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A B S T R A C T

Simulations of large-scale neural activity are an increasingly important tool for investigating neural network 
activity. Calculating measurable brain signals, like the local field potential (LFP) from such simulations is crucial 
because it bridges the gap between model predictions and experimental observations and helps us better un
derstand the information content of such signals. Accurately simulating LFPs from large-scale neural network 
models has, however, required highly biologically detailed models, which pose significant computational chal
lenges, and have limited their practical application.

In this study, we demonstrate that a kernel-based method can accurately and efficiently estimate the LFPs 
simulated in a highly detailed multicompartmental network model of the mouse primary visual cortex (V1), in 
response to both drifting gratings and full-field flashes of light.

Beyond enabling computationally efficient and accurate LFP estimation, the kernel method also aids analysis 
by disentangling the contributions of individual neuronal populations to the LFP. Leveraging this capability, we 
found that the LFP in the mouse V1 model was dominated by external synaptic inputs: feedback from later
omedial visual areas in the upper visual layers, and thalamic afferents in layer 4. In contrast, local synaptic 
activity from V1 neuronal families contributed only marginally to the LFP. We further demonstrated how cor
relations between external and local neural activity could mask this insight in experimental data.

Our findings demonstrate the kernel method as an accurate tool for LFP estimation in state-of-the-art large- 
scale network models. Moreover, we highlight its potential to reveal novel insights into the neural mechanisms 
that shape measurable brain signals.

1. Introduction

Extracellular potentials are measurable electric signals generated by 
the ion flow during neuronal activity (Buzsáki et al., 2012; Einevoll 
et al., 2013; Halnes et al., 2024). The low-frequency component of 
extracellular potentials, typically below a few hundred Hz, is referred to 
as the local field potential (LFP). The LFP primarily reflects the inte
grated synaptic activity of large populations of neurons, covering spatial 
scales from several hundred micrometers to a few millimeters (Dubey & 
Ray, 2016; Einevoll et al., 2013; Kajikawa & Schroeder, 2011; Katzner 
et al., 2009; Łęski et al., 2013; Lindén et al., 2011).

Because of the ability to capture neural dynamics at a mesoscopic 
scale, LFPs have become an essential tool for studying neuronal func
tion. Advances in multi-contact electrodes for high-density laminar re
cordings (Ding et al., 2020; Jun et al., 2017; Klein et al., 2020; 
Mendoza-Halliday et al., 2024) have further heightened interest in LFPs, 
providing improved spatial resolution and coverage. Additionally, the 
temporal stability of LFP recordings makes them attractive for applica
tions in brain-computer interfaces and neuroprosthetics (Mehring et al., 
2003; Stavisky et al., 2015), where sustained and reliable signals are 
crucial.

The versatility of LFPs is evident in their widespread use across 
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various domains of neuroscience. LFPs have been instrumental in 
uncovering network mechanisms underlying sensory processing 
(Barbieri et al., 2014; Belitski et al., 2008, 2010; Kandel & Buzsáki, 
1997; Mazzoni et al., 2011; Meneghetti et al., 2021; Mitzdorf, 1985; 
Schroeder, 1998; Vinck et al., 2015), motor planning (Asher et al., 2024; 
Brown & Williams, 2005; Combrisson et al., 2024; Donoghue et al., 
1998; Scherberger et al., 2005; Yun et al., 2007), and higher cognitive 
processes including attention, memory, and perception (Doucet et al., 
2020; Kreiman et al., 2006; Liebe et al., 2012; Liu & Newsome, 2006; 
Pesaran et al., 2002; Prakash et al., 2022). Additionally, LFPs have 
emerged as important biomarkers for various neurological disorders 
(Meneghetti et al., 2024), including epilepsy (Panarese et al., 2022; 
Petrucco et al., 2017), glioma (Gill et al., 2020; Krishna et al., 2023; 
Tantillo et al., 2023), schizophrenia (Hamm et al., 2017; Welle, 2010), 
migraine (Meneghetti et al., 2022), Alzheimer’s disease, (Adaikkan 
et al., 2022) and Parkinson’s disease (Kühn et al., 2006; Telkes et al., 
2018; Wiest et al., 2020).

The growing focus on local field potentials as a window into neural 
activity at the systems level has spurred the development of computa
tional models to better understand their biophysical origins (Einevoll 
et al., 2019; Hagen et al., 2016, 2018; 2022; Halnes et al., 2024; Haufler 
et al., 2023; Lindén et al., 2010, 2011, 2014; Ness et al., 2018; Pettersen 
et al., 2008; Reimann et al., 2013; Rimehaug et al., 2023, 2024; Tharayil 
et al., 2024). These efforts typically rely on multicompartmental (MC) 
neuron models to simulate transmembrane currents, coupled with vol
ume conductor (VC) theory to predict extracellular potentials. While this 
approach is biophysically well-founded, it can be computationally 
expensive, particularly for large-scale network models.

As a result, researchers have developed more efficient methods for 
estimating LFPs. One notable approach is the hybrid scheme (Hagen 
et al., 2016), which separates network spiking activity simulations from 
the subsequent LFP predictions. Spikes, simulated in point-neuron net
works, are stored and later used to drive synaptic currents in uncon
nected MC neuron models, which in turn predict transmembrane 
currents and ultimately LFPs (Senk et al., 2024).

A simpler method (Mazzoni et al., 2015) approximated LFPs as 
weighted, time-shifted sums of excitatory and inhibitory synaptic cur
rents extracted from computationally efficient point-neuron 
simulations.

Other studies have exploited the near-linear relationship between 
action potential timing and extracellular potentials to estimate LFPs. 
This can be achieved by convolving presynaptic firing rates with linear 
filters, or ‘kernels’, which capture the spatiotemporal dynamics of syn
aptic inputs. Each of these kernels represents the averaged causal spike- 
signal impulse response function for pairs of pre- and post-synaptic 
populations, thus capturing the average postsynaptic LFP contribution 
given an action potential in the presynaptic population. The overall LFP 
can be estimated by convolving the firing rate of each presynaptic 
population with its corresponding population kernel and summing all of 
these LFP contributions.

(Hagen et al., 2016) applied this kernel-based approach to a multi
layer point-neuron network, demonstrating that LFPs can be predicted 
by convolving precomputed spatiotemporal kernels with presynaptic 
firing rates. The kernels were defined as the extracellular response to the 
synchronous activation of all neurons in a presynaptic population, 
normalized by the size of the presynaptic population. Although the 
kernel method was demonstrated to be accurate, and efficient once the 
kernels were known, estimating the kernels was highly computationally 
demanding.

In contrast, (Telenczuk et al., 2020) took a different approach, 
focusing on the experimental estimation of LFP kernels. Instead of pre
computing them from simulations, they fitted monosynaptic extracel
lular responses to predefined spatiotemporal shape functions for 
excitatory and inhibitory inputs. These experimentally derived 
spike-trigger averaged LFP kernels were then used to approximate LFP 
signals, by convolving them with firing rates from point-neuron network 

simulations. However, kernels measured from spike-triggered averages 
are potentially troubled by correlations and network dynamics (Hagen 
et al., 2016), and it is not a priori clear if such measured LFP kernels are 
transferable to other brain areas or species from where they were 
measured.

More recently, (Hagen et al., 2022) introduced a novel method that 
directly derived LFP kernels from the biophysical properties of neuronal 
networks, based on the spatial distribution of cells and synapses, con
duction delays, synaptic dynamics, and firing rates.

In essence, this framework leveraged a single, biophysically detailed 
cell simulation to predict the population kernels. This was achieved by 
first simulating the transmembrane currents of a single postsynaptic 
neuron in response to conductance-based synaptic inputs, allowing this 
to represent the population-averaged membrane currents following 
presynaptic activation. Factors such as the spatial extent of the popu
lation and variability in synaptic parameters were then incorporated 
through a series of linear convolutions applied across both spatial and 
temporal domains before the LFP kernel was calculated. This method 
significantly enhanced the kernel approach’s efficiency and versatility, 
enabling accurate and efficient calculation of LFP kernels on standard 
computational platforms, such as common laptops (Ness et al., 2024).

The kernel method has shown a lot of promise for enabling efficient 
and accurate LFP estimation from neural simulations. The method has, 
however, only been validated for simple networks (Ness et al., 2024), 
and remains to be tested in more biologically detailed networks that 
feature multiple neuronal populations, intricate connectivity patterns, 
variable synaptic strengths, and fluctuating external inputs.

Here, we investigated this aspect by testing the kernel method pro
posed by E. Hagen et al. (2022) against a computational model of the 
mouse primary visual cortex (V1) developed by the Allen Institute, 
which features an unprecedented level of biological detail (Billeh et al., 
2020). Briefly, the V1 network comprises >50,000 multicompartmental 
Hodgkin–Huxley neurons belonging to 17 cell types (4 excitatory, 4 
parvalbumin-, 4 somatostatin-, and 5 5-hydroxytryptamine- expressing 
interneurons) distributed in six cortical layers. Recurrent connection 
probabilities depend on intersomatic distance as well as neurons’ 
functional preferences, such as their direction tuning, with synaptic 
strength following an orientation-dependent like-to-like rule. Addi
tionally, the model receives sensory inputs from three different external 
sources: (i) experimentally recorded afferent activity from the lateral 
geniculate nucleus (LGN); (ii) experimentally recorded feedback from 
the lateromedial visual cortex (we employed the version presented by 
Rimehaug et al. (2023), distinguished by its novel integration of 
experimentally recorded feedback from the higher lateromedial (LM) 
visual area); and (iii) Poisson background spiking activity representing 
stimulus-independent continuous influence of the rest of the brain.

To simplify analysis and effectively evaluate the kernel method, we 
first constructed a simplified version of the V1 network, retaining the 
full biological complexity of the original model but focusing only on 
neurons with somata located in layer 2/3 (L2/3). This approach allowed 
us to isolate a subset of the network where the kernel method could be 
rigorously tested.

The simulated firing rates and membrane potentials in the L2/3 
model exhibited high levels of non-stationarity, which we found to 
significantly influence LFP generation. By incorporating these fluctua
tions into the kernel estimation, we demonstrated that the kernel 
method provides accurate LFP predictions for this highly detailed 
network model.

We compared the effectiveness of the kernel method to that of a 
proxy based on a linear combination of synaptic currents extracted from 
point neuron model simulations, as in Mazzoni et al. (2015). While this 
alternative approach worked, it proved impractical in most cases due to 
the large number of free parameters involved.

We also extended the application of the kernel method to the full- 
column V1 model, which includes all cortical layers. While the 
method produced reliable LFP estimates in L2/3 and layer 4 (L4), its 
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performance in layer 5 (L5) was notably less consistent. This discrep
ancy, however, allowed us to identify a likely artifact in the V1 model 
itself, which appeared to contribute to the observed inaccuracies. Thus, 
the kernel method also served as a diagnostic tool, revealing a putative 
model artifact that could otherwise have remained undetected.

Beyond its computational efficiency for LFP estimation, the kernel 
method also provides a valuable means of disentangling the contribu
tions of individual neuronal populations to the overall LFP. Leveraging 
this opportunity, we found that the LFP in this model was primarily 
driven by synaptic input onto pyramidal cells from external sources, 
namely the lateromedial visual area in L2/3 and the lateral geniculate 
nucleus in L4. In contrast, local synaptic inputs from excitatory or 
inhibitory populations played only a negligible role in shaping the 
overall LFP.

We here used the large-scale highly biophysically detailed Allen In
stitute’s V1 model, which requires high-performance computing facil
ities, potentially limiting its accessibility within the neuroscience 
community. We demonstrate that accurate LFP estimation can be done 
through the kernel-based framework at a fraction of the computational 
cost, thereby facilitating detailed, accessible, and versatile LFP estima
tion from a wide range of network models at different levels of 
abstraction (Einevoll et al., 2019).

This study is structured as follows. We begin by detailing the network 
properties of the layer 2/3 V1 model and the kernel-based method for 
estimating LFPs in these upper cortical layers. We then present our novel 
kernel method, which accounts for network non-stationarity by incor
porating fluctuations in presynaptic firing rates and postsynaptic 
membrane potentials during kernel estimation. Next, we systematically 
disentangle the contributions of external and internal synaptic inputs to 
the LFPs generated by cells in layers 2/3. Further, we describe two 
distinct approaches for estimating LFPs from a point-neuron network: (i) 
convolution with precomputed kernels, and (ii) identifying the optimal 
linear combination of synaptic currents that best captures the LFP time 
course, following a method similar to that of (Mazzoni et al., 2015). 
Lastly, we extend the applicability of the kernel-based approach to layer 
4 and discuss some of its limitations when applied to layer 5.

2. Methods

2.1. V1 model

In this study, we adopted the V1 mouse model developed by the 
Allen Institute (Billeh et al., 2020), specifically the version presented in 
Rimehaug et al. (2023). For full details, including a thorough description 
of the data-driven approach justifying the properties and parameter 
choices, we refer to the original publications (Billeh et al., 2020; 
Rimehaug et al., 2023).

The V1 model is composed of 230,924 neurons. 51,978 of these are 
biophysically detailed multicompartment neurons and they form a cy
lindrical core with a diameter of 800 μm and height of 860 μm. This 
inner cylinder is surrounded by an annulus with a thickness of 445 μm of 
178,946 leaky-integrate-and-fire (LIF) point neurons whose purpose is 
to avoid boundary artifacts (Arkhipov et al., 2018).

