important to note that in each plot for a
specific parameter, the other synaptic parameters were permitted to vary
without constraints. This data visualization was intentionally selected to
illustrate the challenge of distinguishing changes in parameters from feature
variations when all parameters simultaneously impact the model’s output
and may lead to similar and/or conflicting shifts in the features. Indeed, the
analysis of features revealed small effect sizes across most features (n’,
ANOVA test). This challenge is exemplified by the pair dfa and 7(J;, which
displays diverse trends based on the interval of 7(j; considered,
complicating the interpretation of the feature-parameter relationship.
In this case, if we consider dfa as the only measured feature, it would
be very difficult to accurately deduce the value of ;. However, other
features like high fluctuation, which provides a clearer and more
distinguishable trend, could help resolve the ambiguities associated
with dfa and offer more accurate estimates of (). Nevertheless,
although some feature-parameter pairs appear to exhibit a clearer
(even quasi-linear) trend, it is evident that, in general, estimating the
different intervals of the parameter distribution based on a single
feature in isolation is challenging when multiple circuit parameters

vary together.
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Fig. 3 | Representative simulations illustrating the dynamics of the LIF network
model in response to different external input values. A Spike raster plots of the
excitatory (E) and inhibitory (I) populations spanning 100 ms of spontaneous
activity (top), spike counts in bins of width At (middle) and current dipole moment
along the z-axis (P,, bottom) for one of the six separate trials that were computed for
this example. B Trial-averaged normalized power spectra of CDMs for the different
values of external synaptic currents. C Features extracted from the CDMs across

trials using the specparam library (1/f slope) and catch22 (dfa, rs range, and high
fluctuation). For illustration, we focus on these three features from the catch22
subset, although we noted that most of the catch22 features exhibited marked trends
in response to variations of the external input. A comprehensive description of the
various catch22 features and their properties can be found in the associated
publication®.

Inverse model predictions using single vs. combined features
Using the dataset of simulated features, we developed inverse surrogate
models to recover circuit parameters. As an initial analysis, our goal was to
assess the performance of inverse models trained on individual features
versus their combinations to determine whether combining features
enhances inference accuracy or if certain features are redundant. To do so,
we trained a range of neural network regression models varying the feature
sets used for training. For each combination, we then compared the pre-
dicted and actual parameter values on a held-out subset (Fig. 5A). The
predicted parameters from multi-feature models, such as catch22 or
catch22 + 1/f slope, showed a linear or quasi-linear trend when compared to
the actual values, with the distributions of predicted values closely matching
the actual ones. Single-feature model predictions, on the other hand,
struggled more to accurately capture actual parameters. However, in most
cases, the predicted vs. actual value distributions for single-feature models
showed a monotonically increasing trend. Inverse models can be used to
compare clinical groups in empirical data or across different experimental
conditions. In such cases, this suggests that single-feature models may have
the potential to correctly track increases or decreases in a parameter, even if
the actual parameter value is not accurately decoded.

The differences between single- and multi-feature models in capturing
the real circuit parameters are reflected in the distributions of absolute errors
(Fig. 5B). Error distributions from multi-feature models tend to cluster more

around lower values than those from single-feature models. To further
investigate the differences in errors across various feature combinations, we
computed the Hellinger distance between the corresponding distributions
(where 0 indicates that the two distributions are identical, and 1 indicates
that they are completely dissimilar). Our first observation is that the distance
between models trained with catch22 and those with catch22 + slope (Dy 1)
is minimal, indicating that including the slope in the catch22 feature set does
not significantly improve predictive accuracy. The distance between all
models trained on a single feature (Dyy,) is slightly larger, though still small,
which may suggest that no single-feature method clearly outperforms the
others. Finally, the distance between catch22 and the models trained on a
single feature (Dyy 3) is the largest, indicating that multi-feature models and
single-feature models produce the most distinct error distributions. We also
trained linear regression models and repeated the same analysis, drawing
similar conclusions (Supplementary Fig. 1). However, in this case, the dis-
tances between single- and multi-feature models were smaller, suggesting
that linear models may not capture all the non-linear relationships among
multiple features. Finally, we trained an SBI model, i.e., a Neural Posterior
Estimation (NPE) model, on the different feature configurations and eval-
uated the posterior fit of each method by comparing the posterior z-score
and posterior shrinkage (Supplementary Fig. 2). Posterior estimates for all
approaches were concentrated toward large shrinkages, indicating that the
posteriors in the inversion are quite informative. Additionally, the small
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Fig. 4 | Comparison of features extracted from simulated signals. Distributions of
features computed on simulation data are shown as a function of synaptic para-

meters of the LIF network model (E/I, 75, T;;’,Z and J§7). Values of the parameters
were binned into equal size intervals. In each bin, fora spec1ﬁc parameter, parameter

values were within the limits of the bin, while the other synaptic parameters were free
to vary without restriction. Each panel includes n’ as a measure of effect size
(ANOVA model).

z-scores suggest that the true values are accurately captured within the
posteriors. However, the multi-feature models provided the best Bayesian
inversions, as they exhibited lower z-scores and larger posterior shrinkages
across all parameter components.

To apply inverse models to empirical data, we opted to compare a
multi-feature model with a single-feature model. Based on previous results,
catch22 has been shown to perform well without the need for additional
features, so we chose it as the multi-feature model. For the single-feature
model, we selected the 1/f slope, a well-established feature that has been
widely studied in recent years for analyzing E/I**. We believe these two
configurations illustrate the contrast between single- and multi-feature
models, enabling a clear comparison of their differences.

