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Graph Analysis For Simulated Neural Networks With STDP

Snigdha Singh
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Professor Michael Stiber
Computing and Software Systems

Many real-world systems can be represented as networks and studied using graph theory. Brain
graphs are widely used to analyze brain connectomes using graph theory. Electrophysiological data,
tract-tracing, and MRI data have been used to extract functional brain graphs. This study analyzes
the properties of brain graphs generated using a neural network simulator. Using a simulator solves
the problems related to pre-processing, data acquisition, and length of time series which exist in
extracting brain graphs using other data collection methods. Synaptic plasticity is an important
part of the functioning and growth of a neural network, and spike-time-dependent plasticity (STDP)
has emerged as one of the most widely used plasticity mechanisms due to its physiological realistic
induction and evidence of its presence in vivo. This thesis presents the graphical analysis for
a spatiotemporal neural dataset and compares the properties of the connectome with a random
graph model of similar size. We implement different STDP algorithms, use STDP to refine a
simulation equivalent to neuronal growth for 28 days in vitro, and analyze the effect of STDP on

the network’s connections and structural properties.
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Chapter 1

INTRODUCTION

Growth and refinement are the two major phases of neuronal development. Synaptic plasticity is
an important part of the functioning and growth of a neural network, and is used for tuning neural
networks in the refinement phase. Spike-time-dependent plasticity (STDP) has emerged as one of
the most widely used plasticity mechanisms due to its physiological realistic induction and evidence
of its presence in vivo. During the refinement phase, connections are adjusted and removed [6]. In
the last few decades, graph theory methods have been used to study brains [1, 21, 22], and can be

used to analyze the changes in neuron connections and pathways after refinement phase.

Graph analysis of the human connectome has become an increasingly popular way to analyze
neuroimaging data. Brain graphs represent the brain as a set of nodes and edges connecting them
where nodes denote anatomical regions, and edges denote structural and functional connections [22].
Brain graphs have been used to discover biomarkers for predicting and classifying neurological
disorders [7, 10, 47]. Structural hubs, which are neurons that play a central role in the network
connectivity and brain function, are present in the human brain from birth [73]. Recognizing and
studying the impact of hubs on brain graphs has been getting a lot of attention by neuroscientists

due to the critical role of these nodes in cognitive functions of the brain [33, 73].

Functional magnetic resonance imaging (fMRI) [2, 3, 76], electroencephalography (EEG) [70],
and magnetoencephalography (MEG) [8, 10] have been used by network neuroscientists to con-
struct functional brain graphs [22]. Using these methods to construct brain graphs have various
challenges involved including developing methods to measure nodes and edges, comparing graphs,

data acquisition and deciding the appropriate length of time series [1, 22].

Neural simulators have been used by researchers to generate large-scale neural networks; simula-
tion results can be accessed easily and don’t have the problems associated with data collection from
the human brain [15, 56]. Due to this data from neural simulators can be used to generate brain
graphs, and analyze the connectivity of the brain to better understand cognitive functions in the
nervous system. Most simulators implement either the growth phase or the refinement phase sepa-
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rately. In this study, we attempted to implement the refinement phase using STDP after generating
a neural network using a cortical growth model.

We used the BrainGrid neural simulator to produce a network of 10,000 neurons [60]. Previous
work on BrainGrid includes analysis of spatiotemporal bursting behavior, prediction of bursts using
pre-burst and burst precursors using machine learning algorithms, serialization-deserialization of
the network data, and implementation of STDP mechanisms [50, 60, 62]. The connectivity of the
neural network generated using BrainGrid has not been studied in detail Hsu [50]. This study
aims to bridge that gap and focus on the structural and functional connectivity of the brain graph
constructed from the simulation results. In this thesis, we serialized the results from a growth
simulation and deserialized them to refine the network using STDP. We studied the spatiotemporal
neural dataset as a brain graph, analyze the effect of STDP on the network, and recognize hubs
in the network. The brain graph generated using the growth simulation is an undirected weighted
graph with similar connection pattern throughout the network. Tuning the network using STDP
leads to drastic changes in the architecture of the network, and the graph after refinement is a
directed graph with an irregular connection pattern.

This thesis is part of the BrainGrid project, under the direction of Dr. Michael Stiber at the

University of Washington Bothell. This thesis makes the following major contributions:

e We implemented different types of STDP models

e We simulated the refinement phase in neuronal development after the growth model using

STDP

e We generated brain graphs for the network after the growth simulation and for the network

after tuning by STDP, and analyzed the changes that happen due to STDP



Chapter 2
BACKGROUND: NEUROSCIENCE BASICS

The following sections in this chapter provide a brief introduction to the neuroscience basics

required to have a better understanding of the research presented in this thesis.

2.1 The Nervous System

The nervous system is a complex system which transmits signals and information through neurons
to different parts of the body. It is the controlling, regulatory, communicating and learning system
of the body. Sensory receptors detect change, called stimuli, inside and outside our body and transit
this information as electrical signals to the brain. Based on the sensory input, decisions are made
and the brain sends back signal to our body indicating which actions to take. The nervous system
has two types of cells: nerve cells or neurons and glial cells or glia.

The nervous system consists of two components: the central nervous system (CNS) and the
peripheral nervous system (PNS). The brain and the spinal cord make the CNS, they work as a
control center for the body; they process the incoming signals and send outgoing signals to do the
necessary tasks. The PNS includes a large network of nerves and ganglia. These act as the receptors
and transfer signals throughout the body. Neurons can be classified into three types based on their
role in the body: sensory neurons that take external stimuli and send signals to the brain, motor
neurons that receive signals from the CNS and transfer commands to different body parts, and

interneurons which act as connections between neurons in the CNS.

2.2 Neurons and Synapses

A neuron can be divided into four main parts as we can see in figure 2.1 : soma, dentrites, axon,
and presynaptic terminals. Soma is the cell body which contains the nucleus, which has the genes of
the cell, endoplastic reticulum, and cell proteins. The cell body extends to dendrites and axon [58].
Dendrites are branch like structures used to receive signals [58]. Multiple signals can be intercepted
at the same time due to the various dendrite branches. The soma determines whether an output
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Figure 2.1: The structure of a neuron which are the basic functional unit of the nervous system from
Mandira [66]. The main parts of a neuron are soma, axon, dendrites and presynaptic terminals. Dendrites
receive incoming signals. The axon is responsible for transmitting outgoing signals. Soma or the cell

body is the metabolic center of the cell and contains the nucleus.

signal should be sent based on the input signals received by dendrites. The output signal is passed
through the axon which is long tubular part responsible for sending signals to other neurons through
presynaptic terminals. The branches of an axon can send the signal to multiple neurons. Signals
can be transmitted to over 1000 postsynaptic neurons [58].

