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Abstract

How can we identify the mechanistic origins of the electrophysiological activity that
is recorded from neurons in the living brain? A promising strategy for addressing this
question is to generate biologically realistic models of in vivo recorded neurons, and
simulate how they transform synaptic inputs from the network into their observed
neuronal activity. For this purpose, we here provide our approaches for the gener-
ation, simulation, and analysis of network-embedded neuron models as an open
source, fully documented and freely available software environment: In Silico Frame-
work (ISF). ISF is centered around the concept of achieving “model consensus”
about the mechanistic origins of in vivo recorded activity across biologically diverse
sets of models. To achieve such model consensus, ISF offers three key workflows.
First, ISF enables users to generate models that are equally well constrained by
empirical data at subcellular, cellular and network scales, while the set of models

as a whole is constructed to exhibit maximally diverse parameters, spanning the full
ranges permitted by the empirically observed biological variability at each scale. Sec-
ond, ISF enables users to identify those subsets of model configurations that predict
the in vivo observations without being tuned to do so. Third, for each of those model
configurations, ISF enables users to identify which mechanisms at subcellular, cellu-
lar and network scales are necessary to predict the in vivo observations, and which
mechanisms are dispensable. Thereby, ISF can reveal which mechanisms are com-
mon across model configurations, and whether the diversity of model configurations
could account for the variability of the in vivo observed activity across animals, cells
and trials. In essence, by achieving such model consensus, ISF predicts mechanisms
that are robust across biological variability, and which may hence indeed be used in
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vivo. Finally, ISF enables users to derive model consensus for in silico manipulations,
to identify which experimental strategies would be best suited to test the predicted
mechanisms in vivo. We exemplify how we have used this iterative in silico - in vivo
approach of ISF to dissect the mechanistic origins of sensory responses in the barrel
cortex. By making ISF available as a standalone online resource, we believe it will
facilitate the generation, simulation and analysis of models that reveal mechanistic
origins of in vivo recorded activity beyond the barrel cortex for which it was originally
designed.

Author summary

Using computational modelling to disentangle the mechanisms that underlie neu-
ronal activity in vivo remains challenging. Here we present In Silico Framework
(ISF) — an open source, fully documented and freely available software environ-
ment that enables the generation, simulation, and analysis of sets of biologically
detailed neuron-network models. ISF constrains each model with empirical data
at the subcellular, cellular, and network scales. Crucially, however, the set of
models as a whole is constructed to exhibit maximally diverse parameters, span-
ning the full ranges permitted by empirically observed biological variability. As we
showed previously for neurons in the rat somatosensory (barrel) cortex, ISF can
reveal which mechanisms account for in vivo observed neuronal activity, which
cellular and circuit properties account for the observed variability of this activity,
and which in vivo experiments could be done to test these in silico predictions.
Therefore, we make the source code of ISF available, in combination with a
detailed documentation and explanation of all workflows, including interactive
tutorials and visualizations from our published work in the barrel cortex.

Introduction

The electrophysiological activity of each neuron in the brain is the result of a
complex interplay between multiple mechanisms at the subcellular, cellular, and
network scales. The current landscape of in vivo and in vitro experimental work pro-
vides unprecedented insights into these mechanisms, using techniques for measur-
ing synapse dynamics [1] and locations [2—4], the electrophysiological responses
that these synaptic input patterns evoke in single dendrites [5], biophysical and
electrophysiological properties of active dendrites [6], morphology reconstructions
[7,8], network connectivity [9,10] and activity patterns [11]. It is however highly chal-
lenging to investigate the joint, simultaneous and interdependent operation of these
intricate neuron and network mechanisms. The generation of bottom-up computa-
tional models that integrate these in vitro and in vivo experimental data on individ-
ual mechanisms, could provide an opportunity to disentangle and explain in silico
how these mechanisms could underlie in vivo recorded neuronal activity, such as
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the generation of action potentials (APs) in response to a sensory stimulus. Ideally, such simulation-based explanations
can be verified empirically. These computational models should therefore allow us to generate concrete predictions that
can be tested experimentally [12]. Conversely, the new insights from these empirical tests can then be used to further
constrain and improve computational models, closing the loop from in silico-inspired in vivo experiments, to an iterative
in silico-in vivo approach.

While bottom-up models could provide the means for understanding the anatomical and physiological substrates of
neuronal activity in vivo [13,14], it remains a challenge to build such models [15,16], for at least the following reasons.
First, the amount and quality of empirical data required is extensive. These bottom-up models need to integrate data
on each mechanism that is hypothesized to be relevant for a particular in vivo observation. To explain in vivo activity,
this includes at least the neuron’s morphology, intrinsic physiology, biophysical composition, connectivity to presynaptic
neurons — ideally at the dense electron-microscopic (EM) level, and in vivo neuronal activity during the experimental
paradigm to be explained. Acquiring these data for building a bottom-up model is no small feat, as it requires to perform
many experiments with different techniques that measure properties of the same (type of) neurons from subcellular (e.g.,
biophysics) to network scales (e.g., connectivity). Second, it is not obvious how to integrate such independently acquired
data into a coherent model. Measurements at each scale generally exhibit large variability between animals, and across
neurons of the same type, and even across trials of the same experiment. Thus, independent of the quality and quantity
of individual data points, it is not obvious how to puzzle these heterogeneous data together such that the resulting model
provides an accurate representation of the neuronal and network properties in vivo. Third, the same activity can be the
result of different implementations. It has been shown that even in simple neural systems, there may be different ways to
implement a given in vivo function [17]. Even a perfectly data-constrained model will still be a single model, and a single
model represents only one out of the possible and diverse ways an in vivo function could be implemented. Due to this
parameter degeneracy, a single model can not be used to confidently quantify the relevance of any individual mechanism
for neuronal output, and it would therefore be of limited use to make empirically testable predictions. In sum, for compu-
tational models to provide experimentally testable predictions on how diverse biological mechanisms could underlie an
in vivo observation, they should be built bottom-up from high-quality data, and span a wide range of possible parameter
configurations so that they capture biological diversity and parameter degeneracy. This categorically shifts the focus away
from optimizing a model so that it reproduces an in vivo observation, and towards the generation of multiple, diverse,
but equally well-constrained models that reproduce the in vivo observation without being tuned to do so. These sets of
models capture not just one way, but many different ways in which a particular in vivo observation could in principle be
implemented.

Over the past two decades, we have aimed to construct precisely such bottom-up models for the rat barrel cortex that
address the challenges mentioned above. These models account for the neuron’s empirically observed morphology; intrin-
sic somatic, dendritic, and axonal physiology; dense synaptic connectivity; and synaptic physiology. We activated these
multi-scale models using in vivo recordings from identified presynaptic cells in thalamus and barrel cortex under the same
experimental conditions that we sought to explain. We generated many equally realistic models that span the empirically
observed ranges of parameters at each scale. When activating these models to mimic an in vivo experiment, there are no
free parameters to be optimized. Instead, each model configuration that predicts activity consistent with the in vivo obser-
vation is considered a valid model. We then developed strategies to test which mechanisms these diverse models employ
to produce the observed in vivo activity. When such models converged on common mechanisms underlying the observed
activity—i.e., reached consensus about its origins—across a wide diversity of parameters, then these mechanisms were
likely to be predictive of those used in vivo.

To test whether these predicted mechanisms are indeed used in vivo, we explored the effects of experimentally achiev-
able (e.g., pharmacological) in silico manipulations that specifically target the predicted mechanisms. If an in silico manip-
ulation produced a similar effect across the diverse set of model configurations, and this effect was strong enough to be
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measurable in vivo, it constituted a suitable experimental strategy to test the model prediction. We consequently carried
out this experiment in vivo. Our approach thus constitutes an iterative in silico—in vivo procedure (Fig 1).

We demonstrated previously [18—21] that our bottom-up modeling approach can indeed achieve model consensus,
and hence provide insight into the mechanistic origins of in vivo recorded neural activity in the rat barrel cortex. For this
reason, we present our In Silico Framework (ISF) as a freely available, open-source and well-documented [22] codebase
for the generation, simulation, and analysis of diverse and biologically detailed network-embedded neuron models. ISF
has an explicit focus on generating a diverse set of models, all of which can account for an in vivo observation, and all
of which are equally well constrained by empirical data at subcellular, cellular and network scales. We provide detailed
explanations of all workflows, and how to install and run ISF on different infrastructures and operating systems. Moreover
we provide detailed tutorials and visualizations [23] from our previous work on explaining sensory-evoked responses in
the barrel cortex [19-21,24,25], which will help to adapt our approaches to different systems and to extend it to different
experimental paradigms and questions in the barrel cortex.

Results

The purpose of ISF, as outlined by the following three sections, is to mechanistically explain the electrophysiological
activity of individual neurons during a specific in vivo experiment. To do so, ISF generates, simulates, and analyzes sets
of biologically detailed network-embedded neuron models that are well-constrained by empirical data at the subcellular,
cellular and network scales. Simultaneously, the set as a whole is constructed to exhibit diverse parameters spanning the
ranges permitted by empirically observed biological variability across animals, neurons of the same type, and trials of the
same experiment.

Generating diverse sets of neuron models that capture intrinsic physiology

The purpose of this workflow is to generate neuron models that capture the intrinsic physiology of their cell type. The
empirical data this workflow requires as an input are (1) a morphology reconstruction, (2) electrophysiological recordings
that capture the cell type’s intrinsic physiology, and (3) bounds on the biophysical parameters that describe the neuron’s
passive and active properties (Fig 2A). All parameters listed in ISF’s neuron parameter file [26], including spatial distribu-
tions of ion channels and their kinetics, can be used for this workflow (see Methods for more details).

To generate neuron models from this input (Fig 2B), ISF converts the morphology into a multi-compartmental model,
inserts ionic mechanisms such as ion channels and a calcium buffer, (Fig 2C), performs in silico current injection experi-
ments, and optimizes the biophysical parameters until the in silico response lies within the empirically observed response

] ) VERIFICATION Testable
In vivo observation prediction
@ Neuron models ﬁ
!
Constraints: Network-embedded In silico mechanistic
Empirical data neuron models explanation
!

Manipulations &
reduced models

Fig 1. Organigram of ISF. To explain in vivo observed activity, empirical data is used to build and constrain neuron models and network-embedded
neuron models. The in vivo observed activity itself is not used to tune these models. Model reduction and in silico manipulations are used to predict
which mechanisms could underlie in vivo activity. From these in silico predictions, experimentally testable hypotheses can be derived that can be verified
in vivo.

https://doi.org/10.1371/journal.pcbi.1014617.g001
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Fig 2. Generating diverse sets of biologically detailed neuron models that capture intrinsic cellular physiology. (A) A morphology and empiri-
cal measurements on the neuron’s response to current injection stimuli and biophysical parameters are required input data. (B) ISF generates neuron
models from the input data. (C) ISF takes a random neuron model N1 whose parameters lie within empirical bounds. (D) ISF optimizes the biophysical
parameters of N1 until they can reproduce the empirically observed response to the same input stimuli, creating a new neuron model N2. (E) ISF uses
neuron model N2 as seed point to explore the space of biophysical parameters and find diverse neuron models (e.g., N3 and N5). (F) ISF finds models
that are consistent with the empirical physiology, while being biophysically diverse. (G) The output of this workflow is a large database of empirically
constrained, yet biologically diverse neuron models for each morphology.
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https://doi.org/10.1371/journal.pcbi.1014617.9002

distribution (Fig 2D). This produces a single neuron model that is constrained by empirical data in terms of morphology,
biophysical parameters, and intrinsic physiology. This single neuron model is then used as a seed point for exploring the
biophysically diverse parameter space (Fig 2E) by which the model produces responses consistent with the empirical
observations for each current injection stimulus (Fig 2F). This procedure is then repeated for a set of neurons that capture
the morphological diversity of the cell type.

As an output, ISF produces a database of morpho-electrically diverse neuron models whose biophysical parameters
lie within the empirically observed ranges, and whose intrinsic electrophysiology is consistent with empirical observations

(Fig 2G).

Generating diverse sets of network-embedded neuron models that capture in vivo conditions

The purpose of this workflow is to generate synapse locations and activation patterns onto neuron models that mimic the
specific conditions of an in vivo experiment. For clarity, we refer to the neuron models as postsynaptic, while neurons pro-
viding input to neuron models are presynaptic. ISF generates synaptic input to neuron models in two stages: (1) it embeds
a neuron model into a network model, and (2) assigns in vivo like activity patterns to each synapse.