Estimated shifts in cortical circuit parameters during early
postnatal development

The applicability of the toolbox to real-world scenarios was first assessed
using a dataset of resting-state LFP recordings obtained in vivo from the
prefrontal cortex (PFC) of unanesthetized mice during their early postnatal
days™. Using the same feature extraction methods applied to the simulation
data, we began by computing features from the empirical data. Our analysis
of LFP data features revealed consistent trends across features (except
rs range) within the first two weeks after birth (Supplementary Fig.
3). Essentially, we found that the I/f slope and high fluctuation
exhibited a clear upward trend during the first postnatal days, while
dfa showed a decrease. Indeed, the increasing trend of 1/f slope with
respect to postnatal days aligns with findings from earlier studies™.
Upon completing feature extraction, we trained two neural network
regression models using repeated 10-fold cross-validation: one
incorporating the full set of catch22 features and the other relying
exclusively on the 1/f slope. We then used the trained models, serving
as inverse models, on features derived from the LFP data to obtain
parameter predictions (Fig. 6).

The analysis of the prediction results obtained using the catch22 subset
(Fig. 6A) revealed a moderate reduction in the E/I ratio during the first
postnatal days. Notably, the greatest number of significant pairwise differ-
ences was observed for T;"fl, ] 1 and firing rates (LME and linear models,
Holm-Bonferroni test). Changes in these parameters during early devel-
opment were primarily characterized by a shortening of 7/ accompanied
by higher J, ! values and increased firing rates. Following thls, we examined
the predlctlon results using the 1/f slope (Fig. 6B). Nearly all pairwise d1f—
ferences for all parameters were statistically significant, excluding J¢ ol
Compared to the results observed using the catch22 feature set, the esti-
mated parameters (77, 7" and firing rates) exhibited opposite trends
except for the E/I ratio. We also trained Ridge and NPE models, applying
them to the LFP dataset (Supplementary Figs. 4 and 5). The prediction
results were largely consistent with those shown in Fig. 6, particularly for the
NPE model. However, some results from the Ridge regression model
exhibited different or less significant trends, such as those observed for the E/
I ratio and firing rates using the catch22 feature set.

Predictions of the spatiotemporal progression of circuit para-
meter alterations in Alzheimer’s Disease

Finally, we tested the applicability of our toolbox on a larger-scale type of
field potential recording, i.e, EEG data. To this end, we selected a com-
prehensive EEG dataset that includes both healthy controls (HCs) and
patients clinically diagnosed with dementia due to Alzheimer’s Disease
(AD) at various stages of the disease (i.e, mild AD patients, ADMIL;
moderate AD patients, ADMOD; and severe AD patients, ADSEV)”. Eyes-
closed resting-state EEG recordings were acquired from 19 electrodes
according to the International 10-20 system’. We employed a morpholo-
gically realistic forward model, the New York head model™, to simulate EEG
signals for comparison with empirical measurements. We assumed that the
signal from each EEG electrode originated from an independent, single local
cortical circuit model (i.e., the LIF network model). Simulated EEG data
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Fig. 5 | Predicted parameters generated from simulation data with various fea-
ture settings. A Predicted versus actual values. B Probability functions of absolute
errors. Dy represents the Hellinger distance between the probability distributions
of models trained with catch22 and catch22 + 1/f slope. Dy ; represents the Hellinger

absolute error absolute error

distance between all the models trained on a single feature. Dy; ; represents the
distance between catch22 and the models trained on a single feature. All prediction
results shown here were computed on a held-out test dataset representing 10% of the
whole simulation dataset.

were used to train the inverse surrogate models through repeated 10-fold
cross-validation.

As shown in Fig. 7, the prediction results were calculated using the
same feature sets as those applied to the LFP data presented above. Initially,
focusing on the predictions of E/I imbalances, we observed that the 1/fslope-
based predictions revealed a significant shift towards inhibition in many
electrode positions of AD patients, while catch22 showed only minimal
changes (LME and linear models, Holm-Bonferroni test). Conversely,
predictions related to changes in the external input /i, were more evident
for catch22, indicating a decline in J¢, starting with ADMOD patients and
spreading into the later stages of the disease. Finally, the 1/fslope and catch22
generated predictions of synaptic time constants that conflicted with each
other, much like the results from the LFP data. Interestingly, catch22-based
predictions revealed an increase in &5, which was more prominent during
the later stages of the disease (i.e, ADSEV group), while T;;Z showed a
decrease. Opposing directional trends were observed for the 1/f slope pre-
dictions of synaptic time constants, though the affected areas did not align
with predictions of catch22.

Discussion

Electrophysiology approaches for recording neural population activity,
extending from LFP to MEG and EEG, are tremendously valuable for
examining neuronal activity and offer enormous opportunities for treating

the human brain”*”". A key challenge in neuroscience is identifying the
neural circuit configurations that generate the spatial, spectral, and temporal
features of brain signals associated with relevant neural processes in both the
healthy and diseased brain. Various influential strategies have been applied
to interpret electrophysiological signals in terms of their biophysical sub-
strate, yet substantial challenges continue to impede further progress. The
computational framework presented here has been created to effectively
integrate advancements from the different disciplines, tackling these chal-
lenges and advancing existing techniques for exploring the inverse modeling
of electrical and magnetic brain signals. In this work, we present the results
of a first study using ncpi, highlighting its ability to simulate realistic in-silico
field potential data from a LIF network model, extract key neurophysiolo-
gical features, train different inverse model approaches and, ultimately,
compare how different features (or set of features) influence parameter
predictions in both simulated and real data. Below, we discuss our findings
and their significance.