The synapse is the point that connects two neurons between which signals are being transmitted.
The sending neuron is called the presynaptic or source neuron and the receiving neuron is called
postsynaptic or destination neuron. The direction of the signal transmission is from the presynaptic

neuron to postsynaptic neuron.
2.3 Spikes

The signals that are transmitted between neurons and are used in communication are called spikes.
A spike is generated if the neuron’s membrane potential, which is the difference in the electrical po-
tential between the inside and outside of the cell, exceeds a certain limit called threshold. Typically
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Figure 2.2: The structure of a neuron which are the basic functional unit of the nervous system from
Mandira [66]. Schematic representation of firing neurons based on the all-or-none law, diagram taken

from Giircan [42]. A spike is generated only when the membrane potential reaches the threshold value.

the membrane potential is about -65 mV at rest [58]. The membrane potential of a cell can change
based on incoming signals. There are two kinds of input signals: ezcitatory input signals which
cause an increase or positive change in the action potential, and inhibitory input signals which
cause a decrease or negative change in the action potential. An increase in the membrane potential
causes the neuron to be more likely to spike and a decrease in the membrane potential causes the
neuron to be less likely to spike. When the summation of the input signals causes the membrane
potential reaches above the threshold, the neuron sends out an action potential or fires a spike.

Synaptic strength is the amount of impact a neuron has on another when a spike is produced.

After a spike is fired, the membrane potential drops from the resting potential and the neuron
is unable to fire any more spikes for a small period of time. This period of time is called refractory
period. The membrane potential gradually recover to the resting state and then the neuron can fire
another spike. An increase in the membrane potential does not necessarily cause a spike. A spike
obeys the all-or-none law which means that a neuron does not fire a spike of reduced potential if
the membrane potential does not reach the threshold and it fires a full spike when the threshold is

generated (Figure 2.2).

Due to the stereotypical nature of the membrane voltage magnitude and waveform, they are often
considered to carry minimal information. It is considered that this information is encoded with the
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frequency of spikes or spike rate and timing of spikes or spike timing. Neuronal activity consists
of spikes or action potentials. Neuronal firing rates represent the average activity of a neuron.
Neuronal network behaviors are activities that are repeated in the network. These include stochastic
spiking, whole network bursting and avalanches. Network Burst is a synchronized spiking event
that involves rapid spiking activity throughout the network [87]. Network bursts have been found
to be a major component of activities in developing networks of cortical neurons [87]. Neuronal
avalanches are runs of sequential spikes that occur more often than the network average and exhibit

power-law distributions of avalanche sizes probability [13].
2.4 Spike-Timing-Dependent Plasticity

Refinement and maintenance of the central nervous system (CNS) is a crucial part in its development
process which allows humans to learn new skills and behaviors, and store memories [6]. These
changes are accomplished by rewiring and forming new connections between neurons using synaptic
plasticity processes. Several spike- and rate-based learning rules have been introduced to explain the
learning rules in CNS after the introduction of Hebbs rule, which says that correlated firing activity
between two neurons leads to strengthening of synaptic connections [49]. STDP combines both
synaptic modification and competition which makes it suitable as a Hebbian learning mechanism
[80].

The precise timing of of firing of presynaptic and postsynaptic neurons can affect the efficacy and
induce Long-term depression (LTD) and Long-term potentiation (LTP), which are the processes
that weaken and strengthen synaptic connections respectively. This phenomenon is called spike-
timing-dependent plasticity (STDP) [14, 17, 67]. When presynaptic spikes precede postsynaptic
spike within a window of 20 ms, the strength of the synapse between the neurons is strengthened
and when postsynaptic spikes precede presynaptic spikes by 0 to 20-100 ms, the synapse strength
is weakened [17, 67].

Over the past few decades, a number of researchers have shown experimental evidence for
STDP [14, 17, 67, 80, 79]. Bi and Poo [17] found out that persistent potentiation and depression
of glutamatergic synapses were induced by correlated spiking of presynaptic and postsynaptic in
cultures of dissociated rat hippocampal neurons, and highlighted the important of precise spike
timing, synaptic strength, and postsynaptic cell type in STDP. Markram et al. [67] discovered
that the magnitude and sign of potentiation and depression depended on the order and timing of
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presynaptic and postsynaptic spikes. Studies have demonstrated that STDP is responsible for the
development and refinement of neuronal circuits during brain development [16] and the selective
pruning that leads to the shape a newborn’s neuronal connections [51, 52]. STDP presents benefits
like network stability, competition, sequence learning and prediction [27].

Analyzing the effect of STDP on the topology and the role of STDP on firing patterns are among
the many questions that have raised interest in this area [79]. Most investigations have tried to use
neural network modeling to look into these questions [15, 53, 56] . Some research has been done
to investigate the problem from a theoretical viewpoint using mathematical frameworks based on
graph theory [84]. The majority of studies done on STDP involve excitatory neurons. Haas et
al. reported spike-timing-dependent plasticity of inhibitory synapses in the entorhinal cortex, and

demonstrated its role in network modeling and network behavior efficiency [45].

2.4.1 Basic Spike-Timing-Dependent-Plasticity Model

In its standard form, STDP weight updates are defined for each pre-post spike pair and calculated
using a double-exponential form. After calculating the synaptic modification, F'(At), the total
amount of weight change can be calculated using different strategies. These strategies include:
considering only the nearest neighbor spike pair, calculating the sum of synaptic modifications
F(At) for all pairs, or considering only the nearest postsynaptic spike. These are explained in
detail in Section 2.4.3.

In the basic STDP model, the synaptic modification for a single presynaptic and postsynaptic
spike pair is calculated using equation 2.1 [80]. Slightly varied forms of this equation have also been

used to define various STDP models.

FlAf) = Ayexp(At/Ty) it At <0 2.1)

—A_exp(At/T—) if At >0
where A is the scaling factor which controls the amplitude of synaptic modification and, + and
— represent potentiation and depression, respectively. At is the time difference between the two
spikes, calculated by subtracting the presynaptic spike time from the postsynaptic spike time.
Different experiments have shown the range of 7 to lie between 20 to 100 ms. Song et al. used
T4 = 7— = 20ms. Figure 2.3 shows the plot of this model.
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Figure 2.3: The STDP modification function from Song et al. [80]. The change of the peak conductance
at a synapse due to a single pre- and postsynaptic action potential pair is F(t) times the maximum value
gmax. t is the time of the presynaptic spike minus the time of the postsynaptic spike. In this figure, the
synaptic modification, F, is expressed as a fractional change. After calculating F, the final weight can
be calculated using the methods specifies in section 2.4.3. The values of constants are: A, = 0.005,

7+ = 0.02s, A_ =0.00525, 7— = 0.02s.

2.4.2 Weight dependence: hard bounds and soft bounds

Synaptic weights range from a minimum value to maximum values in natural systems. Therefore,
computational models must have bounds for synaptic modification. If left unchecked the synap-
tic weights could assume very high or low values which are not feasible. A common way to do
is to establish hard bounds i.e set an upper and lower limit for the weights based on previous
experimentation [61, 80]. Most models set A_ as 0.

Another way to set limits is to set soft bounds. In soft bounds, for large weights, synaptic
depression is significantly more than potentiation [26]. Equations 2.3 and 2.2 demonstrate soft

bounds. Some models use an amalgamation of soft and hard bounds [43].

Ay (wy) = (W™ —wj)ny (2:2)

—A_(w;) = w;n_| (2.3)

where 74 and 7_ are fixed parameters, w; is the synaptic weight being changes, A, and A_ are
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the scaling factors for synaptic modification wher + and — represent potentiation and depression,

and wpax is the maximum synaptic weight.

