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Summary

The collective dynamics of neuronal populations form the basis of complex physiological
processes and adaptive behavior in animals. Computational modeling is one of the key tools
that facilitate the understanding of population dynamics and its functions. Recent progress in
machine learning and brain recording techniques allowed a close integration of experimental
recordings and computational modeling. This, on the one hand, enables detailed quantitative fits
of experimental data that improve our understanding of basic physiology, network organization,
and variability. On the other hand, modern methods help to better characterize neuronal activity
and learn the details of the computations these systems perform.

In the first part of the thesis, I demonstrate how modeling approaches and simulation-based
parameter inference, integrated closely with experiments, can enhance our understanding of
network organization principles. In the second part, I apply statistical modeling methods to
characterize the neuronal dynamics underlying complex self-correction behavior.

Chapter 2 leverages simulation-based inference (SBI) to integrate single-cell properties,
network structure, and population dynamics in a model of networks of dissociated neurons in
vitro. This approach allowed us to discover that networks adjust the inhibitory connectivity and
maintain excitation/inhibition balance under chronic changes in the cellular excitatory/inhibitory
composition. Chapter 3 identifies the dynamical states underlying the self-organization of
networks of cultured neurons towards collective bursting activity. I show how a reduced model
of network activity can explain the difference between networks of rodent and human pluripotent
stem cell-derived neurons in vitro that exhibit seemingly identical dynamics. Chapter 4 focuses
on the functional implications of the excitation/inhibition connectivity in the spiking networks
model and examines how recurrent network structure allows the development of excitation and
inhibition balance and stimulus tuning. Chapter 5 turns to the more complex dynamics of
cortical networks underlying self-correction behavior in rats. There, statistical modeling and
data analysis techniques helped us to uncover the complex organization of neural responses in
the Anterior Cingulate Cortex. In the final Chapter 6, I discuss the main limitations of this work
and the main future direction.
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Chapter 1
Introduction

Neuroscience has a long history of tight integration of experiments and computational modeling
(Bialek, 2018; O’Leary et al., 2015). Modeling is used to describe and understand neuronal
phenomena across measurement scales from molecular and single neuron to cognitive levels.
One of the most famous examples of such a tight integration is a description of action potential
(AP) generation (Hodgkin & Huxley, 1952). By measuring and modeling ionic conductances in
the giant squid axon1, Hodgkin and Huxley discovered that the action potential is governed by a
complex interplay of sodium and potassium and the properties of ionic channels.

To this day, the Hodgkin-Huxley-like models remain the standard way to link properties
of single neurons and ion channels (McCormick et al., 2007; Ori et al., 2020) and build basic
predictions on the single neuron levels. Furthermore, it inspired multiple modeling directions
from simplified theories of neuronal excitability (Izhikevich, 2007; LeMasson et al., 1993) to
detailed compartmental modeling (Mainen & Sejnowski, 1996; Sterratt et al., 2011). Research
questions in neuroscience, however, go beyond explaining single neuron properties and span
across multiple scales. Therefore, modeling approaches also vary, ranging from detailed single-
neuron models to abstract models of cognitive functions (O’Leary et al., 2015).

Generally, the models can be categorized into descriptive, mechanistic, and normative
(Levenstein et al., 2023; Sterratt et al., 2011). This distinction is based on what empirical
phenomena are used as an entry point, and on the modeling goals2.

Descriptive models aim at characterizing and summarizing the observed phenomena. One
famous example is Weber-Fechner law (Fechner, 1860) that relates the intensity of physical

1As pointed out by William Bialek (Bialek, 2018), the axon’s diameter is close to the diameter of a small straw,
which makes it very easy to record from

2Note here that the word theory can also be used in this context. In this thesis, I often use both interchangeably.
See, however, Levenstein et al., 2023 for a more rigorous discussion
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CHAPTER 1. INTRODUCTION

stimuli and the perception threshold. Another illustrative example is the approximation of
orientation tuning of neurons with the von Mises distribution (Berens et al., 2008).

Mechanistic models explain how exactly a phenomenon arises. Typically, these models are
built on some known physical principles of the system studied. The Hodgkin-Huxley model
(Hodgkin and Huxley, 1952) is an example of a mechanistic model. Sometimes mechanistic
models help identify the most relevant building blocks involved in a neural process (O’Leary
et al., 2015). These building blocks can be on completely different levels and are not always
measurable directly. Thus, many simplified single-neuron models could be used to find a
mechanistic explanation, yet include some effective parameters that can be measured only
indirectly (Benda & Herz, 2003; Brette & Gerstner, 2005).

Normative models or interpretative models try to explain why a phenomenon exists at all.
They are, loosely speaking, at least in some cases a way to find an Aristotelean final cause for a
phenomenon (Aristotle, n.d.). For instance, theories of sampling in sensory systems (Fiser et al.,
2010; Haefner et al., 2016) or theories of efficient sensory representations (Bialek et al., 2006).

Whether a certain model falls within a particular category often depends on context (Lev-
enstein et al., 2023). For instance, an adaptive leaky integrate-and-fire neuron model (adEx,
Gerstner et al., 2014) can be considered descriptive or mechanistic depending on the research
questions.

The main focus of this thesis is mechanistic and descriptive modeling of neural population
activity. In this chapter, I first introduce the basic concepts behind modeling network activity
and parameter inference. Next, I review the systems that I focus on across this thesis: in vitro
cultures of neurons and cortical networks in vivo.

1.1 Building a model of network activity

Collective dynamics of neurons emerge from single-neuron properties and connectivity between
the neurons. It also can reflect the computations that a network performs. Recent progress in
experimental neuroscience allows monitoring the dynamics of large populations of neurons
in alive and behaving animals (Kim et al., 2017). Making sense of huge amounts of complex
multivariate data (yet with a lot of missing details) and relating it to behavior, computations, and
physiology is often difficult. In such cases, modeling-based approaches serve as essential tools
for interpreting these intricate datasets (O’Leary et al., 2015).

Building good mechanistic models of collective dynamics remains, however, nontrivial.
One of the main approaches is to use dynamical systems models. It is, however, not always
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1.1. BUILDING A MODEL OF NETWORK ACTIVITY

clear which biological details should be considered. Usually, modelers seek some compromise
between the complexity and expressiveness of the model (O’Leary et al., 2015). Thus, network
models based on simple single-neuron models are often used.

A classical example of a network model used to explain neural activity (N. Brunel, 2000)
is a sparse random recurrent neuronal network of leaky integrate-and-fire neurons (LIF). This
model takes one of the most basic single-neuron descriptions (LIF) of a neuron and assumes
that neurons are connected randomly and sparsely. These simplifications allowed Brunel (2000)
to analytically compute bifurcations in the model parameter space and study the dynamical
repertoire of the model (Fig. 1.1). Specifically, he computed the transitions from a single fixed
point to two stable and one unstable (Saddle-node bifurcation), or a transition to oscillations
(Hopf bifurcation).

Dynamical states of the Brunel network have been linked to different network phenomena
observed experimentally ranging from gamma-oscillations (Buzsáki & Wang, 2012) to asyn-
chronous irregular activity (Renart et al., 2010) and up-down dynamics (Tartaglia & Brunel,
2017). Despite its limitations (Ostojic, 2014), this model is often used as a starting point in
describing physiological principles of cortical dynamics and allows us to test how computation
may arise in such semi-realistic settings (Litwin-Kumar & Doiron, 2012; Ostojic, 2014; T. Vogels
& Abbott, 2009).

1.1.1 Data-consistent models

Mechanistic modeling of network dynamics often relies on qualitative comparisons (N. Brunel,
2000; Mongillo et al., 2018; Renart et al., 2010; T. Vogels & Abbott, 2009) and quantitative fits
are rather rare (Prinz et al., 2004). Thanks to advances in machine learning techniques, we can
now infer the parameters of mechanistic models and achieve good quantitative fits (Gonçalves
et al., 2020). Furthermore, it is now possible to infer parameters even for rather detailed models
(Tolley et al., 2023). However, exploring data-consistent model parameters remains challenging
(O’Leary et al., 2015).

There are crudely two approaches to parameter inference for computational models: point
estimation (i.e. maximum likelihood estimation) and Bayesian inference of the parameter
posteriors3.

Progress in automatic differentiation (Paszke et al., 2017) allows us to find the maximum
likelihood for a wide range of dynamical systems. Thus, there are now gradient-based techniques

3There are also other methods of parameter estimation, such as evolutionary algorithms, which are beyond the
scope of this thesis.
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Figure 1.1: Dynamical states in the sparse random spiking network of excitatory and inhibitory neurons
(N. Brunel, 2000). (a) Phase diagram of the network model for the relative inhibitory strength (g) and
the background noise intensity relative to the firing threshold (⌫ext/⌫thr). Hopf bifurcations are colored in
coral, below the dashed line the network has three types of solutions: stable high, stable low activity, or
can be bistable (transitions not shown). The small triangular region between SI and SR is quasi-periodic,
where both slow and fast oscillations overlap. (b) The model can produce asynchronous irregular spiking,
synchronous irregular, and different types of synchronous irregular activity (N. Brunel, 2000).

for very complex non-linear problems even with discontinuity (Li et al., 2020; Oesterle et
al., 2022; Schmiester et al., 2021). Furthermore, computing gradients through solvers of
differential equations became very efficient (Chen et al., 2018; Kidger et al., 2021). There are
also approximate methods like surrogate gradient descent that have been shown to efficiently
find parameters for spiking networks (Huh & Sejnowski, 2017; Zenke & Vogels, 2021).

The second approach is to find the posterior distributions of parameters consistent with the
data in the context of Bayesian inference. Although Bayesian inference is typically consid-
ered difficult and in a closed form only possible for rather simple models, there are powerful
simulation-based approximate methods that can tackle this problem. Simulation-based inference
(SBI) is often model agnostic and could be used for models of arbitrary complexity as long as
one can simulate them (Cranmer et al., 2020; Gonçalves et al., 2020).

One of the most famous approaches is the Approximate Bayesian Computation (ABC,
Sunnåker et al., 2013), which uses rejection sampling to approximate the posterior (see Chapter 2
and 4 for more details). This approach relies on a few ingredients: a prior distribution of the
model parameters, a fitness function that compares the model output to the experimental data
(or typically summary statistics of the data), and a threshold for this fitness function, below
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which the model fits the data. Using those, one can sample parameters, run simulations, evaluate
the fitness function, and keep the parameters for which the fitness is below a threshold. From
the resulting samples, a posterior distribution can be approximated (Beaumont et al., 2009).
Parameters sampled from this posterior should lead to data-consistent fits. The approach can be
used for different models, however, in practice, requires a lot of simulations and may be limited
to fit only a few parameters at a time (Lueckmann et al., 2021).

A closely related solution to the posterior inference problem is to build a surrogate model
for the posterior (Cranmer et al., 2020)4. This approach requires a probabilistic model that
can represent the conditional distribution of p(paramters|data) well enough. Then one needs to
sample parameters for the model and run a simulation to collect enough data points to fit this
probabilistic model (Fig. 1.2).

One classical solution for this problem is to use the Gaussian mixture model (GMM) linked
with a feedforward neuronal network (Bishop, 1994). The feedforward network learns the
mapping between the data point and the parameters of the mixture of Gaussians (the mean,
covariance, and mixing coefficients). This way rather complex conditional distributions can be
learned. This approach allows us to flexibly learn the model posterior and outperforms ABC
(Lueckmann et al., 2017). Recently more flexible deep probabilistic models were introduced
(Durkan et al., 2019; Germain et al., 2015; Papamakarios et al., 2017) as well as novel approaches
to the sequential inference (Greenberg et al., 2019) that significantly boost the performance of
these algorithms (Lueckmann et al., 2021). One particular advantage of the surrogate models
is that they can generalize the observations such that, one can evaluate p(paramters|data) given
novel recently unobserved data (Cranmer et al., 2020; Gonçalves et al., 2020; see also an example
in Chapter 3).

1.1.2 Model sloppiness

Mechanistic models of biological systems often have degenerate parameter combinations
(Gutenkunst et al., 2007). Thus, in some cases, the same model behavior can be generated
by vastly different parameters. This degeneracy is called parameter sloppiness (Gutenkunst et al.,
2007; O’Leary et al., 2015; Transtrum et al., 2015). The sloppiness of model parameters can
both be a challenge for parameter inference and also in some cases can provide valuable insights
into the system’s organization.

4This also works for approximating a likelihood function (Papamakarios, 2019)
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Figure 1.2: Estimating conditional prob-
ability for single data summary statistics
x and a single model parameters ✓. Black
dots represent the results of simulating the
model for with randomly sampled param-
eters. The approximate posterior proba-
bility p(✓|x) can be found by using proba-
bilistic surrogate models (density estima-
tors) such as the Mixture Density Network
(Bishop, 1994). Amortized inference with
the density estimators allows to evaluate
p(✓|x0) for x0 that were not a part of the
training set.

Typically if a model has many parameters there are only a few sensitive directions in the
parameters space that affect the model behavior (Gutenkunst et al., 2007). These directions
are not always aligned with model parameter axes. The sensitive directions are called stiff or
non-slopy ( Fig.1.3). Inferring distributions of parameters consistent with the data (e.g. posterior
distributions) is one way to assess the stiffness and sloppiness in the parameter space (Gonçalves
et al., 2020).

Careful examination of sensitive directions also allows us to improve the model and to find
interesting directions for experimental perturbations (Fisher et al., 2013). Beyond that, finding
sloppy subspaces of parameters might be informative of biological variability (O’Leary et al.,
2015). A classical example of this is a model of the stomatogastric ganglion (Prinz et al., 2004).
The stomatogastric ganglion (STG) is a simple circuit with a few neurons and highly stereotypical
connectivity (Bal et al., 1988). The pyloric central pattern generator within STG produces a series
of bursts that control the constriction of the pyloric part of the crab stomach (Harris-Warrick
et al., 1992). A detailed realistic model of the pyloric network is well established, yet it includes
a lot of parameters of the synaptic conductances, that are difficult to estimate directly. Prinz
et al. (2004) simulated about 20 million network models of STG with various combinations of
the parameters. They found that the bursting pattern could arise from a widely disparate set
of parameters. Next, they discovered that this degeneracy in the model is linked to the real
variability of STG between animals. Furthermore, this redundancy then could account for the
differences in responses to perturbations. Interstingly, with modern methods of simulation-based
inference, redundancy in parameters can be identified faster and much more precisely (Deistler
et al., 2022).
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Figure 1.3: A sketch of the posterior distribution of the parameters shows the sloppy and stiff direction in
the model parameter space. In a sloppy direction, a change in the parameters does not affect the resulting
dynamics, whereas even a small change in the stiff direction dramatically changes the model output. The
example dynamics is from a slow-fast model of the network bursting introduced in Chapter 3.

1.2 Modeling "simple" networks

The main contribution of this thesis is related to modeling and interpreting the population activity
of living neuronal network in vitro. Neuronal systems in vitro are one of the most simple
experimental preparations, in which neurons display collective activity. Such systems offer
a high degree of experimental control and are well-suited to study the relationship between
neurons, connectivities, and network activity (Soriano, 2023).

The results of Prinz et al. 2004 show that simple experimental model systems sometimes
allow drawing very general conclusions about the biology of neuronal systems (see Marder
and Goaillard, 2006 for a review). Thus, cultures of dissociated neurons in vitro have been a
major vehicle for discoveries in neuroscience starting from single neuron properties, connectivity
(Barral & D Reyes, 2016; Breskin et al., 2006; Okujeni et al., 2017; Soriano et al., 2008),
plasticity (Abbott & Nelson, 2000; Bi & Poo, 1999; Segal, 2005), network homeostasis (O’Leary
et al., 2010), excitation/inhibition balance (Barral & D Reyes, 2016; G. Liu, 2004), effects of
stimulation (Wagenaar et al., 2005; Weinreb & Moses, 2022).

In vitro cultures of neurons also can be used to directly test theoretical predictions about
neuronal networks. A prominent example is the scaling of synaptic strength by 1/

p
K (where K

is the number of connections) predicted by the theory of balanced networks. Barral and Reyes
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(2016) used in vitro cultures of neurons and showed that networks of different sizes follow this
rule within an experimental error.

Cultures are typically easy to manipulate and perturb (Soriano, 2023) and modern MEA and
imaging techniques allow us to visualize and record large populations of neurons simultaneously
(Soriano, 2023). Furthermore, advances in stem cell technologies, enable us to grow cultures
of human-derived neurons, which is one of a few ways to generate human-specific conclusions
about neurons and networks (Choudhary et al., 2022; Hoffmann et al., 2019b; Lotila et al., 2022;
Stern et al., 2018; Uysal et al., 2019).

Progress in experimental techniques also allows us to directly engineer connectivity in vitro
(Montalà-Flaquer et al., 2022) and build 3D cultures (Frega et al., 2014). In addition, there are
multiple novel methods of growing complex brain organoids (Quadrato & Arlotta, 2017). These
systems serve as an excellent middle ground between 2D cell cultures and in vivo networks
(Trujillo et al., 2019).

By default, in many preparations, neuronal cultures produce collective activity – network
bursting (see Fig. 1.5a). Network bursting is usually characterized by synchronous events that
span the whole network and long irregular periods of silence in between (Maeda et al., 1995).
This type of activity robustly emerges in healthy cultures. A normative theory for network
bursting has not yet been developed. There are some indications that network bursting might
be important for normal network development (Gu & Spitzer, 1995). But it also could be an
epiphenomenon related to the absence of stimulation (Zierenberg et al., 2018).

Networks of spiking neurons are often used to model population bursting in vitro. Thus,
coupled neurons that have a slow firing-rate adaptation mechanism can very well reproduce
the statistics of bursting activity and burst shapes (Fardet et al., 2018; Giugliano et al., 2004;
Orlandi et al., 2013; Segev et al., 2001; Sukenik* , Vinogradov* et al., 2021; Yamamoto et al.,
2022). Note, however, although the fact that although adequate minimal models are established,
there is no standardized model of bursting activity in vitro (Fardet, 2018 and also see discussion
in Chapter 3). Nonetheless, models of network bursting allow us to combine single-neuron
properties and connectivity to identify the principles of network functioning and derive useful
predictions (J.-P. Eckmann et al., 2008; Giugliano et al., 2004; Orlandi et al., 2013; Sukenik*
, Vinogradov* et al., 2021; Yamamoto et al., 2022).

In Chapter 2, I use population bursting to identify a model that predicts how the networks of
neurons adapt to chronic change in ratios of inhibitory and excitatory cells. In Chapter 3, we show
how statistics of network bursting can be used to infer network excitability and map dynamical
states underlying network bursting. In both cases, we used simulation-based inferences in a close

22



1.3. ADDING FUNCTIONS TO NETWORKS

loop with experiments and analytical techniques.

1.3 Adding functions to networks

1.3.1 Synaptic plasticity and neural tuning

Although basic features of neuronal functioning can be discovered in vitro, there has been only
limited success in training in vitro networks to encode stimuli and control the external world 5

(Kagan et al., 2022; Shahaf & Marom, 2001; Wagenaar et al., 2005). Therefore, it is critical to
focus on structured networks that encode information.

One of the open questions in the field is how input selectivity emerges in the output of a
balanced network of excitatory and inhibitory neurons that is assumed to be a steady-state model
of the cortex (Renart et al., 2010).

Synaptic plasticity is one of the key mechanisms of learning in biological networks (Abbott
& Nelson, 2000; Humeau & Choquet, 2019). Modeling studies have suggested a variety of
possible plasticity mechanisms ranging from basic Hebbian plasticity to more various types of
spike-time dependent plasticity (STDP). The exact implementation of synaptic plasticity as a
basis of learning is still a topic of active research. Inhibitory plasticity has recently received
a lot of attention (Froemke, 2015; Sprekeler, 2017; Y. K. Wu et al., 2022). Since, it has been
suggested that it may play a very special role in learning and memory formation (Hennequin
et al., 2017; T. P. Vogels et al., 2011). Simultaneously, it can help to maintain balanced dynamics
and network homeostasis (Sprekeler, 2017).

Recent studies showed that synaptic plasticity can promote neural tuning (T. P. Vogels et al.,
2011). Some forms of plasticity allow hierarchical networks to learn complex tasks and reach
performance close to state-of-the-art deep learning methods (Payeur et al., 2021). In Chapter 3,
we show how to leverage simulation-based inference to infer recurrent network structures that a
realistic read-out neuron can use to efficiently learn to encode stimuli under biological constraints
(Giannakakis et al., 2023).

1.3.2 Dynamics in higher brain networks

One of the final questions that this thesis touches upon is how dynamics in higher brain areas
are implicated in the control of behavior. Studying this question is often complicated because it

5although some of the basic synaptic plasticity mechanisms were established in vitro (Abbott & Nelson, 2000;
Bi & Poo, 1999)
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is difficult to establish a direct relationship between population dynamics, computations, and
behavior. Thus, in higher brain areas such as the prefrontal cortex (PFC), neurons show very
complex features and potentially implement rather sophisticated computations (Mante et al.,
2013).

One approach to this problem is to use converging evidence from the mapping of neural activ-
ity and studying responses of a network model trained to perform a behavioral task (Williamson
et al., 2019). This approach became possible thanks to progress in neural data (Kobak et al.,
2016; Mante et al., 2013; S. Schneider et al., 2023; Sussillo et al., 2016 just to name a few
examples) and progress in training RNN (Barak, 2017).

A classical example of this approach is work by Mante et al. (2013). First, using the
targeted dimensionality reduction they showed how exactly neurons change their coding di-
mensions depending on the context. Then, by training an RNN of rate units, they showed
that similar responses would emerge when a network is trained to perform a task with rules
switching (Fig. 1.4).

Typically, one of the first data-driven steps in this approach is a detailed description of the
variability of neural responses and their relationship to the animal’s behavior. In Chapter 5, we
start building a map of responses for the ACC that is involved in the complex control of animal
behavior.

Figure 1.4: Recurrent neural network from trained to distinguish motion and color depending on the
context. The model combines dynamics and computation and explains how mixed selectivity of neurons
in the prefrontal cortex. Reproduced from Mante et al., 2013 with the permission of Nature Publishing
Group.
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1.4 Thesis outline
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Figure 1.5: Spiking dynamics across different levels of system complexity (a) Bursting network activity in
a network of neurons dissociated from the rat brain cortex at 21 days in vitro (DIV). The network exhibits
collective bursting activity, a characteristic type of dynamics observed in in vitro systems (see 2 and 3).
(b) Network dynamics in a recurrent spiking neuronal network model that preserved the input structure
and allows for neuronal tuning on a postsynaptic neuron (see Chapter 4). (c) The asynchronous population
activity of neurons in the medial frontal cortex in rate performing Go-NoGo task (see Chapter 5).

The main aim of my work was to infer mechanistic models of population neural activity
and to discover the basic principles of network organization and function. I first focused on
data-driven modeling of in vitro neural systems. In Chapter 2, we used a mechanistic model to
uncover mechanisms of network adaptation to chronic perturbation in cellular composition. To
give a broader context, we used a network model to fit collective dynamics in neuronal networks
in vitro with different cellular inhibitory compositions. The model identified that keeping these
dynamics should require maintenance of E/I balance and thus guided patch-clamp experiments.
We used these results, in turn, to further improve the model (Sukenik* , Vinogradov* et al.,
2021).

Chapter 3 identifies the general principles behind the collective dynamics of networks in
vitro. In this case, we use temporal statistics of a network to fit a low-dimensional model of
network activity. We map the collective dynamics of different in vitro preparation onto a few
dynamical states. This helped us to identify the differences between primary hippocampal, and
cortical as well as hPSC-derived neuronal cultures and stage their development based on the
phase transitions. One of the exciting parts of this project was identifying the invariant manifolds
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of this simplified model. Thus, simulation-based inference guided the discovery of the analytical
description of the model.

In the following chapter, I focus on the functional implications of excitation and inhibition in
recurrent neuronal networks. In Chapter 4, we explore how biologically realistic details of E/I
connectivity and neuronal plasticity constrain the dynamics and structure of networks. Here we
used simulation-based inference to link the low-dimensional correlation structure of the network
activity to its ability to produce E/I balance and stimulus tunning.

Finally, in Chapter 4, I move toward the frontal cortex, where collective activity appears to
have mixed selectivity. There, we use an array of descriptive models in an attempt to start parsing
the code of ACC, while it is mediating conflict signals. Thus, we provide the first building blocks
for a mechanistic understanding of conflict monitoring in ACC.
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Inhibitory neurons labeled with tdTomato in a network with 80% of inhibitory cells, (Sukenik* , Vino-
gradov* et al., 2021)
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CHAPTER 2. NEURONAL NETWORKS SELF-ORGANIZE TO MAINTAIN THE
BALANCE OF EXCITATION AND INHIBITION

Summary

In this chapter, I focus on one of the most basic components of neuronal circuits, excitatory and
inhibitory neurons. Inhibitory cell fractions in the neocortex and hippocampus are found to be
around 15-30%. It is assumed that a specific inhibitory percentage plays an important role in the
stability of neuronal dynamics. Using cultures of dissociated neurons with precisely controlled
rations of excitatory and inhibitory cells we found that networks are highly robust to unusual
cellular composition. Thus, they maintain their characteristic bursting dynamics. Using network
modeling and recordings from individual cells we identified that the main mechanism behind
this stability is the maintenance of excitatory and inhibitory balance.

Contributions disclaimer: The results discussed in this chapter have been published
(Sukenik* , Vinogradov* et al., 2021). The chapter at least partially recapitulates the find-
ings in the paper. The research project was designed by Oleg Vinogradov, Nirit Sukenik, Elisha
Moses, Anna Levina, and Menahem Segal. Anna Levina and Elisha Moses supervised the project.
Experimental work is done by Nirit Sukenik, Elisha Moses, and Menahem Segal. Network
modeling, fitting, and analysis of the results are done by Oleg Vinogradov. Data analysis is
performed by Oleg Vinogradov and Nirit Sukenik, Eyal Weinreb, Menahem Segal, Elisha Moses,
and Anna Levina.

30



Contents

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
2.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

2.2.1 Experimental platform to study the effect of cellular excitatory/inhibitory
ratio on network dynamics . . . . . . . . . . . . . . . . . . . . . . . . 33

2.2.2 Development of spontaneous population activity in networks with various
fractions of inhibitory cells . . . . . . . . . . . . . . . . . . . . . . . . 35

2.2.3 Patch clamp experiments reveal that the number of connections decreases
as the fractions of inhibitory cells increase . . . . . . . . . . . . . . . . 37

2.2.4 Modeling population activity in networks with various fractions of in-
hibitory neurons . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

2.2.5 Inference of model parameters . . . . . . . . . . . . . . . . . . . . . . 44
2.2.6 Networks adjust E/I balance to maintain stable dynamics . . . . . . . . 46
2.2.7 Interaction of adpatation and E/I balance drive the bursting dynamics . . 48
2.2.8 Blocking inhibition in vitro and in silico probes the limitations of the model 49

2.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
2.3.1 Adjusting the connectivity to maintain E/I balance . . . . . . . . . . . . 53
2.3.2 Inhibition controls variability . . . . . . . . . . . . . . . . . . . . . . . 54
2.3.3 Bursting is an interplay of adaptation and inhibition . . . . . . . . . . . 55
2.3.4 The functional benefits of maintaining the excitation/inhibition balance 55

31
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BALANCE OF EXCITATION AND INHIBITION

2.1 Introduction

The neuronal circuits of many living organisms are comprised of excitatory and inhibitory
neurons. The role of excitatory cells is traditionally associated with the spreading of network
activity. The inhibitory neurons provide recurrent feedback regulation of activity (Sprekeler,
2017). Thus it is assumed that inhibitory cells implement one of the basic forms of negative
feedback that coordinate the activity of excitatory neurons. The balance (E/I balance) of these
two opposing forces is the focus of most network models comprised of both neuron types.

The E/I ratio has been shown to control many aspects of the activity of large-scale neural
networks. For instance, experimental studies show that precise coordination of excitatory and
inhibitory inputs shapes the activity of populations of sensory neurons in the cortex (Brunel, 2000;
Isaacson & Scanziani, 2011; Okun & Lampl, 2008). At the same time, the interplay of excitation
and inhibition is often proposed as a fundamental mechanism for generating oscillations in
the brain (Isaacson & Scanziani, 2011). Theoretical work has shown that changing the overall
E/I ratio plays a major role in controlling dynamic states, stability, and coding capabilities of
neuronal networks, with the resulting network activity ranging from asynchronous, irregular
firing to synchronized network bursting (Brunel, 2000; Gigante et al., 2015).

Inhibition in the cortical areas is implemented by GABAergic neurons, which comprise about
20-30% of all cortical neurons. This proportion is conserved across mammalian species and
during the lifespan of an animal (Sahara et al., 2012). The importance of keeping a specific fixed
inhibitory percentage may be crucial for efficient storage capacity (Mongillo et al., 2018) and
has been linked to multi-task learning (Capano et al., 2015) as well as efficient coding under
the sparsity constraints (Alreja et al., 2022). However, the importance of having this particular
fraction of inhibitory neurons for the general control of network dynamics remains unclear.

Another well-studied aspect of cortical organization is that excitation and inhibition are
balanced both structurally and dynamically. Dynamically, excitatory and inhibitory inputs
strongly correlate and synchronize in both spontaneous and evoked activity (G. Liu, 2004; Okun
& Lampl, 2008). Structurally, the ratio of excitatory and inhibitory synapses converging to one
cell is approximately constant (G. Liu, 2004). The role of inhibition is further complicated by
the fact that there are several types of inhibitory neurons that can be clustered by their locus of
action on the excitatory neurons as well as the formation of inhibitory synapses on interneurons
(Kullmann, 2011). In this study, we do not discriminate the different sub-types of inhibitory
cells.

Perturbations of the E/I ratio that move the network away from its balance have been
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reported recently and can be applied both acutely and chronically. Acute blockade of inhibitory
synapses in vitro by application of pharmacological agents causes the dynamics to be excitatory
dominated, more uniform, and synchronized (Eytan & Marom, 2006; Feinerman et al., 2005).
Blocking inhibition acutely in vivo has been found to create epileptic seizures (Dichter & Ayala,
1987). In contrast, chronic blockade (about 48h) or over-activation of inhibition, causes neuronal
networks to adjust their activity (G. Liu, 2004). Changes in the E/I balance have been linked
to different brain states like deep anesthesia (Taub et al., 2013). They also can be achieved by
repetitive sensory stimulation (Yizhar et al., 2011). Finally, shifts in E/I balance were found to
have far-reaching behavioral effects on freely moving mice (Berg et al., 2007).