Our initial simulation results using the ncpi toolbox (Fig. 3) reveal that
variations in individual network parameters have a significant impact on the
extracellular signal, which supports the hypothesis that changes in neural
parameters could potentially be estimated from the signal’s readout. Fol-
lowing this, we assessed a more realistic case where all synaptic parameters
Usynees T synie> Jsgnin T synirs Tom Tg’,ﬁ, and ]f)’f;) were allowed to vary together
(Fig. 4). A key insight was that accurately inferring parameter changes from
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Fig. 6 | Predictions of changes in cortical circuit parameters derived from
developmental LFP data. Fits of parameters of the LIF network model (E/I, 73};, rg;ﬁ
and ]E}’ff,) were estimated using a MLP regressor based on the complete set of catch22
features (A) or the 1/f slope alone (B). The last column shows estimated normalized
firing rates. Asterisks indicate significant differences between ages based on p-values
obtained using the Holm-Bonferroni method with the LME and linear models

defined in Egs. 2 and 3 (see Methods). The significance levels are categorized as

follows: a p-value between 0.01 and 0.05 is denoted by one asterisk (*), between 0.001
and 0.01 by two asterisks (**), between 0.0001 and 0.001 by three asterisks (***), less
than 0.0001 by four asterisks (****), and p-values of 0.05 or greater are considered
not significant (n.s.). To compute firing rates, 50 samples were drawn from each
parameter prediction within the first and third quartiles of each age, and the firing
rates were then normalized by the maximum firing rate of all samples.

a single feature is challenging when multiple parameters simultaneously
influence the model’s output, as their effects can overlap or counteract,
leading to confounding shifts in the features. Since different features capture
distinct aspects of the signal, these findings suggest that a combination of
features could provide a more comprehensive representation of the
underlying neural processes. Moreover, many features are known to be
intercorrelated, as demonstrated in our study, suggesting they may reflect
redundant or overlapping aspects of the same phenomenon™*. Thus,
examining multiple biomarkers simultaneously may provide a richer and
more detailed understanding of brain dynamics. Our results show that ncpi
is perfectly tailored for these objectives, facilitating quick and efficient
investigation of all possible links between circuit parameters and individual
biomarkers or combined configurations of biomarkers.

To further investigate the relationship between features and model
parameters in the simulation dataset, we trained various inverse models on
individual features and their combinations (Fig. 5). This approach helped us
assess whether combining features improves inference accuracy or if multi-
feature models offer no added value. A few important findings were revealed
through this analysis. First, we observed that multi-feature models out-
perform single-feature models in capturing the real values of all parameters.
However, single-feature models exhibited a monotonically increasing trend
in the predicted vs. actual value distributions. Inverse models may be
designed to compare clinical groups or experimental conditions. In such
cases, this result suggests that single-feature models may still be able to
identify whether a parameter is increasing or decreasing, even if they fail to

accurately decode the actual value. Furthermore, we discovered that adding
the slope to the catch22 feature set does not enhance predictive accuracy,
implying that the catch22 subset is already sufficiently informative to
accurately predict all cortical circuit parameters. Finally, our evaluation
revealed that models trained on individual features exhibited comparable
predictive performance, suggesting that no single-feature approach con-
sistently outperformed the others.

The toolbox has been validated using two distinct experimental data-
sets containing electrophysiological recordings captured at different spatial
scales and in different species. We began by calculating predictions of neural
parameters from a dataset of in vivo LFP recordings taken from the PFC of
unanesthetized mice during the first days after birth ™. As the brain develops,
the parameters that define neural activity change progressively, with
alterations in inhibitory neurons primarily driving changes in the excitatory
and inhibitory balance during prefrontal cortex development™**. More-
over, E/I dysregulation during brain development has been linked to the
pathophysiology of neurodevelopmental disorders’. Given the well-
established role of excitatory and inhibitory processes and their sig-
nificance in neurodevelopment, this dataset is essential for evaluating
whether our methods can reveal how these neural parameters evolve during
development.

Using all catch22 features, we found a reduction in the E/I ratio during
the first postnatal days (Fig. 6A), a result which is consistent with previous
findings suggesting a concomitant shift in the synaptic and functional

excitation-inhibition balance favoring inhibition™". In contrast, 75y
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Fig. 7 | Predicted circuit parameter imbalances in AD based on EEG data.
Topographic representation of group differences in parameter fits based on the
complete set of catch22 features (A) or the 1/f slope alone (B). The groups are
classified as healthy controls (HCs), mild AD patients (ADMIL), moderate AD
patients (ADMOD), and severe AD patients (ADSEV). Significant differences

between groups were assessed using the Holm-Bonferroni method, applying the
LME and linear models as defined in Eqs. 4-7. Only z-ratio values with an associated
p-value < 0.01 are plotted. The color range for the z-ratio values was selected such
that positive differences relative to the control group were represented by shades of
red, while negative differences were indicated by shades of blue.

exhibited a significant upward trend after the tenth postnatal day, which
might align with electrophysiological reports of increasing spontaneous
excitatory postsynaptic current (SEPSC) time constants as measured in
pyramidal neurons during the first postnatal weeks of age*'. Remarkably, the
empirical literature consistently aligns with our tool’s predictions regarding
the directional changes in Ti;ﬁ, J5 and firing rates throughout postnatal
development, i.e., a shortening in 77""*"* coupled with higher firing rates™.
Though empirical measures of /% are more difficult to obtain, we expect
this parameter to correlate with predicted firing rates and reflect the increase
in firing inputs from other neurons in the network.

We next computed results using the 1/fslope alone (Fig. 6B). While the
E/I predictions aligned well with the hypothesis of reduced E/I during early
development, the predictions for other parameters conflicted with prior
empirical evidence. Notably, the slowing in GABA kinetics (i.e., higher -ri;Z)
and the decrease in firing rates are largely inconsistent with prior assump-
tions. Our predictions based solely on the 1/f slope indicate that, although
this marker is effective in reflecting changes in E/I imbalances, as previously
documented™' >, it may struggle to predict other parameters accurately
when those predictions might contradict the neuronal effects they generate
(e.g., a shift in E/I favoring inhibition combined with a rise in firing rates). In
these contexts, predictions developed using a combination of features (such
as catch22) may incorporate complementary insights from diverse features,
producing more accurate estimates for the whole set of parameters.