2.4.83 Different Implementations of STDP

When a single pre- and post-synaptic pair exists, the final weight of the synapse can be calculated by
simply adding or multiplying the synaptic modification to the original synaptic weight. Calculating
the final weight when there are multiple pre- and post- spikes involves using more complicated
strategies. These strategies try to achieve a stable equilibrium for the network and using a different
strategy results in a different STDP implementation. In each of these, the synaptic modification
is calculated using equations similar to equation 2.1. Some commonly implemented STDP models

are described below.

e Classical Additive STDP: In an additive model, synaptic modification, F'(At), for all pre-
and post-synaptic spike pairs are added to the synaptic weight to calculate the final weight.
This is the most basic model and considers the effect of all pairs equally regardless of the time
difference between them. Since the weight is calculated as a summation, implementing upper

and lower bound is extremely important to ensure that the weight values are feasible [56].

w = Z Wi (2.4)
1]

e Suppression Additive STDP: In this type of STDP, the final weight is calculated by the
summation of suppression weight for each spike pair which is calculated using equation 2.5
and 2.6. Unlike the classical additive model, the suppression additive model does not give
equal weightage to all synaptic modifications. This is due to the fact that the suppression
weight changes based on the time elapsed since the presynaptic spike. This is the model used
by Froemke and Dan [35], and shown in figure 2.4.

In this model, each presynaptic and postsynaptic spike is assigned an efficacy, which depends

only on the interval from the preceding spike in the same neuron [35]:

6 =1 ettt/ (2.5)
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where ¢; is the efficacy of the ith spike, t; and ¢;—; are the timings of the ith and (i — 1)th

spike, respectively, and 75 is the suppression time constant.

w = E Eipreejpostwij (26)
1,

where €, and €;P°* are the efficacies of the presynaptic and postsynaptic spikes, respectively.

Nearest-neighbor additive STDP: The nearest-neighbor additive STDP takes only two
postsynaptic into consideration for each presynaptic spike: the postsynaptic spike that occurs
just before and just after the presynaptic spike. The resulting weight is calculated by averaging

the change calculated by the two spikes.

Multiplicative STDP:

In a multiplicative model, the synaptic modification, F'(At),is calculated as a percentage
or fractional change and is then multiplied with the current synaptic weight to get the final
synaptic weight. For multiple spikes, these contributions are done until the weight approaches

the upper or lower limit [23].
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Figure 2.4: The STDP model, graph taken from Froemke and Dan [35]. The x-axis is the spike
interval defined as the postsynaptic spike time minus the presynaptic spike time. The y-axis is the
fractional change in excitatory postsynaptic potential (EPSP), a measure of the membrane potential
in the postsynaptic neuron. Each point represents one experiment's data Each point represents one
experiment. Circles, normal ACSF (A; = 103 + 10%, 7 = 13.3 + 1.7ms, A_ = =51+ 1%, 7— =
34.5 4+ 1.6ms). Triangles, high divalent ACSF (A} = 102+ 12%, 7 = 15.5+3.2ms, A_ = —524+6%,

7_ = 33.2 £ 5.3ms). The drawing curves are the math model defined in equations 2.5, 2.6.
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Chapter 3

BACKGROUND: GRAPHICAL ANALYSIS OF THE BRAIN
CONNECTOME

The patterns of connections between neurons can be used to learn a great deal about how the
nervous system produces behavior. Scientists have tried to analyze this using brain graphs. Brain
graphs provide a simple and effective way to represent the human brain connectome, which is a
comprehensive map of neural connections in the brain. Different properties of the brain have been
studied, and many structural and functional brain graphs have demonstrated topological proper-
ties like small-worldness, modularity, community structure and heterogeneous degree distribution
[22, 38]. These properties are consistent with properties shown by specific random graphs, social
networks, powergrids, Worldwide Web and various other networks [38]. Topological properties of
brain connectivity networks has been used to study the effects of breaks on brain activity, divergent
thinking ability and affects of aging on the brain [12, 36, 82].

In this chapter, we provide a brief overview of some concepts about random graphs and brain
graphs to have a better understanding of the work done in this thesis on the graphical analysis of

the human brain connectome.

3.1 Random Graph Theory

Paul Erd6s and Alfréd Rényi introduced the theory of random graphs to give probabilistic con-
struction to large-scale graphs [30, 31]. The two basic random graph models define the graph as
G = (n,e) and G = (n,p). In random graph model G(n,p), where an edge exists between two
nodes with probability p, which is independent of all the other edges [37]. The random graph
model G(n,e) has n nodes and e edges; all such graphs have uniform distribution [30]. Unlike
G(n,p), the edges in the model G(n,m) are not independent of each other. The existence of an
edge decreases the likelihood of all other edges because of the fixed number of edges.

Various other models of random graphs have been proposed that illustrate specific properties.
Aiello et al. proposed a random graph model which satisfies the power law and has behavior
consistent with a telecommunications data [4].

12



Random-graph theory focuses on studying properties of random graphs. There are two kinds
of graph properties or features: global and nodal. Global features consider the complete graph and
nodal features only focus on a particular node. These properties are used to study both directed
and undirected graphs, and are calculated in similar ways for both. The following subsections

summarizes some metrics and structural properties of a random graph.

3.1.1 Node Degree, Degree distribution and Connection Density

The degree of a node is the number of connections the node has with other nodes in the network.
Most of the other measures use or derive some part from nodal degree. The degrees of all nodes
in the network make up the degree distribution. Connection density is defined as the ratio of the

number of edges in a graph to the number of possible edges in a graph i.e. n(n —2)/2.

3.1.2  Subgraphs, connected component and giant component

One of the first properties studied was the appearance of subgraphs which is a subset of the set of
nodes and edges of the original graph [5, 30]. A connected component of the graph is a subgraph
in which every node has a path to every other node in the component and the subset is not part
of a larger connected component [28]. A connected component that contains a significant portion
of the nodes of the graph is called a giant component [28]. There is a critical value of p at which a

random graph starts forming giant components.

3.1.3 Clustering Coefficient

The clustering coefficient of a node i.e. local clustering coefficient is the ratio of the number of
shared edges between a node’s neighbors to the number of possible edges between the neighbors.
The global clustering coefficient is defined as the number of triplets or triangles in the graph to
the total number of possible triplets as described in equation 3.1 [63]. It is used to measure the
degree to which nodes in a network tend to cluster. Denser connections result in high clustering
coefficient values. This is because the concentration of the connections is directly proportional to
nodes forming clusters. Figure 3.1 shows the variation of a graph with low and high degree and
clustering coefficient values. The graphs with high clustering coefficient has higher average degree
and more triangle formation than the graphs with a lower clustering coefficient.

13
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Figure 3.1: Representation of networks with different values of degree and clustering coefficient

from Teppa et al. [83].