From layers 2/3 to 6, there is one excitatory class and three inhibi
tory classes (parvalbumin-positive, PV; somatostatin-positive, Sst; 5-hy
droxytryptamine-expressing, Htr3a).

The network received input from three different external sources: (i) 
experimentally recorded afferent activity from the lateral geniculate 
nucleus (LGN); (ii) experimentally recorded feedback (FB) from the 
lateromedial (LM) area of the visual cortex; and (iii) Poisson background 
spiking activity representing the (stimulus-independent) continuous 
influence of the rest of the brain on V1.

The LGN module is composed of 17,400 units that are connected to 
the excitatory classes and the PV interneurons in all layers and the Htr3a 
class in L1. The FB from LM comprises a single node that provides input 
to the excitatory, PV, and Sst cells in L2/3 and L5 and represents the 

feedback from higher visual areas. The background is also a single node, 
and it is a Poisson source firing at 1 kHz providing input to every neuron 
in the V1 model.

Recurrent connection probabilities depended on intersomatic dis
tance as well as neurons’ functional preferences, such as direction tun
ing. Synaptic strengths followed an orientation-dependent like-to-like 
rule: the connection strength was a function of the difference between 
the neurons’ preferred orientation and the type of connected neuron pair 
(i.e., excitatory or inhibitory).

The synaptic location for the MC model between connected neurons 
depended on the neuronal classes. Excitatory-to-excitatory synapses 
were placed on the basal and apical dendrites while avoiding the soma. 
They were placed anywhere along the dendrites in layers 2/3 and 4, 
while in layers 5 and 6 they had to be within 200 μm and 150 μm from 
the soma, respectively. Excitatory to inhibitory synapses were placed on 
the somas and the basal dendrites.

Inhibitory-to-excitatory and inhibitory-to-inhibitory connections 
followed instead same targeting rules, which depended on the presyn
aptic cell type. PV synapses were placed on the soma and dendrites 
within 50 μm of the soma. Synapses from Sst neurons were placed on the 
dendrites, 50 μm or further from the soma. Finally, synapses from Htr3a 
neurons were placed on the dendrites, from 50 μm to 300 μm from the 
soma.

Thalamic afferents contacted excitatory cell dendrites up to 150 μm 
away from the soma, excluding the soma itself. LGN synapses onto PV 
interneurons were placed on the soma and anywhere on the basal 
dendrites.

FB from LM synapses contacted PV and Sst somas and basal den
drites. FB synapses on L2/3 excitatory cells were placed on the apical 
dendrites, while on L5 excitatory cells they were placed on both the 
basal dendrites and apical dendrites >300 μm from the soma.

Finally, BKG synapses contacted excitatory cells on basal and apical 
dendrites closer than 150 μm from the soma, and the soma and basal 
dendrites of inhibitory cells.

2.2. External stimuli

We adopted two different visual stimuli in this study, as in Billeh 
et al. (2020). The first stimulus involved 3 s of drifting gratings: each 
trial consisted of 500 ms of a gray screen followed by 500 ms of sinu
soidal drifting gratings. The gratings were at 80 % contrast, with a 
spatial frequency of 0.04 cycles per degree and a 2 Hz temporal 
frequency.

The second stimulus involved flashes of light, with each trial con
sisting of 250 ms of a gray screen, followed by 250 ms of a white screen, 
and then another 250 ms of a gray screen. The contrast was at 80 %. 
Each trial was presented 10 times.

Notably, the inputs from the LGN in the flash simulations and the FB 
from LM injected into the V1 model for both stimuli were constructed from 
spike trains recorded experimentally in these structures during the pre
sentation of the aforementioned stimuli (see (Billeh et al., 2020; Rimehaug 
et al., 2023)). The LGN input in the drifting grating simulation was the 
same input that was used in the simulations presented in Billeh et al. 
(2020) and was constructed using the FilterNet module that generates 
LGN spike trains to be used as input for different visual stimuli. The spiking 
data are publicly available in the Neuropixels dataset https://portal. 
brain-map.org/circuits-behavior/visual-coding-neuropixels.

Although the V1 model (Billeh et al., 2020) supports the simulation of 
thalamocortical inputs in response to arbitrary visual stimuli, it does not 
currently offer the same flexibility for cortico-cortical feedback pro
jections. In particular, there is no mechanism to dynamically generate LM 
spiking activity for any visual input. For this reason, in our study we 
constructed the spiking inputs using experimentally recorded spike trains. 
This approach not only allowed us to bypass current model limitations but 
also enabled us to study LFP generation under biologically realistic con
ditions, grounded in empirically derived spiking activity.
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2.3. Simulation of extracellular potentials in multicompartmental V1 
model

To estimate LFPs in the multicompartmental V1 model we used the 
model version presented in Rimehaug et al. (2023). The code files 
necessary to run this model can be found in the original publication and 
are publicly available in Dryad: https://doi.org/10.5061/dryad. 
k3j9kd5b8.

The model was built, and the simulations were carried out with the 
Brain Modeling Tool Kit (bmtk) software (Dai et al., 2020). Detailed 
instructions on the network data structures and the simulation codes of 
the model are provided in Rimehaug et al. (2023) and (Billeh et al., 
2020).

Bmtk provides extracellular potential estimates using the so-called 
line-source approximation as the forward modeling method. In this 
approach, the extracellular potential generated by a neuronal 
compartment is approximated to originate from a continuous distribu
tion of the transmembrane currents along a line passing through the 
central axis of the compartment, within an infinite, homogeneous, 
isotropic, and linear volume conductor.

Measurement sites in the V1 model were treated as an array of 
infinitesimally small point electrodes arranged in a straight line, aligned 
with the main axis of the MC cylinder core, and separated by 50 μm.

Local field potentials were finally obtained by low-pass filtering the 
simulated extracellular potentials with a 4th-order low-pass Butterworth 
filter with a cutoff frequency of 150 Hz. We considered only frequencies 
above 0 Hz by subtracting the mean value in each channel.

Crucially, we found that irrespective of stimulus, the amplitude of 
LFPs generated by L2/3 excitatory neurons was significantly larger than 
those generated by interneurons across the whole cortical depth 
(Fig. 1F). In fact, the contribution to the overall LFPs from synaptic in
puts onto every interneuron type (and their associated return currents) 
was minimal, consistent with what had been previously shown for 
stellate cells with symmetrically placed synapses (Lindén et al., 2011; 
Næss et al., 2021) (i.e., a so-called close-field arrangement (Lorente De 
Nó, 1947)). Similarly, we observed that the LFPs generated by excitatory 
neurons in the deeper cortical layers also dominate those generated by 
interneurons (Figure S1), further emphasizing the minimal contribution 
of interneurons to the overall LFPs throughout the cortical depth. 
Accordingly, in our work, we focused our attention on the LFPs gener
ated by synaptic inputs onto pyramidal cells.

2.4. Estimating spatiotemporal kernels

In this study, we adopted the framework developed by E. Hagen et al. 
(2022) to estimate spatiotemporal kernels, which were then used to 
estimate LFPs in the V1 model outlined above. For full details on the 
framework, we refer to the original publication.

The kernels represent the averaged spatiotemporal spike-to-signal 
impulse response functions between a pre- and a postsynaptic 
neuronal family pair. Crucially, the set of deterministic kernels needed 
for all connection pathways between pre- and postsynaptic populations 
X and Y are obtained through a single MC neuron simulation per 
connection, thereby drastically reducing computational requirements.

Briefly, the set of deterministic kernels is obtained through the 
following process. 

1) The postsynaptic population Y is represented by a single typical 
biophysically detailed multicompartment neuron model. Effectively, 
the entire postsynaptic neuron population is collapsed into a single 
neuron with linearized membranes receiving all inputs from every 
presynaptic population.

2) The dynamics of membrane potentials and synaptic currents across 
the compartments of the target biophysically detailed neuron are 
represented using equivalent linear approximations around average 

membrane potential of the target population, and average firing of 
presynaptic populations.

3) The average synaptic current density for each connection over the 
whole postsynaptic target neuron is computed using the information 
contained in the depth-dependent synaptic density and somatic dis
tribution of target cells along the depth-axis. This step assumes radial 
homogeneity in synaptic placement and somatic distribution.

4) The computed average synaptic density for all connections between 
populations X and Y is applied to the target MC neuron representing 
the whole Y family. This enables the computation of the full set of 
transmembrane currents in each postsynaptic neuron compartment.

5) The resulting full set of transmembrane currents is filtered to account 
for synaptic delays between neuronal populations and then com
bined with forward model matrices to obtain the extracellular po
tentials at the simulated electrode contact points. This yields the final 
set of spatiotemporal kernels.

Note that the forward model is modified compared to the classical 
hybrid scheme to incorporate the distribution of somata in space. Here 
again, it is assumed that each population is radially symmetric around 
the vertical z-axis, homogeneous within some radius R, and inhomoge
neous along the z-axis.

The kernel estimation process outlined above was originally devel
oped under the assumption (among others) of no distance-dependency 
for connections in terms of connection probabilities and synaptic con
ductances. However, the V1 model applied in this study is characterized 
by both space-dependent and cell-dependent connection probability and 
synaptic strength, against which the kernel method presented by E. 
Hagen et al. (2022) was not validated.

The extracellular potentials were ultimately obtained by convolving 
the spatiotemporal kernels with the population firing rates. Specifically, 
for each connection pathway between a presynaptic population X and a 
target population Y, the extracellular potentials generated by the syn
aptic activity of X onto Y were obtained by convolving the firing rate of X 
with the spatiotemporal kernels between X and Y. The total extracellular 
potentials generated at population X were given by the sum of the 
extracellular potentials generated by each presynaptic source Y.

For the convolutions, we used the discrete convolution function from 
numpy, numpy.convolve, with mode=’same’ as described by E. Hagen 
et al. (2022). The population firing rates were calculated by counting 
spikes per time bin of width Δt = 0.1 ms, then dividing by bin width to 
provide a signal with units of spikes/s.

Local field potentials were obtained by low-pass filtering the simu
lated extracellular potentials with a 4th-order low-pass Butterworth 
filter with a cutoff frequency of 150 Hz. Please note that the kernels- 
based LFPs goodness-of-fit was relatively robust to variations in the 
cutoff frequency of the low-pass filter applied during LFP definition, 
remaining above 0.92 even for cutoffs as high as 500 Hz (Figure S4A). 
Finally, we considered only frequencies above 0 Hz by subtracting the 
mean value in each channel.

2.5. Extracting data from the Allen institute’s V1 model for kernel 
application

To derive the spatiotemporal kernels to produce LFP estimates, the 
framework developed by E. Hagen et al. (2022) necessitates specifying 
several parameters about the V1 network structure (Billeh et al., 2020; 
Rimehaug et al., 2023). These parameters were derived from the 
network files freely available here and here.

Specifically, we derived from the V1 computational model: 

• For each connection in the network, we derived the average 
connection probability, defined as the average number of connec
tions per postsynaptic neuron divided by the numerosity of the 
presynaptic neuronal family.
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Fig. 1. Features of mouse V1 layer 2/3 computational model. 
A. Representative morphological reconstructions of the four classes of L2/3 neurons: excitatory (blue, N = 12,689 cells, 1 model); parvalbumin (PV) positive in
terneurons (red, N = 640 cells, 3 models); somatostatin (Sst) positive interneurons (green, N = 464 cells, 4 models); Htr3a interneurons (orange, N = 1107 cells, 8 
models). 
B. Connectivity patterns of L2/3 network. The size of the arrows is proportional to the connection probability among neuronal classes. 
C. The L2/3 V1 model received three external stimuli: (i) feedback activity from lateromedial visual areas (FB); (ii) lateral geniculate nucleus afferents (LGN); (iii) 
background input. The spike trains driving the FB and LGN afferents were taken from publicly available experimental recordings, as described in (Rimehaug et al., 
2023). Background input consisted instead of independent realizations of a homogeneous Poisson (‘Poiss.’) spike generator process with a constant rate of 1000 sp./s. 
The width of the arrows contacting L2/3 neuronal cells is proportional to the synaptic strength of the three external stimuli. 
D. Average connection probabilities among L2/3 neuronal classes. 
E. Median synaptic strengths among L2/3 neuronal classes. 
F. Amplitudes of LFP signals generated in the morphological MC network across cortical depth when the network was presented with drifting gratings (left) and 
flashes of lights (right). LFP amplitudes were decomposed into the amplitude generated by transmembrane currents in all neurons (black, ‘tot.’ label), excitatory 
neurons (blue, ‘exc’), parvalbumin (red, ‘PV’), somatostatin (green, ‘Sst’), and Htr3a interneurons (orange, ‘Htr3a’). The amplitude was measured as the standard 
deviation of the LFP signals over the entire time course with the same sign as the mean of the signal at the corresponding cortical depth. The depth axis was centered 
around the average somatic position of L2/3 cells. 
G. (top) Average membrane potential of L2/3 excitatory cells in response to drifting gratings. The stimulus was composed of 500 ms of gray screen preceding 500 ms 
of sinusoidal drifting gratings. The gratings were characterized by a spatial frequency of 0.04 cycles per degree and by a temporal frequency of 2 Hz (see Section 2.2). 
The temporal course of the stimulus is represented on top of the panel. Shaded region indicates inter quantile range of membrane potentials distribution of L2/3 
excitatory cells. 
(bottom) Average membrane potential of L2/3 excitatory cells in response to full-field flashes. The flash stimuli trials consisted of 250 ms of gray screen, followed by 
250 ms of white screen, returning to a gray screen for 250 ms (see Section 2.2). The temporal course of the stimulus is represented on top of the panel. Shaded region 
indicates inter quantile range of the membrane potential distribution of L2/3 excitatory cells. 
H. Average instantaneous firing rate of L2/3 excitatory (top row, blue traces) and Sst interneurons (bottom row, green traces) in response to drifting gratings (left 
column) and flashes of light (right column) stimuli. The temporal course of the visual stimuli is schematically represented at the bottom of each column. 
I. Same as H, for parvalbumin (top row, red traces) and Htr3a (bottom row, orange traces) interneurons.
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• Despite the somatic depth distribution being specified in the build . 
csv files of the computational model, we derived the somatic distri
butions by fitting uniform probability density functions to the actual 
cell positions contained in the .h5 network files of the model. This 
choice was justified by observations that some soma positions did not 
follow the somatic distribution under which they were built. The 
reason is that for some cells if the soma was placed too close to the 
upper layer boundary, its apical dendrite would protrude out of the 
pia. Accordingly, the somatic positions were adjusted accounting for 
the apical dendrite length. Consequently, the actual somatic position 
distribution was derived from the actual network .h5 files rather than 
the build .csv files.