First, the purpose of embedding a neuron model in a network model is to provide constraints on the number of syn-
apses, the location of these synapses onto the postsynaptic neuron (i.e., including the soma, dendrites, and axon initial
segment), and on their neurons of origin in the network. Our strategy is to generate a model of the dense neuropil struc-
ture, place the neuron model into the neuropil model, and provide wiring rules on how neurons in the dense neuropil
model form synapses with the type of the model neuron. To capture variability in network connectivity, one could change
the embedding location of the neuron model, the wiring rules, or generate multiple samples per location if the wiring rules
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have stochasticity. As a result, ISF provides a set of network-embedded neuron models that are consistent with empirical
connectivity data, but which differ in the number and placement of synapses, as well as the neurons from which these
synapses originate. This set of network-embedded neuron models provides a way to test whether and how variability in
connectivity impacts the simulation results for in vivo-like input patterns.

We reported previously how to generate neuropil models and wiring rules that produce connectivity patterns that are
consistent with those observed empirically in dense EM data [10,24,27], or which are derived directly from dense EM data
[24,28]. Moreover, we provide examples on how to embed neuron models into a dense neuropil model of the barrel cortex
[29,30]. This embedding procedure is set as the default option in ISF. Alternatively, users can explicitly define connectivity
themselves by generating the respective connectivity files [31,32].

Second, to constrain the activation patterns of these synapses, ISF requires empirical data on synaptic strength in the
form of unitary post-synaptic potential (UPSP) measurements, and activity rates for each cell type under the in vivo con-
dition being investigated (Fig 3D). ISF then scales synaptic weights such that the resulting cell type-specific uPSP distri-
butions match those observed empirically, and activates presynaptic neurons according to the empirically observed cell
type-specific activity rates during the in vivo condition of interest (Fig 3E). ISF thereby generates spatiotemporal synapse
activity patterns that are constrained by anatomical and functional data to mimic the synaptic input received in vivo. As a
result, ISF produces a database of network-embedded neuron models that cover a broad diversity in terms of morphology
and biophysics of the neuron, strength and spatial distribution of synapses, and presynaptic origin and timing of synapse
activations (Fig 3F).

Predicting the origins of in vivo activity from simulations of diverse network-embedded neuron models

To simulate this diverse set of network-embedded neuron models, ISF numerically integrates the dynamics of synapse
activations, ion channels and intracellular Ca?*-buffering, and the electrical properties of the membrane. These simulated
results are then compared to measurements of in vivo observed activity, such as ongoing and sensory-evoked firing

: Generate in vivo-like synaptic input patterns Database of network-embedded
Network structure & function to neuron models neuron models capturing in vivo activity
A DENSE CONNECTOME MODEL
Presyn. cells ——Synapse location = B "h'/l%UDFE?-g C NETWORK EMBEDDING F NETWORK-EMBEDDED NEURON MODELS
] Presyn. Neuron
cels " model Presyn. + Neuron + Synapse
model activation

AN 1 O cells
N A E SYNAPSE i
ACTIVATIONS O

I

D IN VIVO NETWORKACTIVITY J\‘ [I:I:D
= col L o

O™ a1 11 A o -

O

Trial

Fig 3. Generating diverse sets of biologically detailed network-embedded neuron models that capture in vivo activity. Required empirical input
data consists of (A) a dense connectome model, (B) neuron models, and (D) activity recordings of cell from all populations during an in vivo stimu-

lus. (C) ISF creates multiple network embeddings per neuron model, and (E) generates multiple synapse activation patterns based on the empirically
observed network activity per network-embedded neuron model. (F) The output is a database of empirically constrained, yet biologically diverse network-
embedded neuron models.

https://doi.org/10.1371/journal.pcbi.1014617.g003

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014617 August 21, 2026 6/25




N\ Computational
PLOS }. Biology

rates, receptive field shapes, occurrences of bursts of APs, dendritic spikes, or any other feature of in vivo activity. Impor-
tantly, model parameters are not tuned to achieve this match. Instead, all model parameters were already constrained by
empirical data that is independent of the in vivo observation in previous steps (see “Input” of Figs 2 and 3). In other words,
the empirical data used to constrain these network-embedded neuron models are categorically different from the in vivo
observation to be explained, and the in vivo observation is at no point used as a constraint for parameter adjustments.

Can these models produce the in vivo observation under investigation? Each network-embedded neuron model that
can do so provides one hypothesis of how the underlying mechanisms could generate the in vivo observed activity, and
is selected for further analysis. If, on the other hand, not a single model can reproduce the in vivo observed activity, then
the model generation requires further refinement. Likely, a biological mechanism that is important for the phenomenon is
not present in the models, the empirical constraints are insufficient, or the space of possible network-embedded neuron
models is insufficiently explored (see Discussion).

Those network-embedded neuron models that are consistent with in vivo observed activity allow us to further explore
the possible origins of this activity, and to examine whether these models agree about their origins. When the models con-
verge on common mechanisms underlying the in vivo observed activity, across a wide diversity of parameters, it indicates
that these mechanisms are robust under the modeled conditions and well supported by the data used to constrain the
model, even when this data exhibits intrinsic biological variability. In other words, the models have reached a consensus
on how an in vivo function is implemented, despite their diversity. Such “model consensus” represents a strong prediction
that these mechanisms may be used in vivo. Mechanisms that are predicted this way are ideally suited for “closing the
loop,” i.e., performing an in vivo experiment that directly tests the proposed mechanism. Such an experiment can first be
performed in silico until an experimental strategy has been found that is capable of revealing the underlying mechanism,
and is achievable with the available experimental techniques.

For the purpose of investigating the underlying mechanisms and designing empirically testable experiments, ISF pro-
vides two additional workflows. The first strategy is to manipulate specific properties of network-embedded neuron models
and investigate their effect on their simulated neuronal activity (Fig 4B). The second strategy is to reduce these models
to a minimal set of parameters that are sufficient to account for an in vivo observation (Fig 4C). Both strategies can be
combined as well: it is possible to apply manipulations to reduced models, or apply model reduction to manipulated simu-
lations. The goal of both strategies is to provide empirically testable predictions on how neuron and network mechanisms
underlie in vivo activity (Fig 4D).

Strategy 1: Manipulations. The purpose of manipulating simulations of network-embedded neuron models is to
isolate the relevance of individual mechanisms for the observed in vivo neuronal activity. ISF can re-simulate existing
simulation runs with the exact same biophysical parameters, synapse locations and synapse activation times, while
making any of the following targeted manipulations (see Fig 4B): (1) scaling synaptic weights conditional on their
dendritic location, receptor type, presynaptic origin, or individually; (2) changing synaptic activation patterns by the same
categories; (3) removing connectivity to presynaptic cells or populations; (4) changing biophysical parameters; (5) any
combination of the above.

ISF thereby enables the investigation of the effects of each manipulation across the diverse set of network-embedded
neuron models. The effects of these manipulations, and to which degree these manipulations have the same effects
despite variations of properties from subcellular to network scales, provides robust predictions for the neuron and network
mechanisms, and their interactions, underlying in vivo activity. These in silico manipulations therefore allow the generation
of concrete predictions about underlying mechanisms, and to inform the design of in vivo experiments to test these predic-
tions empirically.

Strategy 2: Model reduction. The goal of model reduction is to find an analytically tractable description of the input-
output computations of a neuron, with a minimal set of parameters, and to investigate how robust this description is
across trials and cells of the same cell type. As we have argued before [20], the specific mathematical form of a reduced
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Fig 4. Predicting the mechanistic origins of in vivo activity from simulated network-embedded neuron models via model reduction and in
silico manipulations. (A) A set of biologically diverse network-embedded neuron models and their simulated neuronal responses to sensory-evoked
synaptic activity are a required input for further analysis. Both somatic AP times and the somatic voltage trace are shown. (B) Four examples of manip-
ulations to simulated network-embedded neuron models, clockwise from the top left: scaling the strengths of synapses, changing the activation times of
specific synapses, changing the biophysical properties of the neuron model, and changing the connectivity between the presynaptic population and the
neuron model. Manipulations that target synapse strengths, activations, and connectivity can be manipulated based on their presynaptic cell type, loca-
tion on the dendrite, at random, individually, or any other property. (C) network-embedded neuron models are reduced to analytically tractable models
that capture their input-output computations. (D) Both the manipulations and reduced models aim to provide concrete in silico predictions that can be
tested experimentally.

https://doi.org/10.1371/journal.pcbi.1014617.g004

model may depend on the in vivo condition, neuron model and network model under investigation. For this reason, ISF
provides a model reduction package that enables users to derive the mathematical form of a reduced model for their
purposes. Specifically, the reduced model package provides three components (see Methods) that allows the user to
specify: (1) what features of the input should predict what features in the output, (2) what are the exact mathematical
forms of the reduced models, and (3) how to quantify how well the resulting reduced models predict the input-output
computations compared to the full mechanistically detailed network-embedded neuron models. ISF additionally provides
predefined mathematical forms, evaluation functions, and optimization strategies, e.g., those specified in our example
application [20].

The input to this workflow is simulation data generated by a biologically detailed network-embedded neuron model,
containing the activation times and locations of the synapses, and the postsynaptic neuron’s response to this input.
ISF then extracts the relevant features from the input and output, as defined by the user. The output typically takes the
form of somatic spike times, but can in principle be any activity measurement, including somatic or dendritic voltage
traces (Fig 4A). ISF then reduces the synaptic input to a minimal set of features according to a user-defined strategy
and mathematical form, so that the resulting model can predict activity directly from synaptic input. Thereby, the reduced
models can provide an analytically tractable description of the the input-output computation that the biologically detailed
neuron model performed under the simulated in vivo condition (Fig 4C). This process is then repeated for diverse sets
of network-embedded neuron models, covering diversity in biophysical, morphological and connectivity parameters. The
analytical tractability of the reduced models enables direct comparison across reduced models to investigate how vari-
ability in neuron and network properties contributes to variability in neuronal input-output computations and consequently
neuronal activity.
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A further feature of the reduced models is their decreased computational expense compared to the fully detailed
network-embedded neuron simulations; this enables large-scale population simulations, which nonetheless capture the
effects of morphological and biophysical properties on neuronal input-output computation.

Example application: Explaining sensory responses in barrel cortex

To illustrate all workflows introduced above, we show how we have applied ISF to explain the APs that the pyramidal tract
neurons in layer 5 (L5PT) of the barrel cortex (reviewed in [33]) elicit in response to sensory input from different facial
whiskers (Fig 5A). L5PTs integrate synaptic input from virtually all excitatory and inhibitory cell types within the barrel cor-
tex, with large and morphologically diverse dendrites spanning all cortical layers (Fig 5A). They are the major output cell
type of the cortex by sending axonal projections to various subcortical areas [34]. L5PTs elicit APs in response to whisker
stimuli with onset latencies that rival those in the main input layer of the cortex: layer 4. Moreover, these fast responses
occur upon stimulation of multiple different individual whiskers (Fig 5A). For decades, the origins of these fast and broadly
tuned whisker responses in L5PTs were unclear, as in vivo experiments yielded different and conflicting conclusions
[35,36]. Therefore, we decided to revisit which mechanisms account for whisker-evoked responses in L5PTs via our itera-
tive in silico-in vivo approach [19,20].

Here, we review how we have used ISF to investigate the origins of the fast and broadly tuned whisker-evoked
responses in L5PTs, including their variability across cells and trials. First, we generated neuron models of L5PTs that
account for their morphology, biophysical properties and intrinsic physiology [25] (Fig 5B). Next, we embedded these neu-
ron models into dense network models of the rat barrel cortex [24] and generated synaptic activity patterns that mimic the
in vivo activity following passive single whisker deflection in anesthetized rats (Fig 5C). We used model reduction (Fig 5D)
and targeted in silico manipulations (Fig 5E) to reveal that the fast onset and broad tuning of L5PTs in the rat barrel cortex
are largely due to fast whisker-evoked responses in layer 6 cortico-cortical neurons (L6CCs) (Fig 5G and 5H) that are
characterized by elaborate axons that project horizontally to L5PTs across the entire barrel cortex, a finding which we then
tested experimentally in vivo [19] (Fig 51 and 5J).

Generating neuron models that capture the intrinsic physiology of L5PTs. To generate neuron models of L5PTs,
Bast et al. (2022) [25] used ISF to investigate the possible mechanisms that underlie intrinsic LSPT physiology, as
characterized by backpropagating APs into the dendrites, transition to somatic burst firing upon coincident input to the
soma and distal dendrites (i.e., coincidence detection [6]), and sustained firing upon sustained somatic current injection.
As a result, ISF generated 4.2 million biophysically detailed multicompartmental neuron models for 12 morphologies,
reconstructed from in vivo biocytin-labeled L5PTs. These neuron models include 35 biophysical parameters describing the
conductance density of Hodgkin-Huxley type channels, Ca?* buffering dynamics, and a scaling parameter for the apical
dendrite diameter. All of these L5PT models captured the cell type-specific intrinsic physiology, but spanned a broad and
diverse range of biophysical parameters, including channel expression and utilization. An explicit example of this exact
workflow is provided on the documentation page of ISF [37].