The second dataset that we analyzed consists of EEG resting-state
recordings from healthy controls and clinical AD patients at various severity
stages™. This diversity in disease stages presents a unique opportunity to

evaluate potential predictions regarding the progression and variability of
circuit parameters based on diverse biomarkers across the course of the
pathology. A key finding in this study was that predictions based on catch22
features indicated a significant reduction in the external input of AD
patients progressing at later stages of the disease (Fig. 7A), while the 1/fslope
results (Fig. 7B) exhibited a significant shift of E/I towards inhibition. Pre-
dictions derived from these two distinct feature metrics may index neuronal
and neurodegenerative mechanisms mediated by the tau protein, albeit
from different perspectives: one indicating a decrease in E/I"'7** and the
other reflecting the accelerated breakdown of synaptic connectivity asso-
ciated with the widespread of this protein in advanced stages of the
disease’””**%. Although both tau and amyloid-f (Ap) exhibit synaptotoxic
effects™", recent studies suggest that tau burden is more strongly associated
with synaptic loss, independent of AP plaques*®™. As tau spreads
throughout the cortex, particularly in later disease stages, it may functionally
manifest as a reduction in net E/I balance at the network level, overcoming
the excitatory effects of amyloid-B, and as a significant deterioration in
external input at the synaptic connectivity level. Another important result
here, derived from the analysis of predicted time constants, is the progressive
increase of 7, revealed by catch22, suggesting a loss of efficacy in the
excitatory synapses. This result aligns with earlier modeling work that fitted
mass model parameters to MEG data and suggested that this increase in 7¢J;
may be tied to tau-mediated neuronal effects”. In fact, this change in 73}
was more prominent in the later stages of the disease, matching well with the
timeline of tau protein dissemination”. This previous work also revealed a

mild decrease in T;;ﬁ in some frontal and parietal areas, consistent with our
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predictions using catch22; however, no significant correlation with the PET
images of amyloid beta or tau was identified”.

At present, there is no systematic methodology to assess the accuracy,
reproducibility, reliability, and utility of electrophysiological data bio-
markers, particularly in terms of the mechanistic link between each marker
and the cortical circuit attribute under investigation. Importantly, there is a
need for noninvasive and robust metrics that can detect circuit imbalances
in a variety of neurodevelopmental, neurodegenerative, and psychiatric
conditions. Our computational framework makes a significant contribution
to the development of software tools that integrate all stages of the model-
based inference pipeline, from the forward modeling of field potentials to
parameter estimation, serving as a benchmarking resource for evaluating
candidate biomarkers of neural circuit parameters. Our model-driven
approach has proven effective in capturing local changes in cortical
dynamics during brain development and identifying pathological altera-
tions in circuit parameters within clinical populations in AD. The ncpi
toolbox has been tested on a spiking microcircuit model of recurrent exci-
tatory and inhibitory neuronal populations, which approximates key circuit
phenomena at the local scale. However, this approach does not account for
macroscopic network dynamics, such as long-range cortico-cortical inter-
actions, which are known to play a critical role in modulating low-frequency
cortical oscillations”’. These dynamics are explicitly incorporated in other
modeling frameworks, such as mean-field or neural mass models™*****. To
partially address this, we included an external input representing inputs
from cortico-cortical connections, allowing us to approximate macroscopic
influences on local predictions, while also managing the complexity of the
learning model to avoid overfitting. Future investigations may focus on
larger-scale single-cell network models, for instance, integrating con-
nectivity among different brain areas'>”, to offer a more comprehensive
understanding of global processes that influence predictions of local
dynamics. Moreover, time-series feature libraries such as catch22 and hctsa,
and spectral measures like the 1/f slope, provide interpretable features of
neural activity that have consistently been linked to underlying cortical
mechanisms**””. However, achieving a more comprehensive under-
standing of circuit parameter imbalances will likely require assessing bio-
marker interactions and further exploring how these measures relate to one
another and reflect different properties of the data. The ncpi toolbox pro-
vides a powerful platform for exploring different hypotheses about neural
circuit biomarkers, offering opportunities to reassess past findings and
identify new avenues for future research.

Methods
Modeling and simulation of single-neuron network models
Given the variety of simulation tools available for creating neural network
models and the vast range of possible network configurations and modeling
parameters, it is challenging to define a class with fixed, parameterized
methods for setting up network simulations. Instead, the Simulation class
includes methods to configure and simulate the network model by loading
custom external scripts and parameter files, adhering to the workflow
typically used in brain modeling projects, which includes distinct code
segments for network setup, simulation, and analysis'*”. We provide
example scripts within the library that are specifically designed to simulate a
current-based cortical network model composed of recurrently connected
populations of excitatory and inhibitory LIF point neurons (8192 and 1024
neurons, respectively) driven by external fixed-rate Poisson processes.
Network parameters correspond to the best-fit parameters as described in
the associated publication” (Table 1). We defined a 12,000 ms simulation
with a 0.0625 ms time step, discarding the first 2000 ms as transient time in
the analysis. Model simulation is configured for execution in NEST, utilizing
its multithreading capabilities”. Throughout the simulation, variables like
spike times, synaptic currents, and membrane potentials are recorded by
multimeters and stored for later computation of field potentials.
Additionally, we conducted extensive simulations of this model, sys-
tematically varying key parameters that define recurrent and external

. .. . . .
synaptlc connectwlty UsynEE’ ] synlE> ] synEI> ] synll> Tfjff;’ T;;Z and ] i;n)’

Table 1 | Default parameters of the LIF network model

Symbol Value/definition Description
X {E, I} Population names
Nx € {Ng, N} {8192, 1024} Population sizes
Cyx 0.2forall X, Y Connection probability
(pairwise Bernoulli, no
autapses)
Cmx {289.1, 110.7} pF Membrane capacitance
T 10 ms for all X Membrane time
constant
Rmx Tm/Crnx Membrane resistance
E_ -65 mV for all X Leak reversal potential
Ve -565 mV for all X Spike threshold
V, E, forall X Spike reset potential
Ty 2 ms for all X Refractory period
Y iV (1) >V Spike emission times;
(u) is the neuron index
= dvd—T —VW 4 Rl () if VKt (1t + 1] Sub-threshold
dynamics; l(t) is the
synaptic activation
current
UG Vifte (.t + 1] Reset and
refractoriness
sznyX 1.589nAforX=E,Y=E Mean of the normal
2.020nA forX =E,Y = | distribution that defines
—23.84nAforX=1Y = E the maximum synaptic
—8.441nAforX =LY =1 current of recurrent
connections
0(Jsynvx) 0.1|dgynvx| Standard deviation of
the maximum synaptic
current
G Tg;‘ 0.5ms Exp. syn. decay time
constant
Ay 2.520ms forX = E,Y = E Mean of the normal
1.714ms forX =E,Y = | distribution that defines
1.585ms forX =1,Y =E conduction delays of
1.149ms forX =, Y = | recurrent connections
o(Ayx) 0.5Avx Standard deviation of
conduction delays
J:;‘; 29.89nA Max. synaptic current of
ext. input
K {465, 160} Ext. synapses per
neuron
(Vext) 40 s™ (Poisson statistics) Ext. syn. activation rate