# of triangles in the network

c(@) =

# of connected triples of vertices

3.1.4 Path length

Path length is the summation of the weights of the edges that are traversed to go from one node to
another. In an unweighted graph, this is the number of edges that are in the path from one node
to another as the weight of each node is considered to be the same or 1. In a weighed graph, the
sum of the weights of the edges in the path is calculated. The lower the path length, the higher the
efficiency of information transfer. The average path length (L) in a network is the average shortest
path where shortest path is calculated for all possible pairs of network nodes. Average path length
is also called characteristic path length.
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3.1.5 Centrality, hubs and modularity

Centrality of a node is used to define the importance of a node in the network based on connectivity
relative to other nodes. Nodes with high degree of connectivity or high centrality form hubs.
Commonly, centrality measures how many shortest distance paths in the network pass through
that node. It is the property of a network in which a subgraph is tightly connected to one another
and weakly connected to other subgraphs or nodes in the network.

Different types of centrality measures are listed below:

e Degree Centrality: Degree centrality of a node is the degree of the node, which is the
number of edges connecting to the node. In directed graphs, the number of incoming edges
is called indegree and the number of outgoing edges is called outdegree. A high degree value
means that a node is connected to a lot other nodes, which further implies that the node is
more central to the network [39]. The degree centrality measures importance of a node in the
network based on the quantity of connections, and does not pay any heed to the location of
the node in the graph. Betweenness centrality, which is discussed next, overcomes this caveat

and also focused on the location of a node with respect to all other nodes in the network.

e Betweenness Centrality: Betweenness centrality measures how many times a node appears
on the shortest paths between any two nodes in the graph. It measures a node’s importance
in information passing through the network. This can be better understood by taking the
example of a network connecting cities by road. If a city lies in between the shortest paths
connecting a large number of cities, more people are likely to pass through the city on the
way their way to their destination. The city will likely to develop as a hub and has a location
advantage. Similarly, if you wanted to pass information between any two nodes, if a node lies
in the paths for a large number of node pairs, that node is central to allowing information
to pass from one part of the network to another. We calculate the betweenness for a node
¢ by summing the fraction of shortest paths for all possible node pair in the network that
pass through node i [34]. The formula of betweenness centrality for a node ¢ is shown in

equation 3.2.

”é,t
b= o~ (3.2)
s,t

)
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Figure 3.2: Example betweenness scores for a small graph from McLaughlin and Bader [69].

where n;t e the number of shortest paths from s to ¢ that pass through ¢, ns; is the total

number of shortest paths from s to ¢, and b; is the betweenness of the node 3.

An example of betweenness centrality is shown in figure 3.2. Vertex 4 connects the left part
of the network to the right, and thus, lies on the shortest paths from all the vertices on the
left (5 to 9) to all the vertices on the right (1 to 3) and vice versa. This results in a high
betweenness centrality value for vertex 4. Whereas, vertex 8 lies in the corner and does not
lie on any of the shortest paths, and thus, has zero betweenness centrality [69]. If we block
vertex 4, no information can pass through left and right, and network connectivity will be
affected adversely. Vertex 8 has virtually no effect on the information passing through the
network and blocking information passing through it does not affect network connectivity

that much.

e Closeness Centrality: Closeness centrality is the inverse of the average distance between a
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node and all other nodes in the network [57]. Incloseness considers paths that from all other
nodes to node ¢ and outcloseness considers paths from node ¢ to all other nodes. The formal

definition is given in equation 3.3 below:

4 N -1
Cilm (3.3

Eigenvector Centrality: Eigenvector centrality depends on the degree and centrality values
of a node’s neighbors. It is the first eigenvector of the adjacency matrix, which has the largest
eigenvalue \; (principal eigenvalue). Degree centrality only measures the number of nodes
that a node is connected to, and it doesn’t consider if those nodes are important or not.
For example, if two people in a social network have the same number of connections, but
one of them has more famous connections then this person will have a higher impact on the
network. Eigenvector centrality takes this into account the importance of the adjacent nodes.

PageRank centality is a variant of this.

PageRank Centrality: A modified form of the original PageRank is used to measure im-
portance of nodes based on connectivity [20]. The PageRank centrality of a node depends
on the number of incoming edges or links, the edge or link propensity, and the centrality of
the connecting node or linkers [72]. It incorporates the direction of a connection which is ex-
tremely helpful in networks where the direction of information flow is relevant to importance

of a node. The PageRank centrality, z;, of a node i is given in equation 3.4.

Qg
xi—a; 4 T+ 0 (3.4)
where (aj;) is an outgoing edge from node k to i, dj, is the out-degree of node k, if k has
no outgoing nodes then the values of dj is 1, zy is the centrality value of node k, and a and
[ are constants. « is the damping factor whose value lies between 0 and 1, and S is the

personalization vector.

Hubs and Authorities Centrality: These are linked to each other. The hubs centrality
score is the sum of the authority values of its neighbors and vice versa. This centrality
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Figure 3.3: The small-world network generated by Watts-Strogatz using random rewiring from Watts
and Strogatz [92]. The network interpolates between a regular ring lattice and a random network and
does not alter the number of nodes or edges. They started with N = 20 nodes, each connected to its
k = 4 nearest neighbors. For p = 0 the original ring is unchanged; as p increases the network becomes
increasingly disordered until for p = 1 all edges are rewired randomly. For intermediate values of p, the

graph is a small world network with high clustering value and small characteristic path length [92].

measures tries to evaluate the importance of a node based on the nodes its directly connected

with.

3.2 Small-World Networks

A graph has small-world property if it has a high clustering coefficient and small average path
length. It is the ratio of the clustering coefficient (C') and the average path length (L) of the
network. Watts and Strogatz proposed a small-work network using one-parameter that interpolated
between a regular ring lattice and a random network [92]. Watts-Strogatz (WS) model uses a
rewiring procedure to generate small-world network. From a ring with n vertices where each node
is connected to k nearest neighbors, an edge is reconnected with probability p to a vertex chosen
uniformly at random as shown in figure 3.3. When p = 0 the ring remains unchanged; a random
graph is generated when p = 1; all intermediate values of p result in a small-world graph.
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3.3 Brain Graphs

A brain graph is defined as a model of the nervous system which has a set of nodes connected via
edges. Graph analysis is applicable to any scale, modality, or volume of neuroscience data which
allows researchers to use a wide range of existing analysis tools and properties [9, 21]. Representing
the data collected from the brain as graphs provides a common language for analysing complex
systems and comparing brain networks to other real-life networks like World Wide Web, road net-
work etc. There are two kinds of brain networks: structural which demonstrate the inter-neuronal
connectivity to inter-regional connectivity, and functional which demonstrate how the structural
architecture supports neurophysiological dynamics. Figure 3.4 demonstrates the adjacency matrix

generated from a single MRI dataset by [22].

Different imaging techniques like MRI, diffusion tensor imaging etc. can be used to collect data
from the brain, but the basic steps for exploring brain networks using graph theory remain the
same. The first step is to define the network nodes and edges. The definition varies depending on
the imaging technique used. Some common approaches to define node and edges are anatomical
parcellation and defining size of a node using the number of voxel [94, 95]. The next step is
generating an association or adjacency matrix. At last, structural and functional brain graphs can
then be explored by using graph theory by calculating the network parameters and comparing them
to the metrics calculated of random graphs of the same size [21]. Figure 3.5 demonstrates the steps

for graph theoretical analysis.