Network-embedded neuron models of L5PTs in the barrel cortex. For the purpose of dissecting the origins of
whisker-evoked APs in L5PTs, we selected neuron models from our database that captured the morphological diversity
of L5PTs and the range of biophysical parameters that could account for the intrinsic physiology of this cell type. To
investigate how these neuron models integrate in vivo-like synaptic input, we embedded the neuron models at multiple
locations of a dense neuropil model of the rat barrel cortex [27]. These embeddings provided validated predictions for
the numbers and dendritic distributions of synapses from excitatory and inhibitory neurons across all layers of the barrel
cortex, and from the primary thalamus of the whisker system [24]. Example code for this workflow is presented in the ISF
documentation [29].

To constrain synaptic properties (strength and dynamics), we determined the peak conductance of excitatory synapses
by simulating each synapse from a given presynaptic cell type onto the neuron model one by one, resulting in a distribution
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Fig 5. Example application of ISF to explain whisker-evoked responses in the barrel cortex. (A) In vivo measurements of L5PTs in barrel cortex
during single whisker deflections of anesthetized rats reveal broad and heterogeneous receptive fields in neurons with morphologically diverse dendrites.
Diverse L5PT morphologies are reconstructed from in vivo biocytin-filled neurons. Panel adapted from Bast, Fruengel et al. (2024) [20] (B) ISF generates
multiple neuron models per L5PT morphology. These models differ in their biophysical parameters, but all reproduce the empirically observed neuronal
activity. Shown on the left are the responses of two example neuron models to two current injection stimuli: a somatic current injection and a paired
somatic and dendritic current injection. The right side shows the membrane voltage of two example neuron models during the paired somatic and den-
dritic current injection stimulus. (C) ISF embeds these neuron models into a dense model of the rat barrel cortex, and simulates the responses of these
neuron models to synaptic input that mimics the in vivo condition of single whisker deflections in anaesthetized rats. (D) network-embedded neuron mod-
els are reduced to analytically tractable models, which weigh the contribution of individual synapses to the response probability based on location and
activation time. This is the weighted net input (WNI) to the neuron, captured by spatial and temporal filters. Multiple filters are shown for different neuron
models with the same morphology and network embedding. Panel adapted from Bast, Fruengel et al. (2024) [20] (E) Manipulations remove input from
the presynaptic L6CCs. Response probability of L5PTs to 2nd surround whisker stimuli is abolished. (F) The in silico receptive fields obtained by simu-
lating network-embedded neuron models reproduce the broad receptive fields as observed in vivo, while accounting for variability in neuron morphology,
biophysical properties, and network input. (G) Change in receptive field (pearson R?) when changing either the biophysical properties, morphology, or
the network embedding location. Changing network properties has a larger impact compared to biophysical or morphological properties. (H) Reduced
models provide a mechanistic explanation by revealing how much weighted net input each presynaptic population provides to the postsynaptic neuron.
Input from the thalamus (i.e., VPM) is the largest contribution for PW, but LBCC is the largest contribution for 2"*SW responses. Panel adapted from
Bast, Fruengel et al. (2024) [20] (I) This mechanistic insight provides a testable prediction: silencing input from L6CCs in one barrel column removes

the whisker that is somatotopically aligned with the manipulated column column from the L5PT’s receptive field (manipulation, red), while leaving the
responses to other whiskers unaffected (control, black). Panel adapted from Egger et al. (2020) [19] (J) This testable prediction was verified in vivo by
abolishing L6CC input from 2" surround columns using muscimol injections [19]. Panel adapted from Egger et al. (2020) [19].

https://doi.org/10.1371/journal.pcbi.1014617.g005
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of uPSP amplitudes at the soma. We then scaled the peak conductance value for all synapses of the same presynaptic cell
type until the cell type-specific distribution of uPSP amplitudes at the soma matched those as measured in vitro or in vivo.

For each anatomical embedding, ISF generated synapse activation patterns as we reported previously [19]. Briefly,
ongoing activity was simulated by drawing individual spike times from Poisson distributions with cell type-specific mean
rates fitted to in vivo recordings of ongoing activity [38,39]. Activity evoked by the stimulus was sampled according to
cell type- and whisker-specific post-stimulus time histograms (PSTHSs) following a passive single whisker deflection in
vivo [40]. ISF can generate arbitrarily many empirically constrained activation patterns for each anatomical embedding
due to the stochastic nature of (1) generating ongoing spike times by sampling from Poisson distributions, (2) generating
sensory-evoked spike times from spike probabilities in PSTHs and (3) release probabilities at each individual synapse.
Example code for generating synapse activity is available as an online tutorial [41].

To summarize, this workflow created a set of biologically diverse network-embedded models that capture trial-to-trial
variability (i.e., activity of neurons in the network), while cell-to-cell variability was accounted for by the diversity of mor-
phologies and biophysical parameters of the neuron models, and their embeddings into the network. Without tuning any
of the parameters to the in vivo observation, these diverse network-embedded neuron models were able to produce in
vivo observed single whisker responses, including response probabilities, onset latencies, and broadness, as well as
the in vivo observed variability of these quantities across cells and trials (Fig 5 upper right). Example simulations of such
network-embedded neuron models are provided in the ISF tutorials [42].

In silico predicted mechanisms and experiments. To investigate the mechanisms underlying L5PT responses
and their variations, Bast et al. (2024) [20] inferred generalized linear models (GLMs) from network-embedded neuron
models (Fig 5D). These reduced models were optimized to determine which features of synaptic input are predictive of
an AP output. Each reduced model captures the input-output computations of a single neuron model across the range
of synapse activation patterns it receives during a passive single whisker deflection. The reduced models reached
consensus that in order to predict whisker-evoked responses of L5PTs under this experimental condition, it is sufficient to
count active synapses, weigh them by location and timing, and subtract a penalty if the neuron just fired an AP. Comparing
the neuronal activity of different reduced models predicted that the in vivo observed variably of whisker-evoked responses
across cells and trials originates predominantly from variability in synaptic input from the network, while morphology and
biophysics only play a minor role (Fig 5G). An example of this workflow can be found on the ISF webpage [43].

To investigate which mechanisms underlie the broadness of L5PT responses, Egger et al. (2020) [19] performed in
silico manipulations to simulated network-embedded neuron models by removing whisker-evoked input from various
excitatory presynaptic cell types. While all manipulations reduced the overall AP probability, removing input from L6CCs
caused the strongest reduction in surround whisker (SW) responses, and therefore caused a narrowing of the receptive
field (Fig 5E). This is consistent with the finding of the reduced models, where decomposing the contribution of presynap-
tic cell types to whisker-evoked responses predicted that L6CCs are the main contributors to SW responses, and there-
fore to broad receptive fields (Fig 5H).

To provide an experimental strategy that tests if LGCCs are indeed the origin of the fast and broad responses of L5PTs,
we performed additional in silico manipulations. In essence, these simulations predicted that deactivation of L6CCs in a
single barrel column should remove the related whisker from the receptive field of any L5PT in the barrel cortex (Fig 5I).
Egger et al. (2020) [19] performed this manipulation in vivo and indeed observed the in silico predicted outcome (Fig 5J).
Taken together, our approach provided concrete and experimentally testable predictions on the neuron and network
mechanisms that account for the sensory responses of L5PTs, including their variability across cells and trials.

Discussion

The standard approach for probing the neural basis of brain functions is to record or image the activity of neurons in
living animals during specific experimental conditions. Such experiments have identified neural correlates of several brain
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functions, ranging from sensation to perception, memory and action, and across a variety of brain areas and species.
However, it remains generally unclear how the recorded cells and their underlying circuits implement these correlates.
Which neurons provide synaptic input to the recorded cell, and where on its soma, dendrites or axon initial segment do
these inputs arrive? Even if all this information were available, the enormous computational complexity of the dendrites
will pose another challenge for inferring causality between the synaptic inputs a cell receives and it’s in vivo recorded
somatic, dendritic or axonal activity. Thus, the mechanistic origins of in vivo recorded activity patterns may only be
revealed if the presynaptic origins, as well as the postsynaptic locations, strengths and activation times of all inputs to a
recorded cell are known, and the integration of these input patterns could be studied with respect to the complex proper-
ties of its dendrites.

Here we present our computational approaches for tackling these challenges as a fully documented and freely avail-
able software environment: In Silico Framework (ISF). ISF provides a set of workflows to generate, simulate and analyze
neuron models that are well constrained by empirical observations at subcellular, cellular and network scales. In essence,
ISF is the result of our two decade-long efforts to dissect cellular and circuit mechanisms of sensory processing at the
cortical level [19-21,24,28] via bottom-up models of the rat barrel cortex. Like other bottom-up modeling approaches
[13,14,44-46], ISF generates biophysically detailed multi-compartmental models, embeds these neuron models into
anatomically detailed network models, and simulates how neuron models integrate and transform synaptic inputs from the
network into action potential outputs.

It remains, however, controversial whether bottom-up models provide a viable strategy to dissect mechanistic origins
of in vivo recorded neuronal activity, and ultimately of brain functions. Arguably, much of this criticism arises from the
dilemma that current experimental techniques cannot measure all the cellular and circuit parameters that could contribute
to neuronal activity under in vivo conditions, which is particularly true for the cerebral cortex. Consequently, despite their
common goal of generating models that are well constrained by empirical data at subcellular, cellular and network scales,
there are notable differences between current bottom-up modeling approaches in terms of the assumptions and the kind
of empirical data they rely on, as well as the strategies and algorithms they use for integrating these empirical data to
construct models. Therefore, any bottom-up model faces uncertainty on whether its assumptions are valid, whether the
quantity and quality of its empirical data is sufficient, or whether the strategies and algorithms to build it are biologically
plausible. Even if all relevant parameters could be measured simultaneously during in vivo experiments, biological vari-
ability and parameter degeneracy would still limit the generalizability of such a “perfectly” constrained bottom-up model.
For example, studies have shown that biophysical model parameters generally do not transfer across dendrite morphol-
ogies, even within a cell type [25,47,48]. As it is unlikely to observe the exact same morphology twice, it remains unclear
whether insights from such neuron models generalize beyond the specific neurons for which they were constructed —
even in the presence of complete and perfectly accurate empirical data.

ISF was designed to address these general challenges of generating, simulating and analyzing bottom-up models.
For this purpose, ISF is centered around the concept of “model consensus,” which relies on three key strategies that set
ISF apart from other bottom-up modeling approaches. First, ISF enables users to generate a set of models that exhib-
its maximally diverse parameters, spanning the full ranges permitted by the empirically observed biological variability
at subcellular, cellular and network scales. Second, ISF enables users to identify subsets of model configurations that
predict the in vivo observations without being tuned to do so. Third, for each of the diverse model configurations, ISF
enables users to identify which mechanisms at subcellular, cellular and network scales are necessary to account for the
in vivo observations, and which mechanisms are dispensable. Thereby, ISF can determine whether mechanisms exist
that are common across model configurations, and that could account for both the in vivo observed activity and its vari-
ability across animals, cells and trials. In essence, by achieving such model consensus, ISF predicts mechanisms that
are robust despite biological variability, and which may hence be indeed utilized in vivo. ISF also enables users to derive
model consensus from in silico manipulations, to identify which experimental strategies would be best suited to test the
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predicted mechanisms in vivo. Taken together, ISF provides a novel, viable strategy to dissect the mechanistic origins of in
vivo recorded activity, which we demonstrated successfully for the barrel cortex.

Limitations of the study

Our strategy of model consensus comes at a cost. Without tuning parameters, models generated with ISF may fail to pre-
dict the desired in vivo observations. One reason for such “model failure” could be that parameter diversity at subcellular,
cellular or network scales is not sufficiently captured — i.e., the configurations that could predict the in vivo observations
are simply not yet present in the set of models. Users should therefore always ensure that the set of models is sufficiently
diverse, to capture both the empirically observed ranges of each parameter at each scale, as well as the diversity of pos-
sible parameter combinations across scales.