generating a dataset of about 2 million distinct simulations. These para-
meters fully characterize how synaptic mechanisms of the model contribute
to cortical circuit activity and, ultimately, the resulting macroscopic brain
signals. Furthermore, since synaptic alterations play a crucial role in neu-
rodegenerative and neurodevelopmental diseases” ", key clinical targets of
our toolbox, we chose to focus on studying these parameters while keeping
the others unchanged. Table 2 details the parameter ranges chosen to ensure
that the network does not enter either an inactive or an excessively high
activity state, and resulting simulation output values are biologically plau-
sible. This extensive dataset of simulation data has been made publicly
available (see Data and code availability), allowing researchers to explore the
intricate relationships between synaptic parameters of a cortical model and
field potential features without the lengthy wait associated with months of
simulations. Importantly, the parameter search encompasses all possible
combinations within the specified ranges for each parameter, providing rich
insights into their interrelations. For example, one could compare the
combined effects of modifying recurrent and external synaptic connection
parameters on network activity to determine whether they are
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Table 2 | Parameter bounds explored in the simulations of the LIF network model

Symbol Description Lower/Upper bounds
JsyneE Max. synaptic current of recurrent connections for X=E, Y =E [0.5, 4] nA
JsyniE Max. synaptic current of recurrent connections for X=E, Y =1 [0.5, 4] nA
JsynEl Max. synaptic current of recurrent connections for X=1, Y =E [-40, —1] nA
Jsynil Max. synaptic current of recurrent connections for X=1, Y =1 [-40, —1] nA
s Exp. syn. decay time constant of postsynaptic excitatory synapses [0.1,2] ms
Tisﬂyf;] Exp. syn. decay time constant of postsynaptic inhibitory synapses [0.1, 8] ms
Jg;:v Max. synaptic current of external input [10, 50] nA
Table 3 | Multicompartment network model parameters computed via the sum over linear convolutions:
Symbol Value/definition Description
: YR, t)=> > (v * Hyx) (R, 1) )
X {E, I} Population names X 7
Nx € {Ng, N} {8192, 1024} Population sizes
(%, Y) 150 ym Maximum radial position To compute the kernels Hyy (R, 7), a hybrid scheme can be used, which
of somas inthe XY plane  simulates ‘ground-truth’ multicompartment neuron populations and
Tenan(2) 0 pm T p— computes the responses to synchronous activation of all neurons in each
distribution that defines population”. The recent kernel computation method introduced in LFPy-
the position of somas in kernels replaces the simulation of multicompartment neuron populations
the z-axis with the simulation of a single linearized multicompartment neuron
(rxmax(2)) 75um Standard deviation ofthe  representing each population, while accounting for the known spatial dis-
32;{::; ?Li‘r:)%ﬁ't(i):nﬂ;?t tributions of cells and synapses in space, recurrent connectivity parameters,
SIS I D i and biophysical membrane properties™. The example multicompartment
P {soma, apic, basal) Morphology sections network description pr0v1de.d in nepi for computing the kernels is b?sed on
- the reference network of simplified ball-and-stick neurons provided in
Ly (1L, LU0 20 e = = Section lengths Hagen et al”’. Tables 3 and 4 include information on the parameters of
{30,200,200}pumforX = | o . . ..
individual neurons, network configuration, and synaptic connectivity of the
dy { {30,3,2)ymforX = E Section diameter multicompartment network model. Additional details on the multi-
(15,2, 2jumforX = | compartment neuron model specifications, including specific ionic current
NZg { {1,21,5)forX =E Number of segments per  dynamics, are available in the corresponding papers™*.
o3y Bl el section A kernel can be used to generate two types of signals, namely the LFP
Cm 1 pF cm Membrane capacitance signals across recording sites, or the CDM, using the GaussCylinderPotential
R. 100 O cm Axial resistivity and KernelApproxCurrentDipoleMoment methods from LFPykernels”,
o {0.0000338, 0.0000589, Passive loak which assume radial symmetry of the cell population a.round the z-axis. We
0.0000589} S cm 2 e have used the CDM to approximate the summed signal of extracellular
- potentials across depths (i.e., the LFP signal). Based on the kernel method,
E. —-90 mV Passive leak reversal ol A K A
potential we computed a CDM for each of the two million simulation samples in the
a {2.04,0.0213,0.0213} S cm * Nay conductance dataset and stored then} along with the 51mulat.10n parameters. The CI?M
: can then be used to derive the EEG and MEG signals using an appropriate
Ena 50 mv Na* reversal potential forward head model, such as the New York head model*®. This head model
9, {0.693,0.000261,0.000261}Scm2  Kvg 1 conductance enabled us to generate simulated EEG signals configured according to the
1 07
, 10-20 system using the NYHeadModel class from the LFPy suite™”. Spe-
Ex -85 mV K™ reversal potential . . .
- cifically, we positioned a CDM beneath each electrode in the 10-20 system
9y {0.0002, 0.002, 0.002} S cm lo QUi CTRENEERES and, at each instance, calculated the resulting EEG signal at each electrode

distinguishable or whether specific features can reveal the independent
contribution of each parameter.