Given that the conservation of E/I balance is a basic property of large-scale neuronal networks,
we asked what mechanisms contribute to the creation of this balance, and where their limitations
become apparent. E/I balance was extensively studied in brain areas with 20-40% inhibitory
cells (Berg et al., 2007; Okun & Lampl, 2008), however, there is no systematic view of how the
inhibitory cell fraction and balance are related. To address this, we have engineered cultures of
hippocampal neurons with precisely controlled numbers of excitatory and inhibitory cells over a
wide range of E/I ratios, from 0% inhibitory neurons to 100%. Our design imposes a global and
chronic change, to which the network must respond. We asked whether, given enough time to
adapt and rewire, a neuronal network can compensate for the perturbation and reach balanced
and stable dynamics.

In the present study, we focus on the ability of neuronal networks with artificially obtained
E/I ratios to adapt during their development in vitro by monitoring both the whole network
dynamics and the single-cell behavior. In parallel, we employ finite network models to directly
relate the network properties with collective dynamics. This enables the emergence of a unified
picture of the accommodation to changing E/I ratios in ensembles of active neurons.

2.2 Results

2.2.1 Experimental platform to study the effect of cellular
excitatory/inhibitory ratio on network dynamics

When dissociated neurons grow in culture, they evolve into a highly connected network that
generates synchronized bursting activity separated by quiet periods (Maeda et al., 1995; Orlandi
et al., 2013; Penn et al., 2016; Wagenaar et al., 2006). This activity emerges during the
development of a network and is controlled by the architecture of its excitatory and inhibitory
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Figure 2.1: Experimental platform to study the effect of cellular E/I ratios on network dynamics. Excitatory
and Inhibitory neurons were dissociated from transgenic mice hippocampi at E19. Inhibitory cells express
fluorescent proteins. Neurons are consequently sorted with FACS, mixed with different ratios of excitatory
and inhibitory cells, and plated onto a microfluidics growth chamber.

cells (Soriano et al., 2008) and by the balance between them. To study the role of inhibitory
cells in balancing and regulating network dynamics and connectivity, we change the fraction of
inhibitory cells between 0% and 100% while keeping identical seeding densities (Fig. 2.1), and
measure whole network spontaneous activity with Ca-imaging.

We used transgenic mice, in which the GABAergic neurons express tdTomato. The hip-
pocampi of mice embryos were dissected and dissociated at E19, and excitatory and inhibitory
cells were then sorted with Fluorescence-activated cell sorting (FACS, see Box 2.2.1). After
the sorting, neurons were seeded on a microfluidics growth chamber along with glial cells. The
ratios of inhibition to excitatory cells were preserved after the growths for 14-30 days in vitro
(Fig. 2.2). A detailed description of the experimental methods can be found in (Appendix A.1
and Sukenik* , Vinogradov* et al., 2021)
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Figure 2.2: Results of manual cell count-
ing based on fluorescent images show that
the fractions of excitatory and inhibitory
cells after the network is fully developed
(14-30 DIV) are preserved.
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Fluorescent Activated Cell Sorter (FACS) allows
separating cells based on their fluorescent proper-
ties. A cell suspension passes through an ultrasonic
nozzle vibrator that forms droplets that typically
are comprised of a single cell. Cells flow through
a laser beam with a certain preset wavelength that
excites a fluorescent marker. The light then passes
to the detector that identifies the presence of fluo-
rescence. When the fluorescent light is detected a
positive or negative charge is applied to a droplet.
The charged droplets then pass through an electric
field that separates fluorescent and non-fluorescent
cells.

2.2.2 Development of spontaneous population activity in networks
with various fractions of inhibitory cells

Cultures with varying amounts of inhibitory cells were spontaneously active and developed
network bursting (Fig. 2.3). Including the cultures with very high inhibitory percentages, which
indicated that the hippocampal cultures are different from almost fully inhibitory striatal culture
(about 95% inhibitory cells), which typically do not show network bursting (Segal et al., 2003).

35



CHAPTER 2. NEURONAL NETWORKS SELF-ORGANIZE TO MAINTAIN THE
BALANCE OF EXCITATION AND INHIBITION

100
80
70
50
30
20
10
0

100 s100 s

10
0%

am
pl
itu
de

in
cr
ea
se

100
80
70
50
30
20
10
0

In
hi
bi
to
ry
ce
ll
pe
rc
en
ta
ge

(%
)

10
0%

ΔF
/F

a bData Model

Figure 2.3: Examples of calcium traces from the experimental data and fitted model. For the data, traces
are averages of the whole recording field with about 100-300 neurons recorded simultaneously. All
cultures exhibit spontaneous activity, even when the inhibitory percentages are high. The control cultures
(no FACS) are shown under 25% inhibition.

Almost purely excitatory cultures (Fig. 2.3, top trace), had higher burst amplitudes compared to
the cultures with 20-100% inhibition. This effect was larger than expected by the acute blockade
of inhibition, which typically leads to a 2-5 fold increase in amplitude (Feinerman et al., 2005).

To characterize network bursting we computed inter-burst intervals (IBIs), burst amplitudes,
and burst durations and their variability. IBIs were defined as the time between two consecutive
bursts. The mean of the IBIs as a function of inhibitory cell percentage follows a U-shaped
trend (Fig. 2.4). The IBIs remained similar for most E/I ratios, except in cultures with extreme
inhibitory percentages. In cultures with 10-80% inhibitory cells, the mean IBIs values range
between 10s to 21s, whereas cultures with 0% and 100% seeded inhibitory percentages are char-
acterized by significantly higher IBI values of 65s and 70s respectively (p<0.0001, permutation
ANOVA, please refer to Appendix E). A small positive trend of the IBIs’ mean is observed in
10-80% inhibitory cultures (p=0.039). In contrast, the variability of the IBIs, measured by the
Coefficient of Variation (CV), grew linearly with the inhibitory percentage from 0.29 to 0.75
(Fig. 3b). Thus, bursting in networks with larger inhibitory fractions appears more random and
closer to a Poisson process (CV=1).

A change of 10% in the number of inhibitory cells led to a nearly 5-fold decrease in the burst
amplitude (Fig. 2.4, permutation ANOVA, p<0.001). This behavior has a remarkable similarity
to the effect of blocking inhibition (Feinerman et al., 2005). Burst durations (Fig. 2.4e) were the
largest in 0% inhibitory cultures (8.5±0.6 s, mean±s.e.m.), an effect that is comparable to that
of blockade of inhibition (Feinerman et al., 2005), that also indicates larger network excitability
(Giugliano et al., 2004). Burst durations for 0%, 80%, and 100% cultures were significantly
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longer than in control cultures (p<0.05). We also observe a positive trend in burst durations
between 10% and 100% of inhibitory neurons (p=0.001). This increase can be related to the
number of input connections. The CV of burst durations grew from 0.15±0.01 to 0.46±0.04
between 0% and 10% and stays approximately constant for 10% to 100% of inhibitory neurons
(Fig. 2.4).

Generally, despite small differences, the network bursting features of cultures with varying E/I
ratios did not change considerably. The only exception is the changes in extreme E/I presentation
(0% and 100%).

2.2.3 Patch clamp experiments reveal that the number of
connections decreases as the fractions of inhibitory cells
increase

Recordings of the population activity showed that the network bursting dynamics is very
robust even to a large change in the fraction of inhibitory cells. Using patch clamp recording,
we identified that the spontaneous synaptic release changes as the fraction of inhibitory neurons
decrease. This indicates that networks likely adjust the connectivity to accommodate changes in
the cellular E/I ratios.

First, we checked if neurons in our culture had the typical electrophysiological properties
of excitatory and inhibitory neurons. Fig. 2.5 shows the properties of inhibitory and excitatory
cells recorded in control cultures (20% inhibitory neurons, no FACS). The spike durations were
significantly longer in excitatory cells, whereas the after-hyperpolarization current was larger in
inhibitory cells. We did not see a significant difference in the resting potential of input resistance.
Thus, we observed a typical electrophysiological portrait of excitatory and inhibitory cells in the
hippocampus (Kullmann, 2011).

Next, we asked if the adaptation to a different fraction of inhibitory cells is due to changes
in the synaptic strength or the number of synaptic connections between neurons. We used
spontaneous post-synaptic currents (PSC) as a proxy for the synaptic strength and measured
it in three E/I ratios. We did not observe any statistically significant differences in the PSC
sizes (p=0.98). This rules out the adjustment of synaptic strength as the mechanism of network
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Figure 2.4: Features of population bursting dynamics in cultures with various cellular E/I ratios (a)
Interburst intervals (IBIs) display a U-shaped trend as a function of inhibitory percentage, with higher
values at extreme cases (0 and 100%), while remaining relatively constant in the midrange (10 to 80%).
(b) The coefficient of variation (CV) for IBIs increases linearly with the inhibitory percentage. (c) Burst
amplitudes decrease from 0 to 10% inhibition and continue to decline until 100% inhibition. (d) The CV
of burst amplitude is minimal for 0% inhibition (0.09±0.02). Raising the inhibitory percentage to 10%
results in a sharp increase in amplitude variance, which then slowly decreases at higher inhibition fractions.
(e) Burst duration is maximal for 0% inhibition and rapidly decreases at 10% inhibition. The duration
progressively increases with a higher inhibitory percentage. (f) Durations for 0% inhibitory cultures
exhibit a relatively low CV of 0.15±0.01. Other fractions in the range of 10 to 100% inhibition display a
relatively constant value of around 0.45. In all panels, the dashed lines serve only as a visual guide, the
error bars represent the standard error of the mean (s.e.m.), and the control (no FACS) is depicted as an
empty circle.
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Figure 2.5: Electrophysiological properties of inhibitory (red) and excitatory (blue) cells in cell-sorted
cultures. (a) The firing of individual cells when stimulated by currents of between around -45 to
+70pA in excitatory neurons and stimulated by currents around -45 to +80pA in inhibitory (b) neurons.
(c) Spike shapes for individual excitatory and inhibitory neurons. (d-e) We did not see statistically
significant differences between the resting potential (d, N(inhibitory)=17, N(excitatory)=10, p=0.931),
input resistance (N(inhibitory)=8, N(excitatory)=8, p=0.712). (f) Spikes of excitatory neurons were longer
(f, N(inhibitory)=21, N(excitatory)=13,p<0.001). (g) The AHP was more negative in inhibitory cells
(N(inhibitory)=20, N(excitatory)=13, p=0.001). The results show that the inhibitory (fluorescent) cells
and excitatory (non-fluorescent) cells in FACS-sorted cultures have typical features of excitatory and
inhibitory neurons in the hippocampus. Error bars – standard error of the mean.
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Figure 2.6: Patch clamp results suggest that neurons adjust the number of connections to adjust to different
factions of inhibitory neurons. (a) The size of PSC (left) did not change as we increased the fraction of
inhibitory cells (F(2,64)=0.0156, p=0.98); (middle) The rate of PSC decreased linearly with increasing
fractions of inhibitory neurons (F(2,64)=6.348, p=0.003); the inset shows the normalized decrease for
both excitatory and inhibitory cells (dashed line - linear fit, 95% CI-red area). We also did not see a
significant difference in the PSC decay time (F(2,64)=0.24 p =0.786). (b) To confirm that the effects are
due to connections and not network activity, we recorded miniature PSC (mEPSC) in under 0.5µM TTX
and 10µM bicuculline. (left) mEPSC size did not significantly change with a higher fraction of inhibitory
cells; (middle) mEPSC rate significantly decreased with a higher fraction of inhibitory cells (similar to the
PSC, F=12.9, p<0.0001); (right) we did not observe differences in the mESCP decay times. (c) Example
traces of the currents and mESCP. Error bars – s.e.m.
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adaptation to different E/I ratios. The decay time of PSCs also did not show any significant
difference as a function of inhibitory percentages (Fig. 2.6a, left, p=0.786).

Next, we asked if the spontaneous synaptic release changed as a function of inhibitory
percentage. We observed that PSC (as well as miniature post-synaptic currents mPSC) rates
dramatically decrease as a function of the E/I ratio (Fig. 2.6, p=0.003). We also saw a difference
in the PSC frequency of inhibitory versus excitatory cells. Given that the spontaneous release
rate is typically a function of the number of connections, these results suggest that the number
of inputs to both inhibitory and excitatory neurons is directly proportional to the number of
excitatory neurons (see also Fig. 2.14).

2.2.4 Modeling population activity in networks with various
fractions of inhibitory neurons

To relate the dynamics of neuronal networks with network and single neuron properties, we build
a model of randomly connected excitatory and inhibitory leaky integrate-and-fire (LIF) neurons
with spike-frequency adaptation. We change the number of inhibitory neurons in the network to
follow the experimental preparations and infer model parameters. The results show that in order
to maintain stable bursting while changing the percentage of inhibitory neurons, the networks
should adjust the number of inhibitory connections and keep the structural E/I balance.

We also compare the result to a baseline model without spike-frequency adaptation (N. Brunel
& Hakim, 2008; Tartaglia & Brunel, 2017). Despite the fact that the model without adaptation
can show burst-like network activity it can only partially describe the temporal bursting dynamics
observed in vitro. Next, we block inhibitory synapses both in the model and in experiments
and compare the changes in bursting activity. The network with spike-frequency adaptation
close to the E/I balance can closely follow experimental results. At the same time, the model
without adaptation predicts an opposite change and thus fails to replicate the experiments. Finally,
we analyzed the network bursting in both models using mean-field approximation a show that
realistic network bursting emerges as an interplay between the network excitability and negative
feedback mechanisms.

Network of leaky integrate-and-fire (LIF) neurons

The network is comprised of N I inhibitory and NE excitatory adaptive leaky integrate-and-
fire neurons (Giugliano et al., 2004; Tartaglia & Brunel, 2017). The dynamics of neuron
i(i = 1, . . . , N = NE

+N I
= 1000) follows:
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Figure 2.7: To relate the population activity and single neuron properties we built a network model of
excitatory and inhibitory adaptive LIF neurons. (a) A single neuron integrated excitatory, inhibitory, and
external inputs.(b) A single neuron receives the inputs and emits a spike only when its voltage reaches
a firing threshold, after which the neuron’s potential is reset and adaptation current (w) increases (not
shown).
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where wi is the strength of adaptation, I syn is a synaptic input, ⌧m and ⌧w are the membrane
and adaptation timescales. When Vi reaches a firing threshold Vthr, the neuron emits a spike and
the strength of adaptation is increased by b (Fig. 2.7). In the model without adaptation, b is set to
zero, which results in a standard LIF neuron (N. Brunel & Hakim, 2008).

The synaptic input to a neuron is the sum of excitatory, inhibitory, and external post-synaptic
potentials
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Here, J is the synaptic strength, tk,aj is the kth spike emitted from a set of excitatory SE
i or

inhibitory SI
i presynaptic neurons through jth connection, and D is a synaptic delay. Each

neuron receives a fixed number of random excitatory KE
= pNE and inhibitory connections

KI
= pN I as well as external input events tk,ext from a Poisson distribution with a rate ⌫ext.
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Each random input depolarizes the neuron by J ext. The external input models various sources of
spontaneous activations of neurons.

We set the number of incoming excitatory KE connections to be proportional to the number
of excitatory neurons, with the proportionality constant inferred from the data (see all parameters
in and the comparison with physiological values in Appendix C). The number of inhibitory
connections KI is a free parameter (see below). Inhibitory synaptic weights were 4 times larger
than excitatory (J I

= 4JE) and both were kept constant for all cellular compositions (G. Liu,
2004). The size of the excitatory postsynaptic potential (PSP) JE is kept constant at 2mV
across networks with varying fractions of inhibitory neurons. The synaptic strength is meant to
approximate a “functional synapse” with multiple axon collaterals. The choice of 2mV for the
strength of the connection is based on cultured neuronal networks with similar densities (Penn
et al., 2016). A connection strength of 2mV means that a neuron needs about 10 simultaneous
incoming events to generate a spike. Network dynamics are simulated numerically with a 0.5 ms
integration time step using the community-supported network simulator NEST 2.20. The burst
detection algorithm was based on the inter-spike interval threshold and is described in detail in
Appendex B.

The model exhibits diverse network bursting that can be controlled by the synaptic strength,
network connectivity, rate of external inputs, and the strength of adaptation (Giugliano et al.,
2004; Tartaglia & Brunel, 2017). The network bursting activity produced by the model very
closely matches the bursting in real recordings (Fig. 2.8). Moreover, the model activity also
matches the basic features of the burst initiation and burst termination when compared to the
classical result from (Eytan & Marom, 2006). Thus, we found a good agreement between the
initiation and termination timescale for an average burst (Fig 2.9a). The model, however, is
limited to spiking activity, and, in fact, single neuron voltages during bursts show strong negative
deflection that could be attributed as a limitation to the LIF neuron model(Fig 2.9b).

Feature Model (20% inh.) Data
Burst duration 0.14± 0.8 s mean ± s.t.d) 0.1�0.2; 0.4�1.750 s⇤(Eytan

& Marom, 2006)
Firing rate inside the bursts 51± 11 Hz 12 � 67 Hz

⇤⇤ (Charlesworth
et al., 2015; Eytan & Marom,
2006)

% of spikes inside the burst 96% 80 � 99%
⇤⇤(Charlesworth et

al., 2015)
Table S5 Features of the bursts in the network model and in the data
*Patch-clamp recordings of our data
**18DIV
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Figure 2.8: Qualitative comparison of the
model dynamics and Ca-activity of net-
work in vitro. (a) Population activity (on
spiking level) of the network model with
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network burst in the network model and in
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2.2.5 Inference of model parameters

The model simulations confirm that the model can qualitatively fit the neuronal dynamics of
cultured neurons (Fig. 2.8). To obtain a quantitative fit that allows us to interpret differences and
similarities between the cultures with different E/I ratios, we applied simulation-based inference
(SBI). We use one of the classic approaches called approximate Bayesian computation (ABC,
Beaumont et al., 2009).

The ABC framework allows us to estimate the full posterior of the parameters of interest
and to visualize dependencies between different parameters. The method is widely used for
Bayesian inference for models where a likelihood function is not available and allows estimating
the likelihood by comparing the outcomes of simulation with observed data. To fit the bursting
network, we define a distance function:

E(⇥) =
1

2
[(µIBI � µ̂IBI)

2
+ (CV� ĈV)

2
] (2.1)

where µ̂IBI and ĈV are the mean and CV of IBIs estimated from the model simulations.
Here we fit only the number of inhibitory connections per neuron and the properties of the

external drive. The fixed parameters of the model were constrained to lie within the corresponding
intervals from the experiments where available as described in the parameters table (Appendix C).
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Figure 2.9: Single population bursts in the model and in the data. (a) Burst shape (average over 1103
bursts) in the control 20% inhibitory cells. The burst propagation throughout the network is characterized
by a fast exponential rise. The average exponential rise (�) in the model is 1.05, which well matches the
burst initiation in experimental MEA recordings (Eytan & Marom, 2006). The average burst was about
47ms compared to 33ms for the data. (b) The single neuron voltage in the model reflects the integration of
excitatory and inhibitory currents. After high-intensity bursts (right), the voltage is decreased compared to
the burst baseline (green line), which indicates a dynamic decrease in the single neuron excitability (Gal
et al., 2010). The inset shows the distribution of voltages after the burst termination.

We choose a set of wide uniform priors for each parameter (from 100 to 2,000Hz and from 2
to 50 connections). Then we sample a combination of network parameters from the prior, run
the network simulation for 500 s., estimate the statistics of the bursting dynamics, and compute
the distance function. If the distance function is smaller than a threshold value, we accept
the combination of parameters (Fig. 2.10). The sampling is repeated until 50 combinations
of parameters are accepted. Then we compute a Gaussian probability density function for
the accepted parameters, rescale it with the original prior, and use it as the new prior for the
next ABC step (population Monte Carlo method, Beaumont et al., 2009). In every step, the
acceptance threshold (✏) decreases and as a result, we obtain a set of parameters that estimates the
posterior. Each network with its different fraction of inhibitory neurons is fitted independently.
Typically, the networks converge to ✏ < 0.05 within 10-20 steps. After the threshold ✏ has
dropped below 0.05, we run a final ABC step with a 1500 s.-long simulation in order to match
the number of bursts in experimental data. Implementation of the ABC algorithm is based on
https://github.com/rcmorehead/simpleabc/.

We separately fit networks with E/I ratios corresponding to the various seeded fractions of
inhibitory neurons. For extreme 0% and 100% inhibitory networks, we assumed 5% and 92%
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Figure 2.10: Schematics of the Approximate Bayesian Computation (Beaumont et al., 2009) . We start by
choosing a prior over the model parameters. The parameter values are then sampled from the prior, and
the model with these parameter sets is simulated. We extract the summary statistics from the simulated
data and compare them with the summary from the real data using a distance function. In this project, we
used a mean squared difference between the IBIs and the CV of IBI. We accept a parameter set if its loss
is below a prespecified threshold. This part is repeated until at least 50 parameter pairs are accepted. The
accepted samples are smoothed and weighted with the prior and used a new proposal distribution. The
proposal is instead of the prior in the next iteration of the ABC.

of inhibitory neurons. The model without adaptation (b = 0) is matched to the mean IBI of
the experimental data manually by adjusting the model parameters. The reason for that is that
network-bursting-like activity lies within a very narrow part of the parameter space.

2.2.6 Networks adjust E/I balance to maintain stable dynamics

The fitted network model well matches the bursting activity in cultured networks with different
fractions of inhibitory neurons (Fig. 2.3). With just two individually adjusted parameters, our
network accurately fits the important features of the recordings, including nearly constant mean
IBIs in networks with 10-80% inhibitory percentages and an increase of the mean IBI in networks
with extreme inhibitory fractions (Fig. 2.11). The model also reproduced the linear increase of
the CV of IBIs and the burst amplitudes (Fig. 2.11c,d).
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Figure 2.11: Results of parameter inference show that in order to maintain stable population bursting the
network should maintain a balanced E/I connection. (a) A schematic of the model. (b) The fitted models
both with (red) and without (gray) the spike-frequency adaptation can match the experimental data. (c)
Only the model with the spike-frequency adaptation can reproduce experimentally found CVs of IBI. (d)
The mean amplitudes are also better fitted in the model with adaptation (note that we did not include the
burst amplitudes to the fitness function). The plotted amplitudes are normalized to 10% network for both
the data and model. (e, f) The number of inhibitory connections stays proportional to the (decreasing)
number of excitatory neurons. (e) The marginal distributions of the inhibitory connection found with ABC
are shifted leftwards. (f) Same distributions with the x-axis shifted such that the balance for every network
is at zero. Gray shadows show the distribution of inhibitory connections expected when the numbers stay
proportional to the number of inhibitory neurons.
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Next, we analyzed the marginal posterior distributions of inhibitory connections (Fig. 2.11e).
In networks with 10-100% inhibitory neurons, the distribution of inhibitory connections stays
proportional to the number of excitatory connections. This way, excitatory and inhibitory
connections can balance each other, in comparison to the naively expected distribution, where the
number of connections is proportional to the number of inhibitory neurons (Fig. 2.11f, grey lines).
In the 0% inhibitory neurons model, the distribution was shifted towards the excitation-dominated
region (Fig. 2.11f, blue region). This likely indicates that these networks fail to adapt to their
cellular compositions, which results in the difference in IBI, CV of IBI, and burst amplitudes.

We also compared the results to a more simple version of the network that does not include
the spike-triggered adaptation. This network can exhibit noise-induced population bursts that
recapitulate some of the features of bursting in vitro (Tartaglia & Brunel, 2017). However, the
CV of IBIs in the model without adaptation always stays close to one (Fig. 2.11c, grey). The
reason for this is the random nature of burst initiation and the absence of refractoriness given the
spike-triggered adaptation (see also Appendix D).

2.2.7 Interaction of adpatation and E/I balance drive the bursting
dynamics

The leaky integrate-and-fire network with slow spike-triggered adaptation allows us to effectively
describe the network bursting as bistable dynamics in the timescale separation limit. These
dynamics are then driven by the interaction of excitation, inhibition, and adaptation (Giugliano
et al., 2004). The adaptation current in our model sets the slowest timescale of the IBIs. When
the network does not have inhibition (the relative inhibitory strength g is set to 0), each burst
is terminated only by a strong adaptation that counteracts excitation. After that, the adaptation
current decays exponentially, and the probability of initiating the next burst gradually increases
(Fig. 2.12a). In this regime, the variability of IBIs is small. Adding inhibition to the network
allows for shorter IBIs. In this case, both inhibition and adaptation counteract excitation, which
stops the burst. That results in a much smaller adaptation current at the point of burst termination,
increasing the probability of starting the next burst earlier (Fig. 2.12a).

To explore this observation, we analyzed the bursting dynamics, assuming that the spike-
triggered adaptation timescale is much slower than the membrane timescale (⌧m ⌧ ⌧w). We
estimate the stationary firing rate at different fixed levels of adaptation using the current-to-rate
transfer function of the white noise-driven LIF neuron and mean-field approximations of the
synaptic input (N. Brunel & Hakim, 2008).
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This approach assumes that every neuron receives a large number of small inputs such that
the total input can be approximated by the Gaussian white noise (N. Brunel, 2000; Gerstner et al.,
2014). Dynamics at a short temporal scale are considered so that the influence of the adaptation
current is approximately constant. We find the stationary firing rate of the network by solving a
self-consistent system of equations:
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where ⌫0 (µ, �2
) is the stationary firing rate, µ0 is the mean synaptic input, �0 is the stationary

standard deviation of the synaptic input, and hwi is the average adaptation. The details of
derivation can be found in (N. Brunel, 2000; Gerstner et al., 2014)

This system of equations can be solved numerically for different values of adaptation. There
are 3 types of solutions: a fixed point at a high firing rate with a small adaptation current, a low
firing rate fixed point for large adaptation, and a bistable firing rate for intermediate adaptation.
Levels of adaptation at the beginning and end of a burst in the network simulation approximately
correspond to analytically computed bifurcations (Fig. 2.12b). Decreasing the strength of
inhibitory synapses gradually increased the size of the bistable region, which corresponds to an
increase of the adaptation current at the end of the burst (Fig. 2.12b, inset) and leads to longer
IBIs and larger burst amplitudes. For the comparison with full network simulations, we used a
20% inhibitory neurons network with N=104 and recorded bursting activity for 500s (Fig. 2.12b).

The idea that network bursting can be reduced to the interaction of average noisy input and
slow adaptation current is further explored in Chapter 3.

2.2.8 Blocking inhibition in vitro and in silico probes the
limitations of the model

Our findings, so far, are that networks with all but extreme fractions of inhibitory neurons adapt
during development and behave similarly to control cultures. To test what further changes occur
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Figure 2.12: Network bursting as an interplay of recurrence, inhibition, and spike-frequency adaptation.
(a) An adaptation current with and without inhibition. The figure illustrates the coupling between the
average network firing rate and adaptation current. In the model without inhibition (dark grey), the
bursts are terminated by the adaptation alone and the adaptation current is typically large after the burst
termination. The new burst can be then initiated by the external input noise (that represents spontaneous
activation of neurons) only when the adaptation current reaches a baseline. Inhibition in this system can
terminate a burst earlier while the adaptation current is not yet very strong. This in turn allows the next
burst to be initiated earlier. (b) Phase space of the population firing rate and spike-frequency adaptation for
inhibitory strengths g=3.6 and g=4.0 (solid black lines, stable solutions; dashed lines, unstable solutions).
At g=4, the network is in the balance condition; at g=3.6, it is in the excitation-dominated condition.
The pale lines show examples of individual burst trajectories (pink, balanced network; blue, excitation
dominated). Larger values of the adaptation at the burst end lead to longer IBIs. Inset shows how the size
of the bistable region expands with decreasing inhibitory strength. The squares and circles indicate the
average adaptation at the beginning and end of simulated bursts. Decreasing the inhibitory strength leads
to higher burst amplitudes and longer IBIs.
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Figure 2.13: Blocking of inhibitory synapses reveals the bursting mechanisms. (a) In networks with 20 to
80% inhibitory neurons, the increase in bicuculline con-centration (logarithmic scale) results in longer
IBIs—that is, within experimental error, similar to the control cultures. The model (lines) reproduces the
experimental results (dots). In contrast, no adaptation model (gray) decreases the IBIs and transitions
to a non bursting dynamic. The IBIs are normalized by the mean at 0µM bicuculline.((b)) Bicuculline
application to networks with extreme inhibitory percentages and the corresponding responses of the model.
((c) Normalized mean squared errors between the experiment and model (nMSE, dots) are shown together
with the posterior probability of inhibitory connections (grey lines). The number of inhibitory degrees on
the x-axis is shown relative to balance (0 corresponds to JK = 4gJK). Red area – inhibition dominated
the region, blue area – excitation dominated the region. External input rates for the models are samples
from posterior probability conditioned on the number of inhibitory connections (10 samples, error bar –
s.e.m.); The maximum of the posterior distribution coincides with optimal or nearly optimal nMSE (black
arrows).

under an acute change of synaptic strength, we block inhibitory connections using the synaptic
inhibitory blocker, Bicuculline (Fig. 2.13). All cultures, with different E/I ratios, show a gradual
increase in the mean IBI values as a function of inhibitory receptor blockade. The change of IBI
in 20-80% cultures with saturating amounts of Bicuculline ([Bicuculline] = 40µM) is between
3.7±0.8 and 5.6±0.3 and they behave approximately like control cultures (Fig. 2.13).

Cultures with almost no inhibition are only slightly sensitive to inhibition blockade in
comparison to control (Fig. 2.13) and show an increase of 1.8±0.1 in IBI values (p=0.0181).
Whereas, cultures that are mainly inhibitory are highly sensitive to Bicuculline (11±6 times
increase of IBIs already at [Bicuculline] = 3 µM) and show high variability of responses. Some
of the 10% inhibitory cultures exhibit a unique behavior, with a sharp increase in IBI values
ranging between 7 to 16 times at [Bicuculline]=40µM.
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To repeat these experiments in silico, we gradually decrease the strength of inhibitory
connections in models fitted to the experimental data without the application of Bicuculline.
We approximate the decrease of the inhibitory strength by the fraction of inhibitory receptors
blocked with 1/

⇣
1 +

[bicuculline]
Kd

⌘
, where Kd = 3µM . Networks with adaptation responded by

increasing the mean IBI closely matching the experimental results ( Fig. 2.13a,b note that we
did not refit the networks to match the Bicuculline responses). In contrast, networks without
adaptation decreased the mean IBIs (Fig. 2.13a grey).