However, despite best efforts to construct models that are biologically realistic and as diverse as possible, ISF may still
fail to predict a desired in vivo observation. For example, early on, we had generated models of a single cortical (barrel)
column, which predicted in vivo observed responses in layers 4 [49] and 2 [18], but not of the pyramidal tract neurons in
layer 5 (L5PTs) [19]. For this purpose (see also our application example), we needed to systemically quantify the substan-
tial horizontal intracortical connectivity [50] and then incorporate these empirical data to constrain models that comprised
virtually the entire barrel cortex [24]. Thus, models that assume (entirely) columnar processing, or which rely (entirely)
on connectivity data from brain slices — i.e., where horizontal axons are severely truncated [24]— could, in principle,
not reveal the mechanistic origins of the in vivo observed fast and broadly tuned responses of L5PTs. Similarly, while our
models predicted the probabilities, timings, and tunings of L5PT responses, they could not predict that responses in some
cells and trials occur as bursts of APs [19,20]. For this purpose, we had to incorporate our empirical observation into the
models that thalamocortical axons, which provide sensory input form the whiskers to the barrel cortex, target specifically
and most densely the dendritic domain of L5PTs that initiates calcium APs [21]. Model failure is hence an integral part
of ISF to reveal the limits of bottom-up models and to identify experiments that could improve them. In essence, model
failure addresses the questions: are the model assumptions valid (e.g., columnar processing), is the quality of the empiri-
cal data sufficient (e.g., connectivity in slices), and are the strategies and algorithms to build these models plausible (e.g.,
axo-dendritic overlap vs. axons target specific dendritic domains)?

Another cost of our model consensus strategy is that it requires a large set of models. Consequently, the computational
resources that ISF requires for generating, simulating and analyzing these models can be enormous, as we estimate in
the Supplement for our application example in the barrel cortex (S1 Table). We hence designed ISF for high-performance
compute infrastructures. However, the computational cost depends on the complexity of both the models and the in vivo
observations under investigation, and may be substantially less compared to our use-case, where neuron models needed
to capture the highly complex dendritic physiology of L5PTs, as well as inputs from neurons across the entire barrel cortex.

Our model consensus strategy could also set the stage to investigate the mechanistic origins of in vivo observed
network dynamics at unprecedented levels of detail. However, we did not yet implement a workflow within ISF to simulate
recurrent dynamics in networks of biophysically detailed neuron models. Even so, there is no principle reason why ISF
could not be used for simulations of recurrent network dynamics. This would require to generate sets of network models
where both the network configurations and their constituent biophysically detailed neuron models capture the empirically
observed ranges of each parameter at each scale, as well as the diversity of possible parameter combinations across
scales. Simulating and analyzing such sets of biologically diverse neuron-network models, and achieving model consen-
sus about the mechanistic origins of in vivo observed network dynamics, will however require enormous computational
resources. Incorporating advances in simulation technology (e.g., Jaxley [51]) into ISF may provide the necessary means
to overcome these computational challenges by scaling to large GPU infrastructures.

In addition, our approaches in ISF to reduce the biophysically detailed neuron models to analytically tractable models,
as well as other model reduction approaches [52], may provide the means to simulate recurrent dynamics in networks with
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similar biological realism, but at substantially lower computational costs. Well-established frameworks for simulating net-
work dynamics such as NEST [53] and The Virtual Brain [54] indeed provide strategies for incorporating more biological
details into network models of integrate-and-fire point neuron models, e.g., by constraining connection probabilities based
on data from brain slices. Incorporating such biological details generally impacts the predicted dynamics of such simplified
network models significantly. For example, by incorporating connectivity measurements from the barrel cortex into such
models, we showed how empirically observed diversity in the number incoming synaptic inputs per neuron impacts the
dynamical balance between excitation and inhibition in layer 4 [55]. Thus, replacing integrate-and-fire point neuron mod-
els with those generated by ISF via model reduction, may be a way to investigate network dynamics at increasing levels
of biological realism. By making our code available and well-documented [56] we hence seek to facilitate collaborative
efforts that combine ISF with other frameworks [46,52,53,57] to simulate cortical dynamics at unprecedented levels of
detail.

Outlook

Dissecting the cellular and circuit mechanisms that underlie in vivo recorded neuronal activity remains a major challenge.
Current experimental techniques are insufficient to simultaneously measure all relevant variables under in vivo conditions.
However, our vision for the rodent whisker system to dissect the mechanistic origins of its functions by generating, simu-
lating and analyzing anatomically and functionally realistic models is shared broadly across the neurosciences. For exam-
ple, large-scale initiatives, such as the Retinal Functomics consortium or the Allen Institute for Brain Science combine
functional imaging of neuronal activity in the mouse retina [58,59] or visual cortex [60,61] with dense EM reconstructions.
Similar experimental efforts are made for fruit flies, where an entire brain has already been reconstructed at EM resolution
[62—-65]. Thus, the empirical data that is necessary to generate bottom-up models similar to those that we developed for
the barrel cortex is becoming increasingly available. ISF may hence be readily applicable to a growing number of model
systems.

In summary, ISF’s key concepts are (1) generating sets of empirically well-constrained models that capture biologi-
cal diversity and degeneracy within and across subcellular, cellular and network scales, (2) simulating in vivo conditions
without parameter tuning, (3) analyzing the simulations to achieve model consensus about mechanistic origins that could
account for in vivo recorded activity and its variability across animals, cells and trials, and (4) using in silico manipulations
to identify experimental strategies that would be best suited to test whether the predicted mechanisms are indeed utilized
in vivo. While we demonstrate the value of ISF for the barrel cortex with empirical data that is accessible today, we believe
that the power of ISF and of its underlying concepts will continue to increase as new experimental techniques become
available. For this reason, we make ISF available as a fully documented online resource that will facilitate iterative in silico
— in vivo investigations into the mechanistic origins of in vivo functions.

Methods
Ethics statement

No animal experiments were carried out in this study. The previously reported animal experiments [40], were carried out
after evaluation and approval by the local German authorities, and in accordance with the animal welfare guidelines of the
Max Planck Society.

Implementation of in silico framework

In this section, we provide a detailed overview of how ISF implements the aforementioned workflows, as well as a general
implementation overview. A high-level dependency graph and an overview of the most important file formats used in ISF
are given in S1 and S2 Figs. The online documentation provides a complete API reference [22], in addition to tutorials [23]
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for the workflows outlined in the Results, and a specification on all file formats used in ISF [66]. We highlight some key
features below and refer to the corresponding sections of the API reference.

ISF is written entirely in Python 3, with the exception of the NEURON mechanisms for channels and synapses, which are
written in NMODL. It uses the NEURON simulation environment [67] as a backend, and provides extensive parallellization
capabilities with Dask [68]: a mature and widely adopted multiprocessing library. Installation and environment management
are handled through pixi [69], providing version-controlled environment lock files to ensure reproducibility. ISF is available
for Linux, macOS and Windows (Windows support is experimental) and only requires minimal dependencies: pixi and
git. Windows additionally requires a user-based installation of NEURON. Installation instructions for all OS’s are available
online [70]. ISF is open-source under Apache 2.0, subject to continuous integration testing, and fully documented [22]. In
addition, we provide tutorials [23] where we apply the workflows from the Results on L5PTs in the barrel cortex.

The Interface package provides top-level APl access to all important workflows and classes, often only requiring a
single function call to start a workflow. It is recommended to use ISF through Interface:

import Interface as I
I.simrun run new simulations(...) # e.g.

Neuron modeling

A neuron model in ISF is defined by a . hoc morphology file, and a single parameter file that contains passive and active
properties in the . param format [26]. The single cell parser package provides convenient API to build multi-
compartmental neuron models for simulation in NEURON.

Generating neuron models in ISF consists of two steps: optimization to find a seed model whose responses to current
injection stimuli are consistent with empirical physiology, and then exploration to discover the full parameter space (i.e.,
degeneracy) of models consistent with empirical physiology. The empirical data this workflow requires as an input are
(1) a morphology reconstruction, in . hoc format, (2) electrophysiological recordings that capture the neuron’s intrinsic
physiology, and (3) bounds on known biophysical parameters (e.g., ion channel distributions) which describe the neu-
ron’s passive and active properties, including intracellular dynamics if applicable. The electrophysiological recordings are
parametrized into separate attributes (such as AP height and width, spike frequency etc.), hereafter called “objectives.”
Given the empirically observed diversity of neuronal activity, each objective may be specified as a distribution.

The optimizer currently used in ISF is BluePyOpt’s [71] implementation of an indicator-based evolutionary algorithm
(IBEA) [72]. Each iteration, BluePyOpt generates new sets of biophysical parameters, simulates a set of stimuli to each
neuron model and evaluates the resulting responses to current injection stimuli by comparing the simulated result to each
empirical objective. Neuron models that cannot be compared to a given objective (e.g., because they have no AP at all)
are given a penalty value. The neuron models that had the best evaluation are then used to construct new models in the
next “generation,” with some stochasticity. This continues until a model is found which is empirically consistent, meaning
all attributes of its responses lie in-distribution of the empirically observed objectives.

ISF’s exploration algorithm [25] relies on the availability of a valid “seed” model that captures the desired empirically
observed intrinsic physiology. For our example of L5PTs, BluePyOpt [71] was most successful in identifying seed mod-
els that captured the complex dendritic and perisomatic physiology of this neuronal cell type. However, any method that
provides one or more seed points is compatible with ISF, including manual tuning, randomly sampling parameters (e.g., as
in Roy and Narayanan (2023) [73]), gradient-based optimization (e.g., with Jaxley [51]), and recent extensions and frame-
works around BluePyOpt [74]. The exploration algorithm then makes small random variations on these biophysical param-
eters, simulates the same stimuli and checks if the responses are still in-distribution of the empirically observed objectives.
For all newly generated models that pass this check, this process is repeated. The direction of variation in the biophysical
parameters can be configured to favor various metrics such as variance, increasing euclidean distance in parameter space,
novelty, or others. In our experience, random variations were sufficient to explore a broad diversity of neuron models per
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morphology. A common stopping criterion for this exploration is to keep track of the variance of all found neuron models,
and interrupt the exploration once the marginal increase in variance fails to reach a user-defined limit.

These routines are implemented in the biophysics fitting package, which allows the user to configure any set
of repeatable stimulus and evaluation protocols, and vary the biophysical parameters as a single parameter vector. Any
parameter listed in ISF’s neuron parameter specification [26] can be modified, and hence used during optimization and
exploration. Specifically, the ISF neuron parameter specification includes (1) ISF-specific parameters for spatial profiles of
channel densities, (2) all NEURON parameters defined in the PARAMETER block of a loaded NMODL file, and (3) parame-
ters used for ISF-specific cell modification functions, defined in the single cell parser.cell modify functions
module. NEURON parameters for ion channels typically only include the conductance densities of ion channels for a
given compartment of the neuron model. For calcium buffers, these are typically the parameters of the diffusion kinetics,
such as the time constant, shell depth, and ratio of unbuffered Ca?. However, any parameter of a NEURON mechanism
can in principle be exposed by defining them in the PARAMETER block of the corresponding NMODL file, including chan-
nel opening and closing rates, temperature scaling coefficients, or calcium buffering and extrusion rates. In addition, the
custom functions under single cell parser.cell modify functions can be applied to a neuron model by listing
the function name, and their keyword argument names and values in the neuron parameter file. These parameters are
explained in detail on our documentation page [66].

Both the optimization and exploration algorithm can be started from Interface:

biophys empirical range = DataFrame ([min values, max values])

# optimize

emp consistent neuron models=I.bfit start run(biophys empirical range)
# explore

I.RW(...).run RW(emp consistent neuron models, biophys empirical range)

The tutorials provide explicit examples on how to use these packages for simulation [75], model evaluation [76], and
model generation [37].

Network-embedded neuron models

The singlecell input mapper [30] package provides all functionality to generate anatomical network embeddings
for a given morphology as described in Udvary et. al. (2022) [24] under singlecell input mapper.udvary2022. It
is provided as a stand-alone package to allow the addition of other network embedding methods in the future. The pur-
pose of any current or future network embedding method is to generate the synapse locations and presynaptic origin for
a neuron morphology in the form of . syn [31] and . con [32] files. Alternatively, users can define these files themselves,
e.g., based on dense EM reconstructions.

The input to the network embedding workflow is a model or reconstruction of the dense neuropil populated with anno-
tated neuron morphologies, i.e., the cell ID of each neuron and their associated cell type, dendrite and axon reconstruc-
tions, the number and locations of pre- and postsynaptic structures (e.g., dendritic spines and axonal boutons), and the
morphology of the biophysically detailed neuron model to be embedded (hereafter referred to as postsynaptic). Our dense
neuropil model of the rat barrel cortex has been described and validated previously [24], can be downloaded and explored
interactively [77], and can now additionally be downloaded via the pixi front-end in ISF:

$ pixi run download bc model

Briefly, singlecell input mapper.udvary2022 discretizes the neuropil into voxels of a user-specified size,
and identifies where the postsynaptic morphology intersects with these voxels. Synaptic connections are only possible if
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pre- and postsynaptic structures are located in the same voxel. For each of these voxels, synapses are created onto the
postsynaptic neuron model from presynaptic neurons in the dense neuropil model/reconstruction based on their respec-
tive pre- and postsynaptic structures in the voxel and user-defined synaptic wiring rules [24,28]. The anatomical network
embeddings are saved in the form of two files. A synapse distribution file (. syn [31]) describes where each synapse
connects onto the postsynaptic morphology. A synapse connectivity file (. con [32]) describes to which presynaptic cell
each synapse belongs, and which cell type this is. Any dense EM reconstruction is compatible with ISF as long as its
description of connectivity onto the postsynaptic cell can be translated to these . syn and.con files. More information on
this workflow can be found in the associated tutorial [29].