• In the original implementation(E. Hagen et al., 2022), the kernel 
code only accounted for gaussian probability density functions of 
somatic positions. We modified the code to consider uniform somatic 
position distributions, as in the case of the V1 model here adopted.

• To compute the kernels, the synaptic distribution along the depth 
axis onto a representative MC neuron of the target population needs 
to be specified. However, the original V1 network files did not 
contain any possibility to gather information regarding the synaptic 
placement onto the neuron morphologies. To extract this informa
tion, we built from scratch the structure of the biophysically detailed 
network using the code patch that can be accessed here: https:// 
github.com/AllenInstitute/bmtk/issues/268.

Once we obtained the synaptic positions in space for each connection 
pathway, subtracted from the postsynaptic neuron depth, we fit each 
distribution with a Gaussian mixture model using the GaussianMixture 
implementation from the sklearn package. The number of components 
for the fit was chosen to minimize both the Akaike Information Criterion 
and the Bayesian Information Criterion, with a maximum of 20 com
ponents. Goodness-of-fit was computed using the R-squared metric 
(Wright, 1921). Fits with an R-squared value below 0.9 were manually 
checked and adjusted by increasing the number of components in the 
Gaussian mixture (this occurred for <1 % of connections). 

• As already anticipated, the kernel method requires a static scalar 
specifying the connection synaptic weight for each connection 
pathway. Unfortunately, synaptic strength was not readily available 
in the network structure files. Consequently, we computed the syn
aptic strength for each pair of connected neurons in the network. To 
achieve this, we used the “DirectionRule_EE” and the “DirectionRu
le_others” functions developed by the Allen Institute and available 
here. From the derived strength values, we summarized the distri
bution of synaptic strengths between neurons of family X contacting 
those of family Y by computing the median value. We opted for the 
median value as a measure of central tendency due to the significant 
asymmetry of synaptic strength distributions (especially between 
excitatory cells, see Figure S2).

• In the V1 model, each neuron morphology is characterized by its own 
rotation angle, applied to align the neuron’s main axis with the 
central axis of the network’s cylindrical core. Unfortunately, the 
bmtk simulator and the kernel method adopted different x-y-z co
ordinate systems. Specifically, bmtk assumed the y-axis was aligned 
with the depth axis, while in the kernel method, the depth axis was 
aligned with the z-axis. We accounted for this inconsistency between 
the two frameworks by recomputing the rotation matrices needed to 
align the neuronal morphology along the depth axis in the kernel 
method.

• We derived the multapse count (i.e., the number of multiple con
nections between the same pair of cells) and the synaptic conduction 
delays from the build .csv files of the V1 network model.

2.6. Single-layer L2/3 V1 model

Before applying the kernel-based LFP estimation to the full-column 

V1 model, we focused specifically on the upper L2/3 layers. This 
single-layer model was created by isolating the L2/3 layer within the 
full-column V1 model. We achieved this by setting the synaptic strengths 
of connections involving neuronal populations outside L2/3 to zero. This 
adjustment was made by modifying the csv build files, which specify the 
synaptic strengths between connected neuronal populations. This 
allowed us to concentrate solely on the synaptic interactions within the 
L2/3 layer for a more controlled and detailed analysis.

2.7. Estimating dynamic kernels for LFP estimation

As outlined in the Results section, we proposed a novel method for 
estimating LFPs based on time-varying kernels. Specifically, we found 
that the goodness-of-fit of LFP estimates improved when the kernel 
estimation procedure accounted for temporal fluctuations in two pa
rameters, which were assumed to be constant in the original imple
mentation (E. Hagen et al., 2022): (1) the membrane potential of the 
neuron representing the target population and (2) the change in passive 
conductance of the target neuron induced by persistent presynaptic 
activity.

The first parameter, fluctuations in the membrane potential, was 
easily handled by applying a linear adjustment, as described in the Re
sults section. However, the second parameter (i.e., changes in passive 
leak conductance) was more challenging to address analytically and 
required a different approach.

The concept of incorporating changes in passive leak conductance 
due to presynaptic activation was already introduced in the original LFP- 
kernels method (E. Hagen et al., 2022). In their work, the authors 
calculated changes in the total leak membrane conductance per post
synaptic compartment m of postsynaptic neuron with: 

Δgm(t) =
1

Am

∑

X

∑

u
wxu

(
βXY ∗ su ∗ τd

xu

)
(t)

where Am is the area of compartment m, su is the sequence of presynaptic 
spikes of the unit u belonging to presynaptic population X and con
tacting the compartment m, τd

xu 
the axonal conduction delay, and β is the 

integral of the sum of exponentials describing the rise and the decay of 
the synaptic conductance dynamics. The asterisk symbol (*) denotes a 
temporal convolution.

In our work, we used the sum over the compartments of Δgm on the 
neuron representing the postsynaptic population Y, and referred to this 
as ΔgY(t).

To handle the temporal dynamics of ΔgY(t), we discretized the 
effective leak conductance into N discrete levels. Specifically, we 
divided the range of ΔgY(t) into N equal intervals (in our case, N = 2) 
and calculated the average value of ΔgY(t) within each interval.

These N average values represented the discrete levels of ΔgY(t), 
which we denoted as Δgα

Y , where α ranges from 1 to N. We then esti
mated a different set of LFP kernels for each Δgα

Y . Finally, at each time 
point, we computed the LFP by adopting the set of kernels corresponding 
to the discrete value Δgα

Y closest to the actual value of ΔgY(t) at that time.

2.8. Developing L2/3 point leaky integrate-and-fire neuron model

As noted in the main text, (Rimehaug et al., 2023) proposed an 
updated version of the MC model originally presented by Billeh et al. 
(2020). This new version included additional feedback inputs from the 
lateromedial visual areas. As a result, however, the synaptic weights of 
recurrent connections and background inputs were adjusted to ensure 
consistency in the simulated dynamics between the two model versions. 
The detailed set of weight adjustments can be found in the original 
publication(Rimehaug et al., 2023).

Unlike (Billeh et al., 2020), (Rimehaug et al., 2023) did not develop a 
point neuron counterpart for the newly proposed version of the MC 
network model. To address this, we started with the point generalized 
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leaky integrate-and-fire neuron model developed by Billeh et al. (2020)
and applied the same set of synaptic weight adjustments that (Rimehaug 
et al., 2023) applied to the MC model. Please note that our focus was 
solely on the L2/3 neurons to create a point-neuron model equivalent to 
the single-layer L2/3 MC model.

However, simply applying the same synaptic weight scaling as in 
Rimehaug et al. (2023) was insufficient to ensure consistency between 
the average firing rates of the L2/3 point network and the L2/3 MC 
model. To achieve this consistency, the synaptic weights for recurrent 
connections and external stimuli were multiplied by factors in the range 
[0.7, 1.3]. The combination of synaptic weights that minimized the 
difference in average firing rates between the two models, in response to 
both drifting gratings and flashes of light, was retained (Figure S6) and 
used for estimating the LFPs with the kernel method and the linear 
combination of synaptic currents (see Section 3.2).

2.9. Goodness-of-fit measures

To quantify the temporal agreement between the LFPs obtained 
through MC model simulations and those obtained via the kernel 
method we computed the squared of the coefficient of determination R 
at zero-time lag. The R2 was computed as the ratio between the 
covariance between the two LFP estimates and the product of the vari
ance of each LFP estimate.

In order to quantify instead the relative differences in amplitude 
between the two signals, we computed the ratio of the variance between 
the two signals (see for example Fig. 3C–E).

3. Results

3.1. LFPs from a detailed large-scale L2/3 network model

We first investigated the LFPs generated by neurons with somata 
positioned in a single cortical layer, layer 2/3 (L2/3, see Section 2.6), 
across the whole cortical depth, upon presentation of simple visual 
stimuli. To this end, we built on the mouse V1 multi-compartmental full- 
column model developed by the Allen Institute (Billeh et al., 2020), 
specifically the version presented by Rimehaug et al. (2023), mainly 
distinguished by its novel integration of experimentally recorded feed
back from the higher lateromedial (LM) visual area.

We started our analysis in L2/3 to simplify the analysis of LFP gen
eration mechanisms, and because previous computational work suggests 
that this layer provides a large contribution to extracellular potentials 
(Hagen et al., 2016; Næss et al., 2021) (Figure S1).

The L2/3 model was composed of a 400-μm radius inner cylinder of 
morphologically derived multi-compartmental neurons with somatic 
Hodgkin-Huxley dynamics and passive dendrites (Gouwens et al., 2019). 
This inner cylinder was surrounded by an annulus of point neurons 
whose purpose was to avoid boundary artifacts (Arkhipov et al., 2018). 
L2/3 contained four distinct neuronal populations (Fig. 1A, B), one of 
which was excitatory. To elaborate, the L2/3 network comprised a single 
model of excitatory cells, three models for the parvalbumin (PV) positive 
interneurons, four models for the somatostatin (Sst) positive in
terneurons, and eight models for the 5-hydroxytryptamine-expressing 
(Htr3a) interneurons (see Table 1 for populations numerosity). Over
all, 85 % of the neurons were excitatory and 15 % were inhibitory.

The network received external inputs from three different external 
sources (Fig. 1C, see Section 2.2): (i) experimentally recorded afferent 
activity from the lateral geniculate nucleus (LGN); (ii) experimentally 
recorded feedback from the lateromedial (LM) area of the visual cortex; 
and (iii) Poisson background spiking activity representing the (stimulus- 
independent) continuous influence of the rest of the brain on L2/3 V1. 
Recurrent connection probabilities (whose average values are reported 
in Fig. 1D) were dependent on intersomatic distances as well as neurons’ 
functional preferences, such as cells’ direction tuning. Synaptic 
strengths (see Fig. 1E for average values), on the other hand, followed an 

orientation-dependent like-to-like rule (i.e., cells preferring similar 
stimuli were preferentially connected(Billeh et al., 2020)).

We simulated the network dynamics using two sensory stimuli: 
drifting gratings and full-field flashes. Flashes induced higher firing 
rates in every L2/3 neuronal family (except for Htr3a interneurons - 
Fig. 1I, J). This discrepancy was largest immediately after stimuli onsets 
and offsets. Flashes also induced a higher average membrane potential 
in excitatory neurons (Fig. 1G, H).

This difference in neuronal response may be attributed to how the 
external inputs were modeled. For both stimuli, the FB inputs from the 
LM visual area were derived from experimentally recorded spike trains. 
However, the feedforward inputs from LGN were handled differently. In 
the case of flashes, the LGN spike trains were recorded experimentally in 
response to actual flashes of light. Conversely, for the drifting gratings, 
LGN inputs were modeled as in (Billeh et al., 2020) using the FilterNet 
module, which can generate LGN spike trains for a wide range of visual 
stimuli.

We found that, irrespective of stimulus, the amplitude of LFPs (ob
tained by simulating transmembrane currents using detailed multi
compartmental neuron models) generated by L2/3 excitatory neurons 
were significantly larger than those generated by interneurons across 
the whole cortical depth (Fig. 1F). In fact, the contribution to the overall 
LFPs from synaptic inputs onto every interneuron type (and their asso
ciated return currents) was minimal, consistent with what had been 
previously shown for stellate cells with symmetrically placed synapses 
(Lindén et al., 2011; Næss et al., 2021) (i.e., a so-called close-field 
arrangement(Lorente De Nó, 1947)). Similarly, we observed that the 
LFPs generated by excitatory neurons in the deeper cortical layers also 
dominate those generated by interneurons (Figure S1), further empha
sizing the minimal contribution of interneurons to the overall LFPs 
throughout the cortical depth.

Accordingly, when we refer to the LFPs within a cortical layer, we are 
specifically referring to those generated from synaptic inputs onto the 
excitatory cells in that layer.

3.2. Kernel-based LFP estimation in a detailed large-scale L2/3 network 
model

After simulating the LFPs generated by the highly biophysically 
detailed multicompartmental L2/3 network of the V1 model (Billeh 
et al., 2020; Rimehaug et al., 2023), we evaluated whether these signals 

Table 1 
Number of cells (N) in the V1 network model.