Next, we quantify how deviations from balance affect the response of the model network to
bicuculline, where deviation 0 means that the excitatory and inhibitory connections are at balance
(Fig. 2.13c). To this end, we investigate the set of networks parametrized by the deviation from
balance. We measure the mean squared error (MSE) between the bicuculline responses recorded
in vitro and the responses of networks. In 20-80% networks, the best matching responses came
from the models with nearly balanced E/I connections. In 0% and 10%, the best parameters
are found to be in the excitation-dominated region and in the inhibition-dominated region
respectively. The network model with 100% inhibitory neurons fails to show a response to
bicuculline with the magnitude observed in vitro. Altogether, for all but extreme fractions, the
networks faithfully reproduce the responses to increasing bicuculline concentrations, with the
best matching parameters either at the maximum a posteriori estimate or situated slightly closer
to the balance point.

2.3 Discussion

Neuronal networks in vitro often maintain their bursting dynamics even in the presence of
prolonged perturbations (Kaufman et al., 2014; O’Leary et al., 2010). One of the main findings
of this study is that a neuronal network of hippocampal neurons self-organizes towards a state
attractor characterized by an E/I balance. This tendency is observed in different cellular E/I ratios,
covering a range of approximately 10% to 80% of inhibitory neurons. Thus, these networks
adapt and develop stable spontaneous network activity that is similar to the control cultures.
We suggest that the main mechanism behind this stability is the development of balanced E/I
connectivity.
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2.3.1 Adjusting the connectivity to maintain E/I balance

The theoretical role of E/I balance in network dynamics has been established in earlier works
(N. Brunel, 2000; Renart et al., 2010; Vreeswijk & Sompolinsky, 1998) and it is believed to be
one of the important features of highly recurrent networks in the brain (Renart et al., 2010 and
see more on that in Chapter 4). Experimental studies demonstrated dynamic E/I balance (e.g.
closer correlation of excitatory and inhibitory inputs to a neuron) in different brain circuits such
as the neocortex, hippocampus, and spinal cord (Berg et al., 2007; Isaacson & Scanziani, 2011;
G. Liu, 2004; Okun & Lampl, 2008). Furthermore, it has been shown that the dynamic balance
of excitatory and inhibitory currents relies on balanced E/I connectivity (Barral & D Reyes,
2016; G. Liu, 2004). Most of the networks that have balanced E/I dynamics also have a tightly
preserved ratio of excitatory and inhibitory neurons (Sahara et al., 2012).

Our results are aligned with earlier studies on the development of input connectivity (G. Liu,
2004). Liu (2004) reported that the ratio of E/I connections on a dendrite of a single neuron
is fixed and that E/I currents balance each other already at the single dendrite level. Liu also
proposed that the balance is controlled by a compensatory push-pull mechanism. That was
established by the chemical perturbation of E/I balance with blocking or activation inhibition
(with bicuculline and flunitrazepam) or blocking of excitation (with CNQX). Our study indicates
that cultured networks tend to maintain E/I balance even under the challenge of extreme and
long-term changes in cellular composition.

We found that this structural E/I balance is regulated by changes in network connectivity. The
patch clamp and modeling results show that structural E/I balance in the dissociated hippocampal
cultures is achieved by adjusting the number of connections in networks that have an increased
number of inhibitory cells. First, we observed that the frequency of PSCs decreases with
the percentage of inhibitory neurons. Simultaneously, the PSCs size does not significantly
change. This suggests that the number of connections decreases in proportionality to the E/I
ratio (Fig. 2.14).

We also explored this possibility by fitting a network model to reproduce the collective
dynamics in cultures with varying fractions of inhibitory neurons. The model fit indicated that
keeping the structural E/I balance by changing the number of connections is sufficient to account
for the experimentally observed differences in the network dynamics.

Our results complement earlier studies of systematic manipulation of the network structure
(Barral & D Reyes, 2016; Ivenshitz & Segal, 2010; Wilson et al., 2007). Ivenshitz and Segal
(Ivenshitz & Segal, 2010) showed how changing the density of hippocampal cultures affects
spontaneous activity and linked these changes to the differences in synaptic organization. In
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their study, the average duration of IBIs, as well as the burst amplitudes, increases in sparser
networks. This change is governed by an increase in the amplitudes of the PSCs, along with a
decrease in the number of connections, which is opposite to the synaptic changes that we found.

Wilson et al. (Wilson et al., 2007) studied the effects of the network size on connectivity and
dynamics. They show that the firing rates of neurons were preserved across networks of different
sizes even though the number of neurons and synapses increased. The result was due to the fact
that the number of excitatory inputs was compensated by synaptic strength. Interestingly, they
showed that amplitudes of mEPSCs are larger in the smaller cultures while, in our case, we do
not see substantial differences in mEPSC amplitudes. What is most striking in our networks is
the changes in mEPSC frequencies, which do not change in their study.

Barral and Reyes (Barral & D Reyes, 2016) extended this result to cortical cultures of various
densities. They showed that the synaptic strength changes as the inverse of the square root of the
number of connections while preserving the balance between incoming excitatory and inhibitory
connections as predicted by theory (Vreeswijk & Sompolinsky, 1998). Alternatively, homeostatic
plasticity theory (Turrigiano, 2011, 2012) predicts that neurons adjust their excitability in order
to maintain firing under prolonged perturbation (O’Leary et al., 2010). In contrast, our results
indicate that long-term changes in the cellular E/I ratio radically change the input connectivity,
rather than the synaptic strength.

2.3.2 Inhibition controls variability

We have found that while the number of inhibitory neurons does not affect the average spon-
taneous activity in the cultured network, it strongly affects its variability. The CV of IBIs
grows linearly with the number of inhibitory neurons in the culture. Thus, networks with the
highest numbers of inhibitory cells and only a small fraction of excitatory cells have the CV that
approaches one. The bursting dynamics in these networks thus resemble a Poisson process. This
is possibly a consequence of a smaller number of connections in networks with high numbers of
inhibitory neurons, which decorrelates the input into neurons and randomizes bursting events
(Lonardoni et al., 2017). This could obviously have an impact on the reliability of neuronal
circuitry.

Inhibition can also directly influence the bursting variability, as indicated by several theo-
retical and experimental studies (Gigante et al., 2015; Giugliano et al., 2004; Sanchez-Vives
et al., 2010). An increase in the inhibitory synaptic strength or number of connections makes
inputs less synchronized, which consequently decreases the burst amplitude and increases the
variability of IBIs.
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2.3.3 Bursting is an interplay of adaptation and inhibition

Our theoretical analysis shows that the interaction of slow spike-frequency adaptation and
inhibition can efficiently describe the main temporal aspects of bursting dynamics. We use a
simplified network model to link network properties with the features of its collective dynamics.
Note, however, that we ignore the complex interplay of dynamics and topology in burst initiation
that might account for additional variability (Okujeni et al., 2017; Orlandi et al., 2013; Yamamoto
et al., 2022). This model has two major components: a very slow adaptation current coupled with
the mean-field recurrent activity. Bursting in this context is described by bistable dynamics that
are controlled by the adaption current (Giugliano et al., 2004). Generally, when the adaptation
current is small, the noise inevitably pushes the network into a synchronous high firing rate state
and the firing rate adaptation eventually terminates the burst. The introduction of inhibition
decreases the network synchrony and balances the recurrent excitation, which in turn reduces
the size of the adaption current needed to terminate the burst and increases the chance that a
burst would be terminated earlier. The presence of this interplay allows us to precisely predict
an increase of the IBI as the response of the network activity when the inhibition is blocked
pharmacologically.

We have implemented a very general form of spike-triggered adaptation with the timescale
on the order of seconds. In any real network, spike-frequency adaptation with such a timescale
could be implemented by a wide variety of physiological mechanisms. Examples are slow AHP
(Sanchez-Vives et al., 2000), persistent leakage Na-currents (Penn et al., 2016) or depletion of
synaptic vesicles (Orlandi et al., 2013). We also cannot exclude the possibility that multiple
feedback mechanisms contribute to bursting dynamics (Fardet et al., 2018; Pozzorini et al., 2013).
However, all these mechanisms would have a very similar effect on spike-frequency adaptation,
making it practically impossible to discriminate them within the scope of the current study.

2.3.4 The functional benefits of maintaining the
excitation/inhibition balance

The specificity of the cellular excitation/inhibition ratio remains unclear. There are several recent
attempts to provide theoretical frameworks that would explain the functional implication of
various E/I ratios (Alreja et al., 2022; Capano et al., 2015). For instance, Capano et al. (2015)
analyzed how different fractions of inhibitory cells affect multitask learning in a network of
binary neurons. The authors found that the performance is optimized in a network with about
30% inhibitory units. The network, however, does not include the differences between synaptic
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strengths of excitatory and inhibitory cells (Barral & D Reyes, 2016). More recently, Alreja
et al. (2022) analyzed the performance of the efficient coding model. They show that the
representation of sensory stimuli is optimal in terms of the performance and metabolic costs at
the physiological E/I ratios given a volume constraint. This work makes predictions about the
changes in optimal E/I composition given the neuronal densities, which could indeed be further
tested using in vitro models that allow us to flexibly control neuronal densities and examine the
excitatory/inhibitory connectivity. Also recently, Mongillo et al. (2018) theoretically showed
that inhibitory connectivity is disproportionally important for memory storage capacity. Our new
experimental platform allows us to precisely control the E/I network architecture and opens new
possibilities for detailed studies of E/I circuitry. I will return to the discussion of the functional
benefits of the balance E/I in Chapter 4
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Figure 2.14: Theoretically, the balance of excitation and inhibition could be achieved in different ways.
(1) Synaptic strength balance: the in-degree per neuron is always proportional to the number of neurons
and the strength of inhibitory synapses changes. (2) Fixed connections balance: synaptic strengths and a
number of in-degrees are always the same. Neurons maintain the same number of inputs and the ratio
between E/I inputs. (3) Connections balance: the number of in-degrees is proportional to the number
of excitatory neurons, inhibitory connections follow the excitatory ones. The synaptic strength does not
change. The results of the patch clamp experiments show that the average input per neuron decreases as
we increase the inhibitory percentage, while the PSC amplitudes do not change. Modeling shows that to
maintain the population burst the inhibitory connections should balance excitatory connections. Together,
this shows that our results are most consistent the option (3).
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Chapter 3
Principles of network bursting dynamics

Yes, these invariances are worth exploring, but they are
features of the model, not the real networks.

- Victor Buendía

...Thus, it is not a model of anything in particular, it is a theory
for a class of things that can happen, and within that theory
there are questions such as how one should set the (many)
parameter values. Stated this way, the question is internal to
the theory, but then we can jump to suggest that this is a
problem that neurons themselves actually need to solve.

- William Bialek, 2018

59
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Summary

Network bursting is a form of collective dynamics frequently observed in cultures of dissociated
neurons. Such dynamics are considered a marker of successful network maturation in vitro.
Bursting dynamics emerges in cultures of neurons dissociated from a mature or developing brain
as well as in cultures of human pluripotent stem cells-derived neurons (hPSC).

In this chapter, we use a macroscopic rate model with a neural adaptation mechanism to
examine the dynamical states underlying network bursting. We found that network bursting can
occur in bistable, excitable, and oscillatory states. Using simulation-based inference, we fit the
model to match the activity of a wide range of cultures and characterize the differences between
cortical, hippocampal, and hPSC cultures. We found that cortical cultures have consistently
higher network excitability compared to the hippocampal cultures and it is possible that cortical
cultures develop oscillatory network dynamics, whereas hippocampal exhibit only excitable
dynamics. Cultures of hPSC neurons, in contrast, exhibit oscillatory dynamics early on in their
development and later transition towards an excitable state.

Overall, we found that despite the discrepancies between preparations mature networks in
vitro often exhibit either noisy oscillatory or excitable dynamics.

Contributions disclaimer: In this project I designed the study, performed the mathemat-
ical analysis of the model, and the simulation-based fitting. Victor Buendía helped with the
mathematical analysis of the model. Emmanouil Giannakakis performed a feature-based burst
classification analysis. I recorded the data at the Weizmann Institute of Science with help from
Shlomo Ron, Eyal Weinreb, and Elisha Moses. Cortical cultures from HIH were recorded by me
and Betül Uysal, under the supervision of Holger Lerche.

60



Contents

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
3.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

3.2.1 Network Bursting driven by adaptation and network noise . . . . . . . 64
3.2.2 Population bursting can be governed by bistable, excitable, or oscillatory

dynamics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
3.2.3 Temporal statistics of population bursting discriminates different dynam-

ical states . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66
3.2.4 Simulation-based inference of the model parameters . . . . . . . . . . 68
3.2.5 Invariant manifolds of bursting dynamics . . . . . . . . . . . . . . . . 69
3.2.6 Excitable and oscillatory dynamics of neuronal network in vitro . . . . 72
3.2.7 Development of network excitability . . . . . . . . . . . . . . . . . . . 75

3.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

61



CHAPTER 3. PRINCIPLES OF NETWORK BURSTING DYNAMICS

3.1 Introduction

Cultures of dissociated neurons are one of the major vehicles for basic research in single-cell and
neuronal network physiology and pathophysiology. Neuronal networks in vitro help to examine
basic properties of network dynamics (Beggs & Plenz, 2003; Penn et al., 2016), plasticity
mechanisms (Bi & Poo, 1999; O’Leary et al., 2010), mechanisms of network formation (Breskin
et al., 2006; Okujeni et al., 2017), and the development of E/I balance (Barral & D Reyes, 2016;
G. Liu, 2004; Soriano et al., 2008; Sukenik* , Vinogradov* et al., 2021). Cultures of embryonic
and neonatal rodent neurons are a classical tool to study the interaction between single-cell
properties and network activity (Gal et al., 2010). Recent progress in stem cell research helped to
establish a number of experimental protocols for growing and maintaining functional networks
of hPSCs both as 2D cultures as well as brain organoids (Hoffmann et al., 2019a; Hyvärinen
et al., 2019; Trujillo et al., 2019). These new platforms allow us to examine how specific human
genotypes affect single-cell and network properties.

Cultures of neurons develop network activity shortly after the neurons in a dish start forming
connections (Soriano et al., 2008; vanPelt et al., 2004; Wagenaar et al., 2006). The activ-
ity is usually characterized by large synchronous network events (e.g. network bursts) that
propagate through the whole network followed by long periods of quiescence. This type of
collective dynamics in vitro has been found across different preparation and cultured neuron
types (Charlesworth et al., 2015; Hyvärinen et al., 2019; Soriano et al., 2008; Trujillo et al.,
2019). Networks of cultured hPSC also appear to exhibit network bursting at least in some
protocols (Hyvärinen et al., 2019) and often bursting activity is considered to be a marker of the
successful network formation (Cabrera-Garcia et al., 2021).

The variability of network bursting is reported to be large both within and between experi-
ments (Wagenaar et al., 2005). Network activity appears to be affected by both experimental
protocols for growth and maintenance (Eytan & Marom, 2006; Maeda et al., 1995; Okujeni et al.,
2017; Soriano et al., 2008) as well as the individual features of single cells that form the cultures
(Ahtiainen et al., 2021; Charlesworth et al., 2015; Hyvärinen et al., 2019). Thus, network bursts
sometimes can behave like Poisson-like network spikes and sometimes can appear as organized
quasi-oscillatory bursts (Giugliano et al., 2004). Bursting also dramatically changes in the course
of development. Thus, collective dynamics typically manifest with small and sparse bursts and
then transform into more frequent and sometimes complex network events (Cabrera-Garcia et al.,
2021; Charlesworth et al., 2015; Wagenaar et al., 2005).

The exact mechanism for the bursting activity as well as whether there is a unique network
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mechanism across preparations remains unclear (Fardet, 2018). Thus, it has been suggested that
bursting is governed by random synaptic transmission and terminated by neuronal adaptation
governed by slow AHP currents (Giugliano et al., 2004; Maeda et al., 1995; Robinson et al.,
1993). For small in vitro cultures, it has been shown that the main neural mechanism that controls
bursting is the depletion of synaptic resources (D. Cohen & Segal, 2011). Also, some authors
indicate a critical role of a persistent sodium current and pacemaking activity of individual
neurons (Penn et al., 2016; Suresh et al., 2016).

Models of population bursting in vitro typically account for the fast recurrent activity of
neurons as well as slow adaptation mechanisms. A variety of these slow adaptation mechanisms
has been proposed, including (Segev et al., 2001), dynamics of synaptic resources (Gigante et al.,
2015; Orlandi et al., 2013; Yamamoto et al., 2022), homeostatic plasticity (Zierenberg et al.,
2018), slow firing rate adaptation (Fardet et al., 2018; Ferguson et al., 2015; Giugliano et al.,
2004; Masquelier & Deco, 2013; Sukenik* , Vinogradov* et al., 2021). Most of these models
have been shown to reproduce various aspects of bursting dynamics such as the distribution
of network event times as well as burst sizes and burst shapes. Thus, the presence of a slow
mechanism that controls the activity propagation is necessary to model the temporal distributions
of network events (Giugliano et al., 2004; Masquelier & Deco, 2013; Segev et al., 2001; Sukenik*
, Vinogradov* et al., 2021).

Simple models that include noise-driven slow-fast dynamics can exhibit transitions from
low to high firing states that can resemble network bursts (Jercog et al., 2017; Levenstein et al.,
2019; Mattia & Sanchez-Vives, 2012). Assuming that the network bursting can be well modeled
using models of slow-fast dynamics it remains unclear whether there is an associated dynamical
state. Furthermore, it is unclear if differences between different preparations, culture types, and
development can be attributed to the changes in dynamical states.

In this project, we model network events in different preparations of cultures of dissociated
neurons in vitro using a mean field model of the recurrent neuronal population with slow firing
rate adaptation. The model allows us to directly examine the dynamical states associated with
parameter combinations. We fit the model parameters to reproduce the key temporal statistics
of network bursts recorded in vitro and analyze the differences in dynamical states in cortical,
hippocampal, and one type of hPSC cultures from openly available datasets (Charlesworth
et al., 2015; Hyvärinen et al., 2019; Kapucu et al., 2022) as well as from novel recordings
(Appendix A.2). We find that rodent cultures exhibit either oscillatory or excitable dynamics.
Mature cultures of hippocampal neurons are most consistent with excitable dynamics whereas
the cultures of cortical neurons can show oscillatory dynamics. Over the course of development,
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cultures of primary rodent neurons typically increase their excitability which drives the changes
in dynamics. The cultures of hPSC, in contrast, appear to decrease their excitability and transition
from constant firing to population bursting.

3.2 Results

3.2.1 Network Bursting driven by adaptation and network noise

To analyze the network bursting dynamics, we focus on a simplified model of the recurrent rate
(x) and neuronal adaptation (w) that can exhibit burst-like activity. The firing rate of the model
follows:

⌧ ẋ(t) = �x(t) + �[�a(cx� w + ✓)] + �⌘(t) (3.1)

⌧wẇ(t) = �w(t) + bx(t) (3.2)

where � is a sigmoid activation function

�(z) =
1

1 + ez
. (3.3)

and ⌘(t) is the Gaussian white noise. The model has a number of parameters: ⌧ is the firing
rate evolution timescale, a defines the gain of input-output relationship, c is the strength of
recurrence, ✓ sets the model excitability, � is the noise strength, ⌧w defines the relative timescale
of the adaptation variable, and b is the adaptation strength. We typically set the recurrence
parameter c = 1 and the gain a = 5 unless specified otherwise. The timescale of the rate
variable ⌧ was typically set to 20ms. The model that we study here is similar to the noise-driven
Fitz-Hugh-Nagumo model for single-neuron activity (Lindner & Schimansky-Geier, 1999).

We assume that the spiking activity is given by an inhomogeneous Poisson process with a
rate x(t), which is defined as follows:

yi(t) ⇠ Poiss [exp(Cix(t) + ri)] (3.4)

where the the Ci is the weight for a neuron i and ri is the constant offset. Across the chapter,
we typically find the Ci and ri using a Poisson regression or set them manually. Note, however,
that the underlying rate does not depend on these parameters. We analyzed the deterministic
behavior of the model using linear stability analysis (Strogatz, 2018, see details in Appendix F.1)
and used simulation-based techniques to study the interaction between deterministic states and
the noise-driven output of the model.
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Figure 3.1: Reduced model of bursting activity and redundancy of dynamical states that can govern
in-vitro-like bursting. (a) Cultures of dissociated neurons in vitro often exhibit network bursting. The gray
trace shows the total spike count of activity recorded in hippocampal cultures at 28DIV (Charlesworth
et al., 2015).(b) Schematics of the noise-driven slow-fast model. The modeled population activity that
drives the network spiking is denoted by x(t), and y(t) are the generated spike counts (C = 0.9, r = 9).
c,d,e The model can generate network bursting that closely resembles the real data in oscillatory, excitable,
and bistable states. c Nullclines of the model in the three state (d) Bifurcation diagram of the model in
✓-b space. (e) Examples of the generated spike counts for the model in 3 dynamical states. Parameters
in the simulations are bistable state b = 0.073, ✓ = �4.7, ⌧w = 4s,� = 1.6, J = 9, a = 5, excitable
state:b = 1.2, ✓ = �3.4, ⌧w = 32s,� = 1.56, J = 9, a = 5, oscillatory state:b = 4.9, ✓ = �0.56, ⌧w =
146s,� = 1.57, J = 9, a = 5. Statics of the bursting in the model mean IBI=7s, burst duration=1s,
CV(IBI)=0.7.

3.2.2 Population bursting can be governed by bistable, excitable,
or oscillatory dynamics

The noise-driven model with recurrence and slow adaptation can exhibit bursting-like dynamics
in three different dynamical states: bistable state, excitable state, and oscillatory state. In all
three states, the model can qualitatively match the network bursting recorded in vitro (Fig. 3.1).

In the case of bistability, noise forces the system to jump between the states. The frequency
of jumps is then determined by the noise intensity and modified by the slow adaptation. Note
that, when b = 0, the system exhibits classical bistable dynamics and the transitions between up
and down states can be seen as the escape times in a double well potential, where the relative
depth of each well is controlled by ✓.

In the oscillatory state, the noise can force the transition from down to up state or vice versa
earlier than the full period of the oscillation, which leads to irregular oscillatory dynamics.
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Summary Definition
Mean IBI (µIBI) 1

N

PN�1
i=1 (tstart

i � tend
i�1)

CV of IBI
q

1
N�1

PN�1
i=1 (tstart

i �tend
i�1�µIBI)2

µIBI

Mean burst duration (µdur) 1
N

PN
i=1 t

end
i � tstarti

Table 3.1: We denote the time when burst i begins as tstart
i and the end of a burst by tend

i

Finally, when the system has only a single low-activity fixed point (Fig. 3.1c), noise can
perturb the dynamics such that it first has to transition towards the upstate (e.g. the left branch
of the nullcline depicted in Fig. 3.1c) and then it relaxes back to the fixed point. An analogous
excitable state exists also for the high fixed point.

3.2.3 Temporal statistics of population bursting discriminates
different dynamical states

We next quantify the temporal bursting activity in the model and use it to classify different states.
Using summary statics of bursting is one of the most simple ways to characterize phenotypes of
the culture. We use three summary statistics: mean inter-burst intervals (IBI), burst duration, CV
of IBI (see in Table 3.1).

To check if the dynamical states are separable based on the summary statistics, we broadly
sample the model parameters. We sample from 4-dimensional uniform prior for b, ✓, ⌧w, �
(Table 3.2).

Parameter Lower Bound Upper Bound
b 0.05 20.0
✓ -10.0 15.0
⌧w log(200.0) log(200000.0)
� 0.01 2.0

Table 3.2: Prior values for parameters.

Then we ran the simulations and computed the summary statistics (Fig. 3.2a). We obtained a
3⇥N table of summaries, where N is the number of samples, and a corresponding N vector
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Figure 3.2: Classification of the dynamical states that govern bursting activity based on the bursting
summary statistics. (a) Samples of the parameters that give rise to bursting activity (red – oscillatory, blue
– excitable, grey – bistable). Overall, we took 20000 valid samples per state for the classification analysis.
The top panel shows the marginal distributions of sampled parameters for the timescale of adaptation in
log scale (⌧w) and the noise intensity (�). Note bursting activity emerges in excitable and bistable states
only when the noise is sufficiently strong. The oscillatory state can exhibit up-down transitions even
without any noise (b) Distribution of bursting summary statistics for the three dynamical states. There
were no apparent differences in the distributions apart from the distribution CV of IBI. Thus, bursting
with CV close to zero appears predominantly in the oscillatory state. (c) 2D tSNE embedding of the
bursting summary statistics indicates that the states are not linearly separable and do not form isolated
classes. Each point is a 2D embedding for 3 summary statistics with colors indicating different dynamical
states. (d). Accuracy of three classifiers trained to discriminate the dynamical states based on the bursting
statistics. The best performance is achieved by the KNN classifier. Logistic Regression (LR) and Gaussian
Naive Bayes (GNB) are worse and only slightly higher than chance, indicating that linear separation
between the states based on the bursting summary statistics is not reliable. (e ,f ,g) show the distribution
of the bursting summary statistics on the tSNE embedding.
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Figure 3.3: Simulation-based inference with a neural density estimator

of labels, indicating whether the summary corresponds to the excitable, oscillatory, or bistable
dynamics. We then fit a logistic regression (LR), Gaussian naive Bayes (GNB), and KNN
classification to the summaries.

We found that the KNN classifier can distinguish all states with a classification accuracy of
around 0.7 on the test set (Fig. 3.2d). Linear classifiers perform only slightly above chance. This
suggests that there is no clear linear boundary that separates the dynamical states based on the
burst summary statistics. However, the states can be separated using the information about a
neighborhood of the burst summary. We further visualized this using t-SNE (Fig. 3.2c).

3.2.4 Simulation-based inference of the model parameters

In order to directly determine how the bursting statistics map onto the model parameters, we apply
a simulation-based inference approach. In contrast to the Approximate Bayesian Computation
(ABC) used in the previous Chapter 2, we use the surrogate model approach to approximate the
posterior distribution of parameters (Fig.3.3 and see also Chapter 1). The main difference is that
we use the simulations to build a conditional density estimator p(paramters|summary) that can
be evaluated for other summary statistics without additional sampling (Cranmer et al., 2020;
Gonçalves et al., 2020).

Such conditional density estimators can be built, for example, using classical Mixture
Density Networks (Bishop, 1994), more recently developed Masked autoregressive density
estimators (Germain et al., 2015) or normalizing flows models (Papamakarios et al., 2017). Here,
we use a neuronal spline flow (Durkan et al., 2019) within the SBI-toolbox (Tejero-Cantero et al.,
2020). The model included 5 transformations and 50 features per layer.

68



3.2. RESULTS

We fit the conditional density estimator using 300,000 samples from a wide prior of pa-
rameters(Table 3.2). The estimator allows us to obtain an approximate posterior probability of
the model parameters given a set of summary statistics (p(parameters|ibi,CV of IBI, duration)).
In contrast to rejection-based multi-round inference used in the previous chapters, fitting a
simple density estimator us to efficiently use all 300,000 samples and fit a density estimator
that can be evaluated for different summary statistics, this approach is also called amortized
inference (Cranmer et al., 2020).

We evaluated the predictive performance of the model and found that it achieves excellent
results for a wide range of summary statistics (Fig. 3.4). We run the predictive checks analysis by
randomly sampling parameters from a uniform prior, simulating the model with these parameters
to get a set of summary statistics. Then we obtained parameter samples from the inferred
posterior distribution, ran the simulation with these parameters, and compared the results with
the ground truth summary statistics. Summary statistics of the bursting activity for the inferred
parameters almost perfectly matched the ground truth (Fig. 3.4).

Next, we evaluated if the ground truth parameters were included in the high-density region
of the fitted posterior (Fig. 3.4b). We found that the ground truth parameter was typically located
within the high density of the posterior probability. However, the inferred approximate posterior
distribution also clearly indicates a number of invariances of the bursting summary with respect
to the model parameters. Thus, the excitability, adaptation strength, and adaptation timescale
appear to linearly depend on each other (Fig. 3.4b). In the next section, we use the insight of
the SBI and analytical methods to define the invariant manifolds of model parameters where the
summary statistics stay constant.

3.2.5 Invariant manifolds of bursting dynamics

Using the results of SBI, we found that the model can produce invariant bursting activity for
a wide range of values of the excitability (✓), adaptation strength (b), and the timescale of
adaptation (⌧w). An increase in the excitability can be counteracted by a stronger (b) and slower
(⌧w) rate adaptation. Thus, the invariance emerges in a 3D space of the model parameters. We
explore this dependency analytically, by considering the dependencies pair-wise.

The first observation that we made was that the ✓ and b strongly linearly depend on each other.
The slope of b� ✓ line depends only on the ratio between IBI and burst durations (Fig. 3.5a).

We observed a similar change in dependency between the excitability ✓ and the adaptation
timescale ⌧w. We found that for large values of ⌧w they are also almost linear (Fig. 3.5b).
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Figure 3.4: Predictive performance of the amortized posterior fitted with 300000 sets of parameters and
bursting summaries. (a) Shows the ground truth vs the predicted bursting summary statistics for 800
pairs of parameters. To perform the predictive checks analysis, we first randomly sample parameters
from a uniform prior ⇥̂ and simulate the model using these parameters, which results in a set of summary
statistics x̂ that follow a distribution given by model(⇥̂). Next, we obtain parameter samples from the
inferred posterior distribution p(⇥|x̂) and run the simulation with these parameters. Finally, we compare
the results of the simulation with the ground truth summary statistics x̂. (b) Examples of the inferred
posterior distribution of the model parameters given a set of summary statistics and the ground truth
parameters that were used to generate these summary statistics (purple dots and lines). The histograms
on the diagonal – are marginal distributions of the parameters. The diagonals of the plot show marginal
distributions of pairs of parameters.
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In order to identify the origin of these dependencies, we approximated the sigmoid non-
linearity of our model with a piece-wise linear function (see Appendix F.2 for more details).
We then focused on a deterministic case and only on the slow oscillatory regime, where up and
down transitions happen without noise (e.g. CV of IBI = 0). Using this simplification we found
an explicit relationship between the model parameters, IBI, and burst durations. Given, the
excitability levels and the required summary statdefistics, we can express the values of b and ⌧w

b =
w+

(✓) + w�
(✓)eT

dur/⌧w

x(e�T dur/⌧w � 1)
(3.5)

(3.6)

⌧w = �
T IBI

log(w
�(✓)�bx

w+(✓)�bx)
(3.7)

where w+ and w� are the values of the adaptation variable at the end and the beginning of the
burst, T dur denotes the burst duration and T IBI is the IBI. Thus, in the case of a deterministic
limit cycle, one can always adjust the values of b and ⌧w to get the same burst duration and IBIs.