In order to generate synaptic activity onto the postsynaptic neuron, singlecell input mapper [78] converts all
presynaptic cells to point neurons that emit spikes according to cell type-specific activity recorded during the in vivo con-
dition to be explained. ISF provides functionality to define activity with different distributions, such as Poisson (default),
normal, uniform, log-normal, or exact activations. ISF generates activation times at each individual synapse on the post-
synaptic neuron based on its release probability, which can be defined for each presynaptic cell type individually. Each
presynaptic cell type’s synapses are parameterized by delay, weight and dynamical parameters such as rise and decay
time constants, and could include additional empirically constrained parameters, e.g., to capture different plasticity mecha-
nisms [19,21]. Explicit code examples on how to perform this workflow is shown in the associated tutorial [41].

A single network model is captured by one parameter file [79], containing information on the anatomy (references
to.syn [31] and.con [32] files), cell type-specific activation probabilities for an in vivo stimulus, synapse dynamics, and
synaptic weights. It is important to note that two of these parameters are stochastic: the spike probability of presynaptic
cells, based on their respective distributions, and the synapse activation probability upon a presynaptic spike. There-
fore, each parameter configuration can be used to generate a set of synapse activation patterns, capturing trial-to-trial
variability.

Simulating network-embedded neuron models

The simrun package simulates network-embedded neuron models from neuron and network parameter files using NEU-
RON as a simulation engine. A tutorial for this process is available online [80]. It expects both parameter files, and can run
multiple trials per neuron-network parameter configuration to capture trial-to-trial variability in cell and synapse activation
patterns. These trials are parallelized across processes by default. A full workflow can be started with a single function call:

delayeds = I.simrun run new simulations (
neuron_parameters,
network parameters,
output path,
n trials,
) # returns delayed functions for parallel execution
distributed scheduler.submit (delayeds) # e.g. using a Dask scheduler

The simulation results can be efficiently parsed and stored by the data base package. By default, these parsed simula-
tion results include the membrane voltage of the neuron model at the soma and other specified recording sites, the exact
cell and synapse activations that were used for that trial, and a copy of the parameter files that were used to generate
these results for each simulated trial [81]. Converting the raw simulation output to high-performance dask dataframes in
the msgpack or parquet format can be done by:

db = I.DataBase ("db path")
I.db init simrun general (db, simrun results path)
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Manipulations

Re-running existing simulations with various manipulations to the neuron, network and synapses is achieved as follows:

I.simrun rerun db(
db,
neuron param modify functions=[scale diameter],
network param modify functions=[decrease ampa taul],
synapse activation modify functions=[add activations],

Manipulations are defined by functions that accept a neuron parameter file, network parameter file, or synapse activation
dataframe, and return it changed. This allows to re-run existing simulation trials (or a subset thereof) while making tar-
geted manipulations, such as (but not limited to): scaling synaptic weights by distance, receptor type, presynaptic origin,
or individually; changing synaptic activation patterns by the same categories; removing connectivity to presynaptic cells
or populations; changing biophysical parameters; any combination of the above. A specific example that silences synaptic
activations of a specific presynaptic population while keeping all other synapses exactly the same is provided in the online
tutorials [42], which replicates the same manipulations as described in Egger et al. (2020) [19] on a small sample size.

Reduced models

The goal of model reduction is to capture the relationship between synaptic input and neuronal output in simulated
network-embedded neuron models with a minimally sufficient description. A reduced model is a function f that predicts the
neuronal output o from synaptic input D, based on tunable parameters x:

f:D,x—o (1)

To build reduced models, ISF provides three modular components under simrun.modular reduced model
inference: aDataExtractor, Strategy, and Solver. These components define D and o, f, and x respectively.
Each component can be configured by the user to best address their research question, depending on the in vivo
condition, neuron models and network models under investigation. First, the DataExtractor allows the user to
define data processing workflows that extract relevant features from the input and output of fully detailed simulated
network-embedded neuron models. This defines D and o respectively. For example, the output commonly takes the
form of somatic spike times, but any aspect of the neuronal output can in principle be used, including somatic voltage
traces, burst occurences, or dendritic events. Second, the Strategy object allows the user to define the exact math-
ematical form of the inference function f, including tunable parameters x. ISF provides predefined strategy objects,
such as Generalized Linear Models (GLM) and Linear Discriminant Analysis (LDA) classifiers. Third, the Solver object
defines a cost function g : 0 — ¢ and an optimization algorithm. The cost function g captures how well the output o
produced by the inference function matches the actual neuronal output, e.g., a simple mean squared error (MSE) or
the area under the receiver-operator curve (AUROC). The Solver object then adapts x according to the user-defined
optimization algorithm, e.g., COBYLA [82].

As a concrete example application, we provide an online tutorial [43] reproducing the results from Bast, Fruengel et al.
(2024) [20]. Here, the DataExtractor extracted the soma distance and activation time of each synapse as input data D
, and the AP time points as output 0. Next, the Strategy object defined f as a Generalized Linear Model (GLM), whose
linear component were filter functions that weigh the contribution of each synaptic activation to the neuronal output o,
depending on their soma distance and activation time. The filter functions were linear combinations of raised cosine basis
functions, and the tunable parameters x were defined as the weights of this linear combination. The nonlinear component
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of the GLM assigned a penalty to recent APs, to capture refractoriness. Finally, the Solver object defined the cost func-
tion as the AUROC of the AP response probability, and defined COBYLA [82] as the optimization algorithm to adapt the
weights x. Each reduced model was generated for one particular neuron model, embedded at multiple locations to cap-
ture network variability. The resulting reduced models were able to predict the AP response probability based on the soma
distance and activation times of each synapse. The tuned filter functions of these reduced models allowed an analytically
tractable comparison for how different neuron models weigh synapse activations, across a wide diversity of input patterns.
Inference with these reduced models sidestep simulating compartmental neuron models, but the synapse locations (or at
least their distance to the soma) and activation times need to be known, which still requires the network embedding work-
flow to be run. Each component used in the creation of this particular reduced model — i.e., the spatiotemporal synapse
data extractor, raised cosine basis functions, wrapper to the COBYLA optimizer, and cost function — is available in ISF as
predefined components.

Data management

ISF implements an intuitive data_base package with modern and performant data formats, such as parquet [83] and zarr
[84], as well as an updated pandas interface to the msgpack format using fast and efficient compression such as blosc
[85,86]. Extra care is taken into account to ensure all data is: (1) reproducible, (2) can be written or converted to standard
file formats, and (3) saved efficiently, both in terms of 10 speed and file size. To ensure reproducibility, all data saved with
ISF’'s data_base package contains rich metadata in human-readable JSON format. This metadata includes the commit
hash of the code used to generate the data, creation date, file format, and which reader to use in order to load in the data.
In case the data was generated in an interactive IPython session, such as Jupyter notebooks, data base also saves a
history of the IPython code as metadata using the $history magic command.

For high performance computing (HPC) contexts, ISF provides compatibility with multiple file locking servers: Apache
Zookeeper, Redis, and simple file-based locking with fasteners. In addition, data base is easy to use thanks to the
Python dictionary-like syntax:

db = I.DataBase ("path/to/data") # initialize database
db["saved data"] = my data # infer file format & save
loaded data = db["saved data"] # load data back in memory

# specify a format
from data base.IO.LoaderDumper import dask to msgpack
db.set ("data in msgpack", my data, dumper=dask to msgpack)

These considerations ensure high and stable performance, as well as data portability without the need for an additional
interface or specialized data format.

Visualization

ISF provides extensive visualization capabilities for neuron models and network-embedded neuron models. Individual
frames or videos of neuron models and network-embedded neuron models can visualize their membrane voltage, ion
currents, and synapse activation patterns. The three outputs of the example code below is shown in S3 Fig.

from visualize.cell morphology visualizer import CellMorphologyVisualizer
cmv = CellMorphologyVisualizer (cell)

cmv.plot (color="black") # A: plot morphology
cmv.plot (
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color="“Ca HVA.ica”, # B: plot Ca HVA current
time point=1034, # at some time point
highlight section=73, # use an arrow to highlight section 73
highlight x=0.9 #... at relative co x=0.9
)

cmv.animation ( # C: Create video
color=“voltage”, # show the voltage
show synapses=True # show the synapse activations

These visualizations can be exported to VTK for postprocessing in VTK-compatible software suites like ParaView [87].
ISF additionally includes BlenderSpike [88] as a dependency for postprocessing in Blender. The combination of the two
can create high-quality figures and animations. An example of both is shown in S4 Fig.

Stability and extensibility

ISF is designed such that it can integrate future work, without breaking existing functionality. ISF takes several measures
to facilitate this goal.

First, ISF explicitly defines a stable APl boundary in a dedicated interface, aptly called Interface. By convention, any
function or class exposed in the Interface module may not change its API or functionality. Extensions can be made by
adding keyword arguments to functions, whose default value should maintain the previous functionality. Classes can be
extended with new methods and attributes. In case of incompatibilities it is preferred to create a new class or function with
a new name, while keeping the previous function accessible and unchanged.

Second, the data base module separates how data is saved (i.e., the data format) from the syntax on how to load it.
This design makes it is possible to change the data format post hoc, should a better format become available. The data
remains accessible via unchanged syntax. Thereby, previous code, including data analysis notebooks, do not need to be
modified when updating data formats. New data formats can be easily added by adding a module to the data base.IO.
LoaderDumper package, which only needs to implement a set and get method. Thanks to this convention, simulation
data that we saved more than a decade ago (in Python 2) is still readable with ISF today.

Third, we provide a single python environment to run all functionality within ISF. This minimizes the need to set up
project specific environments and facilitates the exchange of code and data across projects and lab members. This python
environment is version-tracked thanks to pixi’s lockfile capabilities. As an additional precaution, the git commit is saved
in the metadata of each data object, providing a link to the exact Python environment that was used to save the data.

Supporting information

S1 File. Computational costs.
(PDF)

S1 Table. Stimulus protocols for capturing L5PT intrinsic physiology [6,47] and their respective runtimes for sim-
ulations with ISF and NEURON [67]. Neuron models had on average 852.00 compartments (STD=172.28).
(PDF)

S1 Fig. Dependency graph of ISF. Interface provides direct and high-level APl access to core workflows in ISF.
single cell parser creates morphologies, builds and provides API access to biophysically detailed neuron models,
and uses NEURON in the backend to simulate these. biophysics fittinguses single cell parser to optimize
biophysical parameters and additionally explore diverse neuron models. singlecell input mapper infers synapse
locations onto a neuron morphology based on a dense connectome model, as well as generating synaptic activity from
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empirical data. simrun provides high-level API access to build and run network-embedded neuron models, and reduce
these to analytically tractable representations. Results are saved using data_base, additionally allowing to re-run
existing simulations with manipulations. In addition to the core packages shown above, ISF also includes tests, docs,
config, installation and tutorial material (installer, getting started), and analysis tools (spike analysis and
visualize). All source code is available on our public repository, accessible via our homepage [56].

(TIF)

S2 Fig. Overview of parameter files in ISF. ISF packages are shown in pink with two snipped corners. Parameter files
are shown in white with rounded corners. Morphology files are used by biophysics fitting to generate a dataframe
of possible biophysical parameters, each row defining a single empirically constrained neuron model for this morphology.
These are then parsed into neuron parameters by single cell parser. The same morphology file is used by sin-
glecell input mapper to create network embeddings, each of which defined by a single.syn file and.con file. The
former to define synapse locations onto the morphology, the latter to define their presynaptic origin. Together with activity
data, they are parsed into network parameters. The simrun package takes these neuron and network parameters to run
simulations of network-embedded neuron models.

(TIF)

S3 Fig. Three outputs of ISF’s visualize module. (A) The morphology in black. (B) Transmembrane current flowing
through Cagyya channels at a fixed time point t. An arrow highlights section 73 at relative coordinate x=0.9. By default,
only dendrites that contain this channel are visualized. (C) A stillframe of an animation at the same time point £, showing
the membrane voltage and synapses active (spheres, different colors represent different presynaptic cell types) between ¢
and t+1ms.