N

L2/3: excitatory cells 12,689
L2/3: PV interneurons 640
L2/3: Sst interneurons 464
L2/3: Htr3a interneurons 1107
LIF L2/3: excitatory cells 43,368
LIF L2/3: PV interneurons 2287
LIF L2/3: Sst interneurons 1656
LIF L2/3: Htr3a interneurons 3738
L4: excitatory cells 10,254
L4: PV interneurons 963
L4: Sst interneurons 553
L4: Htr3a interneurons 270
LIF L4: excitatory cells 35,507
LIF L4: PV interneurons 3498
LIF L4: Sst interneurons 1831
LIF L4: Htr3a interneurons 961
L5: excitatory cells 7569
L5: PV interneurons 613
L5: Sst interneurons 555
L5: Htr3a interneurons 117
LIF L5: excitatory cells 25,989
LIF L5: PV interneurons 2263
LIF L5: Sst interneurons 1983
LIF L5: Htr3a interneurons 391
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could be effectively approximated using the computationally efficient 
kernel-based method introduced by E. Hagen et al. (2022). This 
framework provides a computationally efficient method for estimating 
LFPs by convolving neuronal firing rates with a set of spatiotemporal 
kernels, which represent the averaged spike-triggered extracellular po
tential response between pre- and post-synaptic populations (see Section 
2.4 for details).

In the original work by E. Hagen et al. (2022), this kernel-based 
method was tested on a minimalistic network consisting of only two 
types of neuronal populations (one excitatory and one inhibitory) sub
ject to constant external synaptic input. The model also relied on several 
key simplifications, including fixed connection probabilities and uni
form synaptic weights between connected populations. In contrast, the 
network examined in this study was vastly more intricate, encompassing 
16 distinct neuronal sub-populations across six cortical layers, three 
types of time-varying external inputs, and a non-trivial, asymmetrical 
distribution of both connection probabilities and synaptic strengths 
between pairs of connected neurons. This added complexity reflects a 
more biologically realistic scenario, presenting a significant challenge 
for the kernel-based framework.

Before applying the kernel-based method, we computed two key 
network parameters: the average connection probability between 
neuronal populations (Fig. 1D) and the median synaptic strength 
(Fig. 1E). Given the significant skew in synaptic strength distributions 
(particularly among excitatory cells) we chose to use the median as a 
measure of central tendency, which more accurately represents the 
central behavior in these asymmetrical distributions (see Figure S2 for 
detailed distributions).

To estimate a set of LFP kernels for each pair of pre- and post- 
synaptic populations in L2/3, we followed the methodology described 
by E. Hagen et al. (2022) (see also Section 2.4). As previously noted, we 
focused specifically on kernel pairs where L2/3 excitatory cells were the 
post-synaptic targets.

For each population connected to the L2/3 excitatory neurons, we 
calculated the corresponding set of LFP kernels. These kernels describe 
the average extracellular response in excitatory neurons to incoming 
synaptic activity from a given pre-synaptic population.

In addition to the structural parameters of the network (such as 
connection probabilities, synaptic delays, synaptic strengths, and the 
distribution of synaptic contacts along the morphology of target neu
rons), the kernel estimation process also requires specifying the mem
brane potentials of the target populations, which affect the driving force 
of synaptic currents, as well as the firing rates of pre-synaptic pop
ulations, as they influence the effective leak conductance of post- 
synaptic neurons. Initially, we estimated LFP kernels using fixed 
values of both the membrane potentials of the target population and the 
presynaptic firing rates, consistent with the approach used by E. Hagen 
et al. (2022).

Although this approximation disregards the observed temporal 
fluctuations (Fig. 1G-J), the LFPs estimated by convolving the firing 
rates of each pre-synaptic population with its corresponding set of ker
nels provided a satisfactory approximation of the LFPs in response to 
flash stimuli (median R² = 0.82, Fig. 2A). However, for visual gratings, 
the kernel-based estimation failed to capture the LFPs accurately (me
dian R²=0.28, Fig. 2B). We hypothesized that this limitation of the 
kernel-based approach arose from its core assumptions of constant 
membrane potentials and presynaptic firing rates. These factors directly 
influence synaptic currents and the passive properties of the post- 
synaptic membrane, which are known to fluctuate dynamically in 
response to naturalistic external inputs. To overcome this, we extended 
the kernel-based framework to account for these network non- 
stationarities.

3.3. Dynamic kernels to enhance LFP estimation

We investigated how changes in two key factors affected LFP kernels: 

first, the membrane potential of the target population, and second, the 
firing rates of the presynaptic populations.

When calculating the kernels HXY between a presynaptic population 
X and a postsynaptic population Y, the (assumed constant) mean 
membrane potential of the postsynaptic population 〈VY〉 needs to be 
specified (E. Hagen et al., 2022). This is because the postsynaptic cur
rents are calculated from the synaptic driving force term <VY>-EX, 
where EX represents the reversal potential of the synapse between 
population X and Y. We found that the kernels scale linearly with 
changes in the synaptic driving force term (Figure S3A), indicating that 
fluctuations in VY can be accounted for without the need to re-estimate 
the kernels. Instead, we can simply re-scale the kernels (computed 
assuming constant <VY>) using the time-variable postsynaptic mem
brane potential, expressed as: 

HXY(VY(t)) = HXY(〈VY〉) ∗
VY(t) − EX

〈VY〉 − EX 

In contrast, fluctuations in presynaptic firing rates can be expected to 
introduce nonlinear effects on LFP kernels (Figure S3A). This occurs 
because presynaptic firing activity influences the effective leak 
conductance of the target neuron, thereby altering its passive membrane 
properties and ultimately leading to a nonlinear effect on kernel dy
namics. More specifically, the change in effective leak conductance 
ΔgY(t) induced by presynaptic spiking activity fX(t) is described by the 
following equation (see Section 2.7 and (E. Hagen et al., 2022)): 

ΔgY(t) =
∑

X
fX(t) ∗

∑

m

1
Am

∗ pm ∗ KYXin ∗ wYX ∗ β 

Where Am is the area of compartment m, KYXin is the per neuron 
indegree between presynaptic population X and postsynaptic population 
Y, wYX is the synaptic weight, pm is the per compartment connection 
probability between X and Y, and β is the integral of the sum of expo
nentials describing the synaptic conductance evolution.

The absence of a simple, direct relationship between kernel dynamics 
and presynaptic firing rate fluctuations implies that a different set of 
kernels would need to be recalculated at each time point, or at least for 
every value of ΔgY(t), which could undermine the computational effi
ciency of the kernel-based approach. To overcome this challenge, we 
propose discretizing the effective leak conductance ΔgY(t) into N 
discrete levels (see Section 2.6). This approach allows LFP kernels to be 
computed for each distinct level, or for each time interval in which 
ΔgY(t) remains within the same discrete level, reducing the computa
tional burden while still capturing key dynamics.

Thus, a time-variable version of the LFP kernel-based prediction can 
be expressed as: 

LFP(t) ≈
∑

X
fX(t) ⊗ Hα

XYηXY(t)

with ηXY(t) =
VY(t)− EX
〈VY(t)〉− EX 

and Hα
XY = HXY

(
ΔgY = Δgα

Y ;VY = 〈VY〉
)

repre
senting the set of kernels calculated for each discrete level α of ΔgY, 
assuming as target membrane potential its temporal average 〈VY〉.

This novel dynamic kernel estimation approach significantly 
improved the goodness-of-fit of LFP predictions for both drifting grat
ings (median R²=0.96, Fig. 2D) and flashes of light (median R²=0.98, 
Fig. 2E) with only N = 2 discrete levels of ΔgX(t). Further increasing the 
number of discrete levels did not lead to significant improvements in 
prediction accuracy (Figure S4B).

Interestingly, we observed a notable drop in goodness-of-fit between 
LFPs estimated through kernel convolution and those simulated using 
multicompartmental models at positions near the midpoint of the so
matic depth distribution (i.e., 0 on the depth axis in Figs. 2D, 2E). This 
decline in R2 coincided with lower amplitude LFPs, and is likely 
attributable to the inversion point of the evoked transmembrane cur
rents, leading to noisier, low-amplitude fluctuations in this region (Ness 
et al., 2024).
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Overall, this time-varying kernel approach underscores the impor
tance of accounting for network dynamics when exploring the mecha
nisms underlying extracellular potential generation, particularly when 
simulating variable-rate external inputs that induce highly non- 
stationary activity in neuronal networks, as is often the case in biolog
ical systems.

3.4. LFPs in the L2/3 mouse V1 model are dominated by synaptic 
feedback from higher visual areas

The kernel method allows the LFP to be represented as the sum of 
convolutions between the firing rates of individual neuronal sub
populations and the corresponding LFP kernels. This offers the possi
bility to discern the relative contribution of each neuronal family in 
shaping the overall LFP. Importantly, this can be achieved without the 
need to silence specific neuronal populations or modify the network 
structure in any way.

We applied the kernel method to disentangle the contributions of 
each L2/3 neuronal subpopulation to the collective LFPs in the mouse 
V1 L2/3 network model. In addition to the full LFP, we also decomposed 
the LFPs into: (i) the internal LFPs, generated by synaptic activity from 
within the L2/3; and the (ii) external LFPs, generated by synaptic inputs 
from external inputs.

For both stimuli, the kernels describing the effect of PV synaptic 
activity displayed the largest amplitude among internal populations 
(Fig. 3A, G, and Figure S3B, C). Coupled with the fact that PV cells 
exhibited the highest firing rates among the V1 populations (Fig. 1H, I), 
we found that the internal LFP variance was predominantly influenced 
by the activity of parvalbumin (PV) interneurons across the entire 
cortical depth (Fig. 3C, I). In contrast, the contributions from the syn
aptic inputs of the other two families of inhibitory cells, Sst and Htr3a 
interneurons, and of excitatory cells were limited (Fig. 3C, I). Consis
tently, the LFPs generated by PV interneurons explained nearly the 
entire variance of internal LFPs (Fig. 3F, R2=0.99; Fig. 3L, R2=1.0), 
while the remaining L2/3 populations accounted for a smaller propor
tion of the explained variance (Fig. 3F, mean R2=0.07; Fig. 3L, mean 
R2=0.20).

We found the negligible contribution of Sst and Htr3a neurons to the 
LFPs could be attributed to several factors, all of which would need to be 
addressed to match the LFP amplitudes of PV neurons (Figure S4C, D): 
lower average firing rates (Fig. 1I–J), weaker synaptic strength onto 
pyramidal cells (Fig. 1B), and less spatially concentrated synapses (see 
Figure S4C, D and Methods). Unlike the internal LFP, the external LFP 
was not dominated by the synaptic activity coming from a single pop
ulation. Nevertheless, the feedback (FB) activity from higher visual 
areas, that is, the lateromedial area (LM), emerged as the most signifi
cant contributor across the entire cortical depth for both stimuli, fol
lowed by the contributions coming from LGN and the background 

activity (BKG) (Fig. 3D, J). This difference in the significance of these 
populations outside V1 became particularly evident during the presen
tation of drifting gratings (i.e., for t > 500 ms in Fig. 3D) and following 
the onset/offset of light flashes (i.e., for t > 250 ms and t > 500 ms in 
Fig. 3J). Accordingly, the external LFPs variance was primarily 
explained by the feedback from LM inputs (Fig. 3F, R2=0.84; Fig. 3L, 
R2=0.85), followed by the background (Fig. 3F, R2=0.49; Fig. 3L, 
R2=0.22), and the LGN afferents (Fig. 3F, R2=0.003; Fig. 3L, R2=0.001).

Note that the variance of the external LFPs was lower than the sum of 
the variances of its components. Accordingly, the ratio between the 
variances of the external LFPs and the LFPs generated by the synaptic 
activity coming from each individual external population exceeded 1. 
This arose because the LGN and BKG produced fluctuations with 
opposite signs to those from FB, as evidenced by the differing signs of 
their kernels (Fig. 3A, G, and Figure S3B, C). This was due to synaptic 
positioning: LGN and BKG synapses were placed on the basal and apical 
dendrites of L2/3 pyramidal cells, while FB synapses only contacted the 
apical dendrites.

Overall, the total LFPs (i.e., the sum of internal and external LFPs) 
were primarily driven by neuronal populations outside V1, with internal 
populations playing only a marginal role (Fig. 3E, K). The external in
puts collectively accounted for nearly all the variance in the total LFPs 
(Fig. 3F, R² = 1.0; Fig. 3L, R² = 0.97), whereas the contribution from L2/ 
3 neuronal populations explained a much smaller ratio of the variances 
(Fig. 3F, R² = 0.35; Fig. 3L, R² = 0.46) for both tested stimuli. Even the 
most influential internal source, the PV interneurons, explained rela
tively little variance (Fig. 3F, R² = 0.35; Fig. 3L, R² = 0.55). In contrast, 
the primary source of LFPs originated from feedback from the LM 
(Fig. 3F, R² = 0.84; Fig. 3L, R² = 0.89).