As ✓ grows to large values, the equation for the b� ✓ above approaches a line (Fig. 3.5a and
c) given by

b ⇡
✓

hxi
+

J

2hxi
(3.8)

where hxi is an average activity, that can be obtained either numerically or by noting that the x is
bounded between its two fixed points, and the amount of time it spends close to each fixed point
is given by the ratio of IBI and burst durations. Thus, hxi ⇡ JT dur/(T IBI

+T dur
), if the low fixed

point is zero and the upper fixed point is close to J . The ratio of the mean burst duration and the
sum of the burst duration of the IBIs T dur/(T IBI

+ T dur
) here simply describes the probability

of being in the upstate and J typically sets the value of x fixed point in the upstate. Fig. 3.5c
shows that both the full piece-wise linear approximation as well as the samples from the posterior
approach the line 3.8 for increasing values of ⌧w.

The relationship between ✓ � ⌧w can also be expanded and the slope of the dependency
⌧w ⇡

aT IBI✓
aJ�8 . Interestingly, the slope of this invariance depends only on the IBI, but not on the

burst duration (note that in Fig. 3.5b the ratio of IBI and duration change by increasing the IBI,
while the durations stay constant).

Gaussian white noise makes the transition irregular, and forces irregular burst events in the
excitable state as well as the state transitions in the bistable state. Interestingly, this does not
destroy the invariance between model parameters but rather modifies the lines (Fig. 3.5d,e). This
is probably due to the fact that the values of adaptation at the end and at the beginning of the
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burst become stochastic, which changes the positions of the invariances. The b� ✓ dependency
shifts towards the excitable state and eventually towards bistable states (Fig. 3.5d), but the slope
stays the same and still can be found from the analytics.

The slope of b � ⌧w invariance increases with the variability of transitions (Fig. 3.5e) and
starts to deviate from the analytical expression in the deterministic case. The increase of the slope
depends on the noise intensity (Fig. 3.5f). Obtaining the distribution of the adaptation values at
which transitions are happening can help to further resolve the invariance in the deterministic
case (Appendix F.3).

Thus, simulation-based inference allowed us not only to reliably fit the model to reproduce
bursting summary statistics but also to infer some of the basic parameter invariances in the model
that we further explored using analytical techniques. When the adaptation timescale can be arbi-
trarily set, the model for some combination of summary statistics can exhibit identical dynamics
in excitable and oscillatory states. In the following sections, we bound the timescales of the slow
adaptation to 15s. to match the experimentally found timescale of network excitability (Gal et al.,
2010). This boundary allows us to probabilistically discriminate the excitable and oscillatory
dynamics.

3.2.6 Excitable and oscillatory dynamics of neuronal network in
vitro

To identify the dynamical states in cultures of neurons in vitro, we fit bursting dynamics from
recordings of cortical, hippocampal, and hPSC cultures (Table 3.2.6). The data were recorded
either with multielectrode arrays (MEA) or with Ca-imaging1. For datasets 1,2,4,5 the cul-
turing methods and spike detection methods can be found in the corresponding publications
(Charlesworth et al., 2015; Hyvärinen et al., 2019; Kapucu et al., 2022). For experimental
methods for datasets 3 and 6, please refer to Appendix A.2

First, we focused on the average bursting statistics for mature neuronal cultures (between 14
and 28 DIV) of cortical, hippocampal, and hPSC neurons. Despite a large inter-dataset variability,
we find that most cultures are excitable or oscillatory (Fig. 3.6a). The model with parameters
sampled from the posterior well matched the average bursting statistics (Fig. 3.6b).

1This is possible because we fit the model based on the summary statistics of IBI and burst durations that can be
extracted from both Ca and MEA recordings
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from the approximated posterior for an increasing IBI, while burst duration stays constant and CV is close
to 0. The piece-wise approximation of the model dependencies (dashed line) very accurately predicts the
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hxi +
J
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main text), which is also illustrated in c. c Shows how the adaptation timescale ⌧w changes along ✓ to
maintain the invariant bursting statistics. The dependency again can be well approximated with analytics.
(c, e, f) Illustrate the changes in the dependencies as we keep the IBI and burst duration fixed (3s and
1s accordingly) and only change the variability of IBIs measured with the CV. The slope of the b � ✓
dependency stays the same (c), although the posterior protrudes deeper towards the excitable state. (e)
To keep the IBI and burst durations the same, while increasing excitability, the model also has to have
longer adaptation timescales for the same values of ✓. Thus, the slope of ✓ � ⌧w dependency increases
and exponentially deviates from the deterministic line (f).
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Dataset Source Type Recordings DIV
1 Charlesworth et al., 2015 mice cortex MEA 8-28
2 Charlesworth et al., 2015 mice hippocampus MEA 8-28
3 HIH rat cortex MEA 17,18
4 Hyvärinen et al., 2019; Kapucu et al., 2022 rat cortex MEA 1-35
5 Hyvärinen et al., 2019; Kapucu et al., 2022 hPSC MEA 7-63
6 WIS rat hippocampus Ca-imaging 14-27

Table 3.3: Datasets used to fit the model
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Figure 3.6: Model in excitable and oscillatory states fits the statistics of living neuronal cultures in vitro.
(a) Shows the samples from the approximated posterior for the average bursting summaries across 6
datasets. Points with black edges show the maximum a posteriori (MAP). note that the prior distribution
of the adaptation timescales ⌧w is bound between 1-15s. MAP for all cortical cultures that we considered
were found in an oscillatory state. The MAP for two datasets of hippocampal cultures was found in the
excitable state. The most probable solution for a single dataset of hPSC cultures was also found in the
excitable state. (b) Bursting statistics from the model simulated with the parameters sampled from the
priors match the means of IBI, CV of IBI, and burst duration in the data. The main effects were significant
between groups for all summary statistics (one-way ANOVA; IBI F(5,402)= 128.26, p<0.0001, CV of IBI
F(5,402)= 5.8, p<0.0001; Durations F(5,402)= 87.3, p<0.0001)
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Cortical cultures are oscillating and hippocampal are excitable

Next, we specifically analyzed the differences between two standardly used cortical and hip-
pocampal cultures. To reduce the inter-experimental variability, we consider the recordings from
a single laboratory (Charlesworth et al., 2015). Here, we found that the model most consistent
with cortical cultures was more excitable than the model for hippocampal cultures (Fig.3.7).
The maximum a posteriori solution suggests that bursting dynamics in cortical cultures are
governed by oscillatory dynamics while bursting in hippocampal cultures is most consistent with
the excitable state (Fig.3.7a). The model suggests that this difference is caused by the larger
excitability of the cortical cultures. Additionally, the timescales of the adaptation variable were
similar but the noise intensity was lower in hippocampal cultures. The observed changes might
be consistent with previously reported differences in the input connectivity (Soriano et al., 2008)
that would effectively change the overall network excitability.

Previously it has been shown that both culture types exhibit very similar network bursting,
which could be, however, distinguished by considering a number of features of bursting statis-
tics (Charlesworth et al., 2015). The reduced model allows us to find differences between the
two types of cultures using a very limited number of basic summary statistics.

3.2.7 Development of network excitability

In rodent cultures, network-wide events typically emerge at around 10-14 DIV (Charlesworth
et al., 2015; Wagenaar et al., 2005). The hPSC cultures usually start showing stable network
events at later stages, typically around 20DIV (although it might strongly depend on the protocol
(Estévez-Priego et al., 2023; Hyvärinen et al., 2019). In this section, I analyze how the dynamical
states unfold over the course of culture development.

Cortical vs hippocampal cultures

First, we look at the development of the network activity in cultures of dissociated hippocampal
and cortical neurons (datasets 1 and 2, Fig.3.8 and 3.6). In both cortical and hippocampal cultures
the mean IBIs typically decrease over the course of development, although more prominently in
the cortical cultures (Fig.3.6c data, the interaction term ). The CV of IBI in both cortical and
hippocampal cultures fluctuates between 0.5 and 1. The largest difference was observed around
10-14 DIV. Burst durations showed a small increase throughout development (Fig.3.6c, data).
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Figure 3.7: Most probable parameters of the fitted model to the average bursting statistics of hippocampal
cultures lie in the excitable state, and most probable parameters for the cortical cultures are found in the
oscillatory state (averaged from 17 to 28 DIV). (a) Infered distribution of parameters of the reduces model.
Main figure - samples from the posterior probability plotted jointly for b and ✓. Insets show the marginal
distributions of the noise intensity and adaptation timescale; Posteriors are conditioned on the average
statistics of the hippocampal cultures (blue) or cortical cultures (red). (b) Mean bursting statistics of the
cortical and hippocampal cultures (error bars - s.e.m.) used to condition the posterior distribution of the
model parameters. Mean IBIs were significantly different between cortical and hippocampal cultures
(posthoc Tukey HSD, FWER=0.05, p=0.04), we did not see observe significant differences between CV
of IBI and burst durations. Violin plots show distributions of bursting statistics for the model simulated
with parameters sampled from the approximate posterior distribution. (c) Example traces of the dynamics
of the model in 200ms bins (model parameters correspond to the maximum a posteriori in (a) and Poisson
process coefficients are k1 = 0.7, k2 = �9 and k1 = 0.8, k2 = �9).

We fit the reduced model and analyze the changes in the parameters conditioned on the fixed
adaptation strength b = 2.5. This way we slice through the invariance discussed in the previous
section and consider only one possible combination of ✓ and ⌧w.

The network excitability linearly grew over the course of development in cortical cul-
tures (3.6a) and stayed almost the same with only a small positive trend in hippocampal cultures.
The timescale of adaptation fluctuated between 5 and 15 s. Finally, the noise intensity grew in
both cortical and hippocampal cultures. Throughout development cortical cultures showed a
larger change in the network excitability and possibly transition from the excitable state towards
the oscillatory state. Hippocampal cultures displayed excitable dynamics across development.

These results are consistent with earlier percolation experiments that suggested that cortical
cultures develop stronger connectivity, which would be associated with higher susceptibility to
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Figure 3.8: Raster plots of the network activity in cortical and hippocampal cultures at 7, 14, and 21 DIV
recorded with MEA (Charlesworth et al., 2015)

stimulation and therefore higher network excitability (Soriano et al., 2008).

Rodent primary cultures vs human PSC cultures

Next, we compared the development pattern of rodent cortical cultures and hPSC cultures (dataset
4, 5). The development profile of the cortical cultures was very similar to the one in dataset 1
analyzed in the previous section, although bursting activity emerged slightly later, at around
10 DIV. The cortical cultures were monitored until 35 DIV (Fig.3.10). Cortical cultures in this
dataset showed an early decrease in the IBI and an associated decrease of the CV of IBI, which
was larger than in dataset 1. Bursts showed a small increase (Fig.3.11c).

Excitability was the main parameter that explained the changes in the network development.
It grew initially between 14-25 DIV and then decayed for later stages of development, which
might be associated with the decay of cultures. The timescale of adaptation shows a decrease
from 10s at early developmental stages and later converges to values around 2s. In contrast to
dataset 1, the noise intensity was slowly decaying as cultures matured (Fig. 3.11a,b).

Here, cortical cultures showed a transition to the oscillatory state and later decay back towards
an excitable state after which they likely lose the ability to generate network events.

Network bursting of hPSC cultures appeared later during the development and had a different
developmental trajectory. hPSC cultures first showed network-wide events at around 20 DIV.
Before this point, single channels appeared more active than rodent cortical cultures (Hyvärinen et
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Figure 3.9: The model captures the changes in bursting statistics over the course of development and
magnifies the differences between cortical and hippocampal cultures. (a) Cortical cultures show a large
change in the network excitability and possibly transition to the oscillatory states, whereas hippocampal
cultures stay inside the excitable region. The parameters here are conditioned on b = 2.5. (b) Adaptation
timescales ⌧w fluctuate between 2 and 15s over the course of development. Noise intensity grows as
cultures mature, which is possibly related to the increasing intrinsic noise in the networks as more
connections appear. (c) Changes in the bursting summary statistics over the course of development
in the data(left) and in the model with parameters from a, b. For mean IBIs, the effect of DIV was
significant, 2-way ANOVA (F(9,494)=19.05, p<0.0001) as well as the main effect of the culture type
(F(1,494)=4.06, p=0.04), we also saw a significant interaction (F(9,494)=12.8, p<0.0001). Hosthoc
comparisons (Bonferroni corrected) revealed in the case of hippocampal cultures only IBI at early stages
were different from the rest. The CV of IBIs were significantly different both over the development and
between culture types (DIV F(9,494)=2.5, p<0.007; Type DIV F(1,494)=19.3, p=0.000013; Interaction
F(9,494)=3.7, p=0.000149). Average durations showed the effect of the development but we did not
see significant differences between the culture types (DIV F(9,494)=9.2, p<0.0001; Type F(1,494)=0.26,
p=0.6; Interaction F(9,494)=4.9, p<0.0001). (d, e) Comparison of the network spike rate for both the
model and data. The model well captures the main changes in the bursting activity, however, it fails to
closely reproduce the burst shapes.
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Figure 3.10: Raster plots of the network activity in cortical and hPSC cultures over the course of
development recorded with MEA (Hyvärinen et al., 2019; Kapucu et al., 2022)

al., 2019). The mean inter-burst intervals moderately increased between 20 to 60 DIV (Fig. 3.11c).
Variability was typically quite low and did not have any development-related trends. The CVs of
IBIs fluctuated below 0.5. The burst durations decreased throughout development.

When we analyzed the model parameters conditioned on b, we saw the main change associ-
ated with network excitability. However, the change was the opposite compared to the rodent
cultures (Fig. 3.11a). Network activity appeared to emerge in the oscillatory state and then slowly
decayed toward the excitable state where it stabilized. We hypothesize that desynchronized activ-
ity with a high firing rate at the early stages of development in these cultures may be associated
with a single hight-activity fixed point state that appears in the model with high excitability and
low adaptation strength (Fig. 3.11d). In Fig. 3.11f we show the activity in this state. Adaptation
timescale as well as noise intensity showed only a small decrease over the course of development
in hPSC cultures.

Our results suggest that hPSC culture has an inverted developmental trajectory. However,
at mature states, their dynamics appear to converge to an excitable state and thus might be
consistent with standard network bursting observed in rodent cultures.
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Figure 3.11: Human PSC cultures show an opposite pattern of development compared to primary rodent
cortical cultures and appear to decrease their excitability and transition to the excitable state (a) The
rodent cortical cultures in this dataset consistently show a large change in the network excitability and
transition to the oscillatory states. The human hPSC cultures, in contrast, first show oscillatory-like
bursting and then slowly transition to the excitable state. The parameters here are conditioned on b = 2.5.
(b) Adaptation timescales ⌧w fluctuate between decreased over the course of developments. Noise intensity
grows as cultures mature, which is possibly related to the increasing intrinsic noise in the networks as
more connections appear. (c) Changes in the bursting summary statistics throughout development in the
data (left) and in the model with parameters from a,b. IBIs were significantly different both over the
development and between culture types, yet the directions of change were different (DIV F(4,103)=22.5,
p<0.0001; Type F(1,103)=529.7, p<0.0001; Interaction F(4,103)=8.3, p<0.0001, note that we fit 2-way
ANOVA only for overlapping days 17-35 DIV). The CV of IBIs was significantly lower for hPSC cultures
(F(1,103)=16.1, p=0.00012) and decreased with the development (F(4,103)=4.17, p=0.003), we did
not see a significant effect of the interaction (F(4,103)=1.04, p=0.38). Average durations were also
significantly longer for hPSC cultures (F(4,103)=827.5, p<0.0001), there was also a significant effect of
the development (F(1,103)=13.1, p<0.0001) and interaction between the culture type and development
(F(1,103)=6.8, p<0.0001). (d, e) Comparison of the network spike rate for both the model and data. The
model well captures the main changes in the bursting activity, however, it fails to closely reproduce the
burst shapes.
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Probing network excitability experimentally

To further relate the excitability in the model to the changes associated with an increasing
network excitability in cultures, we recorded network dynamics of hippocampal cultures in
various concentrations of potassium chloride (KCl) and show that increasing excitability is
associated with changes in the overall model excitability and decreasing b � ✓ dependency
slope (Fig. 3.12).

In previous sections, we showed that the major effects that we observed during development
might be attributed to an increase in overall excitability. This effect might be associated with an
increasing number of connections in the network as well as an increase in single-cell excitability.
To further relate the changes in the model parameters with the changes in the network dynamics,
we recorded network activity of cultures of dissociated hippocampal neurons in 5 different
concentrations of KCl ranging from 1.5mM to 7mM.

Changing potassium chloride is one of the standard ways to control neuronal excitability (He
et al., 2020; O’Leary et al., 2010; Penn et al., 2016; Rhoades & Gross, 1994; Rienecker et al.,
2020; Sancristóbal et al., 2016). The main effect of potassium is associated with the changes in
the resting potential of the membrane and according to the Goldman-Hodgkin-Katz-equation
increasing the KCl concentration leads to a logarithmic change in the resting potential (Sterratt
et al., 2011).

The hippocampal neurons were obtained from the E19 rat embryos using standard dissection
protocols (see details in Appendix A.2). Neurons were seeded onto 13mm radius coverslips and
cultured for 14-28 days in vitro. We recorded the population activity with Ca-indicator Fluo-4 in
different concentrations of KCl.

Cultures recorded in 1.5-7mM of KCl showed bursting activity. We did not observe network
bursting in 10mM of KCl, which might be either associated with depolarization block or the
effects of inhibition on the network activity that we do not explicitly model here (He et al., 2020).
On average, hippocampal cultures decreased their IBIs as the concentration of KCl increased
from 1 to 5.5mM (F(4,86)=5.28 p=0.0007). We did not see a significant difference in IBI between
5.5mM and 7mM (post hoc t-test, p=0.94). We did not see significant differences in the burst
durations (F(4,86)=1.9,p=0.1) and the CV of IBIs (F(4,86)=0.7,p=0.55).

We fit the model to the network bursting activity to validate how model parameters are related
to the increasing or decreasing excitability in vitro. We sample from the approximated posterior
given the experimental summary statistics and visualize the model parameters. The main effect
of changing KCl concentration can be related to increasing overall excitability in the network,
assuming that the adaptation parameters do not change. As discussed in the previous sections,
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Figure 3.12: Increasing the excitability of the network in vitro is associated with the decrease of adaptaiton-
excitability b� ✓ slopes. (a) The marginal posterior distributions of the model excitability and adaptation
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Example traces for the Ca-recordings over the whole field of view and the fitted model (rate is convolved
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because of the invariance in b� ✓ � ⌧w space, the changes in excitability can also be matched by
decreasing the slope of the ✓ � b dependency.

Overall, the main effect of the increasing excitability experimentally is captured by the
changes in ✓ and a corresponding change in the slope of the ✓ � b dependency.

3.3 Discussion

Network bursting emerges in networks in vitro comprised of different neuron types, ranging
from rodent cortical or hippocampal neurons to human hPSC. The temporal statistics of network
bursting can be well captured by a model that includes noise recurrent activity and a slow
adaptation/recovery mechanism. Network bursting may then be governed by three different
types of dynamics: oscillation, excitable dynamics, and bistability. We build a simplified
model that allows us to probabilistically map the statistics of network bursting onto different
dynamical states and a small number of corresponding model parameters. Fitting a large variety
of experimental data suggests that the network dynamics of cultures are consistent with excitable
and in some cases with oscillatory dynamics. We find that cortical cultures, on average, have
larger network excitability, which also may lead to noisy oscillatory dynamics. The activity in
mature hippocampal cultures is, at the same time, governed by excitable dynamics.

We map the development of collective activity in vitro and find that the network activity
transitions between different dynamical states. Thus, cortical cultures transitioned from the
excitable state to the oscillation as cultures matured. Hippocampal cultures, in contrast, showed
only a small change in overall excitability and stayed within the excitable state. Additionally, we
analyzed the developmental pattern of one type of hPSC culture. We found that these cultures had
a completely different maturation pattern. Their immature activity was governed by oscillations
and then the networks slowly converged toward excitable dynamics.

The simplified model that we used is closely related to the models used to approximate
cortical network dynamics in vivo and ex vivo (Jercog et al., 2017; Levenstein et al., 2019; Mattia
& Sanchez-Vives, 2012). Thus, a similar model that uses a more realistic nonlinearity (e.g Siegert
function that is derived directly from a network of LIF neurons, see also Chapter 2) has been
used to map the activity of cortical slices (Mattia & Sanchez-Vives, 2012; Sanchez-Vives et al.,
2000). Slices of the cortex exhibit slow-wave oscillations that strongly resemble network bursts,
although they appear to be less variable (Sanchez-Vives et al., 2000). Mattia et al.(2012) showed
that the slow waves in slices of the cortex are likely governed by oscillatory activity. Our results
in this context might suggest that cortical cultures of dissociated neurons may be developing to
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exhibit a similar type of dynamics.

Levenstein et al. (2019) recently proposed that the cortical and hippocampal activity in
vivo during sleep might be governed by excitable dynamics, either in up or down states. Their
modeling approach is very similar to ours, apart from a sigmoid nonlinearly in the adaption
variable and the autocorrelation in the noise (in contrast to our white noise). To find the model
parameters, they also use a set of summary statistics that include the average event duration and
the duration inter-event intervals as well as their variability. Finally, Jecorg et al.(2017) used a
simplified model to show that the up-down transitions in the steady-state cortical activity might
be consistent with bistable dynamics.

We fit the model parameters, using amortized simulation-based inference (Gonçalves et al.,
2020). This approach allows us to fit a single flow-based probabilistic network to predict the
posterior distribution of parameters given the data (Cranmer et al., 2020; Lueckmann et al., 2017).
Then we evaluate the approximated posteriors for a wide range of parameters. This allowed us to
explore the dependencies between parameters and identify invariant manifolds. Furthermore, by
exploring the posteriors we could derive some equations for the dependencies that guided our
analytical exploration of the model. This illustrates that using simulation-based inference for
simple models can help to gain useful insights into the analysis of models.

Fitting the model to the summary statistics of bursting activity in vitro, allowed us to detect
the differences between cortical and hippocampal cultures. The results of fitting showed that
these differences are driven by the changes in the network excitability. Physiologically this
should indicate either higher single-neuron excitability or more connections between neurons
with a higher rate of spontaneous synaptic release. Differences in excitability directly predict
that cortical networks are more susceptible to stimulation, which can be further tested experimen-
tally. There are studies showing these differences between cortical and hippocampal networks.
Thus, cortical cultures appear overall to grow more connections and have proportionally fewer
inhibitory connections as identified in percolation experiments (Soriano et al., 2008). Further-
more, there is also recent direct evidence for higher responsiveness of cortical network in vitro
(Callegari et al., 2022).

We explored the difference between the network states over development and found that
hippocampal and cortical cultures increase their overall excitability. Cortical cultures, however,
show a much stronger increase and transition toward oscillatory states, which explains the
differences when only average statistics in the mature phase are considered. The changes in
overall excitability, in this case, are likely due to a growing number of connections (Maeda et al.,
1995; Soriano et al., 2008; Wagenaar et al., 2005). Here, we again expect that mature culture
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should show a higher level of responses to external stimulation, which has been previously
observed (Wagenaar et al., 2005). In one dataset (Hyvärinen et al., 2019; Kapucu et al., 2022),
cortical cultures only briefly transitioned to the oscillatory state and then returned to the excitable
states.

In contrast to the rodent cultures, the dataset of hPSC culture recording (Hyvärinen et al.,
2019; Kapucu et al., 2022), showed the opposite developmental trajectory. At early developmen-
tal stages, hPSC neurons displayed asynchronous firing, then at around 20 DIV, the networks
started to show slow oscillatory activity and finally slowly converged to excitable activity. The
statistics of the network events were very different from the rodent cultures. However, the
model suggests that the dynamical states might be consistent, although the underlying adaptation
timescale for hPSC was much longer and the intrinsic noise was smaller. Here we analyzed only
one type of hPSC culture, which displayed a very specific pattern of network activity, which
might be quite different from other preparations (Estévez-Priego et al., 2023).

The development of collective activity indeed could be the hallmark of the successful
development of hPSC cultures and may help to establish hPSC as a platform for human-specific
disease modeling (see Chapter 6). The number of protocols in which the collective activity has
been established is rapidly growing. However, staging of human hPSC based on the displayed
dynamics remains challenging, because of the high variability between protocols (Estévez-Priego
et al., 2023). Using computational models for studying network dynamics might be a plausible
way to relate different preparations to each other and compare the resulting activity to the activity
of cultures of dissociated human neurons and rodent cultures.

Finally, to relate the changes in living networks and associated differences in the model,
we experimentally changed the excitability in the network of neurons by changing the level
of KCl. This helped us identify that higher network excitability for our network could be
matched either by higher model excitability or weaker adaptation strength. The changes in
network dynamics that we observed for higher or lower levels of KCl are consistent with earlier
observation (Rhoades & Gross, 1994; Sancristóbal et al., 2016). The main effect was related to
an increase in the rate of network bursting. Interestingly, early models Giugliano et al., 2004 as
well as a simple change of excitability in our simplified model predict a decrease in the variability
of IBIs. That is not what we found experimentally. Finally, when KCl is increased to 10mM
and above, collective network events disappear. This result could be consistent with a phase
transition from excitable dynamics to a single high-fixed point in our model. However, the model
failed to resolve this quantitatively. Thus, we would expect to see a more gradual transition and
some intermediate activity with longer burst durations. Secondly, this could be related to the
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discoordination of collective dynamics mediated by inhibition or depolarization block (He et al.,
2020; Rienecker et al., 2020) and might require a different modeling approach to fully capture
this transition.
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CHAPTER 4. NETWORK TOPOLOGY LEADING TO THE FORMATION OF BALANCED
E/I INPUTS

Summary

Experimental studies show that the balance of excitation and inhibition in cortical circuits
emerges not only structurally but also functionally (Okun & Lampl, 2008). This means that
excitatory and inhibitory inputs to a neuron are fine-tuned and strongly correlated during both
spontaneous and evoked activity. Theoretical work suggests that such a balance might be essential
for efficient neural coding (Deneve & Machens, 2016) as well as signal propagation (T. Vogels
& Abbott, 2009). One of the suggested mechanisms that help to develop a tight balance of
excitation and inhibition (E/I balance) is inhibitory plasticity (Sprekeler, 2017; T. Vogels &
Abbott, 2009). This type of long-term plasticity dynamically adjusts the weights of incoming
inhibitory connections. It has been shown that this type of plasticity both creates the tight E/I
balance and helps to develop neuronal tunning when a post-synaptic neuron receives structured
feedforward sensory inputs (T. P. Vogels et al., 2011).

The ability of inhibitory plasticity to develop E/I balance and neuronal tuning rapidly dete-
riorates when inputs are noisy or read out from a recurrent network. In this project, we show
that introducing a specific topology in the presynaptic network restores both the neural tuning
and E/I balance on the post-synaptic neuron. Using simulation-based inference, we found that
optimal connectivity of the presynaptic networks should include strong assemblies of excitatory
neurons that receive shared sensory inputs along with more diffuse inhibitory connectivity that
controls the signal propagation.

Contributions. This work is published as a preprint (Giannakakis et al., 2023). The
project is led by Emmanouil Giannakakis, who designed the network, selected the plasticity
rules, and obtained the initial results for neuronal assemblies. Victor Buendía performed
analytical derivation for the equivalent linear model, details of which can be found in the
original publication (Giannakakis et al., 2023). My main contribution is the application of
simulation-based inference and analysis of the dynamics of the network with different assembly
strengths.
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CHAPTER 4. NETWORK TOPOLOGY LEADING TO THE FORMATION OF BALANCED
E/I INPUTS

4.1 Introduction

4.1.1 Excitation/inhibition balance and input selectivity

Input selectivity is a ubiquitous mechanism for encoding information in neuronal networks.
Neurons display preferential sensitivity to stimuli, beginning with selectivity for basic features of
environmental stimuli in lower sensory areas (such as orientation and direction) and moving to
more complicated spatiotemporal patterns in higher areas (Riesenhuber & Poggio, 1999). Such
selectivity is usually called neuronal tuning (Kriegeskorte & Wei, 2021). The mechanisms by
which this input selectivity arises in the nervous system have been extensively investigated in
experimental and modeling studies (Bienenstock et al., 1982; Blais et al., 1998; Brito & Gerstner,
2016; Clopath et al., 2016).

Input selectivity is attributed to excitatory and inhibitory neurons (Isaacson & Scanziani,
2011). Some experimental studies found that excitatory and inhibitory neurons show very similar
tunning properties and it has been suggested that excitation and inhibition are co-tuned (Wehr &
Zador, 2003). Other studies found evidence for broader tunning of inhibitory neurons (tip of the
iceberg model, Isaacson and Scanziani (2011) and G. K. Wu et al. (2008)). The complete picture
of whether different types of tuning coexist or should be attributed to different coding schemes is
still missing (Deneve & Machens, 2016; Sprekeler, 2017; G. K. Wu et al., 2008).

Simultaneously, there is evidence for a strong temporal correlation of excitatory and in-
hibitory currents that arrive on a single post-synaptic neuron. This has been shown both during
spontaneous and evoked activity in cortical circuits (Barral & D Reyes, 2016; Okun & Lampl,
2008). Theoretical studies clearly show how such a balance of excitation and inhibition can
govern asynchronous irregular activity, which is assumed to be the default dynamical state of
cortical networks (Renart et al., 2010). However, it is not immediately obvious how balancing E/I
currents that cancel each other out would promote coding, memory, or signal prorogation. Early
studies showed that balanced E/I allows for faster signal processing (Vreeswijk & Sompolinsky,
1998). More recently, it also has been shown that under some assumptions balanced E/I is
beneficial for efficient coding and computations (Deneve & Machens, 2016).

The balance of excitation and inhibition can emerge by design or can be promoted by synaptic
plasticity. Early studies analyzed the activity of random networks (Vreeswijk & Sompolinsky,
1998), where tight E/I balance can emerge simply by the choice of the connectivity matrix.
More recently, there has been a lot of effort in trying to resolve the emergence of E/I balance
for inhomogeneous structured networks (Sprekeler, 2017). One of the dominant views in the
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field is that the tight balance of excitation and inhibition can be promoted by synaptic plasticity
mechanisms (T. P. Vogels et al., 2011; Y. K. Wu et al., 2022). Thus, inhibitory plasticity
has been suggested as one of the main candidates for balancing inhibitory weights to match
a given excitatory input structure (Hellyer et al., 2016; Khajehabdollahi et al., 2021; Luz &
Shamir, 2012; T. P. Vogels et al., 2011). It also has been shown that plasticity together with a
normalization mechanism can endorse simultaneous development of matching excitatory and
inhibitory connectivities (Effenberger et al., 2015; Giannakakis et al., 2020; Larisch et al., 2021;
Litwin-Kumar & Doiron, 2014; Mackwood et al., 2021; Miehl & Gjorgjieva, 2022; Zenke et al.,
2015).