(TIF)

S4 Fig. Left: The soma locations of presynaptic cells that are active in [t, {+ 1ms], and the simulated neuron
model color-coded with the membrane potential for a given 1ms time interval. Surfaces of pia (top) and white matter
(bottom) shown in off-white. All components of this plot were exported to VTK using ISF and visualized in ParaView [87].
Right: The same simulation visualized in Blender. Components are again exported to VTK using ISF, except for the neu-
ron model in the middle, which is exported using BlenderSpike [88]. A sample of LSPT morphologies surround the neuron
model (1 morphology in each column of the barrel cortex). Membrane voltage color-coded and set to an emissive surface.
(TIF)

Acknowledgments

We thank Robert Egger for developing the code for an early version of network-embedded neuron model generation, sim-
ulation and analysis, and Daniel Udvary for developing the dense anatomical model of the barrel cortex.

Author contributions

Conceptualization: Bjorge Meulemeester, Arco Bast, Maria Royo, Rieke Fruengel, Su Saka, Marcel Oberlaender.
Data curation: Bjorge Meulemeester, Arco Bast, Maria Royo, Rieke Fruengel, Marcel Oberlaender.

Formal analysis: Bjorge Meulemeester, Arco Bast, Maria Royo, Rieke Fruengel, Su Saka.

Funding acquisition: Marcel Oberlaender.

Investigation: Bjorge Meulemeester, Arco Bast, Maria Royo, Rieke Fruengel, Su Saka, Foivos Kastrinakis, Marcel
Oberlaender.

Methodology: Bjorge Meulemeester, Arco Bast, Maria Royo, Su Saka, Foivos Kastrinakis, Marcel Oberlaender.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014617 August 21, 2026 21125



https://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014617.s004
https://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014617.s005
https://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014617.s006

Project administration: Marcel Oberlaender.

Resources: Bjorge Meulemeester, Arco Bast, Maria Royo.

Software: Bjorge Meulemeester, Arco Bast, Rieke Fruengel, Su Saka, Foivos Kastrinakis.

Supervision: Marcel Oberlaender.

Validation: Bjorge Meulemeester, Arco Bast, Maria Royo, Su Saka.

Visualization: Bjorge Meulemeester, Arco Bast, Maria Royo.

Writing — original draft: Bjorge Meulemeester, Rieke Fruengel.

Writing — review & editing: Bjorge Meulemeester, Arco Bast, Rieke Fruengel, Marcel Oberlaender.

References

1.

10.

1.

12.

13.

14.

15.

16.

17.

18.

19.

Feldman DE. Developmental synaptic plasticity. In: Squire LR, editor. Developmental synaptic plasticity: LTP, LTD, and synapse formation and
elimination. Oxford: Academic Press; 2009. p. 495-501. Available from: https://www.sciencedirect.com/science/article/pii/B978008045046900348X

Fogarty MJ, Hammond LA, Kanjhan R, Bellingham MC, Noakes PG. A method for the three-dimensional reconstruction of Neurobiotin™-filled
neurons and the location of their synaptic inputs. Front Neural Circuits. 2013;7:153. https://doi.org/10.3389/fncir.2013.00153 PMID: 24101895

Svara F, Forster D, Kubo F, Januszewski M, Dal Maschio M, Schubert PJ, et al. Automated synapse-level reconstruction of neural circuits in the
larval zebrafish brain. Nat Methods. 2022;19(11):1357—66. https://doi.org/10.1038/s41592-022-01621-0 PMID: 36280717

Zhu Y, Uytiepo M, Bushong E, Haberl M, Beutter E, Scheiwe F, et al. Nanoscale 3D EM reconstructions reveal intrinsic mechanisms of structural
diversity of chemical synapses. Cell Rep. 2021;35(1):108953. https://doi.org/10.1016/j.celrep.2021.108953 PMID: 33826888

Dembrow NC, Spain WJ. Input rate encoding and gain control in dendrites of neocortical pyramidal neurons. Cell Rep. 2022;38(7):110382. https://
doi.org/10.1016/j.celrep.2022.110382 PMID: 35172157

Larkum ME, Zhu JJ, Sakmann B. A new cellular mechanism for coupling inputs arriving at different cortical layers. Nature. 1999;398(6725):338—41.
https://doi.org/10.1038/18686 PMID: 10192334

Oberlaender M, Boudewijns ZSRM, Kleele T, Mansvelder HD, Sakmann B, de Kock CPJ. Three-dimensional axon morphologies of individual layer
5 neurons indicate cell type-specific intracortical pathways for whisker motion and touch. Proc Natl Acad Sci U S A. 2011;108(10):4188-93. https://
doi.org/10.1073/pnas.1100647108 PMID: 21368112

Dercksen VJ, Hege H-C, Oberlaender M. The Filament Editor: an interactive software environment for visualization, proof-editing and analysis of
3D neuron morphology. Neuroinformatics. 2014;12(2):325-39. https://doi.org/10.1007/s12021-013-9213-2 PMID: 24323305

Egger R, Narayanan RT, Helmstaedter M, de Kock CPJ, Oberlaender M. 3D reconstruction and standardization of the rat vibrissal cortex for
precise registration of single neuron morphology. PLoS Comput Biol. 2012;8(12):e1002837. https://doi.org/10.1371/journal.pcbi.1002837 PMID:
23284282

Boelts J, Harth P, Gao R, Udvary D, Yanez F, Baum D. Simulation-based inference for efficient identification of generative models in computational
connectomics. bioRxiv [Preprint]. 2023. https://doi.org/10.1101/2023.01.31.526269

Steinmetz NA, Koch C, Harris KD, Carandini M. Challenges and opportunities for large-scale electrophysiology with Neuropixels probes. Curr Opin
Neurobiol. 2018;50:92—100. https://doi.org/10.1016/j.conb.2018.01.009 PMID: 29444488

Einevoll GT, Destexhe A, Diesmann M, Griin S, Jirsa V, De Kamps M, et al. The scientific case for brain simulations. Neuron. 2019;102(4):735-44.
https://doi.org/10.1016/j.neuron.2019.03.027

Billeh YN, Cai B, Gratiy SL, Dai K, lyer R, Gouwens NW, et al. Systematic integration of structural and functional data into multi-scale models of
mouse primary visual cortex. Neuron. 2020;106(3):388-403.e18. https://doi.org/10.1016/j.neuron.2020.01.040 PMID: 32142648

Arkhipov A, Gouwens NW, Billeh YN, Gratiy S, lyer R, Wei Z, et al. Visual physiology of the layer 4 cortical circuit in silico. PLoS Comput Biol.
2018;14(11):e1006535. https://doi.org/10.1371/journal.pcbi.1006535 PMID: 30419013

Frégnac Y. Big data and the industrialization of neuroscience: a safe roadmap for understanding the brain? Science. 2017;358(6362):470-7.
https://doi.org/10.1126/science.aan8866 PMID: 29074766

D’Angelo E, Jirsa V. The quest for multiscale brain modeling. Trends Neurosci. 2022;45(10):777-90. https://doi.org/10.1016/j.tins.2022.06.007
PMID: 35906100

Prinz AA, Bucher D, Marder E. Similar network activity from disparate circuit parameters. Nat Neurosci. 2004;7(12):1345-52. https://doi.
org/10.1038/nn1352 PMID: 15558066

Egger R, Schmitt AC, Wallace DJ, Sakmann B, Oberlaender M, Kerr JND. Robustness of sensory-evoked excitation is increased by inhibitory
inputs to distal apical tuft dendrites. Proc Natl Acad Sci U S A. 2015;112(45):14072—7. https://doi.org/10.1073/pnas.1518773112 PMID: 26512104
Egger R, Narayanan RT, Guest JM, Bast A, Udvary D, Messore LF, et al. Cortical output is gated by horizontally projecting neurons in the deep
layers. Neuron. 2020;105(1):122-137.e8. https://doi.org/10.1016/j.neuron.2019.10.011 PMID: 31784285

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014617 August 21, 2026 22125



https://www.sciencedirect.com/science/article/pii/B978008045046900348X
https://doi.org/10.3389/fncir.2013.00153
http://www.ncbi.nlm.nih.gov/pubmed/24101895
https://doi.org/10.1038/s41592-022-01621-0
http://www.ncbi.nlm.nih.gov/pubmed/36280717
https://doi.org/10.1016/j.celrep.2021.108953
http://www.ncbi.nlm.nih.gov/pubmed/33826888
https://doi.org/10.1016/j.celrep.2022.110382
https://doi.org/10.1016/j.celrep.2022.110382
http://www.ncbi.nlm.nih.gov/pubmed/35172157
https://doi.org/10.1038/18686
http://www.ncbi.nlm.nih.gov/pubmed/10192334
https://doi.org/10.1073/pnas.1100647108
https://doi.org/10.1073/pnas.1100647108
http://www.ncbi.nlm.nih.gov/pubmed/21368112
https://doi.org/10.1007/s12021-013-9213-2
http://www.ncbi.nlm.nih.gov/pubmed/24323305
https://doi.org/10.1371/journal.pcbi.1002837
http://www.ncbi.nlm.nih.gov/pubmed/23284282
https://doi.org/10.1101/2023.01.31.526269
https://doi.org/10.1016/j.conb.2018.01.009
http://www.ncbi.nlm.nih.gov/pubmed/29444488
https://doi.org/10.1016/j.neuron.2019.03.027
https://doi.org/10.1016/j.neuron.2020.01.040
http://www.ncbi.nlm.nih.gov/pubmed/32142648
https://doi.org/10.1371/journal.pcbi.1006535
http://www.ncbi.nlm.nih.gov/pubmed/30419013
https://doi.org/10.1126/science.aan8866
http://www.ncbi.nlm.nih.gov/pubmed/29074766
https://doi.org/10.1016/j.tins.2022.06.007
http://www.ncbi.nlm.nih.gov/pubmed/35906100
https://doi.org/10.1038/nn1352
https://doi.org/10.1038/nn1352
http://www.ncbi.nlm.nih.gov/pubmed/15558066
https://doi.org/10.1073/pnas.1518773112
http://www.ncbi.nlm.nih.gov/pubmed/26512104
https://doi.org/10.1016/j.neuron.2019.10.011
http://www.ncbi.nlm.nih.gov/pubmed/31784285

PLO.\S.ﬁ\;- Computational

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

Biology

Bast A, Fruengel R, de Kock CPJ, Oberlaender M. Network-neuron interactions underlying sensory responses of layer 5 pyramidal tract neurons in
barrel cortex. PLoS Comput Biol. 2024;20(4):e1011468. https://doi.org/10.1371/journal.pcbi. 1011468 PMID: 38626210

Bast A, Guest JM, Fruengel R, Narayanan RT, de Kock CPJ, Oberlaender M. Thalamus enables active dendritic coupling of inputs arriving at differ-
ent cortical layers. Nat Commun. 2025;16(1):8327. https://doi.org/10.1038/s41467-025-64152-0 PMID: 40973736

Meulemeester B, Bast A, Oberlaender M. API reference — In Silico Framework; 2025 [cited 2025 Aug 29]. Available from: https://mpinb.github.io/
in_silico_framework/api_reference

Meulemeester B, Bast A, Oberlaender M. Tutorials — In Silico Framework; 2025 [cited 2025 Aug 29]. Avaialble from: https://mpinb.github.io/
in_silico_framework/tutorials

Udvary D, Harth P, Macke JH, Hege H-C, de Kock CPJ, Sakmann B, et al. The impact of neuron morphology on cortical network architecture. Cell
Rep. 2022;39(2):110677. https://doi.org/10.1016/j.celrep.2022.110677 PMID: 35417720

Bast A, Oberlaender M. lon channel distributions in cortical neurons are optimized for energy-efficient active dendritic computations. BioRxiv.
2022:2021.12.11.472235. https://doi.org/10.1101/2021.12.11.472235

Meulemeester B, Bast A, Oberlaender M. Synapse distribution file format — In Silico Framework; 2025 [cited 2025 Aug 29]. Available from: https://
mpinb.github.io/in_silico_framework/file_formats.html#cell-parameters

Egger R, Dercksen VJ, Udvary D, Hege H-C, Oberlaender M. Generation of dense statistical connectomes from sparse morphological data. Front
Neuroanat. 2014;8:129. https://doi.org/10.3389/fnana.2014.00129 PMID: 25426033

Harth P, Udvary D, Boelts J, Baum D, Macke JH, Hege HC, et al. Dissecting origins of wiring specificity in dense cortical connectomes. bioRxiv
[Preprint]. 2024. https://doi.org/10.1101/2024.12.14.628490

Meulemeester B, Bast A, Oberlaender M. Tutorial 2.1: Embedding a neuron model in a network model — In Silico Framework; 2025 [cited 2025
Aug 29]. Available from: https://mpinb.github.io/in_silico_framework/tutorials/2.network_models/2.1_Anatomical_embedding.html