Computation of field potentials

Extracellular signal predictions can be obtained by convolving
population spike rates with appropriate spatiotemporal causal filters
or by using predefined proxies. In the case of kernel-based methods,
ncpi integrates the LFPykernels package™, which incorporates effi-
cient forward-model calculations of causal spike-signal impulse
response functions for finite-sized neuronal network models. Let
vy(t) and Hyx(R, 7) describe the presynaptic population spike rates
in units of spikes/dt and the predicted spike-signal kernels for the
connections between presynaptic populations X and postsynaptic
populations Y. The full extracellular signal, y(R,t), may then be

site, assuming independent contributions from the simulated activity of the
local cortical model. EEG signals for each simulation were stored alongside
the corresponding CDMs in the dataset.

An alternative approach offered by ncpi for approximating extra-
cellular signals is based on the use of proxies, directly combining variables
measured from simulations of point-neuron networks”. We have incor-
porated most of the ad-hoc and optimized proxies proposed in the literature
to estimate field potentials across the different recording scales (Table 5 and
Fig. 1). Ad-hoc proxies, such as the sum of membrane potentials or the
population spike rate, approximate the field potential by summing (or,
optionally, averaging) the corresponding simulation variable across
all cells in the population. Proxies such as LRWS, ERWSI, and
ERWS2 account for both causal and non-causal relationships
between measured extracellular potentials and synaptic currents*”.
Based on a weighted sum of time-shifted synaptic currents, these
proxies were optimized using a hybrid modeling scheme” to capture
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Table 4 | Synaptic connectivity of the multicompartment network model

Symbol Value/definition Description
GsanX 0.15nSforX=E,Y =E Mean of the normal distribution that defines the maximum synaptic conductance of recurrent
0.125nS forX =E,Y = | connections
45nSforX=1Y=E
20nSforX =1,Y =1
0(Gsynyx) 0.1 GsanX Standard deviation of the maximum synaptic conductance
Cyx 0.05 forall X, Y Connection probability (pairwise Bernoulli, no autapses)
Egynx 0mV for X=E, -80 mV for X=1 Synaptic reversal potential
fyx (1) (%) where 1., = 2% log (:‘f) Synaptic temporal kernel
T 0.2ms for X=E, 0.1 ms for X =1 Synaptic rise time constant
T 1.8 ms for X=E, 9.0ms for X =1 Synaptic decay time constant
Ay 1.5msforX=EY=E Mean of the truncated normal distribution that defines the conduction delay (truncated at 0.3 ms)
14dmsforX=E,Y =1
138msforX=1Y=E
12msforX=1Y =1
o(Ayx) 0.3msforX=E,Y=E Standard deviation of conduction delays
04msforX=E,Y =1
0.5msforX=1Y=E
0.6msforX=1Y=1
Lyx (2) MH\/QOQ 100), for X = E,Y = E, S {soma} Normal distributions that define synaptic density in the z-axis
N(50,100)for X = E,Y = |, S {soma}
N(=50,100)for X =1.Y = E
N(=100,100)for X =1, Y = |
(’3Sym(ext 0.2nS External synapse conductance
Eext omvV Ext. synapse rev. potential
fyext () fyx () Ext. synapse temporal kernel
T 0.2ms Ext. synapse rise time constant
T 1.8ms Ext. synapse decay time constant
Kyext {465, 160} Number of ext. synapses per neuron
(Vext) 40s ™" (Poisson statistics) Ext. syn. activation rate
Avext 5(t) Ext. syn. conduction delay
Lyext 1 Ext. syn. depth dependence

Table 5 | Proxies available in ncpi for generating extracellular signals

Symbol Value/definition Description

firing rate vy(t) Population spike rate

AMPA S lpa(® for u € [1, Nel Sum of AMPA currents

GABA S 1S ea® foru e [1, Nel Sum of GABA currents

Vim S, V¥ (1) for u € [1, Ng] Sum of membrane potentials

z1 S LA ® + 1524 for u € [1, Ne] Sum of synaptic currents

2 Sullpa®] + [Isrga )] for u € [1, Nel Sum of their absolute values

LRWS S oAt — 6ms) — 1.65 1545, (1) for u € [1, Nel LFP reference weighted sum?®

ERWS1 S At +0.9ms) — 0.3 1425 (t — 2.3ms) for u € [1, N EEG reference weighted sum 1 (non-causal)**
ERWS2 EEG reference weighted sum 2 (non-causal)**

S 1o (t 4+ 0.6u53"ms + 0.4ms) — (1.4vz17 4+ 0.2) I8ga(t + 1.9y

>08ms — 3ms) for u € [1, Ng|

a broad range of multicompartment network configurations,
including variations in cell morphologies, distributions of presynaptic
inputs, positions of recording electrodes, and the spatial extent of the
network. Unlike kernel methods, these proxies have already been
optimized for multiple configurations of a generic recurrent multi-
compartment network, eliminating the need for new, cumbersome
simulations. However, they may yield less accurate approximations of

the signal for new network models that differ significantly from the
configuration of the network used during optimization.

Feature extraction

We have integrated methods for computing features (i.e., putative bio-
markers) from population-level neural signals that are either derived from
toolboxes for time-series feature extraction or based on well-known markers
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Table 6 | Parameters used to compute the 1/f slope

Parameter Simulation data LFP data EEG data
fmin 5Hz 5Hz 5Hz
fmax 200 Hz 45Hz 45Hz
aperiodic_mode fixed fixed fixed
peak_threshold 1 (std. of the 1 (std. of the 1 (std. of the
pow. spec.) pow. spec.) pow. spec.)
min_peak_height 0 (units of the 0 (units of the 0 (units of the
pow. spec.) pow. spec.) pow. spec.)
max_n_peaks 5 5 5
peak_width_limits (10, 50) Hz (10, 50) Hz (10, 50) Hz
r_squared_th 0.9 0.9 0.9

The maximum frequency range (fmax) for data simulated from the LIF network was extended to
200 Hz to capture network configurations that produce high-frequency gamma peaks. For empirical
data, we selected fmax to leverage most of the effective frequency range available in the pre-
processed datasets and avoid the influence of the powerline interference for EEG data.

of circuit parameters. The two time-series feature libraries that have been
incorporated are hctsa® and its condensed version, catch22*. The hctsa
library, developed following a data-driven approach, provides a vast library
of over 7000 features, enabling extensive analysis of time-series data across
various domains. This includes statistical, temporal, and spectral features
that capture different aspects of the data, e.g, distribution of values in the
time series, their linear and non-linear autocorrelation, measures derived
from power spectral densities, temporal statistics, scaling of fluctuations,
and others®. This library has found successful applications across multiple
areas of life sciences, particularly in neuroscience, e.g., for investigating
neurophysiological signatures related to cortical micro-architecture” or
exploring multiple representations of cortical connectivity®’. As we could
only find its MATLAB version, we have integrated hctsa into the ncpi
toolbox by leveraging the MATLAB engine API for Python. The other time-
series feature extraction library implemented is catch22” (its Python ver-
sion), which was designed to provide a robust summary of the 22 top-
performing features from the hctsa library while offering significantly faster
computation.