Most of the studies on the development of E/I balance and stimulus tuning relied on a simple
setting where a postsynaptic neuron receives feedforward projections that carry inputs and
adjusts its weights using various plasticity mechanisms. Such settings allow a neuron to learn
statistical dependencies present in the inputs (S. Eckmann & Gjorgjieva, 2022; T. P. Vogels
et al., 2011). It remains, however, unclear if inputs that propagate through a recurrent network
can still maintain the necessary statistical structures for E/I balance and input selectivity to
emerge. Similarly, it is unclear if the balance and tuning emerge when inputs are corrupted by
noise. Here we analyze the E/I balance and input tunning in a single post-synaptic neuron that
receives inputs from either a feedforward or recurrent network of neurons. The E/I weights in
these post-synaptic neurons develop according to a combination of excitatory and inhibitory
plasticity mechanisms with a divisive normalization mechanism (S. Eckmann & Gjorgjieva,
2022; Gjorgjieva et al., 2011; J.-P. Pfister & Gerstner, 2006; T. P. Vogels et al., 2011). In a
standard feedforward setting such a post-synaptic neuron develops E/I balance and stimulus
tunning. Next, we show that input noise or propagation of inputs through a recurrent presynaptic
network strongly deteriorates the E/I balance and tuning. To counteract these detrimental effects
of recurrence and noise we introduce stimulus-specific assemblies of neurons in the presynaptic
network. The near-optimal connectivity configurations involve strong excitatory assemblies and
weaker inhibitory assemblies. Finally, we demonstrate that assemblies allow co-tuning to emerge
even in sparsely connected networks if their relative strengths are adjusted for the sparsity level.
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4.2 Results

4.2.1 Self-orgnization of E/I balance and neuronal tuning in a
feedforward network

Network model

We assume that cortical neurons tuned to a stimulus receive balanced excitatory and inhibitory
inputs. Plasticity mechanisms can easily promote the emergence of these features. We model
a single read-out postsynaptic neuron stimulated by a population of N = 1000 pre-synaptic
neurons. The pre-synaptic neurons are divided into M subpopulations Gi, i 2 {1, . . . ,M}. Each
group receives identical group-specific inputs (Fig. 4.1). The groups are comprised of excitatory
(80%) and inhibitory (20%) neurons. Additionally, every neuron is driven by independent
external noise (T. P. Vogels et al., 2011). In this setting, each presynaptic group has a highly
correlated pattern of activity.

Neurons are modeled as leaky integrate-and-fire (LIF) neurons with dynamic synapses:

Cm ·
dV (t)

dt
= gleak · (Vrest � V (t)) + gI(t) · (VI � V (t))� gE(t) · (VE � V (t)), (4.1)

where Vrest is the resting potential, VE, VI are the excitatory and inhibitory reversal potentials
and gleak the leak conductance. Additionally, the excitatory and inhibitory conductances gE, gI
decay exponentially over time and get boosts upon excitatory or inhibitory pre-synaptic spiking
respectively, as

⌧E ·
dgE(t)

dt
= �gE(t) + gE ·

X

j

WE
j ·

X

f

�(t� tfj ),

⌧I ·
dgI(t)

dt
= �gI(t) + gI ·

X

j

W I
j ·

X

f

�(t� tfj ).

(4.2)

Here tfj denotes the time of a f -th spike of the j�th neuron. When the membrane potential
reaches the spiking threshold Vth, a spike is emitted, and the potential is changed to a reset
potential Vreset. Thus, the model is very similar to the one used in the previous chapter 2. The
biggest difference is that single neurons do not have spike-frequency adaptation but have more
realistic synapses.

Connections to a post-synaptic neuron in our model also evolve in time according to the
inhibitory and excitatory plasticity rules. The weights are also additionally normalized with
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Figure 4.1: A diagram of the network. A post-synaptic neuron receives connections from M groups, each
of which processes an independent input sequence. The purple recurrent connections are absent in the
feedforward version of the model. The inputs to post-synaptic neurons develop according to excitatory
and inhibitory plasticity rules.

a competitive normalization method (S. Eckmann & Gjorgjieva, 2022), which prevents the
runaway weight’s growth.

Excitatory connections follow the classical triplet STDP rule (J.-P. Pfister & Gerstner, 2006).
This rule has been shown to approximate the synaptic weight changes found under the triples
of stimulation in experimental studies (Wang et al., 2005). The firing rates of the pre-synaptic
excitatory neurons and the post-synaptic neuron are approximated by traces with two different
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timescales,

⌧ estdp1 ·
dyEk
dt

= �yEk +

X

f

�(t� tfk),

⌧ estdp2 ·
dzEk
dt

= �zEk +

X

f

�(t� tfk),

⌧ estdp1 ·
dx1

dt
= �x1 +

X

f

�(t� tfx),

⌧ estdp2 ·
dx2

dt
= �x2 +

X

f

�(t� tfx),

(4.3)

where ⌧ estdp1 < ⌧ estdp2 are the two timescales of the plasticity rule, yEk , zEk and x1, x2 represent
the slow and fast traces of the k-th excitatory pre-synaptic and the single post-synaptic neuron
respectively. tfk and tfx are the firing times of the pre and post-synaptic neurons. The connection
weights are updated upon pre and post-synaptic spiking according to

�WE
k = ⌘E · ALTP · x1 · z

E
k ·

X

f

�(t� tfk)� ⌘E · ALTD · x2 · y
E
k ·

X

f

�(t� tfx), (4.4)

where ⌘E is the excitatory learning rate and ALTP , ALTD the amplitudes of long term depression
and potentiation respectively. The detailed description of the triplet STDP can be found in
(Gerstner et al., 2014; Gjorgjieva et al., 2011; J.-P. Pfister & Gerstner, 2006)

Inhibitory connections follow the homeostatic STDP rule (T. P. Vogels et al., 2011). Approxi-
mations of the firing rates are kept via a trace for each of the pre-synaptic inhibitory neurons as
well as the post-synaptic neuron,

⌧ istdp ·
dyIk
dt

= �yIk +
X

f

�(t� tfk),

⌧ istdp ·
dx

dt
= �x+

X

f

�(t� tfx),

(4.5)

where ⌧ istdp is the single timesclae of the plasticity rule, yIk and x are the traces of the the kth

inhibitory pre-synaptic and the single post-synaptic neuron, and tfk , t
f
x are the spike times of the

kth inhibitory pre-synaptic and the post-synaptic neuron respectively. The connection weights
are updated upon pre and post-synaptic spiking as

�W I
k = ⌘I · (x� 2⇢0⌧

stdp
) ·

X

f

�(t� tfk) + ⌘I · y
I
k ·

X

f

�(t� tfx). (4.6)
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Here, ⌘I is the inhibitory learning rate, and ⇢0 is the target rate of the post-synaptic neuron.
Finally, since the triplet STDP rule is unstable and can lead to uncontrollable weight growth

(Gerstner et al., 2014), we use a recently proposed normalization mechanism (S. Eckmann &
Gjorgjieva, 2022).

WA
k  WA

k

 
1� ⌘N + ⌘N ·

WA
targetPNA

i=1 W
A
i

!
, A 2 {E, I}. (4.7)

Where WA
target is the target total weight of each connection type and ⌘N is the normalization

learning rate. The normalization maintains the sum of the excitatory and the sum of the inhibitory
feedforward connections weights close to the set target total weights WE

target and W I
target. Note

that Eckmann et al. (2022) used this mechanism for the rate model, here we for the first time
introduce it for a spiking neuron.

The external input to each of the pre-synaptic neurons is comprised of two Poisson spike
trains. The first Poisson spike train is shared with all the other neurons of the same group, while
the second Poisson spike train is the individual noise of the neuron,

Ctotal = Csignal + Cnoise, (4.8)

where Csignal ⇠ Poisson((1� c) · r) and Cnoise ⇠ Poisson(c · r). Here, r is the total firing rate of
the input, and c is the strength of the noise. Csignal is the same for all neurons of the same input
group, while Cnoise is individual to each neuron

Development of E/I balance on the post-synaptic neuron

Excitatory and inhibitory plasticity balances the excitatory and inhibitory synapses, which
promotes a tight balance of incoming excitatory and inhibitory currents. We simulate the postsy-
naptic neuron that receives feedforward inputs (recurrent connections in each group are turned
off) and analyze the resulting dynamics. Usually, after about 50 seconds of weights development,
the incoming weights from each group converge to individual fixed points (Fig. 4.2b). The
average excitatory and inhibitory currents appear to be tightly balanced in time, with inhibition
slightly lagging behind excitation, because of the fixed difference in synaptic timescales. This
allows for brief changes in the firing rate induced by an incoming stimulus. On average excitation
and inhibition, currents cancel each other out (Fig. 4.2a). This type of balance is similar to a tight
E/I balance, which has been shown to promote efficient coding and computations (Deneve &
Machens, 2016). Note that for our model, the necessary prerequisite for this type of E/I balance
is a strong correlation between incoming excitatory and inhibitory weights. We thus can quantify

95



CHAPTER 4. NETWORK TOPOLOGY LEADING TO THE FORMATION OF BALANCED
E/I INPUTS

100s

a

M
em

br
an
e

C
ur
re
nt
(n
A) 1.0

-1.0

0.0

Co
nn
ec
tio
n

St
re
ng
th
(n
S)

40s

6.0

-6.0

0.0

Correlation
-1 1

E I

E

I

d e

4.0 5.0 6.0
4.0

5.0

6.0

b

Po
st
sy
na
pt
ic

fir
in
g
ra
te
(H
z)

Fi
rin
g

ra
te
(H
z)

Groups

G8
G3
G1

1 2 3 4 5 6 7 8
1

3

5

c

250ms

Figure 4.2: Balance and tuning in a feedforward network. (a) Excitatory and inhibitory currents at the
post-synaptic neuron (after plasticity has converged). The black trace is the average of two. Transients
occur because inhibition slightly lags behind the excitation. (b) Convergence of the weights under
plasticity. The modified (the sign of inhibitory activities is inverted) covariance matrix determines the
convergence point of the plasticity protocol. Here we see a near-optimal matrix that leads to very clear
co-tuning. (c) The post-synaptic neuron’s response to inputs given to different groups. The resulting
firing rates depend on which group was stimulated, which leads to the input selectivity. (d) E/I weights
projecting onto a postdynaptic neuron demonstrate co-tuning: most groups have distinct weights and the E
and I weights of each group match each other. (e) Correlation in the feedforward connectivity that allows
for perfect balance and tuning at a postsynaptic neuron

the detailed balance with the Pearson correlation coefficient between the mean excitatory and
inhibitory weights of each group,

B =
Cov

�
hWE

G i, hW
I
Gi,
�

Std (hWE
G i) · Std (hW

I
Gi)

, (4.9)

where hW k
Gi =

�
hW k

G1
i, hW k

G2
i, . . . , hW k

Gm
i
�
, k 2 {I, E} and hW k

Gi
i is the average projection

weight from the excitatory (k = E) or inhibitory (k = I) neurons in group i. In networks with
high balance B, the strength of incoming E and I currents are highly correlated.
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Balanced post-synaptic neurons can discriminate incoming inputs

When we let the network run and develop weights converging on the postsynaptic neuron
according to the plasticity rule, the responses of a readout neuron to stimulation of different
groups become diverse and discriminable (Fig. 4.2c). Thus, neuronal tuning emerges. The post-
synaptic neuron discriminates the inputs from different groups when projections from each group
are diverse (Fig. 4.2d). If the firing rate in response to stimulation of each group is sufficiently
different the stimulus identity can be read out by the relative values of the output firing rate.
This type of coding is easily achieved if the connections from each group are well separated
by their synaptic strength. In this case, groups with stronger projections to the postsynaptic
neuron would elicit stronger responses. Groups with weak projections would accordingly elicit
weaker responses. Note that the outgoing connections from neurons inside one group are highly
correlated (Fig. 4.2e). We quantify the neuronal tuning using a weight diversity metric:

D = 1�
1

M · Std (WE)

MX

i=1

Std(WE
Gi
), (4.10)

where W k, k 2 {E, I} is the set of (E or I) feedforward connection weights and W k
Gi
, k 2

{E, I} is the subset of (E or I) feedforward connection weights from input group i. Diversity
D 2 [0, 1] equals unity when the feedforward connections from each group are similar within a
group, but different across groups; D is close to zero when there is no difference between groups.

The point at which the feedforward weights converge is determined by the covariance matrix
of the activity of presynaptic neurons. For a rate network, the fixed points to which the weights
converge are fully determined by the eigenvectors of the covariance matrix (Clopath et al., 2016;
S. Eckmann & Gjorgjieva, 2022; T. P. Vogels et al., 2011).

97



CHAPTER 4. NETWORK TOPOLOGY LEADING TO THE FORMATION OF BALANCED
E/I INPUTS

0.0

0.5

1.0

Ba
la
nc
e

0.0

0.5

1.0

Ba
la
nc
e

a

0.0

0.5

1.0

D
iv
er
si
ty

0.0

0.5

1.0

D
iv
er
si
ty

0.0 0.5 1.0

Noise

Balance
Diversity

Noise=0.1

Noise=0.5

Noise=0.9

Coupling=0.15

Coupling=0.45

Coupling=0.75

0.0 0.5 1.0
0.0

0.5

1.0

C
or
re
la
tio
ns

d

e

f

0 0.5 1.0

Recurrence

0 0.5 1.0
0.0

0.5

1.0

C
or
re
la
tio
ns

In Group
Betw. Groups

ca

b

RecurrenceNoise to signal ratio
200ms

Figure 4.3: Noise and Recurrence Destroy E/I Co-Tuning. (a) An increase in the noise the network
receives leads to a reduction in diversity (green) and after some point also balance (purple). b. This
decrease is caused by an increase in in-group correlation. (c) As the noise increases (indicated above the
panel) spiking activity becomes more asynchronous. (d) An increase in the recurrent coupling strength
leads to a rapid decrease in balance and diversity, which is caused by (e) an increase in the between-group
correlation. (f) The spiking activity becomes more synchronous as the coupling strength increases.

4.2.2 Noise and recurrent connectivity destroys the ability of
STDP to produce E/I balance and neuronal tuning

While it is reasonable to assume that in some early sensory areas, the connections that convey the
information are sufficiently feedforward (Antolík et al., 2016; Klindt et al., 2017), most areas of
the brain receive inputs from highly recurrent networks. Additionally, incoming stimuli might be
noisy (Aponte et al., 2021; Ecker & Tolias, 2014). We use our network model to probe the effect
of noise and recurrence on the E/I balance and neuronal tuning. To control the noise level we
change the fraction of signal spikes that presynaptic neurons of the same group receive and the
noise spikes from an independent Poisson process. Thus, we can flexibly set the noise-to-signal
ratio.

Input noise decorrelates the activity of neurons from the same input group. This leads to the
reduction of the weight diversity (Fig. 4.3a). The E/I balance is much less affected by the noise
and starts to decrease only when stimuli contain almost only noise (Fig. 4.3b,c).

Next, we start adding recurrent connections between the presynaptic neurons and observe that
it jeopardizes both the diversity and balance (Fig. 4.3d). Recurrence introduces cross-correlations
in the presynaptic neurons (Fig. 4.3e). Stimulus-evoked activity in this case propagates through-
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Figure 4.4: Optimized assemblies of neurons restore the co-tuning in recurrent noisy networks. Top row
— networks with uniform connectivity, bottom — networks with inferred optimal assembly strengths. (a)
Diagram of the network, with uniform connectivity and inferred optimal assembly strengths. (b) Stimulus-
driven activity of the networks with (bottom) and without (top) assemblies. (c) Approximate posterior
distributions of excitatory and inhibitory assemblies strength. (d) Balance in homogeneous networks (top)
and optimized assemblies (bottom) networks with different strengths of noise and coupling. (e) The same
for diversity. Assemblies restore co-tuning even with strong noise if given sufficient coupling strength. In
the homogeneous networks, the strong coupling is detrimental to the development of co-tuning.

out the whole presynaptic network, which naturally compromises the ability to discriminate
stimuli (Fig. 4.3f)

4.2.3 Assemblies of neurons restore the ability of STDP to
produce E/I balance neuronal tuning

Increasing connectivity between neurons that receive a shared input helps to restore the necessary
covariance structure that allows for the E/I balance and neuronal tuning. Homogeneous recurrent
connectivity in the presynaptic population destroys both E/I balance and tuning on the post-
synaptic read-out neuron. One possible way to counteract the effects of recurrence and, as we
will see later, noise is to introduce inhomogeneous connectivity.

We introduce stronger recurrent connectivity between neurons of the same input group. This
forms assemblies of neurons that share input and helps to maintain the beneficial correlations
in the activity of the presynaptic network (Fig. 4.4a bottom). To investigate the effects of
assemblies, we define an assembly strength metric as a ratio of the average input from the same
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group and type (E/I) neurons to the total average input from the given type of neurons:

rab =
Cab

in

Cab
in + Cab

out

=
W ab

in

W ab
in + (M � 1) ·W ab

out

, a, b 2 {E, I}, (4.11)

where Cab
in in the total input a neuron of type b receives from neurons of type a, for a, b 2 {E, I},

of its own input group and Cab
out is the total input a neuron of type b receives from neurons of

type a, for a, b 2 {E, I}, from all other input groups.

Since we keep all connections of the same type equal Cab
in =

p·N
M ·W ab

in and Cab
out =

p·(M�1)·N
M ·

W ab
out, where p is the probability of connection between two neurons, W ab

in the connection
strength between neurons of the same group and W ab

out the connection strength between neurons
of different groups. We vary assembly strengths for each type of connection rEE, rEI , rIE, and
rII while keeping the total input to a neuron Cab

in +Cab
out =

p·N
M ·(W ab

in +(M�1)·W ab
out) =: p·N ·W

constant. Here, W is a coupling strength, the same as in the network without assemblies. Thus,
we can vary the fraction of input coming to a neuron from its input group without changing the
average recurrent excitatory and inhibitory inputs it receives.

Simulation-based inference of assembly strengths

Overall we have four different assembly strengths rEE , rEI , rIE , rII for the presynaptic popula-
tion. We observed that introducing strong assemblies for all types of connections restores the
diversity and balance at the postsynaptic neuron. However, to systematically find the optimal
combination of assembly strengths, we use simulation-based inference (Cranmer et al., 2020;
Gonçalves et al., 2020). With this approach, we find the combination of parameters that produce
the detailed E/I balance (B ⇡ 1) and maximum weight diversity (D ⇡ 1).

Similarly to the previous chapter (2), we apply the population Monte-Carlo Approximate
Bayesian Computation (PMC-ABC) method (Beaumont et al., 2009). One challenge that we
faced in this project is that to obtain the balance and diversity metrics, we need to simulate
networks until the plasticity converges. Given that ABC requires a substantial number of
simulations (Lueckmann et al., 2021), we had to look for surrogate metrics that we would
optimize. Luckily, as discussed above, the ability to produce E/I balance and neuronal tuning
(e.g. optimize balance (B) and weights diversity (D)) is determined by the covariance of the
presynaptic network activity. In an ideal case that allows for perfect balance and diversity, the
correlation between neurons from different groups is close to zero, whereas the correlation
between neurons from one group is close to one. We define the loss function using the in-group
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and between-group correlations of the presynaptic network:

L = �↵C2
in � �

⇥
(1� CE!E

out )
2
+ (1� CE!I

out )
2
+ (1� CE!I

out )
2
⇤
.

. The loss is then zero when the in-group correlations are equal to one and all between-group
correlations vanish.

We define a uniform prior p(✓). A set of parameters ✓ = [ree, rei, rie, rii] is sampled from it
and used to run the simulations for 3 seconds. We accept a parameter set if the loss is below
the error ✏, and keep sampling until the number of accepted samples is 60. We use the kernel
density estimate on the accepted samples to obtain an approximate posterior. Next, we rescale
this approximate posterior with the original before obtaining a proposal distribution that we use
as a prior in the next step of the ABC. In each step, we reduce ✏ by setting it to the 75th percentile
of the losses for the accepted samples. As a rule, we run 20 to 30 steps of the sequential ABC
until the loss converges. The fitting was done using a modified version of the simple-abc toolbox
https://github.com/rcmorehead/simpleabc/.

4.2.4 Networks with optimized assemblies of neurons regain the
ability to develop E/I balance and neuronal tunning

We first start by exploring the optimal assembly strengths in a fully connected presynaptic
network. We found that the optimized assembly strengths result in a covariance structure
that is very similar to the one observed in a feedforward/low-noise network. This allows the
plasticity to produce near-optimal co-tuning of the feedforward connections (Fig. 4.4c). The
approximated posterior distribution of the assembly strengths indicates that very strong E ! E

and E ! I assemblies and medium-strength I ! E and I ! I , (Fig. 4.4c) are the most probable
solutions. Fig. 4.4d shows the difference in balance and weight diversity when the postsynaptic
neuron receives projection from homogeneous and assembled networks. We checked how well
assemblies perform for different levels of coupling and noise. Given sufficient coupling strengths,
assemblies efficiently ameliorate the effects of noise and recurrence.

4.2.5 Perturbing the optimal assembly strengths indicates that the
networks are more robust to changes in the inhibitory but
not in the excitatory assemblies

Modifications in the connections of inhibitory and excitatory neurons have distinct impacts on
the dynamics of the network (Mongillo et al., 2018). Here we asked if tuning and diversity are
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also more sensitive to changes in individual types of assemblies.

We perturb various assemblies away from the optimal solutions to investigate the relative
importance of the different connection types. We take individual assemblies and one by one
check how fast the balance and diversity deteriorate as the parameters are perturbed away from
the optimal solution inferred with ABC (Fig. 4.5a). We find that E ! I and I ! E assemblies
have a strong impact on the E/I balance and neuronal tuning (Fig. 4.5b,e). In contrast, the
perturbations of I ! I and E ! I assemblies have a weaker effect on the balance and weight
diversity.

We also explored how network dynamics change when we perturb different assembly types
and how it relates to the balance and diversity. A network with optimal assemblies exhibits
asynchronous irregular activity with occasional stimulus-driven bursts of activity inside individual
groups (Fig. 4.5d and Fig. 4.4b).

When E ! E assemblies are reduced, the weight diversity rapidly drops, while the balance
metric first decreases and then increases. This behavior is related to two different bifurcations
in the whole-network dynamics. First, synchronous full-network bursts emerge on top of
the stimulus-induced firing. Then, as E ! E are reduced further, the network enters an
asynchronous irregular state (Fig. 4.5b) without any stimulus-driven events. The asynchronous
irregular state is beneficial for keeping the E/I balance but in the current settings is suboptimal
for discriminating stimuli.

Reduction of the I ! E assemblies is related to the simultaneous decay of both balance and
diversity metrics. When I ! E assemblies are too strong, the network exhibits synchronous
behavior that does not allow the emergence of co-tuned connectivity (Fig. 4.5e). Interestingly,
when I ! E assemblies are weaker than optimal, one group of neurons is active. This eventually
leads to perfect discrimination of only a single input. Interestingly, the optimal solution is found
at a transition between these two types of activity.

The balance and diversity are more robust to changes in both E ! I and I ! I assemblies.
Yet, perturbing the strength of these assemblies also leads to changes in the network dynamics
(although less detrimental). When E ! I assemblies are reduced, the weight diversity slowly
decreases, specifically because of the decrease in the diversity of inhibitory weights. Thus, the
activity of the inhibitory population becomes more asynchronous (Fig. 4.5c). On the other hand,
a network with uniform E ! I connection (i.e., without E ! I assemblies), shows a dramatic
reduction of the balance metric because of the very strong activation of a single neuron group
accompanied by the simultaneous activity of all inhibitory neurons.

When I ! I assemblies are weakened the network displays synchronous bursts on top of the
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Figure 4.5: Changes of the various assemblies strengths differently affect balance and diversity. (a) We
sequentially vary the value of each assembly strength, while keeping the rest of the parameters fixed at
the maximum a posteriori (MAP) solution (d). b. A decrease in the E ! E assembly strength (REE)
introduces synchronous burst-like events that jeopardize co-tuning and weight diversity. Further reduction
of the E ! E assembly strength results in sparse, asynchronous spiking which significantly reduces
tuning quality. (c) Reduction of E ! I assembly strength first leads to synchronous inhibitory firing
across groups and further reduction leads to the persistent activity of the whole inhibitory population
combined with bursts of excitatory activity that prevents the development of diversity. (e) Decreasing the
I ! E assembly strength leads to persistent activation of a single group of neurons (which affects the
tuning only marginally). While the increase of the I ! E assembly strength leads to oscillatory behavior
of the whole network. (f) Weakening the I ! I assemblies decreases the weight diversity by introducing
occasional synchronous bursts in the network while strengthening them leads to asynchronous inhibitory
activity.

stimulus-driven activity that only minimally reduces the balance and weight diversity (Fig. 4.5f).

The sparsity of a network’s recurrent connectivity shifts the optimal assembly
structure

Finally, we investigate the effects of the sparsity of the presynaptic populations on the formation
of E/I balance and neuronal tuning. Biological neural networks are usually very sparsely
connected (Barral & D Reyes, 2016; Seeman et al., 2018; Wildenberg et al., 2021), and the
sparsity of connections is associated with distinct dynamics (Brunel, 2000).

We observed that the impact of noise and recurrence on the deterioration of the balance and
weight diversity in sparse networks without assemblies is qualitatively similar to fully connected
networks. Thus, we examined the ability of neuronal assemblies to produce activity that restores
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balance and weight diversity in sparsely connected recurrent networks that receive noisy input.
We ran ABC to approximate the optimal distributions of assembly strengths for 5 different

levels of sparsity with the probability of connection p = 1.0, p = 0.75, p = 0.5, p = 0.25,
and p = 0.1. We preserved the total input per neuron across different sparsities by scaling the
coupling strength inversely proportional to p.

The first thing that we found is that the higher sparsity levels decrease the ability of assemblies
to improve the tuning and E/I balance on the postsynaptic neuron (Fig. 4.6a). The overall loss
after 21 ABC steps is larger for the sparse networks than for fully-connected networks and
increases with sparseness, (Fig. 4.6b). It was, however, still beneficial to have assemblies
(Fig. 4.6a). Thus, both the balance and diversity were significantly higher in the network with
assemblies, although the absolute values were low compared to a fully connected network.

Secondly, we find that the optimal assembly strength values are shifted for different sparsity
levels. The optimal strength of the E ! I , I ! E, and I ! I are weaker for the sparser
networks. The strongest effect was observed for the I ! I assemblies (Fig. 4.6c), where the
optimal solution included no I ! I assemblies.

Overall, despite an improvement in the balance and diversity metrics for most sparse networks,
the diversity was strongly affected by sparseness and could not be fully recovered by assemblies
(Fig. 4.6a). This reduced effectiveness is expected given the smaller number of connections and
the greater variance in the network’s connectivity.

4.3 Discussion

Input selectivity is a common characteristic of brain networks across different levels of hierarchy.
The emergence of such selectivity in higher brain areas depends on a neuron’s ability to differen-
tiate downstream inputs that arrive from highly recurrent networks. Nevertheless, most studies
of the emergence of E/I co-tuning via plasticity (Clopath et al., 2016; S. Eckmann & Gjorgjieva,
2022; Luz & Shamir, 2012; T. P. Vogels et al., 2011) assume a near-optimal input structure of
distinct, minimally correlated signals.

While there is a lot of evidence that in lower areas that receive direct sensory that strongly
preserves the original inputs (Antolík et al., 2016; Klindt et al., 2017), in higher cortical areas,
the topology of the recurrent networks places strong constraints on the statistics of these inputs.

Here, we demonstrate that two ubiquitous features of biological networks, internal noise,
and recurrent connectivity, can impact the statistics of inputs and prevent the plasticity-mediated
development of input selectivity on a postsynaptic neuron. Furthermore, both recurrence and
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noise strongly influence the ability of neurons to maintain E/I balance. We hypothesized that the
negative effects can be overcome by introducing inhomogeneous connectivity in the presynaptic
network. We examined whether the connectivity of the pre-synaptic network can be modified to
create a more beneficial statistical structure for E/I balance and input selectivity to emerge.

We investigated the idea that diverse neuron types may create functional assemblies. Intro-
ducing neuron-specific assemblies indeed helped to overcome the negative effects of recurrence
and noise. Plasticity mechanisms acting on a post-synaptic neuron driven by assemblies in a
presynaptic network could produce balanced E/I weights and input selectivity.

Cortical networks are known to be highly clustered (D’Souza et al., 2019; Hilgetag & Kaiser,
2004) with different kinds of neurons being more likely to follow different connectivity patterns.
Moreover, there is strong evidence for the presence of neuronal assemblies, characterized by
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strong interconnectivity and correlated functions (Badin et al., 2017; Miehl & Gjorgjieva, 2022;
Umbach et al., 2021). Recent experimental results that track the connectivity in the cortex with
high precision also suggest that functionally grouped neurons form assemblies and that such
assemblies can even span more than one cortical column (Ding et al., 2023).

The optimal assembly structure that we found is to some extent similar to classical lateral
inhibition (Blakemore et al., 1970). The optimal correlation structure in the presynaptic network
is promoted by the ability of each group to localize the activation by inhibiting the other groups.
Simultaneously, the full picture appears to be more complex as the optimal structure that we
found includes a significant degree of inhibitory assemblies. Moreover, there is a similarity
between the presynaptic network structure that we found and the recently proposed efficient
balanced network model (Deneve & Machens, 2016). In the network proposed by Denéve and
Machens (Deneve & Machens, 2016) inhibition acts laterally and cancels the input signal. This
allows the network to automatically represent an incoming signal as an error and leads to efficient
coding of input signals. The degree to which the structure discovered here can be used in the
efficient coding scheme remains to be studied.

To examine the functional implications of synaptic type-specific neuronal assemblies, we
parameterized the network topology using a quantitative metric for the strength of different
assembly types. This enabled efficient simulation-based inference of optimal assembly strengths
and analytical treatment of a linear model with similar connectivity constraints (Giannakakis et
al., 2023). However, our approach was not intended to identify the optimal recurrent connectivity
for the emergence of E/I co-tuning, but rather to demonstrate the functional significance of
overlapping functional assemblies.

Direct optimization of individual recurrent weights is likely to yield a better solution than
our simplified parametrization. Several gradient-based methods for training spiking networks or
an evolutionary algorithm could potentially accomplish this optimization. Whether this optimal
recurrent connectivity would maintain any features of the topology we identified through our
parameter inference method remains an open question (Bellec et al., 2020; Zenke & Vogels,
2021).