3.4 Measures on Brain Graphs

The brain is a high-performance network and there are various metrics used to analyze its architec-
ture. There are two main classes of measures are: topological and geometric. Topological measures
evaluate the relationship between the nodes based on the network’s topological architecture. These
measures don’t take into consideration the physical location. Rather than using the distance be-
tween the nodes as the edge weight, they use synapse strength. Some popular topological measures
are defined in section 3.1 and shown in figure 3.6. Geometric measures evaluate the physical dis-
tance between nodes and try to find the relationship between the network function and geometry.
These allow us to analyze the wiring length of connections [24].
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3.5 Application of centrality measures and correlation between them

Centrality measures have been used to identify structurally core regions, which have high degree and
betweenness centrality, within the brain, and evaluate study network efficiency [40, 47, 89]. These
measures have been used to find connectivity patterns common for various disorders [64]. Previous
studies have tried to determine if the centrality measures are correlated to each other since they are
calculated by doing different mathematical computations on the same adjacency matrix. A study
by Bolland [19] analyzed the performance and correlation between degree, closeness, betweenness,
and flow centrality measures. The study found out that degree, closeness, and flow centrality has
a high correlation coefficient, but betweenness centraity had a low correlation coefficient with the
other measures [19]. Another study by Valente et al. [85] found out that the average correlation
coeflicient between different centrality measures was 0.53 indicating that each measure is associated
with specific outcomes but because they’re all caluculated using the same thing i.e. adjacency
matrix. The study also showed that symmetric centrality measures are dependent on network size
and density whereas asymmetric measures are independent of these features.

Zuo et al. [96] studied the resting state fMRI of 1003 subjects from 21 centers and investigated
network centrality measures to provide insights about the connectivity of the whole-brain functional
network. They summarized their findings by creating a mean functional brain network. This
network was formed by averaging the Fisher z-values of the correlation matrices from all participants
and then back-transforming to correlation matrices. Figure 3.7 shows the distribution of degree,

eigenvector and PageRank centrality.

3.6 Pitfalls of graph analysis of human connectome

There are various methodological issues with data collection using techniques like Functional mag-
netic resonance imaging or functional MRI (fMRI). Some of these questions include: how do you
define a node in the images collected, whether the scans should be collected in resting-state or when
the subject is performing a cognitive task, what should be the appropriate time of the time-series
of an fMRI scan, and what are the differences in each region’s connectivity profile [22]. Brain maps
representing structural connections commonly use diffusion-weighted-imaging (DWI) to measure
anatomical connectivity. This technique is unable to differentiate between afferent and efferent

connections, and is also known to include some spurious connections [1].
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Figure 3.4: Topological and geometrical properties of functional brain graphs as shown in Bullmore and
Bassett [22]. (A) Adjacency matrix for a single MRI dataset calculated at a cost of x = 0.05. The size
of nodes indicates nodal degree whereas the color of the node indicates its lobar identity. (B) Brain
graph plotted in physical space where the distance between nodes is the Euclidean distance between
regional centroids in the anatomical space of the real brain. The size of nodes indicates nodal degree
whereas the color of the node indicates its lobar identity. (C) Plot of the degree distribution (red)
and distribution fit (black) of the brain graph, showing the predominance of low-degree nodes and the
presence of a few high-degree hubs. (D) Plot of the distribution of physical distance of connections of

the brain graph (red) in comparison to the distance distribution in a minimally rewired network (black).
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Figure 3.5: Steps for structural and functional analysis of the brain graph as shown in Bullmore and
Sporns [21]. The first step is defining nodes. Then estimating a continuous measure of association
between nodes i.e. edges. The third step is generating the adjacency matrix and the last step is

calculating network parameters required for analysis.
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Figure 3.6: Multiscale topology in brain networks from Bassett et al. [11]. (a) Nodes with more
connections or stronger edges tend to be hubs (red), whereas nodes with fewer connections tend to be
isolated (blue). (b) Networks with strong clustering coefficient demonstrate a high density of triangles
that is believed to facilitate local information processing. (c) Nodes of different communities are colored
red, blue, or purple. (d) Networks with core—periphery structure exhibit a set of tightly connected nodes

(core, red) sparsely connected to a set of isolated nodes (periphery, blue).
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Figure 3.7: The histograms of each voxel-wise network centrality measure score from Zuo et al. [96].

Each voxel in images generated by fMRI is treated as a node. This figure shows the distribution of

degree, eigenvector and pagerank centrality.
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Chapter 4

METHOD: SPIKE TIMING INDEPENDENT PLASTICITY
IMPLEMENTATION

Synaptic plasticity is an important feature in spiking nervous networks, and is responsible for
refinement and maintenance of the CNS. This has led to a rise of interest in plasticity mechanisms,
and STDP has emerged as a leading candidate for synaptic and neural plasticity during development
and learning [75]. Simulating plasticity in cell cultures requires repetitive simulations and detailed
cell level information cannot be gathered due to physiological barriers. We wanted to collect data
about the neural network from large neural population over period of development and refinement.
For doing this, we used BrainGrid [81], a neural network simulator. BrainGrid uses a simple model
of cortical culture growth using a leaky-integrate-and-fire-model proposed by Kawasaki and Stiber
[60]. This model reduces network complexity while reproducing network behaviors in living systems.

In this thesis work, we reproduced simulations using the leaky integrate-and-fire model from
[60] to simulate cortical culture growth and extended the work to implement synaptic plasticity
to the network. Previous work done on BrainGrid included implementing STDP, and serialization
and deserialization using the cereal library [50]. The serialization feature can be used to store the
connections after the growth simulation and then refine the network by using STDP. The ability
of our simulator to remove the extra connections after the growth phase allowed us to explore the
behavior of the network in the pruning phase.

This chapter is organized as follows: the next section gives a brief introduction about the Brain-
Grid simulator. Section 4.2 describes the methodology for the STDP implementation, section 4.4
describes the simulation workflow for the STDP model, and section 4.5 specifies how the data
is collected for analysis. The experimental setup and simulator configuration are mentioned in

section 4.6.

4.1 BrainGrid Simulator

The BrainGrid simulator takes in an input XML parameter file which allows the user to modify the
simulation parameters including number of neurons, epochs, layout of the neurons, type of model
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Figure 4.1: Workflow of each epoch in the growth simulation from Hsu [50]. Synapses and neurons are

updated within each epoch at every step, and synapses are formed, deleted and updated at the end of

the epoch in the growth update phase.

etc. There are two types of the models available in BrainGrid: the cortical culture growth model

and the STDP model.

The cortical culture growth model simulated growth of a network in dissociated cortical cell cul-
tures and is able to simulate growth equivalent to 28 days in vitro (DIV). In the growth simulation,
neuron and synapse states are updated within each epoch every 0.1ms, but no new synapses are
formed or deleted until the end of each epoch, as shown in figure 4.1. The growth update phase
happens at the end of each epoch, and during this phase, synapses are formed, deleted, and synaptic
weights are adjusted. An epoch in this model is defined as the period where synapses and neurons

are updated in steps and the end of an epoch is marked by the growth update phase.