Interestingly, while other external inputs contributed significantly 
more to the total LFP variance than PV neurons (Fig. 3E, K), the R² be
tween the total LFPs and the LFPs generated by PV interneurons (Fig. 3F, 
R² = 0.35; Fig. 3L, R² = 0.55) was higher than that of background inputs 
in response to flashes (Fig. 3L, R² = 0.20) and LGN inputs in response to 
both stimuli (Fig. 3F, R² = 0.003; Fig. 3L, R² = 0.001). This suggests that, 
while LGN and background inputs produced higher-amplitude LFPs, the 
LFPs generated by PV interneurons exhibited greater covariance with 
the total LFPs. This likely arose from the strong correlation between the 
firing rates of PV neurons and external inputs (Pearson’s correlation, ρ =
0.72, which increased to ρ = 0.76 at lag = 6 ms). However, the reverse 
did not hold true: while excitatory neurons exhibited a similar correla
tion with external stimuli (Pearson’s correlation, ρ = 0.73, increasing to 
ρ = 0.79 at a 9 ms lag), the LFPs associated with their synaptic activity 
showed negligible co-variation with the overall LFP.

This minimal contribution of local synaptic activity to the LFP might 
appear to contradict prior studies that emphasized the role of PV syn
aptic inhibition in shaping cortical LFPs (Hagen et al., 2016; Mazzoni 
et al., 2015; Teleńczuk et al., 2017). We suggest that the strong drive of 

Fig. 2. Mouse V1 layer 2/3 LFPs can be computed as the convolution between firing rates and dynamic spatiotemporal kernels. 
A. Depth-resolved trial-averaged L2/3 LFPs in response to full-field flashes of light. The temporal pattern of the visual stimulus is illustrated at the bottom of each 
panel. The LFPs were estimated using two methods: (i) biophysically detailed multi-compartmental (MC) neuronal network simulations combined with a forward 
model derived from volume conduction (VC - black traces), and (ii) convolution of neuronal firing rates with a set of spatiotemporal kernels (red traces). The kernel- 
based estimation of LFPs employed a single set of kernels, assuming constant target membrane potential  VY(t) and presynaptic firing rates υX(t). This estimation (see 
formula reported at the top of the panel) consisted of the sum of the convolutions between the presynaptic firing rates υX(t) and the kernels HXY for the connection 
between presynaptic population X and target population Y. The consistency between the kernel-based and multicompartmental LFPs estimation was evaluated with 
R2 (right column). L2/3 somatic distribution along the cortical depth, graphically indicated on the left, was uniform within the [− 105,105] µm range. The top inset 
provides a zoomed-in comparison between the LFPs estimated with MC simulations and kernels at the highest simulated recording electrode contact. 
B. Same as A, but in response to drifting gratings. 
C. The estimation of dynamic kernels can be broken down into three key steps: (1) The change in effective leak conductance, ΔgX(t), induced by presynaptic spiking 
activity, is discretized into N levels (e.g., N = 2 in this example). For each level, a corresponding set of kernels is estimated; (2) at each simulated time point, the 
selected kernels (based on the discrete level assumed by ΔgX(t)) are multiplied by the normalized synaptic driving force ηXY(t)=(VY-EX)/(<VY>-EX) between the 
presynaptic population X and the postsynaptic population Y; (3) finally, LFPs are computed as the convolution between the presynaptic firing rate, υX(t), and the 
product of the kernels HXY

α and the synaptic driving force ηXY(t). The kernels are chosen dynamically over time, according to the discrete level α of ΔgX(t). 
D. Same as A, but estimating LFPs using the procedure introduced in C (see the formula above the panel). 
E. Same as D, in response to drifting gratings.
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PV neurons by external inputs may inflate their apparent contribution to 
the LFP. To explore this, we computed spike-triggered LFPs (st-LFPs), 
that is the average of short LFP segments centered around each spike 
time of PV and excitatory cells. We found that st-LFPs from both PV and 
excitatory neurons were three orders of magnitude larger than their 
respective kernels (Fig. 3B, H; Figure S5), aligning more closely with the 

amplitudes of kernels associated with external inputs (Fig. 3A, G). 
Further, in agreement with (Teleńczuk et al., 2017), we observed that 
st-LFPs from excitatory and PV cells exhibited the same polarity and 
similar amplitudes, unlike their respective kernels (Fig. 3A, G vs. Fig. 3B, 
H). Additionally, st-LFPs from PV cells slightly preceded those from 
excitatory cells, especially in response to flashes (Fig. 3H). This timing 

Fig. 3. Contributions of multiple neuronal populations shape LFPs in the single-layer 2/3 model. 
A. Average spatiotemporal kernels for both discrete levels of ΔgX (shown in different shades), used to compute LFPs in response to drifting gratings for each neuronal 
LFP source. The sources are (from left to right): excitatory cells (blue); PV (red), Sst (green), and Htr3a (orange) interneurons; LGN (brown), FB (violet), and BKG 
(grey). Kernels magnitudes are reported in the inset of each panel. 
B. Average LFPs triggered by spikes of L2/3 PV (red line) or L2/3 excitatory (red line) neurons. Shaded areas indicate the standard error of the mean. 
C. Variance ratios between internal LFPs (in response to drifting gratings) and the LFPs generated by the activity of excitatory cells (blue trace), PV (red trace), Sst 
(green trace), and Htr3a interneurons (orange trace). Internal LFPs are defined as the LFPs generated by neuronal populations within L2/3 of V1. (Right) Variance 
ratios between internal LFPs and L2/3 cortical neuronal populations across the cortical depth. Note that, because the variance of a sum includes additional covariance 
terms between components, the variance ratios do not sum to 1. Additionally, the variance ratios for Sst and Htr3a interneurons are approximately zero and are 
masked below the variance ratios of excitatory cells and PV interneurons. 
D. (left) Ratio of variance between external LFPs, in response to drifting gratings, and the LFPs generated by the inputs coming from LGN (brown trace), FB from LM 
(violet trace), and BKG (grey trace). 
(right) Ratio of variance between external LFPs and the external inputs across cortical depth. 
E. (left) Ratio of variance between the total LFPs, in response to drifting gratings, and the LFPs generated by the activity of every neuronal family in the model: 
excitatory cells (blue trace); PV interneurons (red trace); Sst interneurons (green trace); Htr3a interneurons (orange trace); LGN (brown); FB (violet); BKG (grey). 
(right) Ratio of variance between total LFPs and every neuronal family in the single-layer L2/3 model across cortical depth. 
F. R² matrix between the overall LFPs and the LFP contributions generated by the firing rates of each neuronal population in the reduced single-layer V1 model. 
Please note that the labels: ‘int.’ indicate the sum of the LFPs generated by L2/3 neuronal populations; ‘ext.’ indicates the sum of the LFPs generated by external 
sources; ‘tot.’ implies the sum of ‘int.’ and ‘ext.’ LFPs. 
G-L. Same as A-F, in response to flashes of light.
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difference likely reflects the longer transmission times in pyramidal 
cells, as also indicated by the correlation analysis above. Overall, these 
results imply that spike-triggered measures may misattribute LFP con
tributions from external inputs to PV neurons. In other words, st-LFPs 
recorded from PV cells can primarily reflect external synaptic input, 
while the postsynaptic LFPs generated by PV neurons are better 
captured by kernel-based estimates.

In summary, the LFPs in the mouse L2/3 network, as modeled here 
(Billeh et al., 2020; Rimehaug et al., 2023), are predominantly shaped 
by synaptic activity from populations external to V1, particularly feed
back from the LM. Importantly, while this insight was easy to extract 
from the kernel-based LFP, it would have been much more difficult to 
extract from the original model, since the standard approach to model 
LFPs doesn’t provide easy access to the relative importance of different 
types of synaptic input in shaping LFP signals.

Of note, we compared the kernel method to a simplified LFP pre
diction approach based on linear combinations of synaptic currents from 
point-neuron network simulations, as previously proposed(Mazzoni 
et al., 2015). By designing a point-neuron network equivalent to the 
multicompartmental L2/3 network (Figure S6), we demonstrated that 
both approaches could accurately approximate internal LFPs (Figure S7: 
gratings median R²=0.90; flashes median R²=0.94). However, the syn
aptic current coefficients required optimization for each depth and 
network dynamics (refer to the Supplementary Text in Supplementary 
Material), which limits their generalizability. In contrast, the kernel 
method offered a robust and stimulus-independent solution for esti
mating LFPs from spiking activity in simplified neuronal models. 
Importantly, the kernels are deterministically derived from experimen
tally validated cell and network parameters, without any free parame
ters requiring fitting, further enhancing their general applicability and 
predictive power.

3.5. Kernel-based approach captured L2/3 LFPs in a full-column model of 
mouse V1

Up to this point, we have focused on a cortical network limited to L2/ 
3, excluding other layers present in the original model (Billeh et al., 
2020; Rimehaug et al., 2023). To broaden our analysis, we applied the 
kernel-based method to estimate the LFPs generated by L2/3 pyramidal 
cells in the context of a full-column V1 model (see Section 2.3).

This full-column model included six cortical layers, with L2/3 
receiving additional inhibitory afferents from layers 1, 4, 5, and 6, and 
excitatory inputs from layers 4 and 5. As with the L2/3-only network, 
LFPs generated by inhibitory neurons were negligible, so we focused on 
L2/3 pyramidal cells as the primary contributors to the LFPs (Figure S1).

We derived spatiotemporal kernels using the same method as in 
Fig. 2, discretizing the effective leak conductance ΔgY(t) into two levels 
(N = 2) and convolving the firing rates with the corresponding kernels. 
This approach yielded accurate LFP estimates for L2/3 in the full- 
column model, both in response to contrast gratings (Fig. 4A, 
R²=0.96) and flashes of light (Fig. 4F, R²=0.98). As in the single-layer 
network, the goodness-of-fit decreased in the somatic depth region, 
likely due to noisy low-amplitude fluctuations.

We used the kernel method to disentangle the contributions from 
different neuronal families. The L2/3 internal LFPs (generated by syn
aptic activity from within V1) were mainly influenced by PV in
terneurons and inhibitory inputs from other layers (Fig. 4B, G). PV 
inputs alone accounted for most of the internal LFP variance (Fig. 4E, 
R²=0.94; Fig. 4J, R²=0.96), while excitatory (Fig. 4E, R²=0.07; Fig. 4J, 
R²=0.27) and non-PV inhibitory activity (Fig. 4E, R²=0.04; Fig. 4J, 
R²=0.24) had negligible effects.

LFPs generated by external sources, particularly feedback from LM, 
dominated the L2/3 LFPs in the full-column model (Fig. 4E, R²=0.87; 
Fig. 4J, R²=0.88). Background input (Fig. 4E, R²=0.60; Fig. 4J, 
R²=0.37) and thalamic afferents (Fig. 4E, R²=0.09; Fig. 4J, R²=0.12) 
had smaller but notable contributions.

Overall, external inputs accounted for almost the entire L2/3 LFP 
variance in the full-column model (Fig. 4E, R²=1.0 for gratings; Fig. 4J, 
R²=0.96 for flashes, and Figure S8), while V1 synaptic activity explained 
less variance (Fig. 4E: R²=0.34 for gratings, Fig. 4J: R²=0.52 for flashes, 
and Figure S8). Feedback from higher visual areas, particularly LM, was 
the main driver of L2/3 LFPs, with only PV interneurons within L2/3 
providing significant internal contributions (Fig. 4E, R²=0.39; Fig. 4J, 
R²=0.60, and Figure S8).

In summary, our version of the kernel method accurately estimated 
L2/3 LFPs within the full-column V1 model. Consistent with findings 
from single-layer models, we observed that L2/3 LFPs were predomi
nantly driven by external inputs, particularly feedback from the LM 
area, while internal V1 activity played a minimal role.

3.6. Kernel-based LFPs captured L4 LFPs in a full-column model of mouse 
V1

After establishing the suitability of the kernel-based L2/3 LFP esti
mation (both in the single-layer and the full-column model), we turned 
our attention to adjacent cortical layers, first the underlying cortical 
layer, L4.

In the full-column V1 model, L4 was akin to L2/3, adhering to the 
same rules governing connectivity and synaptic strength allocation. 
However, L4 exhibited higher heterogeneity in the composition of its 
neuronal populations. L4 was composed of 4 families of excitatory cells, 
2 families of PV and Sst interneurons, and one for the Htr3a cells (see 
Table 1 for population numerosity). As for L2/3, the ratio between 
excitatory and inhibitory neurons was (85:15).

A notable difference to L2/3 was that L4 did not receive any feedback 
inputs from higher visual areas, which were identified as the main 
contributor to L2/3 LFPs (Fig. 3,5). Thus, L4 external inputs were solely 
composed of thalamic afferents and the background activity.

Similarly to in L2/3, the L4 LFPs were mostly generated by the 
transmembrane currents of excitatory cells (Figure S1B). Consequently, 
we defined ‘L4 LFPs’ as the LFPs generated across the entire cortical 
depth by transmembrane currents in excitatory cells within layer 4. 
Accordingly, when estimating LFP kernels, we considered only L4 
excitatory neurons as target populations.

We adopted the same dynamic estimation approach as described for 
the upper visual layers (see above Section 2.6) with N = 2 discrete levels.

The kernel method accurately estimated L4 LFPs, both when pre
sented with contrast gratings (Fig. 5A, R2=0.90) and with flashes of 
lights (Fig. 5F, R2=0.92). Similar to the situation for L2/3 LFPs, the 
goodness-of-fit of kernel-based LFPs estimation decreased at the cortical 
depth corresponding to the position of L4 cell somas (Fig. 5A, F).