Finally, here we focus on one specific setting in which plasticity mechanisms form E/I
balance and tuning at the postsynaptic neuron. However, the general picture of how tunning and
E/I balance emerge and are maintained in larger networks without initial structure is still missing.
Theoretical work shows how signals might propagate throughout such a network, which may
allow for fast and target signal propagation governed by local changes in E/I gain (T. Vogels &
Abbott, 2009). Simultaneously, there are studies showing how network structure can emerge
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via plasticity rules (Effenberger et al., 2015). It is still not clear how and whether plasticity
mechanisms alone can support the emergence of tuning in an initially unstructured network. In
vitro networks of neurons can be proposed as an optimal experimental platform that can further
guide this research. Although, it is worth mentioning that inducing tuning in non-structured
networks experimentally in cultured neuronal networks was attempted multiple times by different
groups with only limited success (Renault et al., 2015; Schottdorf, 2017; Shahaf & Marom,
2001; Wagenaar et al., 2005).

In summary, we show that a combination of plasticity mechanisms (S. Eckmann & Gjorgjieva,
2022; Gjorgjieva et al., 2011; T. P. Vogels et al., 2011) allows the development of co-tuned
excitatory and inhibitory connectivity in a feedforward, low noise spiking neuronal network.
The introduction of high noise levels or recurrent connectivity in the pre-synaptic network
leads to cross-correlations between groups that support input selectivity. Strong excitatory
assemblies together with weaker inhibitory assemblies restore the input covariance and allow for
the emergence of co-tuning.
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CHAPTER 5. CONFLICT MONITORING AND CHANGE OF MIND MEDIATED BY
POPULATION OF ANTERIOR CINGULATE CORTEX NEURONS

Summary

In this chapter, we analyze population responses in Anterior Cingulate Cortex (ACC) in rats
during near-mistakes using statistical modeling of single neuron and population responses. ACC
is one of the key brain regions implicated in behavior monitoring, and detection of conflict
between two action plans. In this study, we measured responses in ACC neurons during the
conflict in the Go-NoGo task. We recorded single-unit activity in 574 ACC neurons during
near-mistakes, a type of behavior when the animals have initiated a wrong response but rapidly
self-correct. Unlike classically used stop signal tasks, near-mistakes allow us to have a clear
behavioral readout of the conflict with precise timing. By modeling single-cell and population
responses we showed that ACC neurons encode behavioral and task-specific information and
display conflict-related responses that scale with the conflict intensity. We find that neural
responses that scale with conflict start as early as the initiation of the incorrect action and persist
even when the conflict is already resolved. Our research expands the understanding of the ACC’s
role by demonstrating that neurons in this region may also drive change of mind behavior.

Contributions. This work has been done in collaboration with Nelson Totah (NT), Dmitii
Vasiliev (DV), and Ryo Iwai (RI) NT, DV, and RI performed all the experimental work. DV
performed the spike sorting and implemented single-unit ANOVA analysis and the analysis of
rat EEG data (not discussed here). My contribution included data analysis, designing and fitting
the Linear Model, and implementation and fitting of the demixed PCA.
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CHAPTER 5. CONFLICT MONITORING AND CHANGE OF MIND MEDIATED BY
POPULATION OF ANTERIOR CINGULATE CORTEX NEURONS

5.1 Introduction

Engaging in a task with alternative choices that have different values often leads to errors that
animals need to adapt to (Rabbitt, 1966). Furthermore, the ability to perform a task accurately
may be disrupted by other prepotent responses (Eriksen & Eriksen, 1974; Stroop, 1935) or
internal states (Benoit et al., 2019; Boksem et al., 2006; Lorist et al., 2005). Conflict monitoring
is one of the mechanisms that help overcome these limitations and engage cognitive control
when it is needed to reduce the number of errors (Botvinick et al., 2001; Fu et al., 2023; Yeung,
2013).

Conflict monitoring has been linked to the activation of the Anterior Cingulate Cortex (ACC),
located on the medial surface of the frontal lobe. ACC is connected with the prefrontal and
parietal cortex, as well as with subcortical areas, which makes it anatomically well-suited for
action monitoring (Monosov et al., 2020).

ACC activation has been shown in a variety of tasks since the early days of brain imaging (see
for example Taylor et al., 1997 and Botvinick et al., 2001 for an overview of early studies). Later,
conflict responses in ACC neurons were also found in human and primate electrophysiological
studies (Ebitz & Platt, 2015; Fu et al., 2022; Fu et al., 2023; Monosov et al., 2020). The
main conflict monitoring theory states that the ACC increases its activity when the opposite
representations (of action or stimuli) are co-activated (Botvinick et al., 2001). Thus, the activity
of ACC increases in tasks where subjects encounter conflicting stimuli or need continuous
monitoring to determine which action to select. Among others, a simple Go-NoGo task, in which
a subject has to respond to one stimulus and ignore a different stimulus, drives the activation of
ACC as has been shown in human fMRI studies (Hester et al., 2004).

Conflict monitoring allows for the dynamical adjustment of incorrectly selected actions. This
may result in the correction of behavior and it is a mechanism through which animals, including
humans, mitigate undesired outcomes resulting from incorrect choices (M. X. Cohen & van Gaal,
2014). Some electrophysiological studies in humans and monkeys showed conflict responses
in ACC neurons even during action preparation (Fu et al., 2023). Others, however, did not find
evidence for early conflict signaling in ACC (Ito et al., 2003). Most of these studies focused
on conflict responses in different types of stop signal tasks, where a cue indicates that a subject
should not engage in an action. Thus, in these tasks, there is no clear behavioral readout of the
conflict.

The theory of conflict monitoring (Botvinick et al., 2001) predicts that conflict arises when
the correct action (NoGo) and chosen action (Go) are in conflict and interfere with one another.
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Thus, the magnitude of the conflict should scale with a behavioral mismatch between the correct
and chosen actions. Responses in ACC should scale with the conflict magnitude, which has not
yet been shown on a single neuron level.

In this study, we focus on conflict responses in the ACC during self-correcting (near-mistake
behavior) in the Go-NoGo task. We establish a platform to study the near mistakes in a rodent
model and record the activity of a single neuron in rat ACC. With single neuron and population
analysis, we discovered that ACC neurons closely monitor both the animals’ behavior and the
task. We also show that conflict can be related to ACC population activity. These responses
scaled with the magnitude of the conflict and emerged both during the conflict and after it had
already been resolved. In summary, we show diverse responses in the ACC that allow tracking
the behavior and strongly indicate that the ACC might be mediating the Change of Mind (CoM).

5.2 Results

5.2.1 Conflict in a Go-NoGo task

We quantify the conflict in ACC by considering the response conflict in trials where animals
nearly made a mistake in a Go-NoGo task. We trained the head-fixed rats (N=43) to discriminate
visual grating stimuli (Fig.5.1a). The rats were trained to run on a treadmill past a distance
threshold for a Go stimulus or to remain immobile for a NoGo stimulus. When animals committed
an error, e.g. ran past the distance threshold for NoGo stimuli, they received the brown noise
as negative feedback. Correct responses for Go stimuli were rewarded with water. Finally, in
some trials animals incorrectly started running to NoGo stimuli but stopped before crossing the
distance threshold (Fig. 5.1b). These Correct Rejection trials(CR) allow us to study near-mistake
behavior. Overall, in this study we focus on the following conditions:

• Hit (HT) - running past a threshold for a Go stimulus (correct)

• False Alarm (FA) - running past a threshold for a NoGo stimulus (incorrect)

• Near mistakes in CR trials - suppression of initial running for a NoGO stimulus before the
threshold is crossed (correct)

From a cognitive control theory (Botvinick et al., 2001) we expect that conflict should emerge
in CR trials. Running is a prepotent response for rats and in CR trials during near mistakes,
they should suppress the ongoing actions. Thus, competing populations of motor neurons are
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Figure 5.1: Near-mistakes in a Go-NoGo task. (a) Trials types in the Go-NoGo task. (b) In a subset
of (CR) trials, animals started running but self-corrected the wrongly initiated behavior, which led to
Near-Mistakes. In FA trials, rats run until they receive negative feedback – brown noise.

activated, which generates response conflict. To quantify the conflict strength, we calculated
the running velocity of rats on the treadmill. We expect the conflict to scale with the running
velocity in CR trials and peak, as the activations of running and stopping motor commands
would be proportional to the animal’s running speed in CR trials. The average velocity of
the 49 rats in CR trials showed a clear bell-shaped profile. The peak of the velocity, thus,
indicated the change from running to stopping and can be used as a behavioral proxy for the
conflict (Fig. Fig. fig:population:velocitya). We further split the peak velocity into three tertiles
with respect to the maximum running speed on each trial type, which allows us to average over 3
levels of conflict.

5.2.2 Single unit responses

Statistical analysis of single-neuron activity demonstrates scaling with conflict. We analyzed the
activity of 603 single units in the ACC of 4 rats during the Go-NoGo task. To examine conflict
responses, we aligned spiking activity with peak velocity and assessed the difference between
mean responses in CR trials. We found that 283 neurons (out of 603 considered) showed a
significant change in the firing rate prior to, during, and after the peak velocity (one-way ANOVA,
p<0.05, not corrected). The responses showed both positive and negative scaling (Fig.5.3a)
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To rule out the velocity-related responses, we ran the analysis on HT where no conflict
was present. We found that indeed a part of the ACC population modulated its firing rate with
speed (105 units) (Fig.5.3b). However, only a fraction of them overlaps with the conflict-related
modulation of firing rate (70 cells). Thus, approximately 196 single units scaled their firing rate
in CR trials but did not show a scaling with speed in CR trials (Fig.5.3a).

5.2.3 Linear model reveals mixed and isolated selectivity of single
neuron responses

To relate the neural responses to a broader set of task-related and behavioral variables in the
Go-NoGo task, we developed a linear encoding model for ACC neurons. Testing neuronal
responses with ANOVA showed that neurons in ACC may be monitoring speed and possibly
other task-related variables. To account for a more extensive set of continuous and discrete
variables, we designed a GLM-based encoding model. Inspired by Engelhard et al. (2019), our
model utilized an expressive spline basis to fit neuronal responses (Silverman & Ramsay, 2002).
The model had 3 types of predictors: discrete events such as stimulus or feedback onset, and time
of velocity peak, continuous variables, and trial-wide variables. Discrete events were convolved
with a set of splines extending backward and forward (refer to methods G for additional details).
Running velocity was a continuous variable in the model. We also added trial-type regressors
(1 or 0) for HT, FA, and CR trials. The model also incorporated a set of session-wide splines
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to account for drift in single-unit recordings The regressors were unique for each recording
session (Fig. 5.4).

The recorded spike trains for each neuron were convolved with a 50ms Gaussian kernel to
approximate an instantaneous firing rate. We cut all the data outside of the experimental trials
and fit the encoding model (see G). Overall, we fit the responses of 522 neurons recorded in 26
sessions. To determine the composition of regressors in the final model, we compared the test
variance explained (R2) in 5-fold cross-validation, averaged over all neurons between models with
different regressors ( Fig.5.5). We grouped the regressors according to their different behavior
or task relevance. Thus, we considered 6 groups ( Fig. 5.5a). The final model incorporated
regressors that significantly enhanced test set performance (p<0.05, Bonferroni-Holm correction).
We excluded two groups of regressors: the interaction of the stimulus spline with a trial type (Go
or NoGo, e.g. task rule regressors) and reward expectation regressors. The final model explained
about 16.3% of the overall variance (Fig. 5.5a).

We analyzed the relative contribution of regressors to neuronal responses to build the response
profiles of individual neurons. To calculate the relative contribution, we removed each type of
regressor group from the final model and compared the residual variance to the full model’s
variance (Fig. 5.5b). On average, the velocity regressors had the largest contribution, and the
contribution of the conflict regressor was about 15%. On the individual neuron level, we found
that for some neurons the relative contribution was large for isolated regressors. For others,
the contributions were less specialized. The encoding model allows us to build a profile of
contributions for each neuron. Fig 5.7 displays examples of predicted average responses from
the encoding model and relative contributions of the regressors.

ACC neurons respond to conflicts with varying latencies, both during and after the peak of
the running speed. The first group mediates conflict before behavioral change, potentially driving
a change of mind. For each neuron with a non-zero contribution from the conflict regressors, we
calculated the peak conflict response by projecting the neuron’s GLM coefficient onto the conflict
splines and identifying the maximum value. The distribution of peak conflict timescales ranged
broadly, spanning from -400 ms to 1200 ms around the peak velocity (Fig. 5.8). Therefore, the
regression analysis strongly indicates that conflict units are heterogeneous and may both mediate
the change of mind and assist in propagating information about conflict magnitude.

5.2.4 Clustering the neurons based on the dominant contribution

Neurons in the ACC can be clustered according to their dominant role, yet many show mixed
encoding properties. The distribution of contributions-regressors over the whole population

119



CHAPTER 5. CONFLICT MONITORING AND CHANGE OF MIND MEDIATED BY
POPULATION OF ANTERIOR CINGULATE CORTEX NEURONS

fe
ed

ba
ck

C
oM

/c
on

fli
ct

ve
lo
ci
ty

tri
al
ty
pe

st
im
ul
us

ba
se
lin
e0

1

R
el
at
iv
e
co
nt
rib

ut
io
n

0 2
10

20

30

0 0.5

5

15

0 1

4

8

12

0 1

20

40

60

0 20

20

40

Fi
rin
g
ra
te

(H
z)

Time around
stm onset (s)

Time around
peak velocity (s)

Fi
rin
g
ra
te

(H
z)

Time around
stm onset (s)

Fi
rin
g
ra
te

(H
z)

Time around
feedback onset (s) Time around

feedback onset (s)

prediction

Conflict
low medium high

data

fe
ed

ba
ck

C
oM

/c
on

fli
ct

ve
lo
ci
ty

tri
al
ty
pe

st
im
ul
us

ba
se
lin
e0R
el
at
iv
e
co
nt
rib

ut
io
n

1
fe
ed

ba
ck

C
oM

/c
on

fli
ct

ve
lo
ci
ty

tri
al
ty
pe

st
im
ul
us

ba
se
lin
e0R
el
at
iv
e
co
nt
rib

ut
io
n

1
fe
ed

ba
ck

C
oM

/c
on

fli
ct

ve
lo
ci
ty

tri
al
ty
pe

st
im
ul
us

ba
se
lin
e0R
el
at
iv
e
co
nt
rib

ut
io
n

1

fe
ed

ba
ck

C
oM

/c
on

fli
ct

ve
lo
ci
ty

tri
al
ty
pe

st
im
ul
us

ba
se
lin
e0R
el
at
iv
e
co
nt
rib

ut
io
n

1

a b

bc

e
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of ACC neurons is not uniform and suggests that there might be several specialized groups of
neurons ( Fig. 5.6). We asked if neurons can be clustered according to their contributions. We
combined the relative contributions from all considered single units and fitted a Gaussian Mixture
Model (GMM). To determine the number of clusters, we employed the Bayesian Information
Criterion (BIC), which balanced the trade-off between complexity and goodness of fit and
allowed us to select a model. It penalizes the overfitting through a term proportional to the
number of parameters in the model and the logarithm of the sample size (Fig. 5.9b).

We detected four clusters of neurons whose activity could be mostly predicted by: stimulus,
velocity, conflict, and feedback (Fig. 5.9). The clustering explained the contributions better than
chance (Fig. 5.9c, p<0.0001). Interestingly, even though neurons could be clustered according to
the dominant contributions, many still carried information from the other group. Some single
units still have a significant contribution from other regressor types and show mixed selectivity
(see examples in Fig. 5.3).

5.2.5 Demixed Principle Components Analysis extract
low-dimensional trajectories of conflict responses in ACC

To further elucidate the variability of conflict and mixed responses, we mapped the activity
of the entire population of neurons pooled across recording sessions onto a small number of
task-relevant principal components. To this end, we used demixed Principal Component Analysis
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Figure 5.9: Neurons clustering based on the relative contribution of model regressors to their neural
responses. (a) Heatmap of the relative contributions per neuron sorted according to the four clusters:
velocity, feedback, conflict, and stimulus (that also has a large contribution from the trial type regressors).
Baseline contributions were not used for the clustering. (b) Bayesian information criterion (BIC) is
minimal in the GMM with 4 clusters (average over 10 runs). (c) The model with four clusters explained
the contributions better than chance (p<0.0001). The histogram shows the distribution of negative log-
likelihoods for the 4 clusters GMM trained on randomly reshuffled contributions per neuron (n=10000).

(dPCA, Kobak et al., 2016). This method enables the identification of principal directions in the
tensor of average neural responses while maximizing behavior or task-relevant information in
each component ( Fig. 5.10 and see also H for further methodological description). We employed
a 3x2 ANOVA-like factorization with three velocity tertiles in CR and HT trials. Thus, we extract
the components that can decode trial type, speed, and interaction between them, as well as the
independent evolution of the firing rate that is not related to any of these factors.

The evolution of the firing rate in the space of the top components indicates a clear separation
of the responses depending on the condition (Fig. 5.10b). The firing rate in CR trials projected
onto the interaction components starts diverging prior to the peak, which indicates the early
presence of the change-of-mind signal along with conflict monitoring (Fig. 5.10b).
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Here, the components are projected such that, on correct rejection trials, the interaction
component is positive and has a clear separation between the velocities, whereas, in the hit trials,
the velocities are hard to separate. Note that the interaction components were symmetric (Fig.
5.11a) and there is a different projection in 3D in which speed could be decoded only during
HIT trials but not in CR. The main reason for that is that in HIT trials, the animals keep running
until the trial ends and the velocity can be detected, at the same time rats quickly terminate the
movement in CR trials (Fig. 5.12).

The first 8 components of the model accounted for approximately 80% of the explained vari-
ance. Most of the variance was attributed to the trial type, followed by two components explaining
the shared time evolution of the firing rate independent of the factors, then speed, and approxi-
mately 7% of the variance was attributed to the first two interaction components (Fig. 5.11a,b).
The interaction components account for the variance associated with units that scale their re-
sponses with speed differently between CR and HIT trials. We examined whether the trial type
could be decoded from the top two components for each condition (Fig. 5.11c). For all of these
components, we could decode the trial types of the left-out trials above chance (G). The speed
could be decoded with a test accuracy of 0.7, the trial type with an accuracy close to one, and the
interaction with a test accuracy of 0.5.

Finally, the decoder weights distributions highlight the isolated and mixed responses of
individual units to conflict, trial types, and velocity (Fig. 5.12). We looked at the decoder weights
pairwise for each combination of condition components, considering only the first components
for each condition. As a result, units with pure responses were more likely to have orthogonal
weights; for example, pure speed neurons possessed a large speed weight and near-zero weight for
the other components (Fig. 5.12a). Nonetheless, this analysis revealed that most cells exhibited
mixed selectivity, displaying responses across all conditions.

5.3 Discussion

According to a classical theory, conflict can arise mechanistically when two opposing actions are
present (Botvinick et al., 2001; Botvinick & Cohen, 2014; Yeung, 2013). The medial frontal
cortex, particularly the ACC, has been proposed as the brain region responsible for implementing
conflict monitoring. This idea was further supported by imaging studies (Carter et al., 1998;
Hester et al., 2004; Iannaccone et al., 2015; Taylor et al., 1997) and several electrophysiological
studies in monkeys and humans (Ebitz & Platt, 2015; Fu et al., 2023; Monosov et al., 2020).
Here, we develop a novel paradigm to study the conflict responses that naturally arise in moving
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Figure 5.10: Demixed principal component analysis of population responses in Go-NoGo task during near
mistakes (a) Demixed PCA uses marginalizations of the average responses with behavior/task-related
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The encoder weighs for three top dPCs and examples of single-unit responses. (a) Encoder weighs for
three top dPCs (b) Example conflict, speed, and mixed neurons.

rats during near mistakes. We directly show that conflict responses arise in a large population
of ACC neurons when rats change their behavior from running to stopping in an attempt to
correct the erroneous response. The responses scale with conflict magnitude and vary in terms of
timescales and arise both before, during, and after the conflict.

The fact that ACC neurons scale their firing rates with the conflicting strength is in direct
agreement with the conflict monitoring theory (Botvinick et al., 2001). Using velocity magnitude
as a proxy for conflict between running and stopping, we show that ACC neurons scale their
firing rate with conflict. This type of scaling, as well as the precise timing of conflict, is hard
to obtain in standard tasks used in electrophysiological experiments that typically use stop-
signals to generate errors and conflict (Fu et al., 2023). The reason for this is the absence of
a clear behavioral readout for the conflict. It remains uncertain whether the responses scale
proportionally to the activation for Go and NoGo action in the motor cortex. We can expect
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that this is the case, given that scaling of the motor cortex activation with the velocity has been
shown in the past (Zimnik & Churchland, 2021). Future studies with simultaneous recordings
from both the motor cortex and ACC should help to provide further evidence.

The presence of conflict responses during the action selection as well as responses after an
action is initiated were shown in recordings from human ACC (Fu et al., 2022; Fu et al., 2023;
Sheth et al., 2012; Smith et al., 2019). In non-human primates, only responses following the
action have been shown in various stop-signal tasks (Ito et al., 2003; Nakamura et al., 2005;
Sajad et al., 2022). Therefore, the role of ACC in resolving the conflict is debated (Fu et al.,
2023).

By examining near-mistakes, we demonstrate that neurons in the ACC exhibit a wide range
of conflict-response timescales. We find that ACC neurons scale their activity up to 400ms prior
to the change in behavior that resolves the conflict. This indicates that ACC neurons might
indeed have a causal role in resolving conflict and might be driving the Change of Mind. ACC
neurons might mediate the necessity to change the behavior to downstream areas. However, this
prediction requires further validation through optogenetic experiments.

To link the responses in ACC to the behavior, task, and conflict, we used a linear encoding
model (Engelhard et al., 2019) with a rich set of regressors. The results establish that ACC
encodes different aspects of the behavior. The model also helped to cluster the cells based on
their dominant encoding features and indicated that neurons may be involved in monitoring and
conflict propagation simultaneously. Although there is a clear indication of cell encoding, the
single-neuron GLM accounts for only about 20% of the variance. This could be improved by
considering a more suitable neural noise model as Poisson or negative binomial. Additionally,
this model does not account for network effects, e.g. components shared across cells that could
be potentially generated recurrently or come as an unobserved input. Thus, in the fit of a linear
encoding model to responses of VTA neurons (Engelhard et al., 2019) adding the 1st PC of the
network activity improved the variance explained up to 80%.

Finally, we directly study the conflict signals at the population level by learning the demixed
principal components of the activity. We found that the first 6 PCs were sufficient to account
for about 60% of the variance in trial average responses. Interaction components that explain
the differences in neural responses between correct rejection and hit trials show that the conflict
response robustly emerges already the stimulus presentation and before the peak of the conflict.
Demixed PCA is one of the methods used to extract the latent condition-specific components
from population recordings (see Hurwitz et al., 2021 for an overview). The resulting projection
is based on trial-average activity, which in our case allows us to consider a large population of
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neurons that were not recorded simultaneously. That is in contrast to other trial-based methods,
such as GPFA (Yu et al., 2009), which are typically used to fit neurons recorded simultaneously.

One famous alternative to dPCA is targeted dimensionality reduction (tDR,Mante et al.,
2013). The initial version of tDR underperformed dPCA in terms of demixing quality, yet a
more recent version (Aoi & Pillow, 2018) might perform better than dPCA. Given that we see a
good convergence between conflict signals detected by three different methods, we expect that
tDR should learn a similar latent structure of conflict in ACC responses.

While dPCA enables the direct use of task and behavioral information, it is limited to
ANOVA-like factors. Therefore, we could not use continuous behavioral signals like in GLM
analysis. Using advanced non-linear methods like LFADS (Sussillo et al., 2016), piVAE (Zhou
& Wei, 2020), and recently introduced CEBRA (S. Schneider et al., 2023) can help detect latent
task/behavior-related components.

We observed that condition-related variance was distributed across different neurons ( Fig.
5.12). This implies that trial-related variance is distributed across average neuron responses.
Ebitz et al. 2015 using dTR recently showed a distributed representation of the task-specific
information in human ACC. However, in contrast to their results, we observed a separate axis
for conflict in the population responses, and we found a population of neurons that is more
responsive to conflict.

One of the standing questions is whether conflict detection is a single neuron or a network-
level computation. Electrophysiological in humans and monkeys also support that conflict might
be mediated by specialized neurons. However, more generally, ACC would need to monitor
rules and behavior in completely different contexts (Ebitz et al., 2020; Mante et al., 2013), which
might require complex population coding schemes (Mante et al., 2013). Future recordings from
an even larger population of ACC as well as RNN modeling should further shed light on this
problem and help to establish the computations that ACC is performing whether on a single
neuron or population level. However, even from a theoretical perspective, it is not always trivial
to determine the necessity of having a specialized population (Dubreuil et al., 2022). Addressing
this issue presents both methodological and conceptual challenges (Barack & Krakauer, 2021).
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Chapter 6
Concluding remarks and outlook

In this thesis, I demonstrate how model-based approaches can be used to discover the basic
mechanisms of network organization and simple dynamical principles of spontaneous collective
activity in vitro. Next, I show how to efficiently leverage simulation-based techniques to identify
the network structure that allows for the emergence of E/I balance and neuronal tuning. Finally, I
start untangling complex responses of ACC underly conflict monitoring using statistical modeling.
In this last chapter, I will discuss some of the limitations of the modeling work introduced in this
thesis and provide perspectives for future research.

Data-consistent models of in vitro systems

One of the main contributions of this thesis is related to understanding the dynamics and
organization of in vitro neural systems. I took two alternative but complementary approaches
using a spiking network model and a reduced model.

In Chapter 2, we used a spiking network model and fit a few well-selected parameters of
this model to reproduce network bursting dynamics. This approach helped us to identify that
networks of hippocampal neurons balance excitatory and inhibitory connectivity to maintain
stable dynamics upon a chronic perturbation of cellular E/I ratio.

One of the important limitations of this study is that we do not differentiate between different
types of inhibitory neurons. Hippocampal circuits have at least 16 morphologically different
subtypes of inhibitory cells (Parra et al., 1998) and they are involved in the regulation of various
aspects of cellular and circuit development (Pelkey et al., 2017). The contribution of particular
inhibitory neuron subtypes to the development of structural E/I balance in the developing brain
remains unclear.

In experiments, we considered only hippocampal neurons. Given that E/I balance both
structurally and functionally has been shown for cultures of cortical neurons (Barral & D Reyes,
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2016), we can expect a similar adaptation property in these networks (although this remains to be
checked explicitly). One of the standing questions, is if differentiated excitatory and inhibitory
iPSC neurons with cortical phenotypes, would also exhibit similar network adjustment towards
balance or if they are more sensitive to the exact cellular ratios.

From the modeling perspective, one of the main limitations of this study is that we only
explore a small part of the model parameter space. Thanks to a very close collaboration with
experimentalists we could constrain many parameters based on the data. However, in many cases,
this is not possible. Thus, based on modeling alone we would not be able to precisely identify
the exact mechanism of E/I balance and could only suggest a few alternatives.

Another challenge is a thorough model selection. We selected the model based on its
simplicity and biological plausibility (Giugliano et al., 2004; Segev et al., 2001). However,
there is a large number of physiologically plausible alternatives (see discussion in Chapter 2
and 3). One particular example is the precise implementation of the slow adaptation mechanism.
Thus, slow spike-frequency adaptation is often suggested (Fardet et al., 2018; Giugliano et al.,
2004; Sukenik* , Vinogradov* et al., 2021), although synaptic depression is also commonly used
(Orlandi et al., 2013; Yamamoto et al., 2022). As discussed in Chapter 3 different mechanisms
might be at play depending on the culture type. This possibility needs to be further explored both
in theory and experimentally.

Towards a general model of network bursting

In Chapter 3, we took the key mechanistic ingredients of the network model from Chapter 2
and started building a more general theory of network bursting. Here, we again fit the model
to network bursting statistics from real recordings and find that bursting can come from a few
dynamical states: bistable, oscillatory, and excitable. Interestingly, various types of networks
such as hippocampal, cortical, and hPSC appear to converge to slightly different parts of the
phase space. This allowed us to identify the differences between experimental preparations and
profile the culture development in terms of its population dynamics.

One of the big open questions is whether these differences in the dynamical states explain
some of the experimental variability. One example is the difference between cortical and
hippocampal cultures (Charlesworth et al., 2015). Our simplified model appears to capture the
changes in the network excitability and reflect the developmental differences (Soriano et al.,
2008). However, it remains to be validated if the differences in the excitability over the course of
development directly lead to the differences in response to stimulation or to pharmacological
perturbations.
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One of the findings in Chpater 3 is the invariance of excitability and adaptation parameters.
This suggests that the model may (and probably should) be reduced further, which would allow
us to build an even more abstract (but hopefully better) model of collective bursting dynamics.
Simultaneously, the invariances might be resolved when the model is more constrained by
the data, either by considering additional summary statistics or by setting some parameters to
physiologically plausible values. However, most of the parameters in the reduced model are not
measured directly and require further experimental validation.

Finally, in Chapter 3 we specifically focus on the spatial average bursting, thus ignoring all
the details of the spatial structure of the network. We assume that the networks that we study are
sufficiently coupled and random that the network effects would be captured by the white noise
(Breskin et al., 2006). One good way to overcome this limitation would be to consider a proper
mean-field theory for different types of networks (Georges et al., 1996; Gerstner et al., 2014),
which can be done in future research.

Network dynamics and plasticity

In Chapter 4 we discover the connectivity structure that allows for E/I and receptive field
formation. In this work, we assume a rather simple presynaptic network and try to optimize its
connectivity based on surrogate metrics of neuronal assemblies.

This approach allowed us to very efficiently use simulation-based inference. Thus, the
assembly strengths were well defined and we only needed to compute the correlation of network
activity as summary statistics. We did not optimize the network structure directly, which is a
harder task and probably requires a slightly different approach. Yet this should be explored in
the future.

In the model we considered, only the projections onto the postsynaptic neuron develop with
plasticity rules. The connections in the presynaptic network remain, however, static. It remains
to be shown if these presynaptic assemblies could arise from the plasticity rules alone.