The growth model does not include the synaptic modification development factor. The STDP
model overcomes this shortcoming and incorporates a spike-timing based adjustment to the sim-
ulation. The basic STDP model implemented is explained in section 2.4 and the algorithm used
is explained in section 4.2. According to the model, the synaptic weights are updated if the time
interval for pre- and post-synaptic spikes is within the set limit. Unlike the growth model where
the weights are updated at the end of each epoch, in the STDP model, the weights are updated
immediately after a valid spike pair is found. Thus, the epoch definition for the STDP model is
different than the growth model. In the STDP model, the end of an epoch is marked by the phase
where we record the state of the network. This is explained in section 4.5.
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4.2 STDP Implementation

The STDP synapse classes were already implemented in BrainGrid, but the classes were still in
a nascent stage. We followed the STDP models implemented by Song et al. [80] and Izhikevich
et al. [56] and modified the existing class. The two key components for STDP implementation
is transmission of signals from a presynaptic neuron to a postsynaptic neuron and adjusting the
synaptic weights based on STDP model. In this thesis, we worked on the latter and extended the
capability of the simulator by adding different STDP implementations.

In the STDP model, the stdpLearning() method is called for each synapse for adjusting the
synaptic weights. When a spike pair enters the stdpLearning() method, the algorithm calculates
the time interval and if it is less than the STDP gap set, the function synapticWeightModification()
is called to calculate the scaling ratio for weight. The synapticWeightModification() allows us to
change the STDP implementation without changing the rest of the program. The two methods
implemented are classical additive and suppression additive, these are described in section 2.4.

This fraction is added to 1.0 so that we have the scaling ratio. The scaling ratio has to be
greater than zero because negative the range of scaling ratio is from zero to one. If the scaling
ratio is less than zero, it is reset to zero. The scaling ratio is then returned to the stdpLearning()
method. The final weight is calculated by multiplying the weight with the scaling ratio. At the
end, we check whether the final weight is within the upper and lower bounds. If weight exceeds the
upper bound, we set it equal to the upper bound, and if the weight is less than the lower bound, we
set it equal to the lower bound. The algorithms for both the functions are specified in algorithm 1

and 2.

4.3 STDP Simulation Workflow

The STDP simulation can be run in two ways. The first way is to run an independent simulation.
The workflow for this is shown in figure 4.2. In order to do this, we need to initialize weights
of synapses to any value between the upper and lower bound. The results produced by this are
not that interesting since the pruning is done on a random network. The second method allows
us to study the effects of STDP on a growth simulation. The workflow for this involves two
simulations, a growth simulation and the STDP simulation as shown in figure 4.3. Each of these
represent different phases in network development. For the first run, we grow a network using
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Algorithm 1: stdpLearning(): Calculate final synaptic weight after STDP modification

Result: weight after synaptic modification
/* values of all constants are loaded from the configuration file */
if time_interval ; STDP_Gap then

Function: synapticWeightModification();

scaling_ratio = synapticWeightModification();

/* //negative scaling ratio means weight is adjusted to zero and will never

be changed */
/* This means the synapse is deleted. No connection (synapse) anymore */
if scaling_ratio < 0 then

L scaling_ratio = 0;

/* same final weight calculation classical and suppression additive */
weight = weight * scaling_ratio;

/* check if weight is within bounds */
if weight > upper_bound then

L weight = upper_bound;

if weight < lower_bound then

L weight = lower_bound;

the cortical culture growth model. In the growth simulation, the growth model and the dynamic
synapse model were used. At the end of the simulation, we store the network state by using
serialization, a programming technique for storing objects. Next, in the second simulation, we
used deserialization, a programming technique to read objects from byte stream, and then ran the
simulation. The STDP model was used for weight modification. In the STDP simulation, the
static model and the STDP synapse model were used. As the synaptic weight modification is based
on STDP learning rule, the impacts of STDP can be observed on the growth network. A brief
explanation of serialization/deserialization is given in the next section. These frameworks can be

used to explore new network models by implementing different STDP models and varying network

parameters like number of neurons, epochs, etc.
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Algorithm 2: synapticWeightModification():Calculate scaling ratio for synaptic weight

modification

Result: scaling ratio for weight change

/* values of all constants are loaded from the configuration file

if presynaptic spike precedes postsynaptic spike then
/* potentiation
fractional_change = Apos * exp(-(time_interval)/taupos);

Ise if postsynaptic spike precedes then

o]

/* depression

fractional_change = Aneg * exp(-(time_interval) /tauneg);
/* calculating values of epre and epost
if spike is preSpikeHit then
‘ epre = 1.0 - exp(time_interval/tauspre);
else if spike is postSpikeHit then
‘ epost = 1.0 - exp(time_interval /tauspost);
/* calculating scaling ratio depending on type of STDP
if classical additive STDP method then
L scaling_Ratio = 1.0 + fractional_Change;
if suppression additive STDP method then

scaling_Ratio = 1.0 + fractional_Change * epre * epost;
L g g
return scaling_ratio

*/

*/

*/

*/

Initialize

weights Static STDP

Configurationm Model Model
File

< STDP simulation >

Figure 4.2: The design workflow of an independent STDP simulation.
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Figure 4.3: The design workflow of a two-step STDP simulation. At first, a growth simulation is

conducted. Once the network is grown and serialized, the network state is regenerated by deserializing

data, and the STDP simulation is started.

4.4 Serialization-Deserialization in BrainGrid

Serialization is a mechanism which transforms a class object to byte stream, and store it. Deserial-
ization works the other way around, and converts byte stream to objects. These mechanisms can be
used to store or transmit objects for later use. In BrainGrid, the Cereal library, which is an open-
source C++ 11 serialization library, was used to implement serialization and deserialization [41].
The detailed explanation of the serialization implementation can be found in [50]. Serialization is
done at the end of a simulation and information about the synapses including the synaptic weight,
source and destination neurons are written into a file. These elements are the most representable
elements of the network and carry enough information to recreate the state of the network. This
output file can be used to initialize connections of another simulation by deserializing it at the be-
ginning of the simulation. During deserialization, synapses are re-created by using synapse weights,
destination and source neuron index. BrainGrid allows the users to choose whether to perform

serialization, or deserialization, or both.

We wanted to analyze how the network changes after implementing STDP to a growth simula-
tion. In order to do this, we serialized the final weights of growth simulations and then deserialized
the serial file to create synapses, and performed the simulation using the STDP model. The values
of the parameters used in these simulation runs and the experiment setup is explained in the next
section.
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Figure 4.4: Matrix representing weight of each synapse and radii of connectivity for each neuron. In
a growth simulation, weights are data is stored in a adjacency matrix format, and rates and radii of

connectivity is stored in a one-dimensional array.

4.5 Data Acquisition

Network data was output in xml format for further analysis. The existing Xml Recorder classes,
which are used to store the final simulation file in xml file format, were extended to implement
recorder classes for storing results generated from an STDP simulation.