Internal L4 LFPs (i.e., the LFPs generated by synaptic activity coming 
from V1 neuronal populations) were predominantly shaped by L4 PV 
interneuron activity, exhibiting significant influence during both drift
ing gratings (Fig. 5B) and flashes of light (Fig. 5G). In fact, PV activity in 
this layer was the primary determinant of LFP patterns (Fig. 5E, R2=1.0; 
Fig. 5J, R2=1.0).

LFPs generated by external synaptic inputs in L4 (Fig. 5C, H) were 
primarily accounted for by LGN afferents (Fig. 5E, R2 = 0.80; Fig. 5J, R2 

= 0.81), except for a region close to L4 cell somas, where external LFPs 
were predominantly shaped by background activity (Fig. 5C, H). How
ever, across the entire cortical depth and throughout the whole simu
lations, BKG activity only marginally influenced external LFPs (Fig. 5E, 
R2 = 0.31; Fig. 5J, R2 = 0.29).

Overall, the total L4 LFPs (i.e., the sum of internal and external LFPs) 
were primarily influenced by external synaptic inputs (Fig. 5D, I), 
serving as the primary determinants accounting for a large fraction of L4 
LFPs explained variance (Fig. 5E, R2 = 0.96; Fig. 5J, R2= 0.99). 
Thalamic afferents were the principal source of L4 LFPs (Fig. 5E, R2=

0.88; Fig. 5J, R2= 0.83). Similar to what was observed for L2/3, the sum 
of LFPs generated by every cortical neuronal family (Fig. 5E, R2 = 0.72; 
Fig. 5J, R2 = 0.58) was inferior to that explained by the LFPs induced by 
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Fig. 4. Layer 2/3 LFPs in a full-column model of mouse V1 can be computed as a convolution of firing rates and spatiotemporal kernels. 
A. Depth-resolved trial-averaged L2/3 LFPs in response to visual gratings in the mouse V1 full-column model. The temporal pattern of the visual stimulus is rep
resented at the bottom of each panel. The LFPs were computed: (i) with biophysically detailed MC neuronal network simulations combined with a forward model 
derived from VC (black traces); (ii) by the convolution of neuronal firing rates with spatiotemporal kernels (red traces). The consistency between the kernel-based 
and multicompartmental LFPs estimation was evaluated with R2 (right column). L2/3 somatic distribution along the cortical depth, graphically indicated on the left, 
was uniform within the [− 105,105] µm range. 
The top inset provides a zoomed-in comparison between the LFPs estimated with MC+VC simulations and kernels at the highest simulated recording electrode 
contact. 
B. (left) Ratio of variance between L2/3 internal (i.e., neuronal sources within V1 full-column model) LFPs in the mouse V1 full-column model, in response to drifting 
gratings, and the LFPs generated by the activity of excitatory cells (blue trace); PV interneurons (red trace); Sst interneurons (green trace); Htr3a (orange trace) 
interneurons; inhibitory inputs coming from outside L2/3 (dark brown trace, labeled ‘other inh.’); excitatory inputs coming from outside L2/3 (yellow trace, labeled 
‘other exc.’). 
(right) Ratio of variance across cortical depth between L2/3 internal LFPs and the cortical neuronal populations within the mouse V1 full-column model. 
C. (left) Ratio of variance between L2/3 external LFPs in the mouse V1 full-column model, in response to drifting gratings, and the LFPs generated by the inputs 
coming from LGN (brown trace), FB from LM (violet trace), and BKG (grey trace). 
(right) Ratio of variance across cortical depth between L2/3 external LFPs and the external inputs in the mouse V1 full-column model. 
D. (left) Ratio of variance between L2/3 total LFPs in the mouse V1 full-column model, in response to drifting gratings, and the LFPs generated by the activity of: 
excitatory cells (blue trace); PV interneurons (red trace); Sst interneurons (green trace); Htr3a interneurons (orange trace); inhibitory inputs coming from outside L2/ 
3 (dark brown trace, labeled ‘other inh.’); excitatory inputs coming from outside L2/3 (yellow trace, labeled ‘other exc.’); LGN (brown); FB (violet); BKG (grey). 
(right) Ratio of variance across cortical depth between L2/3 LFPs and every neuronal family in the mouse V1 full-column model. 
E. R² matrix between the overall L2/3 LFPs and the LFP contributions generated by the firing rates of each neuronal population in the mouse full-column V1 model. 
Please note that the labels: ‘int.’ indicate the sum of the LFPs generated by the activity of every V1 neuronal family; ‘ext.’ indicates the sum of the LFPs generated by 
the activity of the three external inputs; ‘other I’ indicate the LFPs generated by the activity of inhibitory inputs coming from outside L2/3; ‘other E’ indicates the 
LFPs generated by the activity of excitatory inputs coming from outside L2/3; ‘tot.’ indicates the sum of the LFPs ‘int.’ and ‘ext.’. 
F-J. Same as A-E, in response to flashes of lights.
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Fig. 5. Layer 4 LFPs in a full-column model of mouse V1 can be computed as a convolution of firing rates and spatiotemporal kernels. 
A. Depth-resolved trial-averaged L4 LFPs in response to visual gratings in the mouse V1 full-column model. The temporal pattern of the visual stimulus is represented 
at the bottom of each panel. The LFPs were computed: (i) with biophysically detailed MC neuronal network simulations combined with a forward model derived from 
VC (black traces); (ii) by the convolution of neuronal firing rates with spatiotemporal kernels (red traces). The consistency between the kernel-based and multi
compartmental LFPs estimation was evaluated with R2 (right column). L4 neurons somatic distribution, graphically indicated on the left, was uniform within the 
[− 60,60] µm range. 
The top inset provides a zoomed-in comparison between the LFPs estimated with MC+VC simulations and kernels at the highest simulated recording electrode 
contact. 
B. (left) Ratio of variance between L4 internal (i.e., neuronal sources within V1 full-column model) LFPs in the mouse V1 full-column model, in response to drifting 
gratings, and the LFPs generated by the activity of excitatory cells (blue trace); PV interneurons (red trace); Sst interneurons (green trace); Htr3a (orange trace) 
interneurons; inhibitory inputs coming from outside L4 (dark brown trace, labeled ‘other inh.’); excitatory inputs coming from outside L4 (yellow trace, labeled ‘other 
exc.’). 
(right) Ratio of variance across cortical depth between L4 internal LFPs (i.e., the LFPs generated by V1 neuronal populations) and the cortical neuronal populations 
within the mouse V1 full-column model. 
C. (left) Ratio of variance between L4 external LFPs in the mouse V1 full-column model, in response to drifting gratings, and the LFPs generated by the inputs coming 
from LGN (brown trace), FB from LM (violet trace), and BKG (grey trace). 
(right) Ratio of variance across cortical depth between L4 external LFPs and the external inputs to the mouse V1 full-column model. 
D. (left) Ratio of variance between L4 total LFPs in the mouse V1 full-column model, in response to drifting gratings, and the LFPs generated by the activity of: 
excitatory cells (blue trace); PV interneurons (red trace); Sst interneurons (green trace); Htr3a interneurons (orange trace); inhibitory inputs coming from outside L4 
(dark brown trace, labeled ‘other inh.’); excitatory inputs coming from outside L4 (yellow trace, labeled ‘other exc.’); LGN (brown); FB (violet); BKG (grey). 
(right) Ratio of variance across cortical depth between L4 total LFPs and the neuronal populations of the mouse V1 full-column model. 
E. R² matrix between the overall L4 LFPs and the LFP contributions generated by the firing rates of each neuronal population in the mouse full-column V1 model. 
Please note that the labels: ‘int.’ indicate the sum of the LFPs generated by the activity of every V1 neuronal family; ‘ext.’ indicates the sum of the LFPs generated by 
the activity of the three external stimuli; ‘other I’ indicate the LFPs generated by the activity of inhibitory inputs coming from outside L4; ‘other E’ indicates the LFPs 
generated by the activity of excitatory inputs coming from outside L4; ‘tot.’ indicates the sum of the LFPs ‘int.’ and ‘ext.’. 
F-J. Same as A-E, in response to flashes of lights.
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LGN alone. Interestingly, however, L4 PV interneurons represented the 
second-most important LFP source, explaining R2 = 0.72 (Fig. 5E) in 
response to drifting gratings and R2 = 0.60 (Fig. 5J) in response to full- 
field flashes of lights.

In summary, kernel-based LFP estimation proved accurate also in 
layer 4. While L4 LFPs, like those in L2/3, primarily reflected external 
synaptic inputs, they were predominantly shaped by excitatory synaptic 
activity from thalamic afferents (LGN), unlike in L2/3. Notably, PV in
terneurons in L4 accounted for a small fraction of the total L4 LFP 
variance (Fig. 5D, I) while still maintaining the second-highest R- 
squared value (Fig. 5E, J). This indicates that although the LFP is driven 

by external synaptic inputs, the contribution from PV interneurons 
closely covaries with the overall LFP.

3.7. Layer 5 asymmetrical distribution of firing rates precludes accurate 
kernel-based LFP estimation

We investigated kernel-based LFP estimation within L5 of the V1 
model. As in layers 2/3 and 4, the transmembrane currents of pyramidal 
cells were the largest contributors to the overall LFPs (Figure S1C). 
Given this, we focused specifically on the LFPs generated by L5 excit
atory cells, particularly the largest subfamily identified by the Rbp4 Cre- 

Fig. 6. Layer 5 asymmetrical distribution of firing rates limits the effectiveness of the kernel-based estimation of LFPs. 
A. Depth-resolved trial-averaged LFPs in response to visual gratings in the mouse V1 full-column model. The LFPs were generated by the largest subfamilies of L5 
excitatory cells, named ‘layer 5 subfamily 1′ in the panel title. The temporal traces of the visual stimulus are represented at the bottom of each panel. The LFPs were 
computed: (i) with biophysically detailed MC neuronal network simulations combined with a forward model derived from VC (black traces); (ii) by the convolution of 
neuronal firing rates with spatiotemporal kernels (red traces). The consistency between the kernel-based and multicompartmental LFPs estimation was evaluated 
with R2 (right column). The somatic distribution of the largest subfamily of L5 excitatory cells, graphically indicated on the left, was uniform within the [− 40,40] µm 
range. 
The top inset provides a zoomed-in comparison between the LFPs estimated with MC+VC simulations and kernels at the highest simulated recording electrode 
contact. 
B. Same as A, but the LFPs were the sum of the other nine L5 excitatory cells subfamilies, hence excluding L5 excitatory subfamily 1. The somatic distribution of these 
nine L5 neuronal subfamilies, graphically indicated on the left, was uniform within the [− 70,70] µm range. 
C. Distribution of firing rate within L5 orthogonal plane of L5 excitatory subfamily 1 (top) and of the other nine L5 excitatory subfamilies (bottom). 
D-F. Same as A-C, in response to flashes of lights.
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line, which almost entirely dominated the LFPs in L5. This neuronal 
population comprised 10 distinct subfamilies, each characterized by its 
unique electrophysiological model. The largest subfamily (referred to as 
subfamily 1 in Fig. 6) encompassed 2350 cells, whereas the remaining 
nine subfamilies (referred to as subfamilies 2–10 in Fig. 6) collectively 
counted 3660 cells.

For each of these subfamilies, we estimated a distinct set of kernels, 
treating each subfamily as the target population, following the same 
approach used for L2/3 and L4 excitatory cells.

We observed that the set of kernels designed for ’subfamily 1′ as the 
target population accurately captured LFPs in response to both drifting 
gratings (Fig. 6A, median R² = 0.93) and flashes of light (Fig. 6D, median 
R² = 0.92), except near the depth of the layer 5 somata. In contrast, the 
goodness-of-fit for the remaining nine L5 pyramidal subfamilies was 
significantly lower (Fig. 6B, median R² = 0.004; Fig. 6E, median R² =
0.07)

This inability in kernel-based LFP estimation might arise from the 
observation that the LFPs for these nine L5 subfamilies, as estimated 
through multicompartmental network simulations, displayed an un
usual imbalance between negative and positive extracellular deflections 
across cortical depth (illustrated by the black traces in Fig. 6B, E). This 
lack of balance was something particular to these subfamilies, as it was 
not displayed by the LFPs in L2/3 (depicted in Fig. 2, Fig. 4), L4 (illus
trated in Fig. 5A, F), or ’subfamily 1′ of L5 (shown in Fig. 6A, D). This 
depth asymmetry in the LFP is a feature that the kernel-based LFP 
estimation struggles to replicate, as evidenced by the unsatisfactory fit of 
kernel-based LFPs for L5 excitatory cells in the nine L5 “subfamilies 
2–10″ (Fig. 6B, E). The LFPs estimated for these subfamilies with the 
kernel method (red traces in Fig. 6B, D) were indeed characterized by a 
balanced depth profile, which evidently could not match the unbalanced 
pattern observed with multicompartmental network simulations. 
Importantly, an underlying assumption of the kernel method is that the 
cells of the postsynaptic population have uniform properties, are uni
formly distributed within the plane of a cylinder, and receive the same 
kind of synaptic input. This leads to the transmembrane currents of the 
postsynaptic population to be uniformly distributed within the plane of 
a cylinder, while having a balanced depth profile due to current con
servation (Halnes et al., 2024). This, in turn, produces symmetrical 
negative and positive extracellular deflections across cortical depth. An 
imbalanced depth profile in the extracellular space, as observed in the 
LFPs produced by these L5 subfamilies, therefore suggests a significant 
departure from the assumptions underlying the kernel method adopted 
here.