Finally, in Chapter 4 we started probing the dynamics that allow balance and tunning to be
formed (see Fig.4.5). In the optimized network, the groups of neurons that share connections
have strong transient responses, that are seen on top of the asynchronous irregular activity. At
the same time, when the assembly structure is perturbed, synchronous events appear. Network
dynamics here might be a good starting point to disentangle how learning is linked to inhibitory
assembly structure (Mongillo et al., 2018) and oscillatory dynamics (Hellyer et al., 2016; Jutras
& Buffalo, 2010).
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Beyond non-linear responses of ACC during the conflict

In Chapter 5, we show how statistical models help uncover complex responses in higher brain
areas. This work sets the foundation for the repertoire of responses that yet remains to be
mechanistically explained. Interstingly, our data-based approach here helped to show that the
repertoire of responses is rather large and depends on task and behavior.

One of the important limitations of statistical modeling is that it relies on linear models such
as GLM e and dPCA. It has been shown that even early sensory areas implement non-linear
computations (Cadena et al., 2019; Klindt et al., 2017). Using a non-linear model (Laboratory
et al., 2022) might indeed capture more complex interactions between behavior and neuronal
responses and further boost the predictive performance.

Finally, mechanistic modeling of computations in the ACC remains a topic for future research.
There are at least two possible further directions. First of all, it appears reasonable to directly
test the prediction of a simple cognitive model that assumes that ACC directly reads from action
representations (Botvinick et al., 2001). This could indeed explain the scaling responses with
conflict. Secondly, a more elaborated RNN-based modeling is likely needed to explain all the
variability that we observed. In this case, the main challenge is to identify an appropriate task to
train the RNN on that would require a separate monitoring subsystem to emerge.

The art of choosing summary statistics

In this thesis, I relied on choosing the right summary statistics for every problem of the simulation-
based inference (SBI). This process typically requires domain knowledge and a good grasp
of the problem. Thus, in the case of fitting models of population bursting activity, we relied
on the summary statistics used in earlier work that dealt with similar population phenomena
(Giugliano et al., 2004; Levenstein et al., 2019; Mattia & Sanchez-Vives, 2012). Perhaps even
more satisfying was a choice of summary statistics to infer the network structure in Chapter 4
(Giannakakis et al., 2023). There, it has been theoretically shown that in simplified cases neuronal
tuning and balance at postsynaptic neurons depends on the correlation structure (Clopath et al.,
2016), which we then used as a summary statistics. However, for more complex problems, the
question of whether the features or summary statistics are adequate for model fitting is hard to
resolve.

When the summary statistics are hard to define, building a lower dimensional representation
of the phenomena of interest might be a reasonable approach (Williamson et al., 2019). In
that case, one could try to match the model output to the data in this lower-dimensional space.
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Luckily in the past years, there has been a lot of effort in extracting interpretable low-dimensional
manifolds of neuronal activity (see Hurwitz et al., 2021 for review).

A closely related approach is extracting features from raw data using neuronal networks. In
this case, the output of such a network can be directly linked to the density estimators used to
train surrogate models of the posterior (Greenberg et al., 2019 and see also the implementation
in Tejero-Cantero et al., 2020). A skeptic may contend that such an approach would hinder
the relationship between data and model. However, based on our experience in mapping the
invariances identified by the deep network model to analytical descriptions, I am inclined to be
optimistic that machine learning will not hinder but rather facilitate the description of neural
phenomena.

Finally, a decision on the informative summary can be made based on exploring the posterior
distributions or by using the approximated likelihood function (Beck et al., 2022).

6.1 Towards the model-driven discovery of network
pathology

In Chapter 2 and 3, we used the model-based approach paired with Bayesian parameter inference
helped to uncover mechanisms and generate testable predictions using extremely limited obser-
vations. This gives a good example of how a model for in vitro system can generate insights into
the network structure. This approach could be directly transferred to study the pathophysiology
of neuropsychatric disorders with in vitro experimental models.

Developing understanding and novel therapies for treating neurological diseases is a major
challenge for basic research and medicine. Progress in stem cell research established a whole
field of using (iPSC) derived neurons to study pathology. This method allows us to keep the
exact patient genotype and opens possibilities to study the pathological processes that uncover
on different levels from genes to networks (Choudhary et al., 2022; Hoffmann et al., 2019b;
Lotila et al., 2022; Stern et al., 2018; Uysal et al., 2019).

So far, most of the focus has been directed to genetic, molecular, and cellular properties that
could be affected (Choudhary et al., 2022; Hoffmann et al., 2019b; Karagiannis et al., 2019;
Lotila et al., 2022; Stern et al., 2018; Uysal et al., 2019). However, in some cases, even when
the exact etiology of a disease is known (Uysal et al., 2019), it gives little insight into how the
pathological process unfolds and where it could be mitigated. Progress, in this case, depends on
studying systems’ effects on different levels. Network properties and collective dynamics are
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Figure 6.1: Mapping network activity of human iPSC cultures to mechanistic models. (a) A network
model of spiking adaptive integrate-and-fire neurons produces network bursting for various combinations
of parameters. (b) In vitro networks of human iPSC neurons derived from patients with known phenotypes
and their activity. (c) Inferred distributions of parameters for different patient phenotypes reveal the
differences between subjects. (d) Model-guided perturbation design for model testing and drug discovery.

one of these levels and there is a growing body of evidence that understanding network effects is
a key to some pathologies (Rosh et al., 2023).

Data-constrained models of in vitro systems can be used to capture the collective dynamics of
networks of iPSCs neurons and to relate the model parameters with network pathologies (Fig. 6.1).
In the context of polygenetic disorders, modeling-based phenotyping could supply researchers
with additional insights into what could be affected on the level of single-cell physiology or
networks.
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Appendix A
Experimental details

A.1 Experimental methods for Chapter 2

Culturing and recording from networks with different ratios of
excitatory and inhibitory cells

We control the E/I ratio of neuronal cultures using the procedure illustrated in 2.1. Inhibitory and
excitatory cell populations are separated by fluorescence-activated cell sorting (FACS, Fig. 2.2.1)
and then mixed them in the desired proportions. We used genetically modified mice, in which
inhibitory neurons express a tdTomato fluorescent marker under the promoter of Glutamic acid
decarboxylase II (GAD II) (Taniguchi et al., 2011). FACS is then used to sort dissociated
hippocampi into two populations, GAD+ and GAD-. After sorting, GAD+ (mostly inhibitory)
and GAD- (mostly excitatory) populations are mixed and seeded with prescribed E/I ratios (e.g.
0%, 50% and 100% GAD+ cultures shown in 2.1).

Culturing neurons Both glia and neuron dissections are performed according to standard
protocols (Renault et al., 2015). The neurons and glia were cultured on a microfluidics growth
chamber. Glia cells are dissected from the cortices of Wistar Hanover/Ola rat pups at postnatal
day 0 (P0) or embryonic day 19 (E19). The glial cells were seeded directly into the 4 mm
diameter chamber in a density of 2,000 cells/mm2. After 4 days in vitro (DIV 4), the medium is
replaced by glia changing medium which consists of 1mM L-glutamic acid (Sigma G1626) in
addition to the original glia plating medium, to trigger neuronal excitotoxicity that eliminates
any remaining neurons. At DIV 7 the medium is replaced by glia plating medium to rinse
L-glutamic acid remnants one day before neurons are seeded. At DIV 8 of the glia dissection,
labeled neurons are dissected and dissociated following the protocol mentioned above from mice
hippocampi at E17 (Taniguchi et al., 2011). The sorted excitatory and inhibitory neurons are
added at a density of 4500 cells/mm2 on top of the glial sheet that covers the surface. After 1.5
hours of incubation, serum-free medium (SFM) is slowly added to avoid detachment of cells
(Neurobasal (Gibco 21103-049), 2mM GlutaMAX, 20µg/m gentamicin, 4% B27, and 1% Fetal
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Table A.1: Seeded and observed counts of excitatory and inhibitory neurons

Seeded 0% 10% 20% control 30% 50% 70% 80% 100%

Observed 4± 1 % 15± 1 % 23± 2 % 23± 1 % 32± 2 % 46± 2 65± 2 % 73± 3 % 92± 1%

N 10 6 5 17 6 16 11 10 15

Bovine Serum). We find that the final cellular density, after growing in vitro, is independent of
inhibitory percentage with a mean ± standard deviation value of 950± 130cell/mm2.

Recordings of network activity We recorded network activity in cultures after 14-30 days
in vitro using calcium imaging. The experiments are done on cultures 14-30 days in vitro (DIV)
after the GABA switch had already occurred (Soriano et al., 2008). This ensures that GABAergic
cells have already acquired their inhibitory behavior. The activity was recorded in the recording
medium (5mM KCl, 130 mM NaCl, 2mM CaCl2 , 1mM MgCl2 , 10mM HEPES, 45mM Sucrose,
and 10mM Glucose). Before the imaging, the cultures were incubated in darkness for 1 hour
with 4µl of 1µg/µl Fluo-4 A dissolved in DSMO and 1ml of the recorded medium. Then the
medium was changed to 2ml of the fresh recording medium. The experiments were done with a
confocal microscope Leica SP5 with an argon laser. Frames of 256⇥256 pixels were taken every
200ms. We recorded each culture only once.

Seeded and observed percentages of inhibitory neurons

We compared the seeding fraction of inhibitory cells (seeded) to the number of inhibitory cells
observed in culture after two to three weeks in vitro. For that, we manually counted the number of
inhibitory cells labeled with GAD-tdTomato and static images taken with 1024x1024 resolution
with the confocal microscope. In each culture, we took both transmitted light and fluorescent
z-stack images. We obtained the fluorescent maximal z-stack projection using ImageJ (C. A.
Schneider et al., 2012) and overlaid it with the most focused transmitted light image. First, cells
were manually marked and counted (ImageJ cell counter plugin) at the transmitted light image
alone in an area of around 1mm2. Then, we checked whether these marked cells were tdTomato
positive in the corresponding fluorescent image. The results indicate that the seeded and observed
percentages of inhibitory cells strongly correlate. Overall we estimated the deviation from the
seeded value is about 5±1% 2.2. For the extreme seeded percentages (0% and 100% of inhibitory
cells) we get 3.3% and 92% of observed inhibitory neurons.
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A.2. EXPEIMENTAL METHODS FOR CHAPTER 3

Electrophysiology To quantify single neuron properties, we used patch-clamp recordings
(done in the Segal lab with cultures prepared as described above). Cells are recorded in current
clamp and voltage clamp modes, and responses to current steps or ramps are recorded and
analyzed for passive and active properties. Miniature excitatory postsynaptic currents (mEPSCs)
are recorded in the presence of TTX (0.5µM) and bicuculline (10µM ). The features of spike and
PSPs are analyzed using Minianalysis and Origin software by Menahem Segal.

Extended details of the experimental methods and data analysis can be found in (Sukenik*
, Vinogradov* et al., 2021).

A.2 Expeimental methods for Chapter 3

HIH dataset

The neurons of rat hippocampi (E18) were dissected and cultured according to the previously
published protocols (Y. Liu et al., 2019). Animal protocols for primary cell culture were approved
by the local Animal Care and Use Committee. Cortical cultures were seeded on 24-well MEA
plates (Multi Channel Systems MCS GmbH, Reutlingen, Germany) at the seeding density of
around 5000 neurons/mm2. Each well contained 12 electrodes (Fig. A.1). The medium was
changed every 3 days.

The spontaneous network activity was recorded at 17 and 18 DIV in the recording medium
(see Table A.2). After the MEAs were transferred to the amplifier, we let it adjust for 10 minutes.
The recordings were done while keeping the temperature at 37°C. The signal was recorded for 20
minutes and sampled at 10 kHz. Spike detection was performed via the noise threshold method
provided by the Multi-well Analyzer Software (Multi Channel Systems MCS GmbH, Reutlingen,
Germany). For each recording, the default algorithm was set to calculate the standard deviation
from 50 different 100 ms long segments of raw data, and the threshold for spike detection was
set at ±5 times the standard deviation level. For a subset of wells, we also blocked the inhibitory
activity by adding 40µM of bicuculline, these data were not included in this project (Fig.A.1).
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Figure A.1: Layout of the 8-channel multiwell MEA

EM-2
NaCl 140mM
KCl 4.2mM
CaCl2 · 2 H2O 2mM
MgSO3 · 7 H2O 1mM
Na2HPO4 0.5mM
NaH2PO4 0.45mM
HEPES 5mM
Glucose 10mM

Table A.2: External medium-2, the solution was prepared with DDW, and pH was controlled by
adding NaOH until pH was within the 7.35-7.45 range

WIS dataset

Primiary cultures preparation

All procedures were approved by the Weizmann Institutes Animal Care and Use Committee. The
dissections and cell dissociations were done according to established protocols (Feinerman et al.,
2005; Renault et al., 2015). Hippocampal neurons were obtained from Winstar rat embryos at
E19.

Brains from embryos were dissected on ice in L-15 medium with 0.6mg/ml D-glucose and 20
µg/ml gentamycin. Hippocampi were dissociated in papain solution (papain 100 units, DNAse
1000 units, L-Cystein 2 mg, NaOH 1M 15 µL, EDTA 50 mM 100 µL, CaCl2 100 mM 10 µL,
dissection solution 10 mL) at 37°C. After 20 minutes of incubation at 37°C with papain, the
solution was replaced with 10 mL of plating medium (MEM without glutamine supplemented
with 0.6% glucose, 1% GlutaMAX, 5% Horse Serum, 5% Fetal Calf Serum and 0.1% B27) with
25 mg of trypsin inhibitor and 25 mg of Bovine Serum Albumin, that effectively stops tissue
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dissection. The resulting tissues were triturated with glass pipettes after which the cells were
counted with an automatic cell counter.

The suspension was then seeded with a density of around 5000 neurons/mm2 on glass
coverslips coated with poly-L-lysine placed in 24-well plates. The plates were incubated for
half an hour in a humidified, 37C and 5% CO2 incubator to allow the attachment of neurons.
Finally, 2 mL of serum-free medium (Neurobasal, B27 4%, GlutaMAX 1%, and FCS 1%) were
added and the cultures were placed back into the incubator. At 4 DIV the glial proliferation was
stopped by adding in the medium 20 µg/mL 5-fluoro-2-deoxyuridine and 50 µg/mL uridine
(Sigma, Israel). Cultures were fed every day, replacing 0.5 mL of the old medium with a new
feeding medium containing 90% MEM and 10% of inactivated Horse serum.

Ca-imaging

Recordings were done between 14 and 28 DIV. The recordings were done in an external medium
(EM) A.3. On the recording day, a coverslip with culture was transferred to a petri dish with
1mM of EM A.3 with 4µL Fluo-4. The culture was then incubated in darkness for 1 hour, after
which the medium was changed to 2ml of EM1 (Table A.3). Before imaging the Perti dish
was mounted in Zeiss Axiovert 135TV. The imaging time resolution was 30Hz. To analyze
population activity, we averaged the fluorescence from the whole field of view (which typically
contained about 30-200 neurons).

EM-1
NaCl 130mM
KCl 4mM
CaCl2 2mM
MgCl2 1mM
HEPES 10mM
Glucose 10mM
Surcose 45mM

Table A.3: External Medium-1 (EM1), the solution was prepared with DDW, and pH was
controlled by adding NaOH until pH was within the 7.35 - 7.45 range
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KCl changes

In addition to standard EM-1 (KCl 4mM), we prepared a set of EM with modified concentrations
of KCl: 1,2.5,5.5,7,10mM. After the initial 10-minute recording with the baseline concentration,
we changed the medium to a medium with a modified concentration. Then we let the networks
adjust to 10 minutes and record another 10 minutes of spontaneous activity in the new concen-
tration of KCl. After that, we change the medium again to the baseline condition. We typically
start with a baseline of 4mM, but for a small number of validation experiments, we started with
higher or lower concentrations. For the final averages, all these data were pooled together.

Baseline

4mM 4mM4mM 4mM 4mM 4mM

4mM4mM 4mM 4mM 4mM

10mM7mM5.5mM2.5mM1mM

45s

Change

Return

Figure A.2: Examples of average Ca-traces in experiments with different concentrations of KCl and return
condition.
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Appendix B
Burst detection methods

Population bursts in spiking data

In Chapter 2 the network burst events in the model simulations were identified using a modified
version of the max interval algorithm (Cotterill et al., 2016; Kirillov, n.d.). We applied the
algorithm to a vector of sorted spike times from the whole network. The algorithm detected burst
start and end using a set of parameters: interspike interval (ISI) threshold (4.5ms), the minimum
number of spikes in the burst (50spikes), minimal burst duration (40ms), and minimal inter-burst
interval (40ms). Burst amplitudes were computed as the highest peak in the 20ms population
spike count within a burst at the detected burst onset.

To detect bursts for MEA data in Chapter 3, we first excluded the recordings that did not
have a clear bimodal distribution of the events. To this end, we check if the median of the spike
counts (in 200ms bins) divided by the number of channels is below 3 and check if the bimodality
coefficient (R. Pfister et al., 2013) of the spike count is above 0.5.

Next, we identify the bursts in single recording channels, combine the results of detection,
and identify the population bursts. The bursts in single channels were identified by thresholding
the interspike intervals using the algorithm described above. We used the following parameters:
The minimum detection threshold was 100ms, the minimum of spikes inside the burst was 6,
the minimum burst duration was 100ms, and the minimum inter-burst interval was 500ms. In
parallel, we detected the bursts based on the overall vector of ISI (from all channels combined),
there the minimum detection threshold was 10ms, the minimum of spikes inside the burst was
30, the minimum burst duration was 100ms, the minimum inter-burst interval was 1000ms. We
then look for an overlap between the detected bursts. We obtain binary vectors for each channel
and for the population, with 1 indicating burst and 0 the absence of burst with 1ms precision (the
vector length is the duration of the recording in ms). We calculate a weighted sum over these
vectors (1 for a single channel, 10 for the population detection) and get the population bursting
vector. In this vector we threshold all activity that has an onset value above 8 and peak value
above 12. The detection was then validated by visual inspection.

In contrast to the simple thresholding in Chapter 2, the method allows the detection of bursts
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that have a complex structure and different intensities of spiking within a single population event.

Detection of bursts in the reduced model

To detect the bursts in the reduced model we used the population ISI-thresholding methods
defined in the previous section. The bursts are detected using dynamics of the rate variable x. We
take only the positive part of the simulated signal and normalize it between 0 to 10 and round the
values to the closest integers. Then create a vector of times of x above zero. After that, we pass
the vector of time to the modified version of the max interval algorithm B with the following
parameters: threshold – 10ms, the minimum number of spikes in the burst – 5, minimal burst
duration – 20ms, and minimal inter-burst interval – 20ms. The values here are arbitrary and were
found by evaluating the detection for multiple parameter combinations.

Detection of bursts in Ca-signal

In Chapter 2, calcium recordings were detrended by fitting lines into the manually selected
windows of upwards and downward drifts. The traces were then divided by original recording
with these lines (Sukenik* , Vinogradov* et al., 2021). We calculated the derivates of detrended
traces and found the burst onsets with a threshold. The threshold is found by analyzing the
distribution of the derivative of the network activity (binned with 1 std of the derivative). This
description typically has 2 peaks - one is noise and the other one is burst onsets. We set the
threshold to b 70% of the distance between two peaks. Next, we calculate the mean and standard
deviation of a baseline for each burst with five data points prior to the burst onset. Then we
check whether activity in the burst time window exceeds three times the baseline noise level.
Finally, burst detection is followed by manual inspection (done by Nirit Sukenik), to ensure that
all bursts are included.

To find the bursts in Ca-traces used in Chapter 3 we first detrended the traces by fitting a
polynomial of 4th degree to the raw data. The baseline drift is then subtracted from the raw data.
The burst onset was found based on the derivative of the detrended data. We then check if the
amplitude of Ca-activity reaches the 3 std of the burst baseline (300ms before the burst onset).
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Appendix C
Network simulations paramters

Parameters Values Description

V✓ � Vrest 20.0mV
Difference between the firing
threshold and resting potential.

V✓ � Vreset 10.0mV
Difference between the firing
threshold and reset potential

Cm 250pF Membrane capacitance
⌧m 20 ms Membrane timescale

b 12.5pA
Spike-triggered adaptation
increment

⌧w 5000 ms Adaptation time
⌧rf 2 ms Neuron’s refractory period

vext 850 Hz
Rate of external Poisson input
(free parameter)

Jext 1.0mV Strength of external synapses
N 10000 Number of neurons
" 0.2 Fraction of inhibitory neurons
J 1.4mV Excitatory synaptic strength

g 4 Relative inhibitory strength�
J I

= 5.6mV
�

D 3.5 ms Synaptic delay
KE 80 Number of excitatory in-degrees
KI 20 Number of inhibitory in-degrees

Table S4. Model parameters used for comparison with the mean-field analysis. Parameters used
for the Fig 2.12.
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Appendix D
Population bursting in a model without adap-
tation
A classical random network of leaky-intergate-and-fire neurons can produce a wide range of
dynamical states (N. Brunel & Hakim, 2008). Recently, it has been shown that it also can
produce slow-fast dynamics that can approximate the up and down state in the cortical networks
in vivo (Tartaglia & Brunel, 2017). Such dynamics indeed can also replicate some of the features
of the network bursting in vitro.

Bursting occurs as one of the spontaneous dynamical states of a sparse random network of
excitatory and inhibitory leaky integrate-and-fire neurons with delta synapses. Bursting typically
emerges in networks with strong synapses and slow external Poisson input that approximates
spontaneous activations of neurons. The network spontaneously fluctuates between an almost
quiescent asynchronous state and fast synchronous firing. This transition closely resembles the
network bursting in neuronal cultures. The bursting in this case appears in the bistable state: with
two stable fixed points and an unstable fixed point in between. Increasing the synaptic coupling
extends this region as shown in Fig. D.2.

The distribution of inter-burst intervals in the model without adaptation strongly deviates
from the IBI distribution observed in vitro. Thus, the LIF network without spike-frequency
adaptation can only produce an exponential distribution of the IBIs, thus following a memoryless
random process with CV=1 (Fig. D.3). As shown in Chapter 2, the model is sensitive to
blocking of inhibitory synapses and quickly transitions to a high firing rate state (Fig. 2.13),
which corresponds to decreasing g values in (Fig D.2). Overall, we conclude that the model
without adaptation is not sufficient to reproduce in vitro bursting.
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Figure D.1: Population activity in a sparse random network of excitatory and inhibitory neurons without
spike-frequency adaptation. The network parameters can be fine-tuned to produce a variety of IBI, while
CV of IBI stays close to one.
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Figure D.2: Saddle node bifurcations of the sparse random network of LIF neurons with different coupling
strengths. Increasing the coupling expands the bistable region.
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Appendix E
Statistical procedures
In this section, I describe the methodological details of the statistical analysis of experimental
and modeling data used in Chapter 2.

Burst features

We use a non-parametric one-way ANOVA with permutations (n=10,000) for statistical inference
on the burst features and set the alpha level at 0.05. The permutation tests are used because
the distributions of the burst features are skewed. For pairwise comparisons, we performed the
same permutation test, controlled the false discovery rate (FDR) at 0.05, and reported adjusted
p-values. We find a significant main effect of the mean IBIs across networks with different
fractions of inhibitory neurons (p<0.0001). Further, posthoc comparisons show no significant
differences between the mean IBIs in control cultures and in cultures with 10-80% inhibitory
neurons (p>0.05). Cultures with 0% and 100% inhibitory neurons have significantly longer IBIs
compared to the control (p<0.0001 and p=0.0348). A positive trend of mean IBIs is observed in
between 10 and 80% inhibitory cultures (Wilcoxon type test for trend, p=0.039, z-score=2.062)
when 0% and 100% cultures are excluded. The Coefficient of Variation (CV) of the IBIs grows
linearly with an inhibitory percentage from 0.29±0.03 to 0.75±0.04 (Wilcoxon type test for trend,
p=5.4x10-13, z-score=7.214).

One-way permutation ANOVA on burst amplitudes shows a significant main effect (p<0.0001);
Burst amplitudes are significantly higher in 0% networks compared to the control (Post-hoc
permutation ANOVA between 0% and control, FDR controlled at 0.05 p<0.001). Networks
with 100% inhibitory neurons have significantly smaller burst amplitudes compared to control
(p=0.044). We did not find significant differences between the mean amplitudes of bursts in
10-80% inhibitory cultures compared to control (p>0.05). Additionally, we found a significant
negative trend of the mean burst amplitudes as the fraction of inhibitory cells increases from 10
to 100% (excluding 0%; Wilcoxon type test for trend, p=0.039, z-score = 2.062). The coefficient
of variation of the burst amplitudes is significantly smaller in 0%, 50%, 70%, 80%, and 100%
cultures compared to the control (Main effect in permutation ANOVA p<0.0001, post hoc tests
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p<0.0001, p=0.0173, p=0.0098, p<0.0001, p=0.0002). We did not find significant differences
between the CV of burst amplitudes of 10%-30% networks and control cultures (p>0.05).

Permutation ANOVA shows the significant main effect of burst durations (p<0.0001). The
post-hoc comparisons show that cultures with 0% and 80% inhibitory neurons have significantly
longer burst duration compared to the control (p<0.0001, p=0.02). We could not reject the null
hypothesis (p>0.05) in all other pairwise comparisons. The CV of durations is lower in the 0%
inhibitory cultures compared to the control (p<0.0001) and not significantly different otherwise
(p>0.05).

Analysis of the patch clamp data

For the statistical analysis of patch clamp data, we use parametric 2-way ANOVA with percentage
(3 levels: 20%, 50%, and 80%) and cell type (excitatory and inhibitory) as two factors. The
amount of inhibitory cells included in the analysis is N=12, N=7, and N=7 for 20%, 50%, and
80% inhibitory cultures respectively and the amount of excitatory cells is N=10, N=12, N=22
for 20%, 50% and 80% inhibitory cultures respectively. While we could not reject the null
hypothesis that the mean size of PSC in networks with different inhibitory percentages is the
same (F(2,64)=0.0156, p=0.984), the size of PSC is significantly different in inhibitory and
excitatory neurons (F(1,64)=6.95, p=0.01). The decay is also significantly faster in inhibitory
cells (F(1,64)=5.68, p=0.02), and again we did not find significant differences in networks with
different inhibitory percentages (F(2,64)=0.24 p = 0.786). The frequencies of PSC decrease
significantly with the increasing fraction of inhibitory neurons (F(2,64)=6.348, p=0.003) and we
have also found significant differences in frequencies of PSC between inhibitory and excitatory
neurons (F(1,64)=60.21, p=8.56x10-11).

Analysis of mEPSC Mean rates, amplitudes, and decay time of mEPSC are measured in
20% and 80% inhibitory cultures. The measurements are done in fluorescent inhibitory and
non-fluorescent excitatory cells with the following number of measurements: in 20% inhibitory
cultures – inhibitory cells N=10 and excitatory cells N=10. In 80% inhibitory cultures- inhibitory
cells N=9 and excitatory cells N=7. The mean rates are significantly different in the groups
(ANOVA F=12.9, p<0.0001) and individual comparisons are also significant (p<0.01 in all).
Comparisons among mean amplitudes of the different groups, ANOVA, F=8.15, p<0.0001 with
significant differences between inhibitory and excitatory cells in both 20% and 80% inhibitory
cultures. The decay time of the same groups, ANOVA F=4.36, p<0.01, significant differences
only between inhibitory and excitatory cells in 20% inhibitory cultures.

149



APPENDIX E. STATISTICAL PROCEDURES

We also compared mEPSC properties between neurons that express a YFP marker (i.e. CRE-
OFF, non-GABAergic cells) and neurons that express a tdTomato (i.e. CRE-GAD, GABAergic
cells). The size and rate of mEPSC, N=10 neurons in each group, is significantly higher in the
GABAergic, tdTomato cells with t=5.76, p<0.001, and t=4.74, p<0.001 respectively. The decay
time is not significantly different between the tdTomato and YFP stained groups.

Responses to bicuculline

Analysis of IBIs’ response to bicuculline. We compare the mean IBIs of networks with different
inhibitory percentages (number of independent samples 0% N=5, 10% N=6, 20% N=3, 30%
N=5, 50% N=3, 70% N=6, 80% N=4, 100% N=7, control N=3) repeatedly recorded for at
least 20 minutes under concentrations of bicuculline that range over 7 levels from 0.5 to 40µM.
The IBIs are normalized to the values at 0µM bicuculline. Because of the complex unbalanced
within-between-group experimental design that includes missing observation (in 100% inhibition
cultures under high concentration of bicuculline), we use a linear mixed effect model to study the
effects of inhibitory percentage and of concentration on the normalized IBIs. We apply a natural
logarithm to correct the right-skewness of the normalized IBIs. We fit the linear mixed effect
model to the log-transformed normalized IBIs using the bicuculline concentration and inhibitory
percentage as fixed effects and individual intercepts for each culture (random effect) assuming
Gaussian noise. When all inhibitory percentages are included the residuals of the fitted model
show deviation from a normal distribution. We further exclude from the analysis 100% inhibitory
cultures, which show the highest variability and include most of the missing observations (only 2
of the 7 100% inhibitory cultures yielded observable IBIs for 10 and 40[µM] bicuculline). This
allows for a good model fit with the normal distribution of the residuals (fixed and random effect
R2 =0.786). We report the statistics for a model that does not include 100% inhibitory cultures.
We find a significant main effect of percentage (F(7, 87.837) = 3.65, p = 0.000167, degrees of
freedom approximated with Kenward-Roger’s method), concentration (F(1,161.01)=343.074,
p<2.2x10-16), and an interaction between the two (F(7,161.011)=9.166, p=1.623x10-9) on the
normalized IBIs. We further compare the interaction of percentage and concentration between
every inhibitory percentage and control. We have found significant interaction when comparing
0% and control (beta=-0.63±0.19 s.e.m, t(27.5) = -3.313, p= 0.0181). We could not reject the
null hypothesis in the case of all other pairwise comparisons of the interaction effect. Fitting of
the mixed effect model was done in R 3.6 using the lme4 toolbox.
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Appendix F
Analysis of the reduced model

F.1 Stability analysis of the reduced model

We study the phase portrait of the model, using a standard stability analysis for the deterministic
case (Strogatz, 2018). We start by computing the fixed points and nullclines of the model. Here
we ignore the coupling c and set it to 1. The nullclines are given by
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The fixed points x⇤, w⇤ are given by the intersection of two lines and can only be found numeri-
cally. The solutions are typically 1 or 3 fixed points (Fig.3.1c). The stability of the fixed points
can be found by linearizing the system around its fixed points:

Jac =

"
@ẋ
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@ẋ
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@ẇ
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(F.3)

Note that we can rewrite the derivative of the sigmoid as �0
(z) =

e�z

(1+e�z)2 and rewrite the
Jacobian as

Jac =

"
�

1
⌧ +

Ja
⌧ �0

(�a(✓ � w + x)) �Ja
⌧ �0

(�a(✓ � w + x)))

b/⌧w �1/⌧w

#
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(F.4)

The signs of the eigenvalues of the Jacobian will then determine the stability of fixed points.