We have also integrated well-established neuroimaging biomarkers
that have been shown to serve as indirect indicators of neural circuit
abnormalities in clinical conditions, e.g., using the 1/f slope”'***’, and have
also been correlated with changes in cortical circuit activity associated with
brain development and healthy ageing’ . The first method we included,
the specparam toolbox, is a widely used approach for parameterizing neural
power spectra into periodic and aperiodic components®. It conceptualizes
the power spectrum as a combination of two distinct functional processes:
an aperiodic component, characterized by 1/f-like properties, and a variable
number of periodic components, representing putative oscillations as peaks
above the aperiodic background. In this model, peaks in the power spectrum
are defined by their center frequency, power, and bandwidth, enabling
analysis without setting predefined frequency bands, while adjusting for the
aperiodic component. The model also outputs a metric for the aperiodic
component, often represented as the exponent of the aperiodic fit or I/f
slope. The other marker featured in the library is the functional E/I ratio (fE/
I). It integrates two key properties of neuronal network activity, oscillation
amplitude and long-range temporal correlations, characterized by the
normalized fluctuation function nF(t) (Fig. 1), to provide an estimate of the
E/1 ratio®. For networks near the critical state, the SfE/I metric has been
shown to accurately categorize their activity as inhibition-dominated,
excitation-dominated, or balanced™.

For this study, we used the catch22 library to extract features from the
empirical datasets and to train the machine learning algorithms. Together
with the catch22 features, we also focused on analyzing prediction results
using the 1/f slope, employing the parameters outlined in Table 6 to con-
figure the specparam algorithm.

Table 7 | Parameters of the machine-learning regression
models used for training

Model Parameter Value
MLPRegressor  hidden_layer_sizes from (25, 25) to (50,
50) for catch22, from
2, 2) to (4, 4) for 1/
f slope
max_iter 100
tol 0.1
n_iter_no_change 5
Ridge alpha [0.01,0.1,1, 10, 100]
NPE density_estimator  hidden_features 10 for catch22, 2 for 1/
f slope
model maf

num_transforms 2

All other parameters were kept at their default settings.

Inference of neural circuit parameters

The nepi library facilitates inverse surrogate model creation by enabling the
training of models via two popular libraries: sklearn® and SBI°'. The user can
import any regression model from sklearn, e.g., a multi-layer perceptron
regressor (MLPRegressor) or a Ridge regression model, define its hyper-
parameters, and train it using features derived from simulation data. Once
trained, the machine learning model can be used to predict neural circuit
parameters on real-world data. Additionally, we have included the SBI
library® to provide access to robust simulation-based inference approaches
for computing the inverse model. Given that our focus is on training an
inverse model applicable to any new dataset, we support neural density
estimators that enable amortized inference, such as NPE”, allowing us to
evaluate the posterior probability for different observations without the need
to re-run the inference process. SBI models can be tailored to user pre-
ferences, allowing for the definition of prior distributions (i.e., initial con-
straints on model parameters), the choice of density estimator (e.g., masked
autoregressive flow or neural spline flow), and the configuration of hyper-
parameters for the neural network, such as the number of hidden units and
transformation layers. We assessed the quality of the posterior fits provided
by NPE by comparing the posterior z-score and posterior shrinkage, defined

as follows™:

6— 6"
z= 2)
Upast
2
0 t
s=1-22 3)
prior

where 8 and 6* represent the estimated mean of the posterior and the
ground-truth of the estimated parameter, respectively, and U;Zmur and olzmst
denote the variances (uncertainties) of the prior and posterior, respectively.

Our library offers two options for training the model: (i) the user can
either fit the model using the entire dataset, or (ii) conduct a grid search
using the RepeatedKFold cross-validation method from sklearn to identify
the optimal hyperparameters, assess stability and generalization of machine
learning models, and reduce overfitting. The grid search is informed by the
mean squared error computed from the regression model’s predictions (in
the case of sklearn) or from the mean values derived from the posteriors (in
the case of SBI). For repeated cross-validation, once the optimal hyper-
parameters are identified and a single model has been trained for each data
partition, predictions are generated for each fold and repetition, and the
results are averaged.

For the examples presented here, we employed a grid-search cross-
validation approach to train an MLPRegressor, Ridge, and NPE model using
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the parameter configurations listed in Table 7. To ensure stable results, we
set up RepeatedKFold cross-validation with 20 repeats and 10 splits,
resulting in a total of 200 folds. The cortical circuit model used in our study is
a ‘general-purpose’ model that captures some important properties of
cortical dynamics, such as asynchronous-irregular spiking activity”, but it is
not intended to reproduce all properties of the neural circuit. For this reason,
it is necessary to train the neural network in a manner that prevents over-
fitting of the simulation data, but such that it can still learn the general trends
of the simulated cortical activity. To achieve this, we constrained the
hyperparameter search to explore values within a narrow range (e.g.,
number of hidden layers < 2 and number of neurons per layer < 50 for the
MLPRegressor), which would return regression models characterized by low
complexity. After the training process was finished, we defined the metric E/
I = (Jee/Jen)/(Jie/Tn) as the ratio between the predicted E/I of excitatory and
inhibitory populations, respectively. This summary measure quantifies the
net effect of excitatory and inhibitory processes in the circuit model and may
be seen as a global E/I ratio from model simulations.