At the end of each growth simulation, the simulator outputs the following information:

e simulationEndTime: Total simulation time in seconds (60,000 s)
e probedNeurons: Unique ID for each neuron (0 - 9999)
e xloc: x location for each neuron (0 - 99)

e yloc: y location for each neuron (0 -99)
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Figure 4.5: Synapse properties as shown in Hsu [50]. Synapse properties are stored in dynamic
allocated arrays from. Each property is one array (from top to bottom, synaptic weight (W), source
neuron (sourceNeuronlndex), destination neuron (destNeuronlIndex), in_use array (in_use), synaptic type

(type), and postsynaptic response (psr)). The current states of one existing synapse are located in the

same index position in each array.

spikeshistory: Total spike count for every 10 ms time bins

spikesProbedNeuron: Spiking timing and location for every spike

radiiHistory: Radii of connectivity of each neuron

ratesHistory: Spiking rate of each neuron

In the growth simulation, the dynamic arrays store data for each neuron as shown in figure 4.4.
The data is stored in an adjacency matrix format for network parameters like weights and radii, but
properties of individual neurons are stored in a one dimensional matrix format. Neuron properties
are written down for every epoch at the end of the simulation. Therefore, the size of the final radii
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and spike rates array written to file is (numberO f Epochs + 1) * (numberO f Neurons). In order to
extract synapse weights further calculation needs to be done as explained in section 5.2.
At the end of the simulation, the simulator outputs the following information, in addition to

the outputs specified for the growth simulator above, for the STDP simulation:

e sourceNeuronlndexHistory: Index of the source neuron for a synapse

e destNeuronIndexHistory: Index of the destination neuron for a synapse

e weightsHistory: Weight of a synapse

In the STDP simulation, dynamic arrays store information for each synapse as shown in fig-
ure 4.5. No new connections are added and only the ones that exist are updated based on the
STDP model. The arrays should be able to store all the possible synapses for a network, and thus,
the size of the final array output in the file is (numberO f Epochs + 1) x (maxSynapse Per N euron *
numberO f Neurons). The synapse number is used to index the arrays and access the corresspond-
ing property value. If for an index n which is less than the total synapses possible, a connection
exists if the synapse weight corresponding to n is greater than 0. The source and destination neuron

can be found using index n in their respective arrays.
4.6 Simulation Configuration and Experiment Setup

The BrainGrid neural simulator [81] was used to simulate a network of neurons using the growth
model and model refinement was done using the STDP model. The network consists of 10,000 neu-
rons in a 100x100 rectangular arrangement. In this thesis work, the simulation had 90% excitatory
cells was chosen as a representative dataset for graphical analysis.

The growth simulation is equivalent to 28 days development, as described in detail in [1]. Each
time step is 0.1 microsecond and each epoch consists of one million time-steps. As there are a total
600 epochs in the growth simulation, the whole simulation is run for 600 million time-steps. The
values of the parameters used in the growth simulation run are mentioned in table 4.1.

After the growth simulation, the results were serialized and deserialized to run STDP simulation
of varying time intervals. The values of the parameters used in the STDP simulation run are
mentioned in table 4.2.
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Table 4.1: Graph parameters for BrainGrid Growth Simulation

Parameter Value

Number of neurons | 10,000

Epochs 600

Epoch Duration 100 sec

Table 4.2: Graph parameters for BrainGrid STDP Simulation

No. | Simulation Type | Neurons | Epochs | Epoch Duration (sec) | Total Duration (sec)
1 Growth 10,0000 600 100 600,00

2 STDP 10,0000 1 5 5

3 STDP 10,0000 1 10 10

4 STDP 10,0000 1 20 20

5 STDP 10,0000 1 50 50

6 STDP 10,0000 1 100 100

7 STDP 10,0000 3 100 300

4.7 Hardware and Software Environment

These simulations were run using the GPU version of the simulator on an 2.4GHz Intel Xeon E5-
2620v3 system running CentOS Linux version 7.7.1908 and kernel version 3.10.0-1062.4.3.e17.x86_64
using an NVIDIA Tesla K80 GPU with CUDA 10.2 libraries.
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Chapter 5

METHOD: BRAIN GRAPH ANALYSIS

Along with the advancement in quantitative analysis of the results of complex network imaging
techniques, brain graphs have become an increasingly popular way to study the human brain con-
nectome. Brain graphs can help us answer questions related to the evolution of network structure,
the relationship between state, structure, function, and behavior of the network. Due to the various
limitations and barriers to accurate imaging the of the human brain by using diffusion-weighted
imaging, fMRI, and other techniques [90], having a complete understanding of structural and func-
tional connectivity is extremely difficult. Global network metrics calculated on networks generated
using these techniques are sensitive to noise in functional connectivity [88].

We wanted to analyze the topology of a cortical growth network and the stabilized network
after pruning the outgrowth using the STDP model. In order to do this, we set up experiments and
ran simulations using the BrainGrid simulator. The experimental setup and the parameters for the
simulations is provided in section 4.6. This chapter provides the methodology used to investigate

the network structure and the effects of STDP on the network connectivity.

5.1 Generating Brain Graphs

Before analyzing the network, we need to generate graphs from the simulation output.The first step
to generate a brain graph is to define nodes and edges. In our dataset, each neuron and synapse
data is recorded separately which allows us to distinctively represent each neuron as a node and
each synapse as an edge. This also ensures that we are not missing any data. We simulated
a network of 10,000 neurons in a 100 x 100 rectangular arrangement. We used a standardized
layout of endogenously active neurons, inhibitory neurons and excitatory neurons. The layout
shown in figure 5.1 represents a 10 x 10, this is repeated to fill the 100 x 100 Kawasaki [59]. We
employed slightly different approaches to generate graphs for the growth and STDP simulations
as we output different parameters in these simulations. These approaches are discussed in the
subsequent subsection.
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Figure 5.1: Layout for endogenously active neurons (blue dots), inhibitory neurons (red dots) and

excitatory neurons (yellow dots). Redrawn from Kawasaki [59].

5.1.1 Growth simulation

For a growth simulation, the simulator outputs the radii of connectivity for each neuron but not
the weight of each synapse. Therefore, the weight for each connection is calculated using the area
of overlap using the radii of connectivity for each neuron. We calculated the area of overlap from
the simulation data by using the radii the connectivity and the location of the neuron. If the area
of overlap between two neurons is greater than zero, then a connection or edge exists between those
two neurons, as illustrated in figure 5.2. The weights of the connection are calculated by normalizing
the area of overlap by a factor of 107. These weights are then used to create an adjacency matrix.
As the area of overlap is shared between the two nodes, the edge costs the same in both directions
and is undirected. Hence, the brain graph generated is an undirected weighted graph. The graph
is generated using inbuilt MATLAB functions. As the data is collected for each epoch, we studied
the graph as it grew. In the growth simulation, more connections are added at the end of each

epoch as discussed in section 4.1.

5.1.2 STDP simulation

In the STDP simulation, we output the weight, the source neuron and destination neuron of a

synapse, as discussed in section 4.1. We use this data to generate a graph using MATLAB functions.

Unlike, the growth simulation, the graph generated is a directed graph. After generating the graph,
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Figure 5.2: Overlapping regions of two neurons indicating that a connection exists between them
(re-drawn from Hsu [50]). The overlapping yellow region is used to calculate the synaptic weight by

multiplying by a normalizing factor.
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Figure 5.3: The workflow for generating brain graphs and analyzing the network.

we calculate different feature values to study the structure and connectivity of the network. The
feature values from the growth simulation and the STDP simulation are compared to analyze the

changes in the network. The workflow for the analysis is shown in figure 5.3.