�± =
1

2

✓
tr(Jac) +

q
tr(Jac)2 � 4det(Jac)

◆
(F.5)
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Where tr is a matrix trace and det stands for the matrix determinant. The determinant of the
matrix is given by

det(Jac) =
1

⌧ · ⌧w
Ja (�0

(�a(✓ � w + x))� 1) (F.6)

And the trace is given by

tr (Jac) = �
1

⌧
�

1

⌧w
Ja�0

(�a(✓ � w + x)) (F.7)

By analyzing the fixed point and their stability we can find that there are three types of
dynamical states:

1. Stable single fixed point (either low or high)

2. Two stable, one unstable fixed points (bistability)

3. Oscillations

We can find two bifurcations of the system, where it transitions between the states. The Saddle-
node bifurcation-node bifurcation indicates a transition from one stable fixed point to two stable
fixed points and one unstable in-between. Its location can be identified by the points where
det(Jac) = 0. Hopf bifurcation-bifurcation is a transition from 1 stable fixed point to a limit cycle
and is indicated by tr (Jac) = 0. Note that as long as ⌧ ⌧ ⌧w the location of the bifurcations is
not strongly affected by the timescales of the system. In practice, we use numerical bifurcation
continuation using XPPauto (Ermentrout, 2002) to obtain the bifurcation diagrams. Fig. 3.1d
shows an example of the bifurcation diagram for ✓ and b.

F.2 Analytical description of the invariance in a
piece-wise linear equivalent model

Next, we asked if the relationships that allow for the invariance of bursting dynamics can be
treated analytically. To simplify the analysis, we will substitute the sigmoid non-linearity with
an equivalent piece-wise nonlinear function. The maximum slope of the sigmoid we use is given
0.25aJ . We scale it by 0.5 and get:

fpwl(x) =

8
>>><

>>>:

0 for x < ✓ � 4
a

0.125aJ(x� ✓) + J
2 for ✓ � 4

a < x < ✓ + 4
a

J for x � ✓ + 4
a

(F.8)
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9.0 9.5 10.0 10.5 11.0

Figure F.1: Piece-wice linear approximation (fpwl(x)) of the original sigmoid (f(x)).

Assuming large values of a, that control the steepness of the sigmoid function, this approxi-
mation is very accurate. Now we can explicitly find the fixed points The nullclines are now given
by

0 =
dx

dt
= x� ✓ �

x� J/2

0.125aJ
(F.9)

0 =
dw

dt
=

w

b
(F.10)

We can also explicitly solve for the fixed points:

x⇤
=

J(4� a✓)

(aJ(b� 1) + 8)
(F.11)

w⇤
= bx⇤ (F.12)

We can also find the maximum and minimum of the dx
dt = 0 null-cline. These values give us the

boundaries of the bistability in the case of the time scale separation. The boundaries are given
by the intersection of y = x line and the y = fpwl(x), which is gives by x⇤ and now we need to
consider x in the boundaries

✓ + 4/a > (J(�4 + a✓))/(�8 + aJ) (F.13)

✓ � 4/a < (J(�4 + a✓))/(�8 + aJ) (F.14)

And therefore

w�
:= (4� a✓)/a (F.15)

w+
:=
�4 + aJ

a
� ✓ (F.16)
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These two values are the boundaries between which the system transitions between the states.

Invariance in the deterministic case

The most simple case of transition invariance can be found in the slow deterministic oscillations
in the model. In this case, the period is always the same, therefore CV(IBI)=0. For this case, we
can assume that the system simply jumps between two branches and slowly relaxes to w� and
w+. For the piece-wise linear approximation, the x(t) then always stays at its fixed point given
by 0 and J. Note that it is also a very good approximation of the original model, when a and J

are sufficiently large. We can then only analyze the slow variable, assuming that the x is fixed.
The general solution of the initial value problem (IVP) for w(t) is

w(t) = bx� (w0 � bx)e�t/⌧w (F.17)

where w0 is the initial condition. Now we can solve for both b and ⌧w as a function of ✓, given
fixed IBI and burst durations.

The time it takes to relax to w� after the jump from the upper branch is given by IBI, therefore
w(t = T IBI

) = w�. And we can now explicitly solve for ⌧w

⌧w = �
T IBI

log(w+�bx
w��bx)

(F.18)

Note that here bx = 0 and given a fixed IBI the ⌧w therefore depend only on w� and w+, which
are functions of ✓ as defined above. Correspondingly in the deterministic case, the IBIs only
depend on ⌧w. Furthermore, we can plug in w+ and w� and rewrite the equation above as

⌧w = �
T IBI

log(1 + aJ�8
5✓+4�aJ )

(F.19)

Now we can perturb log(1 + x) up to the first order and get the equation that defines the
slope of the dependency between ✓ and ⌧w, assuming that the IBIs are given

�
5T IBI✓

aJ � 8
(F.20)

If ✓ is sufficiently large, the full expression Eq.F.18 for the ⌧w will approach this line. Note
that there is also a constant offset that depends on the higher-order terms. To fix the duration
of each burst, we need to set the value of adaptation strength b. To this end, we can solve the
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equation F.17 for b, assuming that w(t = T dur
) = w+, which is given by

b =
w+

+ w�eT
dur/⌧w

x(e�T dur/⌧w � 1)
(F.21)

We can expand this up to the second order as e
x
k = 1 +

x
k +O(2) and insert the w+ and w�

and get

b =
�4+aJ

a � ✓ + (1 +
�T dur

⌧ )(4� a✓)/a

�x�T dur

⌧

(F.22)

from which we get a dependency between the ⌧w and ✓

✓ = x
T dur

2⌧
+

J

2
(F.23)
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Figure F.2: The invariance of bursting activity in an oscillatory regime without noise. a Solution of the
adaptation strength of a function of ✓ for different fixed values of IBI and 2.5 burst durations b Solutions
for the ⌧w as a function of ✓. c Examples of traces with the IBI=10s and low noise (� = 0.1)

F.3 Stochastic methods in the analysis of the IBI and
burst duration distributions

In Chapter 2 I introduced the idea of modeling network bursting as a noise-driven transition
between two stable fixed points. We assume that the slow variable, e.g. spike firing adaptation,
is much slower than the membrane timescale of a single neuron ( limx!1 ⌧fast/⌧slow = 0). This
assumption, however, does not always hold and the deviations from this theory can be substantial
(Fig. 2.13). We develop a phenomenological model of population activity with fast and slow
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variables. Using a standard bifurcation analysis and simulation-based inference of the model, we
show that it can exhibit bursting-like activity for a wide range of parameters. For some of the
cases in which timescale separation does not fully hold to get a more complete picture, we use
the bifurcation analysis and simulation-based inference techniques (see Chapter 3).

This model can also be analyzed using the timescale separation approach and we can then
directly obtain a potential of the fast component of the system.

Here we follow an approach developed by Lim and Rinzel, 2010 and use stochastic methods
together with survival analysis to obtain the distribution of the IBI and burst durations. Despite
the simplicity of the system that we are studying, the application of stochastic methods is quite
limited since the full two-dimensional model does not have a potential function. Therefore, one
approach is to consider a timescale separation limit, where limx!1 ⌧fast/⌧slow = 0.

The timescale of adaptation that we inferred with the simulation-based methods (see Chap-
ter 3), is typically a few orders of magnitude larger than the timescale of the rate variable, so this
assumption is quite justified.

We can split the analysis into three parts: (1) analysis of the mean escape times with timescale
separation, and (2) survival analysis to obtain the distribution of the adaptation values p(w) for
which the transitions occur, and (3) calculation of the IBI and duration using the transitions
distributions. Each part has its own set of assumptions that will be discussed below. Fig. F.4
shows the full diagram of the analytical approach.

Mean escape time analysis

We assume that w changes very slowly and can be treated as constant. This way we can write an
energy function of the model as

U(x, w⇤
) = �

1

a
J ln

�
e
a(✓+w�x)

+ 1
�
+

x2

2
� Jx (F.24)

Now we can write the equivalent Fokker-Plank equation:

@tp(x, t) = @x[
dU

dt
p(x, t)] +D@2

xp(x, t) (F.25)

The mean transition time is given by (Gardiner, 2009):

M(x0 ! x1) =
1

D

Z x1

x0

eU(y)/D
h Z y

�1
e�U(z)/Ddz

i
dy (F.26)

The nice part about M is that it gives us the escape rate precisely, a not-so-nice part is that
the integrals are impossible to evaluate analytically. To simplify the computations, I assume that
the burst emission as a function of w is given by
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Figure F.3: Network bursts as noise-driven transitions in changing double well-potential under timescale
separation (⌧m ⌧ ⌧w). a. Steady-state solutions for the fast variable assuming fixed values of adaptation
w⇤ and trajectories of the transitions in the real simulation of the model (overlaid traces, shade of gray
show different values of w). b. The double well potential of the system assumes timescale separation (note
that the full system does not have a potential). For small values of adaptation, the potential is asymmetric,
and the high fixed point x⇤up has lower energy. Therefore, the system driven by noise quickly transitions to
the high fixed point. When the adaptation is strong (palest grey), the system is more likely to transition to
the low fixed point x⇤down.

⌫̂(w) = c1e
�c2w (F.27)

In practice, this approximation works reasonably well and will allow us to proceed further
using analytical techniques. The drawback is that we lose an explicit relationship with the model
parameters and need to numerically estimate the coefficients for a given set of parameters for the
non-linearly (✓, a, J).

Survival analysis for transition probabilities

Now we can treat the value of adaptation as a random variable W at which the transitions
between states occur. We can use the survival analysis to compute the probability density at
which transitions happen. Survival function (Kleinbaum & Klein, 1996) is defined as S(w) =
Pr(W > t) = 1� F (w), where F (w) is the cumulative distribution. We then define the hazard
function as

h(w) = lim
h!0

Pr(w  w < w + h | w � w)

h
=

f(w)

S(w�)
(F.28)
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Figure F.4: A diagram of the stochastic methods approach for calculating the distribution of event times.

In our case, the hazard is given by the escape rate, so we set h(t) = ⌫̂(w). Next, from the
properties of the survival function (Kleinbaum & Klein, 1996), we get

dS

dw

dw

dt
= �S(w)⌫̂(w) (F.29)

The survival function is then given by:

S(w) = exp
nZ

�⌫̂(w)

dw/dt
dw
o

(F.30)

where d = 1/⌧w and k is set to one of the two fixed points of the adaptation variable w+ or w�.

Now we can finally evaluate the transition probability:

⇢(w) = �
dS

dw
=

⌫̂(w)

d(�w0 + k)
exp
n
�

Z
⌫̂(w0

)

d(�w0 + k)
dw0
o

(F.31)

Since ⌫̂ is a single exponential, we can expand this equation further and write it in general
form as

⇢a,b(w) =
c1

d(k � w)
exp
n
� c2k + c2(k � w) +

c1
d
e�c2kEi(c2(k � w))

o
(F.32)

where

Ei(w) =
Z w

�1

ex

x
dt (F.33)

and a,b are transition up! down or down! up. Thus, ⇢a,b(w) is the probability density for the
values of W at which transition happens. Note that this approach requires k to be defined, so we
apply it only for the case of bistable dynamics ( Fig F.5).
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Calculating the probability of IBIs

Let’s assume that the w changes exponentially between bursts, and then the time between bursts
(IBI) is linked with W as

T = �log(
W+

W� )⌧w = �
�
log(W+

) + log(W�
)
�
⌧w (F.34)

where W and W0 are random variables.
We can analytically compute the distribution of ratios by applying the change of variables

formula. If W ⇠ ⇢(w) then the distribution of ⌧wlog(W ) is given by

⇢̂a,b = d⇢(ewd
)ewd (F.35)

Now the probability density functions of the difference between two random variables are given
by the convolution

pIBI(t) =

Z 1

�1
⇢̂du(z)⇢̂ud(t+ z)dz (F.36)
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Figure F.5: Estimation of the transition probabilities for the reduced model in a bistable state. (a)
Distribution of transition values w estimated with survival analysis. (b) Estimated distribution of the IBI.
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Appendix G
Methods Chapter 4

G.1 Experimental details

All details of the experimental procedures will be available in a consequent publication (Vasiliev
et al., in preparation). Here I briefly review the key details. All procedures were carried out
with the prior approval of local authorities and in compliance with the European Community
Guidelines for the Care and Use of Laboratory Animals.

In all experiments, we used male rats (N=43). The head-fixation chamber and electrodes (in
4 rats) were implanted after 7 days acclimation period. The details of the surgical procedures
are described in Vasilev et al., 2022. Here the main difference is that in addition to scalp EEG,
Cambridge Neurotech H7 or H9 silicone probe electrodes were implanted into ACC.

Behavioural task and recording setup

Head-fixed rats were trained to discriminate stimuli by running on a treadmill past a distance
threshold (Go) or remaining immobile (NoGo). The treadmill was a freely rotating (backward
and forward) cylinder on a metal axis. As stimuli, we used black-and-white gratings with a
spatial frequency of 0.005 cycles/pixel. The visual Go stimuli were typically rotated by 340deg
and NoGo stimuli were 50deg. Habituation and training protocols as well as the details of water
restriction are described in detail in (Vasilev et al., 2022). Upon a successful running to a Go
stimulus past a running threshold, three drops of water were delivered. After running to NoGo
stimuli past a threshold no water was delivered and animals received brown noise as negative
feedback. The same number of Go and NoGo stimuli were presented in each recording session.
In some NoGo stimulus trials, rats began running shortly after NoGo stimulus onset but made
a change of mind (CoM) and chose to return to immobility before crossing the threshold. As
discussed in the main text, the time of CoM was defined by the peak velocity of the treadmill
when the rat stopped running and began slowing down.
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Recording and spike sorting

The neural activity in ACC was recorded in 4 rats (between 14-30 recording sessions per animal).
The neural activity was recorded by Ryo Iwaio, Dmitriy Vasiliev, and Nelson Totah. Spike sorting
was performed using Kilsort2 (https://github.com/jamesjun/Kilosort2), an updated version of
Kilosort (Pachitariu et al., 2016). Detected spikes were also manually curated by two human
experts. The running velocity was recorded using the analog signal from the rotation of the
treadmill axis using a rotary encoder. The signal was then digitalized and processed to obtain the
angular velocity downsampled to 100Hz (Vasilev et al., 2022).

G.2 Data analysis

For each trial type (HT, FA, CR) we calculated the peak velocity (MATLAB function ’peakde-
tect’). Then we sorted the max velocity for each trial type into 3 tertiles: low, medium, and
high.

ANOVA

To test the changes in firing rates, we aligned the spikes according to the peak velocity in CR
and HT trials. The spike counts were then calculated with a 100ms time bin for each trial type
and velocity tertile. We tested the changes in the firing rate using one-way ANOVA with 3-speed
tertiles bin-wise (’anova1’). The neuron firing rate changes were considered when there were
significant changes in 3 consequent bins (with a significance threshold of 0.05). The analysis
was run separately for CR and HT trials. For this analysis, we considered all recorded neurons
(603 units in total).

G.3 Linear encoding model

Model setup and regressor types

We designed a multiple regression model to relate the neuronal responses to the level of conflict
and simultaneously to the behavioral and task-related variables. We closely follow the methodol-
ogy from (Engelhard et al., 2019). For this analysis, we consider the firing rate in all recording
sessions. We cut the spiking activity for every trial from the stimulus onset to 1.8s afterward.
This window includes both behavioral responses and feedback presentation in all trials.
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The spike times for every neuron were binned with 10ms and convolved with a 50ms Gaussian
kernel to approximate the instantaneous firing rate1.

Next, we design the GLM with the instantaneous firing rate for each neuron as a dependent
variable and behavioral and task variables as independent variables. The regressors can be split
into 3 categories: 1. trial-type variables, 2. continuous variables, and 3. event variables (Fig. 5.4).
We also separate the regressors into groups based on the types of predictors. In the final model,
we had 6 groups: trial type, stimulus, running velocity, feedback, and conflict. Some of the
groups (i.e. velocity group) contained both event-linked and continuous regressors.

For the trial-type group was comprised of 3 regressors that were 0 or 1 depending on the trial
type (for HT, FA, and CR trial types).

Event regressors were generated by convolving the event delta function with a set of splines.
Events were stimulus onset, feedback onset, and peak velocity onset. In general, we gen-
erated B-splines with 10 degrees of freedom using the Matlab version of the fda package
https://www.psych.mcgill.ca/misc/fda/software.html (Silverman & Ramsay, 2002). There were
small differences depending on which event we considered.

• For stimulus onset, we used a set of 10 splines, that span the whole trial and had break
points at t1 = 0, t2 = 0.9, t3 = 1.8s from the stimulus onset. Thus, we have 10 progressors
in the stimulus group.

• The feedback regressor group was identical to the stimulus group but convolved with the
feedback onset separately for the positive and negative feedback. Therefore, the whole
regressor group included 20 regressors.

• Velocity spines were analogous to the stimulus spines, but scaled with the peak velocity of
each trial.

• The conflict group covered the time around the peak velocity in CR trials. It was comprised
of 7 spines that go forward from the peak onset (with breakpoints t1 = 0, t2 = 0.9, t3 = 1.5

from the peak), and 3 splines that go backward from the peak velocity (10 splines in total).
These splines were also scaled with the peak velocity for each CR trial.

1We validated the results with shorted and longer kernels (up to 200ms) and did not see a qualitative change in
the inferred clusters and regressor contributions, the variance explained in the full model is, however, affected by
the smoothing and ranges from 10 to 25%. Similarly, we obtain qualitatively consistent results when the neural
activity is binned with 50ms bins without smoothing.
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A continuous variable that we considered was the running velocity in each trial. We down-
sampled the velocity to 100Hz to match the firing rate discretization. The velocity group, thus,
had only one continuous velocity regressor and 10 spline-based velocity regressors (see above).

Additionally, we include a session-wide spine basis, 5 B-splines with 10 degrees of freedom
that span the whole session and account for the baseline firing drift. The model also included a
constant offset for every neuron.

The final encoding model can be written as:

Y (t)n = �n +

KeventX

k=1

N event type
splineX

j=1

�event
n,k,jek,s(t) +

Ktrial typeX

k=1

�trial type
n,k ck,s + �vel

n vs +

NbaselineX

j=1

�baseline
n,j dj,s + "

(G.1)

Y (t)n is the instantaneous firing rate of a neuron n. The first sum is over the discrete
(convolved with splines) events where, k is the index that goes through different event types
(stimulus onset, feedback onset, peak velocity onset), and j indexes the spline number of each
spline type. The vector of spline basis convolved with the delta for every event ek,s(t) was
unique for each session s. The second term is for trial-wide binary regressors (ck,s) that take 0 or
1 depending on the trial type (HT, FA, CR, Ktrial type = 3). Next, there is a single velocity vector
for each session vs regressor. Finally, the last sum is over the spline basis for the baseline drift
(dj,s) and " is Gaussian noise. We fit the model in Matlab using the least squares solution with
an extra L2 penalty with � = 0.0001.

We also tested feedback expectation spines and rule splines that were not included in the
final model. The rule spines were the interaction of the stimulus spline and the stimulus type
(Go or NoGo). The feedback expectation splines were identical to feedback splines but went
backward from the feedback onset.

Model testing

To test the model we excluded separate regressor groups one by one and computed the 5-fold
cross-validation over trials for every unit. We tested 6 regressor groups (m) instead of testing
57 single regressors � in the final model. The decrease of variance explained was then checked
with paired t-test for every regressor group with Bonferroni-Holm adjusted p-values for multiple
comparisons.
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Regressor contributions

The contribution g of every regressor group was quantified gm = 1 �
r2m
r2full

, where r2m variance
explained in the model without a regressor group (m) and r2full is the variance explained of the
full model. For all regressor groups apart from the baseline, we normalize the contributions by
their sum gmP

m gm
. In some cases, when the model performance is worse than a prediction by a

constant offset (which might be the case for neurons with very few spikes given that we compute
prediction on the test trials). In such cases, we set negative contributions to zero.

Clustering

We cluster the neurons based on the regressor group contributions (g) using a Gaussian Mixture
Model (GMM). We learn the means and covariance of the GMM using Matlab ’fitgmdist’
function with full covariance matrix and L2 regularization=0.01. To decide on the number of
clusters for GMM, we identify the minimum of BIC between 1 and 20 clusters. Then we test
the model by randomly shuffling the contribution per neuron 10000 times and comparing the
negative log-likelihood of the identified model.

G.4 Population analysis

A detailed description of the demixed PCA algorithm ad its relationship to PCA can be found in
H. Here I describe the major steps in the application of the method to spiking activity in ACC.

Preprocessing. We focused on the activity only from CR and HT trials to contrast the
conflict. We expect the clear conflict signal to appear in correct rejection trials where animals
self-corrected their behavior. We do not expect to see conflict in hit trials where animals correctly
decided to run when they saw a go stimulus. To quantify the speed magnitude, we find the point
of maximum running velocity in each trial and compute trial-specific tertiles. Thus, we have 2X3
ANOVA-like conditions: 3 levels of speed with 2 different trial types (HT and CR).

In every trial, we aligned the spike times with respect to the peak velocity. Next, we compute
the spike counts in the time window 500ms before the event onset and 1500ms after the event
onset using a 10ms time bin. Finally, for every neuron, we convolve the spiking activity a
Gaussian kernel � = 50ms. We excluded neurons whose average firing rate was less than 1Hz
and also removed the neurons from the recording session with less than 2 trials in each condition.
Thus, we used 426 single units pooled across 4 rats. The data is then organized in a tensor with
dimensions N ⇥ S ⇥Q⇥ T ⇥K, where N is the number of neurons, S is the speed tertile, Q is
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the trial type, T is the trial time (-0.5 to 1.5s around peak velocity), K is the number of trials.
Note that since we pool together the data from different recording session sessions, the tensor
contains neurons that were not recorded simultaneously in the same trials, and therefore some
trials would be empty (filled with NaNs).

To compute the demixed components we dPCA toolbox https://github.com/machenslab/dPCA
that implements the algorithm from (Kobak et al., 2016). Briefly, we compute the average
responses for every neuron in 2 trial types and 3 velocity tertiles.

From the tensor of average responses, we compute the marginalization for every condition:
trial types, velocity tertile as well as for the interaction between conditions and condition-
independent marginalization for all conditions (Fig. 5.10). Afterward, linear regression weights
are trained to predict the marginalized responses. Then we compute principal components of the
covariance of these responses are calculated and factorized into a decoder and encoder matrix
(Kobak et al., 2016 and see also H). We fit dPCA with extra covariance terms estimated from
individual trials as well as small regularization � = 10

�4.
To compute the classification accuracy, we used the decoding axes for different condition

terms to predict the type of trial at every time point. We separately calculate the classification
accuracy for every condition. For instance, for the trial-type condition, we have 2 possible classes
(HT or CR) and we would like to test the first dPC for the trial type. We first project the average
response for each condition to the decoder axis of the 1st dPC. Then we can project individual
trials onto the same decoder axis and calculate the closest average response to it. This minimum
can be used as a trial-type prediction.

Following Kobak et al., 2016, we run this procedure with Monte Carlo leave-group-out
cross-validation. For every condition, we randomly exclude one trial for each neuron (test trial).
Then we compute the dPCA on the remaining trials (train trials) and calculate the prediction for
this trial. We repeat the procedure 100 times and calculate the average accuracy (Fig. 5.11c).
Next, to check if the average accuracy is above the chance level, we shuffle the trails between
conditions for every neuron and compute the predictions for averages based on the shuffled dat
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Appendix H
Demixed PCA in details
Demixed PCA (Kobak et al., 2016) is a generalization of reduced rank regression and principal
component analysis that allows to extract latent population-wide components. Similarly to the
classical definition of PCA, the technique searches for a number of latent components that explain
the maximum variance in the recorded data. However, unlike classical PCA the components
are optimized such that they capture the largest amount of variance in specific and pre-specified
conditions. Loosely speaking, the technique combines dimensionality reduction with regression
analysis. In this appendix, we review the basic definition of PCA and reduced rank regression
and then define the basic methodology of demixed PCA following Kobak et al., 2016

Principal Component Analysis

Let us first revisit the basic definitions behind the Principal Component Analysis with specific
application to N-dimensional recordings of neurons in mind. Let X be a matrix of the size N⇥T ,
where raws are recorded neurons and values in columns are individual samples, e.g. activity
recorded at each time t. The main objective of PCA is to find a linear transformation P for X

PX = Y (H.1)

where Y is the new representation of the data such that its covariance CY =
1
nYYT is a diagonal

matrix. The rows for Y then correspond to the principal components of the data.
The most practical way to obtain P includes the decomposition of the covariance of the

original data CX either with eigenvectors or by applying singular value decomposition (see
Shlens, 2014 for more details). However, it is also possible to write the PCA as a constrained
optimization problem. In this case, one can write down a PCA loss as

LPCA =
��X�P>PX

��2 =
��X�YP>��2 =

NX

i=1

TX

j=1

(xij �

KX

k=1

YikPik) (H.2)

where k is the component number. We then need to minimize this loss subject to P>P = I,
where I is an identity matrix (i.e. assuring that the components are orthogonal to each other). In
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other words, we would minimize the residuals between the projected and original data. Note
that, this view is equivalent to several other definitions of PCA as an optimization problem, for
instance maximizing the variance of the projection of X onto the principal components (Udell
et al., 2016; Vidal et al., 2016 and also an excellent blog post on PCA as optimization from Alex
Williams).

Intuitively, PCA linearly maps the neuronal activity onto a set of orthogonal components.
The matrix P can be then viewed as a decoder, whereas P> is an encoder. Even though the top
principal components will capture most of the variance in the data, it usually does not separate
task-related variance into separate components (Machens, 2010).
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Figure H.1: (a). Toy data of two neurons, which drift in time and receive Gaussian white noise as
inputs. The first axis of the principal components captures the drift. Note that the PC axis here is rows
of eigenvectors of the covariance matrix scaled by the square root of its eigenvalue. The second PC
captures shared Gaussian white noise. (b) PCA objective: either maximizing the variance of the PC (Dp)
or minimizing the residuals between the original and projected data (Dr). D2

t = D2
r +D2

p. (c) PCA as
decoding and encoding of neuronal data.
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APPENDIX H. DEMIXED PCA IN DETAILS

Demixed PCA

The idea behind demixed PCA is to allow the learning of principal components that depend on
experimental variables. The main steps of dPCA could be described as follows:

1. Compute marginalisations X� of the X that correspond to the experimental variables of
interest

2. Learning linear regression weights C to predict marginalisation X� using the whole data
as predictors X and get the predictions M = CX.

3. Compute eigenvectors of the covariance of this predictions

4. Factorise the top principal components into predictors and encoder.

The first step of the algorithm is computing the marginalization of average neuronal responses
in each experimental condition (either task or behavior related in our case). Intuitively, one can
see that an average activity of a single neuron can be factorized into

X =

X

�

X+Xnoise (H.3)

where, following the notation in Kobak et al., 2016, � is the index of task-relevant parameter.
For instance, if we recorded neuronal activity during a presentation of a particular stimulus, then
the whole recorded activity can be decomposed into the average activity during the stimulation
and noise.

More precisely, let x̄� be a marginalisation of the average single neuron activity for � 2 � is
a set of task-relevant parameters, then

x̂� = hx�
X

⌧2�

x̄⌧ i�\� (H.4)

hi̇�\� denotes averaging over all the possible task-factors that are not �. Importantly, both
covariance and correlations between the marginalizations are zero (for derivations see Kobak
et al., 2016). Therefore,

var[x] =
X

�

var[x̂�] + var[xnoise] (H.5)
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And in the multivariate case

C =

X

�

(C� +BCnoise) (H.6)

The marginalizations are useful to find task-specific principal components in the data. Thus,
now we can write the dPCA loss as

L =

X

�

kX� � F�D�Xk
2 (H.7)

Note that now instead of reconstructing the whole data, the objective includes reconstructing
each marginalization. Furthermore, here we explicitly write F� and D� for the encoder/decoder
pair that corresponds to each marginalization.

Each loss term thus increases the variance from a specific marginalization and decreases the
variance from all the other marginalizations. To see this one can rewrite the loss as follows

L� = kX� � F�D�X�k
2
+ kF�D�(X�X�)k

2 (H.8)

The second term here corresponds to the variance from all the other marginalizations, while the
first one is similar to the standard PCA loss and decreases the variance from the residuals in the
selected marginalization. Now, if F�D� = A and we do not have any constraints on A then the
solution to H.7 can be found analytically with ordinary least squares equation (OLS), we call
this solution AOLS. However, given that we expect A to have a pre-specified rank, the solution
renders into the solution of the reduced rank regression, which is equivalent to performing the
PCA on the AOLSX. To see that, let us decompose the loss into two terms

kX� �AqXk
2
= kX� �AOLSXk

2
+ kAOLSX�AqXk

2 (H.9)

where Aq is the rank q approximation of A. Now we can see that the loss only depends on the
second term and the best rank q approximation of AOLSX is given by q principal components.
So finally, we arrive at UqUq

>AOLS, where Uq is the matrix of top q components. Now we can
set decoder to be D = U>

q AOLS and encoder to be given by the q first principal components of
AOLSX, which is Uq. One can run the procedure iteratively for all marginalizations of interest
and eventually reach a good reconstruction of the data (see Fig. 5.11). The main benefit of dPCA
is that now all the top q demixed components would correspond to the maximum variance only
in a task-specific response and therefore might give a meaningful interpretation of population
dynamics.
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APPENDIX H. DEMIXED PCA IN DETAILS

Note that here, the constraint on the orthogonality of the extracted components for dif-
ferent marginalizations is lost. Therefore, top demixed components may be correlated or
non-orthogonal. Furthermore, the implementation of dPCA based on reduced rank regression
also does not impose the orthogonality of encoder/decoder axes. According to Kobak et al., 2016,
this allows for better isolation of task-related components.

Regularisation and unbalanced data

So far we considered only the average activity in each marginalization and assumed that the
conditions have an equal number of observations. However, it is not the case in the dataset for
conflict and error encoding in ACC. Therefore, we need to add an extra correction term that
would account for the differences in the residual noise coming from different marginalizations
are rewrite the loss as

L� = kX� � FDXPSTHk
2
+KSQT

���FDC1/2
noise

���
2

+ µ kFDk2 (H.10)

the first term includes only the PSTH without the noise XPSTH = X � Xnoise, the second
term introduces the covariance matrix of the residual noise Cnoise =

1
nXnoiseX>

noise for originally
multiplied by the number of trials in each condition.
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