Empirical data

We did not generate new data for this study; instead, the data were obtained
from previous studies”®. All methods and experiments involving live
vertebrates were conducted in accordance with relevant ethical guidelines
and regulations, as detailed in the cited publication. Please refer to the
corresponding publications for further details.

Details of the dataset on developmental activity in mice are as described
in ref. 38. Briefly, experiments were carried out on C57BL/6] mice of both
sexes. In vivo extracellular recordings were performed from the prelimbic
subdivision of the PFC in over 100 non-anesthetized mice of ages from 2™ to
12 postnatal days. We selected mice of age > 4 postnatal days, as the neural
activity of younger mice was so sparse that it was insufficient to compute an
accurate estimate of parameter predictions. Extracellular signals were
acquired and digitized at a 32 kHz sampling rate and band-pass filtered
(0.1-9000 Hz) using an extracellular amplifier (Digital Lynx SX; Neuralynx,
Bozeman, MO, Cheetah, Neuralynx, Bozeman, MO). To obtain the LFP
data, the extracellular signals recorded during baseline activity were
downsampled to 100 Hz, summed across channels, and segmented into
5-second epochs. Epochs were z-score normalized.

The EEG dataset consists of 201 eyes-closed resting-state recordings of
human neural activity acquired with a 19-channel EEG system (Nihon
Kohden Neurofax JE-921A) using a sampling rate of 500 Hz*. The EEG
recordings were acquired from 51 healthy controls (HCs), 50 AD patients at
a mild severity stage (ADMIL), 50 moderate AD patients (ADMOD), and
50 AD patients at a severe stage (ADSEV). AD patients were diagnosed
according to the criteria of the NIA-AA (National Institute on Aging and
Alzheimer’s Association)'”. Signals were preprocessed to reduce the pre-
sence of noise and segmented into 5-second epochs; deeper insights on the
preprocessing pipeline can be found in ref. 83. Epochs were z-score
normalized.

Statistical tests

We used LME models to test whether the inferred parameters from
the empirical databases were statistically different between groups, by
also considering inter-subject variability. LME models were imple-
mented using the Ime4 package from R. For the ‘mice-LFP’ data, we
fitted an LME model with the inferred parameter as a dependent
variable, the group variable (i.e., age) as a fixed effect, and the mouse
identifier as a random effect. To verify the significance of the mouse’s
random effect, the Bayesian Information Criterion (BIC) was com-
pared between the LME model including this variable (Eq. 4) and the
model without it (Eq. 5), and the best fit was selected.

parameter ~ group + (1|mouse) (4)

parameter ~ group (5)

For ‘AD-EEG’ analysis, we incorporated electrode differences in the
statistical test. For each inferred parameter, different models were fitted to
examine the fixed effects of group and electrode, and their interaction,
taking into account patient-specific fluctuations. The BIC was calculated for
two LME models: with (Eq. 6) and without patient random effect (Eq. 7).
The group variable values were HC, ADMIL, ADMOD, and ADSEV.

parameter ~ group X electrode + (1|patient) (6)

parameter ~ group X electrode 7)

After choosing the best-performing model according to the BIC value,
a likelihood-ratio test (LRT) was conducted between it and the respective
model excluding the interaction between electrode and group, i.e., Eq. 8 was
compared with Eqgs. 6 and 9 with Eq. 7.

parameter ~ group + electrode + (1 | patient) 8)

parameter ~ group + electrode )

The resulting optimal model was used for post-hoc analyses. Specifi-
cally, we statistically compared marginal means of parameter values esti-
mated from the model using the emmeans package. All p-values were Holm-
Bonferroni adjusted for the number of comparisons made.

We employed ANOVA models to analyze the distribution of features
computed from the simulated data, aiming to test for statistical differences
across parameter bins. Effect sizes for the ANOVA models were quantified
using n’. We computed the Hellinger distance (Dy;) between the parameter
error distributions of multi-feature and single-feature models to assess their
similarity.

Computational resources and processing time

Simulations of neural activity and field potentials, feature extraction
methods, training of machine-learning algorithms, and circuit parameter
predictions were parallelized on: (i) a high-performance computing server
equipped with a 64-core CPU and 256 GB of RAM, (ii) a high-performance
cluster consisting of 6 nodes, with each node equipped with 24 cores and 64
GB of RAM, and (iii) the supercomputer Albaicin (Huawei FusionServer Pro
series) of University of Granada. Simulation time varied depending on the
model parameters and the computing system. On average, each multi-
threaded simulation of the LIF network model, including field potential
computations, took approximately 10 seconds. Distributing these simula-
tions across multiple computing resources reduced the total computation
time to about three months. Other computationally intensive tasks included
feature extraction and training the learning models. For instance, processing
2 million samples, each with 10,000 sampling points, using 64 threads on the
64-core CPU took around 2 hours. Additionally, training the MLP model on
all samples, with a single RepeatedKFold cross-validation round (20 repeats,
10 splits), took approximately 30 minutes using the 64-core CPU.

Data availability

Code of the ncpilibrary, as well as code supporting the findings of this study,
can be found at https://github.com/necolab-ugr/ncpi. The simulation
datasets generated with the LIF network model and the trained machine
learning models are publicly available in a Zenodo repository: https://doi.
org/10.5281/zenodo.15351117. The LFP dataset is available for download
from the following repository:  https://gin.g-node.org/mchini/
development_EI_decorrelation. EEG data will be made available by the
authors upon reasonable request.

Code availability

Code of the ncpilibrary, as well as code supporting the findings of this study,
can be found at https://github.com/necolab-ugr/ncpi. The simulation
datasets generated with the LIF network model and the trained machine
learning models will be made available in Zenodo repositories. The LFP
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dataset is available for download from the following repository: https://gin.
g-node.org/mchini/development_EI_decorrelation. EEG data will be made
available by the authors upon reasonable request.
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