Meulemeester B, Bast A, Oberlaender M. API Reference: Anatomical embedding — In Silico Framework; 2025 [cited 2025 Aug 29]. Available from:
https://mpinb.github.io/in_silico_framework/api_reference/singlecell_input_mapper/index.html#connectivity

Meulemeester B, Bast A, Oberlaender M. Synapse connectivity file format — In Silico Framework; 2025 [cited 2025 Aug 29]. Available from: https://
mpinb.github.io/in_silico_framework/file_formats.html#syn

Meulemeester B, Bast A, Oberlaender M. Cell parameters — In Silico Framework; 2025 [cited 2025 Aug 29]. Available from: https://mpinb.github.io/
in_silico_framework/file_formats.html#con

Feldmeyer D, Brecht M, HelImchen F, Petersen CCH, Poulet JFA, Staiger JF, et al. Barrel cortex function. Prog Neurobiol. 2013;103:3-27. https://
doi.org/10.1016/j.pneurobio.2012.11.002 PMID: 23195880

Rojas-Piloni G, Guest JM, Egger R, Johnson AS, Sakmann B, Oberlaender M. Relationships between structure, in vivo function and long-range
axonal target of cortical pyramidal tract neurons. Nat Commun. 2017;8(1):870. https://doi.org/10.1038/s41467-017-00971-0 PMID: 29021587
Wright N, Fox K. Origins of cortical layer V surround receptive fields in the rat barrel cortex. J Neurophysiol. 2010;103(2):709-24. https://doi.
org/10.1152/jn.00560.2009 PMID: 19939962

Constantinople CM, Bruno RM. Deep cortical layers are activated directly by thalamus. Science. 2013;340(6140):1591—-4. https://doi.org/10.1126/
science.1236425 PMID: 23812718

Meulemeester B, Bast A, Oberlaender M. Tutorial 1.3: Generating biophysically detailed multi-compartmental models — In Silico Framework; 2025
[cited 2025 Aug 29]. Available from: https://mpinb.github.io/in_silico_framework/tutorials/1.neuron_models/1.3_Generation.html

Oberlaender M, de Kock CPJ, Bruno RM, Ramirez A, Meyer HS, Dercksen VJ, et al. Cell type-specific three-dimensional structure of thalamocorti-
cal circuits in a column of rat vibrissal cortex. Cereb Cortex. 2012;22(10):2375-91. https://doi.org/10.1093/cercor/bhr317 PMID: 22089425

Hay E, Segev |. Dendritic excitability and gain control in recurrent cortical microcircuits. Cereb Cortex. 2015;25(10):3561—71. https://doi.
org/10.1093/cercor/bhu200 PMID: 25205662

de Kock CPJ, Bruno RM, Spors H, Sakmann B. Layer- and cell-type-specific suprathreshold stimulus representation in rat primary somatosensory
cortex. J Physiol. 2007;581(Pt 1):139-54. https://doi.org/10.1113/jphysiol.2006.124321 PMID: 17317752

Meulemeester B, Bast A, Oberlaender M. Tutorial 2.1: Embedding a neuron model in a network model — In Silico Framework; 2025 [cited 2025
Aug 29]. Available from: https://mpinb.github.io/in_silico_framework/tutorials/2.network_models/2.2_Network_activity.html

Meulemeester B, Bast A, Oberlaender M. Tutorial 3.1: Manipulations of multi-scale simulations — In Silico Framework; 2025 [cited 2025 Aug 29].
Available from: https://mpinb.github.io/in_silico_framework/tutorials/4.analysis/4.1_Manipulations.html

Meulemeester B, Bast A, Oberlaender M. Tutorial 3.2: Reduced models — In Silico Framework; 2025 [cited 2025 Aug 29]. Available from: https://
mpinb.github.io/in_silico_framework/tutorials/4.analysis/4.2_Reduced_Models.html

Markram H, Muller E, Ramaswamy S, Reimann MW, Abdellah M, Sanchez CA, et al. Reconstruction and simulation of neocortical microcircuitry.
Cell. 2015;163(2):456-92. https://doi.org/10.1016/j.cell.2015.09.029 PMID: 26451489

Dai K, Gratiy SL, Billeh YN, Xu R, Cai B, Cain N, et al. Brain Modeling ToolKit: an open source software suite for multiscale modeling of brain
circuits. PLoS Comput Biol. 2020;16(11):e1008386. https://doi.org/10.1371/journal.pcbi.1008386 PMID: 33253147

Dura-Bernal S, Suter BA, Gleeson P, Cantarelli M, Quintana A, Rodriguez F, et al. NetPyNE, a tool for data-driven multiscale modeling of brain
circuits. Elife. 2019;8:e44494. https://doi.org/10.7554/eLife.44494 PMID: 31025934

PLOS Computational Biology | https:/doi.org/10.1371/journal.pcbi.1014617 August 21, 2026 231725



https://doi.org/10.1371/journal.pcbi.1011468
http://www.ncbi.nlm.nih.gov/pubmed/38626210
https://doi.org/10.1038/s41467-025-64152-0
http://www.ncbi.nlm.nih.gov/pubmed/40973736
https://mpinb.github.io/in_silico_framework/api_reference
https://mpinb.github.io/in_silico_framework/api_reference
https://mpinb.github.io/in_silico_framework/tutorials
https://mpinb.github.io/in_silico_framework/tutorials
https://doi.org/10.1016/j.celrep.2022.110677
http://www.ncbi.nlm.nih.gov/pubmed/35417720
https://doi.org/10.1101/2021.12.11.472235
https://mpinb.github.io/in_silico_framework/file_formats.html#cell-parameters
https://mpinb.github.io/in_silico_framework/file_formats.html#cell-parameters
https://doi.org/10.3389/fnana.2014.00129
http://www.ncbi.nlm.nih.gov/pubmed/25426033
https://doi.org/10.1101/2024.12.14.628490
https://mpinb.github.io/in_silico_framework/tutorials/2.network_models/2.1_Anatomical_embedding.html
https://mpinb.github.io/in_silico_framework/api_reference/singlecell_input_mapper/index.html#connectivity
https://mpinb.github.io/in_silico_framework/file_formats.html#syn
https://mpinb.github.io/in_silico_framework/file_formats.html#syn
https://mpinb.github.io/in_silico_framework/file_formats.html#con
https://mpinb.github.io/in_silico_framework/file_formats.html#con
https://doi.org/10.1016/j.pneurobio.2012.11.002
https://doi.org/10.1016/j.pneurobio.2012.11.002
http://www.ncbi.nlm.nih.gov/pubmed/23195880
https://doi.org/10.1038/s41467-017-00971-0
http://www.ncbi.nlm.nih.gov/pubmed/29021587
https://doi.org/10.1152/jn.00560.2009
https://doi.org/10.1152/jn.00560.2009
http://www.ncbi.nlm.nih.gov/pubmed/19939962
https://doi.org/10.1126/science.1236425
https://doi.org/10.1126/science.1236425
http://www.ncbi.nlm.nih.gov/pubmed/23812718
https://mpinb.github.io/in_silico_framework/tutorials/1.neuron_models/1.3_Generation.html
https://doi.org/10.1093/cercor/bhr317
http://www.ncbi.nlm.nih.gov/pubmed/22089425
https://doi.org/10.1093/cercor/bhu200
https://doi.org/10.1093/cercor/bhu200
http://www.ncbi.nlm.nih.gov/pubmed/25205662
https://doi.org/10.1113/jphysiol.2006.124321
http://www.ncbi.nlm.nih.gov/pubmed/17317752
https://mpinb.github.io/in_silico_framework/tutorials/2.network_models/2.2_Network_activity.html
https://mpinb.github.io/in_silico_framework/tutorials/4.analysis/4.1_Manipulations.html
https://mpinb.github.io/in_silico_framework/tutorials/4.analysis/4.2_Reduced_Models.html
https://mpinb.github.io/in_silico_framework/tutorials/4.analysis/4.2_Reduced_Models.html
https://doi.org/10.1016/j.cell.2015.09.029
http://www.ncbi.nlm.nih.gov/pubmed/26451489
https://doi.org/10.1371/journal.pcbi.1008386
http://www.ncbi.nlm.nih.gov/pubmed/33253147
https://doi.org/10.7554/eLife.44494
http://www.ncbi.nlm.nih.gov/pubmed/31025934

N\ Computational
PLO\Sﬁ\\ Biology

47. Hay E, Hill S, Schirmann F, Markram H, Segev |. Models of neocortical layer 5b pyramidal cells capturing a wide range of dendritic and periso-
matic active properties. PLoS Comput Biol. 2011;7(7):e1002107. https://doi.org/10.1371/journal.pcbi.1002107 PMID: 21829333

48. Mainen ZF, Sejnowski TJ. Influence of dendritic structure on firing pattern in model neocortical neurons. Nature. 1996;382(6589):363—6. https://doi.
0rg/10.1038/382363a0 PMID: 8684467

49. Lang S, Dercksen VJ, Sakmann B, Oberlaender M. Simulation of signal flow in 3D reconstructions of an anatomically realistic neural network in rat
vibrissal cortex. Neural Netw. 2011;24(9):998-1011. https://doi.org/10.1016/j.neunet.2011.06.013 PMID: 21775101

50. Narayanan RT, Egger R, Johnson AS, Mansvelder HD, Sakmann B, de Kock CPJ, et al. Beyond columnar organization: cell type- and target
layer-specific principles of horizontal axon projection patterns in rat vibrissal cortex. Cereb Cortex. 2015;25(11):4450—-68. https://doi.org/10.1093/
cercor/bhv053 PMID: 25838038

51. Deistler M, Kadhim KL, Pals M, Beck J, Huang Z, Gloeckler M, et al. JAXLEY: differentiable simulation enables large-scale training of detailed
biophysical models of neural dynamics. Nat Methods. 2025;22(12):2649-57. https://doi.org/10.1038/s41592-025-02895-w PMID: 41233544

52. Wybo WAM. The neural analysis toolkit unifies semi-analytical techniques to simplify, understand, and simulate dendrites. Neuroinformatics.
2026;24(2):21. https://doi.org/10.1007/s12021-025-09766-x

53. Gewaltig M-O, Diesmann M. Nest (neural simulation tool). Scholarpedia. 2007;2(4):1430. https://doi.org/10.4249/scholarpedia.1430

54. Ritter P, Schirner M, Mcintosh AR, Jirsa VK. The virtual brain integrates computational modeling and multimodal neuroimaging. Brain Connect.
2013;3(2):121-45. https://doi.org/10.1089/brain.2012.0120

55. Landau ID, Egger R, Dercksen VJ, Oberlaender M, Sompolinsky H. The impact of structural heterogeneity on excitation-inhibition balance in corti-
cal networks. Neuron. 2016;92(5):1106—21. https://doi.org/10.1016/j.neuron.2016.10.027 PMID: 27866797

56. Meulemeester B, Bast A, Oberlaender M. Homepage — In Silico Framework; 2025 [cited 2025 Aug 29]. Available from: https://mpinb.github.io/
in_silico_framework/index

57. Makarov R, Chavlis S, Poirazi P. DendroTweaks, an interactive approach for unraveling dendritic dynamics. Elife. 2025;13:RP103324. https://doi.
org/10.7554/eL ife.103324 PMID: 41432713

58. Baden T, Berens P, Busse L, Franke K, Euler T. Retinal Functomics: datasets and code; 2026 [cited 2026 May 16]. Available from: https://reti-
nal-functomics.net/

59. Baden T, Berens P, Franke K, Roman Rosén M, Bethge M, Euler T. The functional diversity of retinal ganglion cells in the mouse. Nature.
2016;529(7586):345-50. https://doi.org/10.1038/nature 16468 PMID: 26735013

60. Lein ES, Hawrylycz MJ, Ao N, Ayres M, Bensinger A, Bernard A, et al. Genome-wide atlas of gene expression in the adult mouse brain. Nature.
2007;445(7124):168-76. https://doi.org/10.1038/nature05453 PMID: 17151600

61. Wang Q, Ding S-L, Li Y, Royall J, Feng D, Lesnar P, et al. The Allen mouse brain common coordinate framework: a 3D reference atlas. Cell.
2020;181(4):936-953.e20. https://doi.org/10.1016/j.cell.2020.04.007 PMID: 32386544

62. Court R, Costa M, Pilgrim C, Millburn G, Holmes A, McLachlan A, et al. Virtual Fly Brain-An interactive atlas of the Drosophila nervous system.
Front Physiol. 2023;14:1076533. https://doi.org/10.3389/fphys.2023.1076533 PMID: 36776967