The imbalance feature of these extracellular potentials likely origi
nated in the asymmetrical distribution of excitatory cells’ firing rate 
across the L5 orthogonal plane. "Subfamily 1″ (which is the only one for 
which kernel-based LFP estimation proved effective) exhibited an 
approximately uniform distribution of mean firing rates across the x-y 
L5 plane for both stimuli (Fig. 6C top, Fig. 6F top). Specifically, only a 
minority of cells (16.37 % in response to gratings and 34.43 % in 
response to flashes) located >50 µm from the center of the L5 orthogonal 
plane displayed a firing rate twice as high as the average firing rate of 
those within a 50 µm distance. These fractions were comparable to those 
observed in L2/3 (24.47 % in response to gratings and 10.45 % in 
response to flashes) and L4 (17.19 % in response to gratings and 19.57 % 
in response to flashes).

In contrast, the deviation from uniformity of firing rates across the L5 
x-y plane was higher for the other nine L5 subfamilies (Fig. 6C bottom, 
Fig. 6F bottom). In these neuronal families, approximately one out of 
two cells closer to the visual column edges exhibited a firing rate twice 
as high as the average firing rate in a 50 µm inner cylinder (47.19 % in 
response to gratings and 53.64 % in response to flashes).

In turn, this lack of planar uniformity of firing rates of these L5 py
ramidal subfamilies likely stems from an over-excitation feed coming 
from the external annulus of point-neurons surrounding the central core 
of multicompartmental neurons (see Section 2.1 and (Billeh et al., 2020) 

for network architecture).
Overall, the kernel method utilized in this study was found to be 

ineffective in estimating LFPs when significant asymmetries are present 
orthogonal to the main axis along which neuronal morphologies are 
aligned.

Finally, we focused on subfamily 1, where the kernel-based LFP 
predictions were highly accurate, and analyzed the contributions of 
different presynaptic populations to the L5 LFPs (Figure S9). Consistent 
with our findings in L4, L5 LFPs were predominantly driven by external 
synaptic inputs (R² = 0.95 for gratings and R² = 0.93 for flashes), with 
thalamic afferents playing a major role. Among V1 populations, inhib
itory inputs from L5 PV interneurons, as well as inhibition coming from 
other layers, were the most significant contributors to L5 LFPs. In 
contrast, excitatory synapses and inhibitory inputs from Sst and Htr3a 
interneurons had minimal to no impact.

4. Discussion

The main outcome of our work was the demonstration of the feasi
bility of efficiently estimating LFPs using a kernel-based method in a 
large-scale, biophysically detailed model of the mouse V1. To account 
for network non-stationarities, we extended the original method by E. 
Hagen et al. (2022) to make the kernels dynamic, allowing them to 
adapt in real-time to changes in presynaptic firing rates and postsynaptic 
membrane potentials. This enhancement enabled the kernel method to 
accurately capture the complex, time-varying mechanisms driving LFP 
generation.

A second key point was the demonstration of how the kernel method 
can aid LFP analysis, which helped us reveal the minimal contribution of 
V1 populations to the overall LFP signal in the Allen V1 model. Instead, 
we found that external synaptic inputs dominated: L2/3 LFPs were 
primarily driven by feedback from higher visual areas, while L4 LFPs 
were shaped predominantly by thalamic inputs.

4.1. Kernel-based scheme for predicting LFPs

4.1.1. LFPs can be efficiently estimated in a large-scale biophysically 
detailed computational model

One of the key advantages of the kernel-based framework is its 
ability to account for a high level of biological detail within a compu
tationally efficient and straightforward structure. Unlike traditional 
multicompartmental network simulations, the kernel method estimates 
LFPs by convolving spatiotemporal kernels with neuronal firing rates. 
Notably, this approach decouples the estimation of extracellular po
tentials from the simulation of underlying neuronal dynamics. Conse
quently, neuronal activity can be modeled using simplified 
architectures, such as point-neuron or rate-based models, or even 
directly estimated from experimentally recorded spike trains, further 
reducing the computational burden associated with LFP estimation.

In this study, we applied the kernel-based method to estimate LFPs 
by convolving population firing rates with spatiotemporal kernels. This 
approach builds on a previous work (E. Hagen et al., 2022), which first 
validated the kernel-based framework in a simplified network model 
consisting of single excitatory and inhibitory populations with steady 
external input. We extended this method to a more detailed and bio
logically realistic model of mouse V1, developed by the Allen Institute 
(Billeh et al., 2020) and further refined by Rimehaug et al. (2023). This 
large-scale V1 model comprises over 50,000 multi-compartmental 
neurons distributed across six cortical layers and includes 17 distinct 
cell types, including multiple inhibitory neurons, whose contributions to 
cortical LFP generation had not been fully explored. With its unprece
dented biological realism, the V1 model reproduces a wide range of 
experimental observations (Billeh et al., 2020; Rimehaug et al., 2023), 
making it an ideal testbed for validating the kernel-based LFP estimation 
approach.

A significant finding of our study is that the kernel-based method 
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provided highly accurate LFP estimates in this complex, biophysically 
detailed model. A crucial insight from our work is that accounting for 
dynamic fluctuations in membrane potentials and firing rates is neces
sary for maintaining prediction accuracy. To address this, we developed 
a novel parametric extension of the kernel method, wherein passive 
membrane conductance changes in postsynaptic neurons, induced by 
ongoing synaptic inputs, were discretized into distinct levels. This dis
cretization minimizes computational complexity while preserving the 
accuracy of kernel-derived LFPs.

A key contribution of this study is the substantial reduction in 
computational demands compared to traditional multicompartmental 
simulations. For instance, estimating LFPs via multicompartmental 
simulations in (Billeh et al., 2020) required approximately 90 min on 
384 CPU cores to simulate 1 s of data. In contrast, we computed LFP 
kernels on a desktop computer in <10 min on 4 CPU cores. This drastic 
reduction in computation time highlights the efficiency and scalability 
of our method, making it highly advantageous for researchers. The ef
ficiency gains extend even further, as the kernel method can produce 
LFP estimates when firing dynamics are simulated through simplified 
networks of point leaky-integrate-and-fire neurons or rate-based 
models.

Overall, the ability to drastically reduce computation time while 
maintaining accuracy holds important implications for the usability of 
detailed V1 models in the neuroscience community. This enhanced 
computational efficiency facilitates larger-scale and more flexible sim
ulations of cortical dynamics, potentially advancing our understanding 
of brain function.

4.1.2. Comparison with other simplified approaches to estimate LFPs
As previously noted, the kernel method enables LFP estimation by 

convolving deterministic spatiotemporal kernels with neuronal firing 
rates, independent of how these rates are estimated or simulated. This 
allowed us to simulate the firing rates of the single-layer L2/3 V1 model 
using a point neuron network that functionally mirrored the multi
compartmental model. By convolving the LFP kernels with these firing 
rates, we generated L2/3 LFP estimates.

Building on the work of (Mazzoni et al., 2015), we demonstrated 
(refer to the Supplementary Text in Supplementary Material) that a 
linear combination of synaptic currents extracted from point neuron 
simulations could effectively predict the L2/3 LFPs obtained through 
kernel convolution (refer to the Supplementary Text in Supplementary 
Material and Figures S7, S10). This works because synaptic currents 
result from the convolution of presynaptic firing rates with synaptic 
conductance dynamic, which is typically expressed as sums of expo
nential functions (Mazzoni et al., 2008). Thus, the kernel method and 
the linear combination of synaptic currents share a conceptual basis: 
both approximate LFPs by convolving neuronal firing rates with bio
physically derived kernels.

While our findings validate and extend the proxy method 
(Martínez-Cañada et al., 2021; Mazzoni et al., 2015) to networks con
taining multiple inhibitory neuron populations, they also highlight 
important limitations. Notably, we found that neglecting temporal 
non-stationarities reduced accuracy in LFP estimation. The need for 
dynamically adjusted linear combination coefficients underscores the 
significance of temporal fluctuations in neuronal activity, complicating 
straightforward applications of the proxy approach in scenarios where 
sensory stimuli induce substantial non-stationarities. This complexity 
raises questions about the reliability of using fixed coefficients of syn
aptic currents in dynamic environments.

In addition to these temporal challenges, we identified two further 
drawbacks of using LFP proxies based on linear combinations of synaptic 
currents. First, changes in sensory input can significantly alter network 
dynamics, necessitating recalibration of the coefficients for each con
dition. This need for recalibration limits the generalizability of the proxy 
model across different stimuli or experimental contexts.

Second, we highlight the crucial influence of neuronal morphology 

and synaptic placement on LFP patterns. The kernel method inherently 
accounts for these anatomical factors by integrating both neuronal 
structure and synaptic location into its predictions. In contrast, LFP 
proxies that rely on linear combinations of synaptic currents necessitate 
the engineering of new coefficients for every alteration in morphological 
parameters. This requirement restricts the adaptability of such proxy 
methods across different brain regions or networks with distinct 
architectures.

In conclusion, while the linear combination approach provides 
valuable insights, its practical applicability across diverse conditions 
and brain regions is limited due to its reliance on network-specific co
efficients and structural parameters. The kernel method, on the other 
hand, offers a more flexible and robust framework for LFP estimation, 
accommodating a wider range of dynamic and anatomical influences, 
thereby enhancing its utility in neuroscience research.

4.2. Results of in silico experiments on mouse V1 LFPs

The kernel approach allows for the decomposition of LFPs into 
contributions from individual neuronal populations, enhancing the 
interpretative power of LFP estimation. Leveraging this capacity, our 
investigation revealed that mouse V1 LFPs, as modeled here, are pri
marily driven by excitatory external inputs, notably feedback from 
higher-order visual areas in upper layers (Fig. 3,5) and thalamic affer
ents in L4–5 (Fig. 5, Figure S9). In contrast, local synaptic inputs from V1 
populations contributed minimally to the overall LFP, although R² 
analysis demonstrated strong covariance between the LFP generated by 
PV synaptic activity and the total LFP.

These findings align with the prevailing view that LFPs primarily 
reflect inputs to a neural network rather than its intrinsic activity 
(Buzsáki et al., 2012; Buzsáki & Draguhn, 2004; Einevoll et al., 2013; 
Logothetis, 2002), as corroborated by recent studies specifically focused 
on mouse V1 (Meneghetti et al., 2021; 2022; Saleem et al., 2017; Storchi 
et al., 2017). However, our work advances this understanding by not 
only reaffirming that LFPs are driven by external inputs but also iden
tifying their primary sources. Specifically, we found that the dominant 
contributions to V1 LFPs originated from brain regions outside V1 itself, 
such as higher-order visual areas and thalamic afferents, indicating that 
while V1 generates the recorded LFPs, the driving force behind these 
signals comes from external brain structures.

Our results thus reinforce the notion of complementarity in extra
cellular potentials, where V1 LFPs capture synchronous synaptic inputs 
from distant brain regions, while multi-unit and single-unit activities 
reflect locally generated action potentials. This complementary rela
tionship is corroborated by multiple studies that have shown the syn
ergistic contributions of these signals to the decoding of neuronal 
dynamics (Belitski et al., 2008, 2010; Haider et al., 2016; Mazzoni et al., 
2012). Given the non-redundant information that LFPs and spikes pro
vide about cortical dynamics, brain-machine interfaces could benefit 
from incorporating LFP signals, potentially enhancing neuronal decod
ing performance (Hwang & Andersen, 2013; Stavisky et al., 2015).

Multiple reports (Bazelot et al., 2010; Haider et al., 2013, 2016; 
Mazzoni et al., 2015; Teleńczuk et al., 2017) have emphasized the role of 
inhibitory synaptic inputs, particularly from PV interneurons, in shaping 
LFP patterns. At first glance, this might seem at odds with our findings, 
which show only a marginal contribution of within-V1 synaptic inputs. 
However, our results suggest the possibility that the previously observed 
link between synaptic inhibition and LFPs may arise from strong 
co-fluctuations between PV-generated LFPs and the total LFP, as shown 
by their high R² values (Fig. 3F, L; Fig. 4E, J; Fig. 5E, J). This covariance 
likely results from the robust drive of PV neurons by external inputs, 
potentially leading to an overestimation of PV contributions when 
analyzed with spike-triggered LFP techniques (Fig. 3B, H). Our findings 
therefore indicate that this relationship reflects covariance rather than a 
substantial contribution to LFP amplitude by PV neurons, and may have 
led to an inflated significance attributed to PV inputs in previous studies. 
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Notably, these results pertain to mouse V1 during sensory input: in cases 
with substantially weaker external inputs, PV neurons may play a more 
pronounced role than observed here.

Our study also highlighted the role of synaptic activity from non-PV 
V1 populations. Internal LFP (generated exclusively by synaptic activity 
originating within V1) was predominantly driven by PV interneurons 
across cortical layers, with excitatory inputs playing only a marginal 
role. This finding is consistent with earlier reports suggesting that 
inhibitory perisomatic inputs to pyramidal cells drive LFP and EEG 
signals, while excitatory inputs contribute more diffusely, resulting in 
weaker LFP generation (Hagen et al., 2016; Mazzoni et al., 2015). 
Interestingly, Sst and Htr3a (or equivalently VIP) interneurons 
contributed negligibly to LFPs, likely due to their lower firing rates and 
less spatially clustered synaptic activity (Figure S4).

While the contribution of local V1 populations to the overall LFP 
amplitude was minimal, our results also indicate that their role in 
affecting the LFP should not be overlooked. Local neuronal processing 
impacts network firing rates and membrane potential fluctuations, both 
of which were found to be critical for accurate LFP estimation (Fig. 2). 
This aligns with previous findings that highlighted substantial correla
tions between LFPs and neuronal membrane potentials (Haider et al., 
2016; Okun et al., 2010; Poulet & Petersen, 2008).

Although the V1 computational model we adopted has been rigor
ously constrained by experimental data (Arkhipov et al., 2018; Billeh 
et al., 2020; Rimehaug et al., 2023) our prediction that cortical LFPs are 
predominantly driven by extra-cortical inputs requires empirical vali
dation. One approach to test this hypothesis would be to employ tar
geted optogenetic manipulations. For example, an adeno-associated 
virus vector encoding an inhibitory opsin (e.g., ArchT) could be injected 
into the LM area, followed by optogenetic silencing of LM projections 
while recording LFPs in L2/3 of V1. Our simulations predict that such 
manipulation should significantly attenuate the LFP amplitude (see 
Fig. 3F,L, Fig. 4 EJ). In parallel, optogenetic silencing of the LGN would 
be expected to reduce LFPs in the deep layers of V1 (see, Fig. 5E,J). 
However, silencing LM or LGN inputs reduces not only the direct syn
aptic drive to V1 but also the local firing rates, thereby confounding 
whether any observed LFP reduction reflects the loss of extra-cortical 
synaptic currents or secondary decreases in recurrent intra-cortical ac
tivity. To dissociate these two possibilities, we propose a complementary 
experiment in which excitatory neurons in V1 are optogenetically acti
vated (e.g., via ChR2) to restore firing rates to levels comparable to 
baseline (pre-inhibition of LGN or LM), while LM or LGN inputs remain 
silenced. By comparing LFPs under three conditions ([i] no optogenetic 
manipulation, [ii] LM or LGN inhibition, and [iii] LM or LGN silencing 
combined with local V1 excitation) one could discern whether LFPs 
primarily reflect direct extra-cortical synaptic input (if LFPs remain 
suppressed in condition [iii]) or local recurrent network activity (if LFPs 
recover in condition [iii]).

As an alternative to inhibition-based paradigms, selective opto
genetic excitation of LM or LGN neurons could also provide a direct test 
of our kernel-based framework. By driving presynaptic activity at 
varying intensities and simultaneously recording both presynaptic firing 
rates and the elicited LFPs in V1, one could empirically extract the LM- 
to-V1 or LGN-to-V1 kernels and compare them with model predictions. 
If the amplitude and shape of the measured LFP responses match those 
predicted by the kernel-based method across stimulation levels, this 
would offer strong evidence supporting the validity of both the linear 
summation framework and the estimated synapse-type-specific kernels.

4.3. Limitations

As previously discussed, incorporating non-stationary network dy
namics into the kernels introduced a necessary complication to the LFP 
estimation process, making the kernel-based method parametric. While 
this extension represents a significant advancement by enabling the 
kernel method to be applied in more complex, dynamic regimes, it also 

introduces specific limitations. One notable challenge is the need to pre- 
define discrete levels for firing rates and the corresponding changes in 
passive membrane conductance. This requirement adds a layer of 
complexity, as the number and range of discrete levels must be chosen in 
advance, which may limit flexibility.

More broadly, this result highlights that accurate LFP estimation 
cannot be indifferent to the underlying neuronal dynamics of the 
network. Our results demonstrated that even identical input to the same 
neuronal populations can yield different LFP patterns, depending on the 
ongoing neuronal activity.

While this phenomenon may not be entirely surprising, it represents 
a novel demonstration of the importance of considering the dynamic 
state of the network. Accounting for these fluctuations is crucial for 
achieving accurate LFP predictions.

It should be noted that the need to account for fluctuations in firing 
rates and membrane potentials is not a limitation unique to the kernel- 
based approach. Persistent pre-synaptic activity alters synaptic driving 
forces and post-synaptic membrane leak conductances, directly influ
encing LFP generation. Accordingly, we showed that failing to take into 
consideration the underlying neuronal dynamics decreased LFP accu
racy (Fig. 2A vs Fig. 2D, and Fig. 2B vs Fig. 2E). Therefore, the need to 
account for neuronal dynamics fluctuations over time is a challenge 
inherent to any framework aiming to accurately predict LFPs in highly 
non-stationary scenarios. Importantly, such non-stationarities, as 
observed in the V1 model, reflect the natural variability of biological 
sensory cortices rather than model flaws. This variability arises from 
numerous factors, including external input rates (Anderson et al., 2000a; 
Cavallari et al., 2014), sensory stimulus properties (J.S. Anderson et al., 
2000b; Carandini & Ferster, 2000; Monier et al., 2003; Priebe & Ferster, 
2005), brain activity patterns (Haider et al., 2013), locomotion (Polack 
et al., 2013), and transitions between up-down states (Holcman & Tso
dyks, 2006; Wilson, 2008).

We have also shown that the kernel method failed to produce ac
curate LFP estimations in the presence of substantial radial asymmetries 
(Fig. 6, Section 3.7). Specifically, approximately half of the L5 excitatory 
cells in the model exhibited asymmetrical firing patterns orthogonal to 
the main axis along which neuronal morphologies are aligned. This, in 
turn, led to unbalanced LFP fluctuations along the cortical depth (see 
Fig. 6B, E), which the kernel method is not equipped to reproduce. 
Notably, the increased firing rate observed along the periphery of the L5 
population appears to reflect a feature of the model’s architecture 
(stemming from its hybrid design with a central core of biophysically 
detailed cells surrounded by an annulus of point neurons) which may 
not fully align with biologically validated spatial distributions of cortical 
activity. Regardless, we believe that this limitation does not reflect a 
fundamental shortcoming of the kernel method itself, but rather a de
viation from the spatial assumptions under which the method operates. 
Indeed, kernel-based LFP estimation assumes a relatively homogeneous 
distribution of synaptic input across neurons of the postsynaptic popu
lation, leading to balanced transmembrane currents and symmetric 
extracellular potentials. The radial inhomogeneity seen in several L5 
subfamilies (particularly subfamilies 2–10) violates these assumptions 
due to an overrepresentation of firing activity in the model’s outer re
gions. Importantly, in “subfamily 1″ of L5 (where the spatial distribution 
of firing rates was more uniform) the kernel method performed well, 
yielding high accuracy for both stimuli (Fig. 6A, D). This suggests that, 
when the underlying assumptions of the method are approximately 
satisfied, accurate kernel-based LFP prediction is achievable also in 
deeper layers. Accordingly, the kernel method’s reduced performance in 
this specific configuration does not undermine its general utility for 
most applications, particularly when used in neural network models or 
experimental settings where presynaptic activity is more uniformly 
distributed. Finally, we employed the kernel method to disentangle the 
relative contributions to the V1 LFPs, and we identified the prominence 
of external inputs. It is important to emphasize that experimental vali
dation is still required to substantiate this claim. Nonetheless, two key 
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considerations suggest the robustness of our findings. First, the V1 
computational model used in this study was rigorously validated by 
incorporating extensive parameter curation and substantial experi
mental data in its design (Arkhipov et al., 2018; Billeh et al., 2020; 
Rimehaug et al., 2023). The so-derived LFP kernels follow determinis
tically from these parameters. Second, the pronounced effect size of the 
relative contribution of external synaptic inputs, compared to locally 
generated inputs, makes it highly plausible that our predictions reflect 
the biological underlying mechanisms.

4.4. Future developments

The degree to which LFP kernels will be stereotypical or highly 
variable between different brain regions and species is not currently 
known, but it is in principle straightforward to investigate. Here we have 
only focused on mouse V1, where a substantial amount of experimental 
data is available (Arkhipov et al., 2018; Billeh et al., 2020; Campagnola 
et al., 2022; Gouwens et al., 2019; Rimehaug et al., 2023), but it could be 
highly valuable to estimate similar kernels also for other often-studied 
systems in neuroscience. This would allow more researchers to apply 
the kernel method for calculating LFP signals directly from high-level 
simulations of neural activity, and it would help us better understand 
what LFP signals in different brain areas reflect.

Our kernel-based framework is capable of capturing LFP responses to 
dynamic and complex neural activity, suggesting its applicability to 
more naturalistic stimuli such as images or videos. The V1 model we 
employed is designed to support such extensions on the thalamocortical 
side: arbitrary visual stimuli can be converted into LGN spike trains via a 
bank of pre-defined filters simulating different classes of geniculate 
relay neurons (Billeh et al., 2020). However, one current limitation of 
the model is the lack of a mechanism for generating stimulus-driven 
cortico-cortical feedback, such as from LM to V1, in response to arbi
trary inputs. Our approach mitigated this limitation by using experi
mentally recorded LM spike trains for well-characterized stimuli, 
thereby bypassing the need to simulate LM activity and reducing po
tential inaccuracies. This also allowed us to assess the contribution of 
realistic LM feedback to V1 LFPs under controlled conditions. Moving 
forward, we anticipate that future large-scale models will incorporate 
stimulus-contingent feedback dynamics, at which point our 
kernel-based approach can be applied more broadly and without 
modification to a wider class of naturalistic stimuli.

One promising direction for future development involves extending 
the kernel method to account for the temporal evolution of network 
parameters such as synaptic strengths, particularly those modified by 
mechanisms like short-term (Buchholz et al., 2023), 
spike-timing-dependent (Moreni et al., 2023), as well as structural 
(Gallinaro & Rotter, 2018; Spiess et al., 2016) plasticity. Incorporating 
these dynamic processes would further refine the method’s predictive 
capabilities, making it applicable to a wider range of network states and 
contexts.

Another potential avenue lies in leveraging the kernel method’s 
formulation, which decomposes LFPs into contributions from different 
neuronal populations. This approach could be explored to assist in 
estimating firing rates. In our study, LFPs were indeed derived by 
starting with known neuronal firing rates and applying spatiotemporal 
kernels. However, in real-world applications, the typical workflow is 
reversed: researchers first record extracellular potentials (spikes and/or 
LFPs) and then aim to infer the underlying neuronal activity that 
generated these signals. Currently firing rate estimation primarily relies 
on analyzing the high-frequency components of extracellular potentials 
(typically above a few hundred Hz), referred to as multi-unit activity 
(MUA), which reflects the spiking activity of neurons near the electrode. 
Additionally, spike-sorting algorithms can be then applied to this MUA 
to disentangle the contributions of (putative) excitatory neurons and 
fast-spiking interneurons. However, these approaches focus on the 
microscopic scale (providing information about neurons immediately 

surrounding the electrode) whereas LFPs capture the (synaptic) activity 
of larger neuronal populations at the mesoscopic scale.

Current methods of estimating neuronal firing rates often neglect the 
valuable information embedded in LFPs. Our findings suggest that it 
may be feasible to use the kernel method to reverse the approach we 
adopted in this study, utilizing LFP decomposition to assist in estimating 
the neuronal firing rates from extracellular recordings. Such a method
ology could significantly enhance the precision of firing rate estimation 
by complementing MUA data with the broader mesoscopic information 
contained in LFPs.

Lastly, another interesting application of the kernel method could be 
in enhancing the precision of LFP decomposition techniques, such as 
laminar population analysis (Einevoll et al., 2007). This tool was 
recently (Rimehaug et al., 2024) applied to the same network used in 
this study and was observed to accurately separate the predominant 
contributions from the different external inputs, as well as the cumula
tive contribution from recurrent activity within V1. Incorporating the 
LFP kernels into such an analysis could potentially increase its granu
larity and accuracy, offering a more detailed view of the network’s 
structure and input dynamics.

5. Conclusions

Our study demonstrates the efficacy and versatility of a kernel-based 
framework for estimating LFPs in large-scale, biophysically detailed 
neural network models. By integrating dynamic network features such 
as non-stationary firing rates and fluctuating membrane potentials, we 
achieved highly accurate and computationally efficient LFP predictions. 
Importantly, in the mouse V1 model adopted here, we revealed that 
external inputs, particularly feedback from higher visual areas and 
thalamic afferents, dominate LFP generation, with minimal contribu
tions from local synaptic activity. This finding not only reinforces the 
notion of LFPs as signals reflecting network inputs but also identifies 
their specific origins, offering new insights into cortical processing.

The kernel method’s adaptability, efficiency, and anatomical fidelity 
pave the way for its application across diverse brain regions and 
experimental paradigms, and has the potential to advance our under
standing of extracellular signals, bridging microscopic and mesoscopic 
scales of brain activity.
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work we adopted the novel version presented in (Rimehaug et al., 2023). 
The files necessary to run simulations of the V1 model used here are 
publicly available in Dryad: https://doi.org/10.5061/dryad.k3j9kd5b8.

The kernel approach to estimate LFP was originally developed and 
presented by E. Hagen et al. (2022). The codes developing this version of 
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the kernel method are publicly available here: https://github. 
com/LFPy/LFPykernels.

The codes for the kernel version presented in this paper can be found 
instead here: https://github.com/nicolomeneghetti/LFPkernel_AllenInst_ 
V1model.
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