63. Schlegel P, Yin Y, Bates AS, Dorkenwald S, Eichler K, Brooks P, et al. Whole-brain annotation and multi-connectome cell typing of Drosophila.
Nature. 2024;634(8032):139-52. https://doi.org/10.1038/s41586-024-07686-5 PMID: 39358521

64. Dorkenwald S, Matsliah A, Sterling AR, Schlegel P, Yu S-C, McKellar CE, et al. Neuronal wiring diagram of an adult brain. Nature.
2024;634(8032):124-38. https://doi.org/10.1038/s41586-024-07558-y PMID: 39358518

65. Scheffer LK, Xu CS, Januszewski M, Lu Z, Takemura S-Y, Hayworth KJ, et al. A connectome and analysis of the adult Drosophila central brain.
Elife. 2020;9:€57443. https://doi.org/10.7554/eLife.57443 PMID: 32880371

66. Meulemeester B, Bast A, Oberlaender M. API reference — In Silico Framework; 2025 [cited 2024 Aug 29]. Available from: https://mpinb.github.io/
in_silico_framework/file_formats

67. Hines ML, Carnevale NT. The NEURON simulation environment. Neural Comput. 1997;9(6):1179-209. https://doi.org/10.1162/nec0.1997.9.6.1179
68. Rocklin M. Dask — Dask documentation — docs.dask.org; 2014 [cited 2024 Nov 26]. Available from: https://docs.dask.org/en/stable/
69. Arts R, Zalmstra B, Vollprecht W, de Jager T, Morcotilo N, Hofer J. pixi; 2023 [cited 2025 Oct 1]. Available from: https://pixi.sh/latest/

70. Meulemeester B, Bast A, Oberlaender M. Installation — In Silico Framework; 2025 [cited 2025 Aug 29]. Available from: https://mpinb.github.io/
in_silico_framework/installation

71. Van Geit W, Gevaert M, Chindemi G, Réssert C, Courcol J-D, Muller EB, et al. BluePyOpt: leveraging open source software and cloud infrastruc-
ture to optimise model parameters in neuroscience. Front Neuroinform. 2016;10:17. https://doi.org/10.3389/fninf.2016.00017 PMID: 27375471

72. Zitzler E, Kinzli S. Indicator-based selection in multiobjective search. In: Yao X, Burke EK, Lozano JA, Smith J, Merelo-Guervés JJ, Bullinaria JA,
et al., editors. Parallel problem solving from nature - PPSN VIII. Berlin, Heidelberg: Springer Berlin Heidelberg; 2004. p. 832—42.

73. Roy R, Narayanan R. lon-channel degeneracy and heterogeneities in the emergence of complex spike bursts in CA3 pyramidal neurons. J Physiol.
2023;601(15):3297-328. https://doi.org/10.1113/JP283539 PMID: 36201674

74. Reva M, Rossert C, Arnaudon A, Damart T, Mandge D, Tuncel A, et al. A universal workflow for creation, validation, and generalization of detailed
neuronal models. Patterns (N Y). 2023;4(11):100855. https://doi.org/10.1016/j.patter.2023.100855 PMID: 38035193

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014617 August 21, 2026 24125



https://doi.org/10.1371/journal.pcbi.1002107
http://www.ncbi.nlm.nih.gov/pubmed/21829333
https://doi.org/10.1038/382363a0
https://doi.org/10.1038/382363a0
http://www.ncbi.nlm.nih.gov/pubmed/8684467
https://doi.org/10.1016/j.neunet.2011.06.013
http://www.ncbi.nlm.nih.gov/pubmed/21775101
https://doi.org/10.1093/cercor/bhv053
https://doi.org/10.1093/cercor/bhv053
http://www.ncbi.nlm.nih.gov/pubmed/25838038
https://doi.org/10.1038/s41592-025-02895-w
http://www.ncbi.nlm.nih.gov/pubmed/41233544
https://doi.org/10.1007/s12021-025-09766-x
https://doi.org/10.4249/scholarpedia.1430
https://doi.org/10.1089/brain.2012.0120
https://doi.org/10.1016/j.neuron.2016.10.027
http://www.ncbi.nlm.nih.gov/pubmed/27866797
https://mpinb.github.io/in_silico_framework/index
https://mpinb.github.io/in_silico_framework/index
https://doi.org/10.7554/eLife.103324
https://doi.org/10.7554/eLife.103324
http://www.ncbi.nlm.nih.gov/pubmed/41432713
https://retinal-functomics.net/
https://retinal-functomics.net/
https://doi.org/10.1038/nature16468
http://www.ncbi.nlm.nih.gov/pubmed/26735013
https://doi.org/10.1038/nature05453
http://www.ncbi.nlm.nih.gov/pubmed/17151600
https://doi.org/10.1016/j.cell.2020.04.007
http://www.ncbi.nlm.nih.gov/pubmed/32386544
https://doi.org/10.3389/fphys.2023.1076533
http://www.ncbi.nlm.nih.gov/pubmed/36776967
https://doi.org/10.1038/s41586-024-07686-5
http://www.ncbi.nlm.nih.gov/pubmed/39358521
https://doi.org/10.1038/s41586-024-07558-y
http://www.ncbi.nlm.nih.gov/pubmed/39358518
https://doi.org/10.7554/eLife.57443
http://www.ncbi.nlm.nih.gov/pubmed/32880371
https://mpinb.github.io/in_silico_framework/file_formats
https://mpinb.github.io/in_silico_framework/file_formats
https://doi.org/10.1162/neco.1997.9.6.1179
https://docs.dask.org/en/stable/
https://pixi.sh/latest/
https://mpinb.github.io/in_silico_framework/installation
https://mpinb.github.io/in_silico_framework/installation
https://doi.org/10.3389/fninf.2016.00017
http://www.ncbi.nlm.nih.gov/pubmed/27375471
https://doi.org/10.1113/JP283539
http://www.ncbi.nlm.nih.gov/pubmed/36201674
https://doi.org/10.1016/j.patter.2023.100855
http://www.ncbi.nlm.nih.gov/pubmed/38035193

N Computational
PLO\Sﬁ\\ Biology

75. Meulemeester B, Bast A, Oberlaender M. Tutorial 1.1: Simulating biophysically detailed multi-compartmental models using ISF — In Silico Frame-
work; 2025 [cited 2025 Aug 29]. Available from: https://mpinb.github.io/in_silico_framework/tutorials/1.neuron_models/1.1_Simulation

76. Meulemeester B, Bast A, Oberlaender M. Tutorial 1.2: Evaluating biophysically detailed multi-compartmental models — In Silico Framework; 2025
[cited 2025 Aug 29]. Available from: https://mpinb.github.io/in_silico_framework/tutorials/1.neuron_models/1.2_Evaluation

77. Harth P. Barrel Cortex In Silico; 2025 [cited 2025 Sept 15]. Available from: https://cortexinsilico.mpinb.mpg.de/

78. Meulemeester B, Bast A, Oberlaender M. API Reference: Anatomical embedding — In Silico Framework; 2025 [cited 2025 Aug 29]. Available from:
https://mpinb.github.io/in_silico_framework/api_reference/singlecell_input_mapper/index.html#activity

79. Meulemeester B, Bast A, Oberlaender M. Synapse distribution file format — In Silico Framework; 2025 [cited 2025 Aug 29]. Available from: https://
mpinb.github.io/in_silico_framework/file_formats.html#network-parameters

80. Meulemeester B, Bast A, Oberlaender M. Tutorial 2.3: Multi-scale modeling — In Silico Framework; 2025 [cited 2025 Aug 29]. Available from:
https://mpinb.github.io/in_silico_framework/tutorials/3.multiscale_models/3.1_Multiscale_modeling.html

81. Meulemeester B, Bast A, Oberlaender M. Simulation output format — In Silico Framework; 2025 [cited 2025 Aug 29]. Available from: https://mpinb.
github.io/in_silico_framework/file_formats.html#raw-simulation-results

82. Powell MJD. Direct search constrained optimization. In: Gomez S, Hennart JP, editors. A direct search optimization method that models
the objective and constraint functions by linear interpolation. Dordrecht: Springer Netherlands; 1994. p. 51-67. Available from: https://doi.
org/10.1007/978-94-015-8330-5_4

83. Vohra D, Vohra D. Apache parquet. In: Practical hadoop ecosystem: a definitive guide to hadoop-related frameworks and tools; 2016. p. 325-35.

84. Miles A, Kirkham J, Durant M, Bourbeau J, Onalan T, Hamman J, et al. zarr-developers/zarr-python: v2.4.0; 2020. Available from: https://doi.
0rg/10.5281/zenodo.3773450

85. Meulemeester B, Valerio O. isf-pandas-msgpack: an un-deprecated pandas-mspack; 2025 [cited 2025 Sept 17]. Available from: https://pypi.org/
project/isf-pandas-msgpack/

86. PyData. pandas-msgpack: an interface from pandas to the msgpack library; 2017 [cited 2025 Sept 17]. Available from: https://pandas-msgpack.
readthedocs.io/en/latest/index.html

87. Ahrens J, Geveci B, Law C. ParaView: an end-user tool for large-data visualization. In: Visualization handbook. Elsevier; 2005. p. 717-31. https://
doi.org/10.1016/b978-012387582-2/50038-1

88. Kirsanov A. BlenderSpike; 2023 [cited 2026 Jan 8]. Available from: https://github.com/ArtemKirsanov/BlenderSpike

PLOS Computational Biology | https:/doi.org/10.1371/journal.pcbi.1014617 August 21, 2026 251725



https://mpinb.github.io/in_silico_framework/tutorials/1.neuron_models/1.1_Simulation
https://mpinb.github.io/in_silico_framework/tutorials/1.neuron_models/1.2_Evaluation
https://cortexinsilico.mpinb.mpg.de/
https://mpinb.github.io/in_silico_framework/api_reference/singlecell_input_mapper/index.html#activity
https://mpinb.github.io/in_silico_framework/file_formats.html#network-parameters
https://mpinb.github.io/in_silico_framework/file_formats.html#network-parameters
https://mpinb.github.io/in_silico_framework/tutorials/3.multiscale_models/3.1_Multiscale_modeling.html
https://mpinb.github.io/in_silico_framework/file_formats.html#raw-simulation-results
https://mpinb.github.io/in_silico_framework/file_formats.html#raw-simulation-results
https://doi.org/10.1007/978-94-015-8330-5_4
https://doi.org/10.1007/978-94-015-8330-5_4
https://doi.org/10.5281/zenodo.3773450
https://doi.org/10.5281/zenodo.3773450
https://pypi.org/project/isf-pandas-msgpack/
https://pypi.org/project/isf-pandas-msgpack/
https://pandas-msgpack.readthedocs.io/en/latest/index.html
https://pandas-msgpack.readthedocs.io/en/latest/index.html
https://doi.org/10.1016/b978-012387582-2/50038-1
https://doi.org/10.1016/b978-012387582-2/50038-1
https://github.com/ArtemKirsanov/BlenderSpike

	An in silico framework for dissecting the mechanistic origins of in vivo recorded neuronal activity
	Introduction
	Results
	Generating diverse sets of neuron models that capture intrinsic physiology
	Generating diverse sets of network-embedded neuron models that capture in vivo conditions
	Predicting the origins of in vivo activity from simulations of diverse network-embedded neuron models
	Strategy 1: Manipulations. The purpose of manipulating simulations of network-embedded neuron models is to isolate the relevance of individual mechanisms for the observed in vivo neuronal activity. ISF can re-simulate existing simulation runs with the exa
	Strategy 2: Model reduction. The goal of model reduction is to find an analytically tractable description of the input-output computations of a neuron, with a minimal set of parameters, and to investigate how robust this description is across trials and c

	Example application: Explaining sensory responses in barrel cortex
	Generating neuron models that capture the intrinsic physiology of L5PTs. To generate neuron models of L5PTs, Bast et al. (2022) [25] used ISF to investigate the possible mechanisms that underlie intrinsic L5PT physiology, as characterized by backpropagati
	Network-embedded neuron models of L5PTs in the barrel cortex. For the purpose of dissecting the origins of whisker-evoked APs in L5PTs, we selected neuron models from our database that captured the morphological diversity of L5PTs and the range of biophys
	In silico predicted mechanisms and experiments. To investigate the mechanisms underlying L5PT responses and their variations, Bast et al. (2024) [20] inferred generalized linear models (GLMs) from network-embedded neuron models (Fig 5D). These reduced mod


	Discussion
	Limitations of the study
	Outlook

	Methods
	Ethics statement
	Implementation of in silico framework
	Neuron modeling
	Network-embedded neuron models
	Simulating network-embedded neuron models
	Manipulations
	Reduced models
	Data management
	Visualization
	Stability and extensibility

	Supporting information
	References