5.2 Feature Extraction

For graph analysis of the brain graph both global features and nodal features were used. Global
features were used to compare changes in each time step, and nodal features were used to analyze
the brain graph extracted at each time step in more detail. Parameter values like location of
neuron on the x and y axis, which were used in feature calculations were read from the simulation
output.The following section discusses the features used in the analysis and the rationale behind
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using these specific features. All the calculations were done in MATLAB. A brief description of

these is already provided in section 3.1.

e Connection Density and average degree: These are some of the basic features of a graph
which we used to check if our graph is a connected graph, and generate a random graph of

the same average degree.

e Clustering Coefficient and Average Path Length: Clustering coefficient and average
path length have been used in brain networks to understand function-structure relationships
as they used to calculate small worldness property. Small worldness is defined as the ratio
of the clustering coefficient and the average path length. We wanted to measure the small

worldness property of our network as brain networks are usually small-world networks [92].

e Degree Centrality: Degree centrality measures the importance of a node by measuring its
connections. In a social network, a high degree centrality would imply a higher influence
in the social circles. In a neural network, a high degree centrality implies that a neuron is
capable of forming synaptic pathways with a large number of neurons and has access to more
areas of the network. We wanted to calculate this property to see if the location of a neuron

in our network has any impact on the centrality values.

e Betweenness Centrality: Betweenness centrality measures the importance of a node in
information transfer within the network. As information passing is one of the most important
functions of the human nervous system, we wanted to measure the impact of a node in the

network’s message passing system.

e PageRank Centrality: We wanted to measure the transitive influence of a node in the
network and take into account the direction of the edge as we generate a directed graph in
the STDP simulation. We used the PageRank centrality for this purpose. We calculated page
rank using MATLAB libraries and the algorithm is a little different from the one discussed
in section 3.1. In MATLAB implementation, page Rank centrality is calculated by a random
walk of the network and calculating the time spent at each node during the walk. The next
node is chosen from the neighbors of a edge with a follow probability ‘p’, if a node has no
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edges then the next node is chosen from all nodes. The average time spent at each node is

the centrality score [68].

e Distance from Endogenously active neurons and Inhibitory neurons: Due to the
layout of our neural network, the distance of each neuron from inhibitory and endogenously
active neurons is different. We wanted to analyze how the distance from a certain type of

neuron affects other network parameters like betweenness.
5.3 Representing and analyzing network features

Due to the large size of the data collected, it was impossible to study or compare it directly. We
used graphical data representation to convert the data into a more comprehensible format. We
used the location of a neuron on x and y axis as a primary identifier while comparing the values of
different features. In some feature values like the synaptic weight, there was huge disparity in the
maximum and minimum value. This made visualizing data difficult while using images with scaled
colors as the smaller values were barely visible. We normalize weights using log transformation.
This allowed us to better visualize connections with minuscule weight values without changing
the network pattern. As log0 is undefined, we updated the value of the weights by adding the
minimum weight value greater than zero. The results of the network analysis are presented in the

next chapter.
5.4 Correlation between different centrality measures

We wanted to find out the correlation between different centrality measures to investigate whether
these metrics are redundant and if they measure different aspects of connectivity. We also wanted
to find out the effect of local measures on global measures. Degree centrality is an example of a local
measure as it only takes into account the adjacent nodes. Betweenness centrality is an example of
a global measure as it takes into account the paths from all the nodes to the goal node. A high
correlation would indicate that the different measures are redundant and a low correlation would
indicate that they represent different properties, and hence, serve different purposes. We used the
work for Valente et al. [85] for comparison of our correlation coefficient values and they used the
Pearson coefficient. We used Pearson coefficient because we wanted to check if the coefficient values
for the centrality measures of our dataset were within the permissible range and find out the linear
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correlation between them. Pearson correlation coefficient between datasets x and y is calculated
using equation 5.1.
> i1 (@i — %) (yi — 7)

) = = ) 5-1)

where Z is the mean of dataset x and g is the mean of dataset y.

5.5 Hardware and Software Environment

All graphical was done in MATLAB using its built-in graph and network analysis toolboxes. MAT-
LAB version R2020b was used. All MATLAB scripts were run on a 2.4 GHz Quad-Core Intel i7

System.
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Chapter 6

RESULTS AND DISCUSSION

In this chapter we present the results for the following experiments: 1) STDP verification; 2) the
visualization of the full network and centrality measures; 3) distributions of centrality measures,
and 4) correlations between centrality measures. The brain graphs were generated using simulation
results from the BrainGrid simulator [78]. Detailed analysis has been done for degree, eigenvector,
PageRank, and betweenness centrality measures. Hubs, closeness and authority centrality measures

have just been used to study the correlation between different measures.

6.1 STDP Model Verification

STDP model verification included a CPU-based experiment using the single-threaded version of
the code. We monitored the fractional change in weight and the time difference between pre-
and post-synaptic spikes, and plotted graphs to study their correlation. The experiments followed
the workflows mentioned in section 4.4. We implemented multiple STDP models and we ran
experiments to verify each of them. The details of all implementations are given in section 4.2. The
first experiment was based on the basic classical additive STDP implementation by Song et al. [80].
The second experiment was based on the suppression additive model by Froemke and Dan [35].
The third experiment was similar to the first one but the values of parameters like A, A_ were
taken from Kempter et al. [61]. We also implemented the multiplicative model for STDP. As we can
see in figure 6.1, all experiments except for multiplicative STDP match the results from the source
literature. This verifies the implementations for additive model from Song et al. [80], Froemke
and Dan [35], and Kempter et al. [61]. The multiplicative STDP that we implemented used size
dependent plasticity rules on a single cell simulation receiving random inputs which yielded very
different weight distributions than the additive models [86, 54]. This model’s explanation in the
literature was unclear and we could not develop a good algorithm from it. For future work, we can
try implementing a different multiplicative STDP model which has a more detailed algorithm. We
used the STDP model from Song et al. [80] for subsequent simulations and analysis.
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Figure 6.1: STDP verification test results. The calculated fractional changes of weights were plotted

against the spike pair time intervals.

6.2 Graph Analysis of BrainGrid Growth Simulation

Initial analysis was done on the network obtained from the growth simulation. The graph generated
was an undirected weighted graph. The growth simulation was equivalent to 28 days development
in vitro. The brain graph was generated using the weights at the end of the simulation. As we can
see in figure 6.2, most of the dots which represent a connection, are close to the diagonal, within a
small area showing connections with other nodes with indices close to any given node’s index. The
layout of the neurons in our network and the small radii of connectivity causes repetition in the
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Table 6.1: Graph parameters for growth simulation (last epoch). Note that this is an undirected
graph, so the number of synaptic connections (and average degree) is twice the number of edges

(and average edges).

Number of Edges 176541

Connection Density | 0.00353082

Average Degree 35.3082

pattern of connections, and there are no long-range connections in the network. Table 6.1 shows
the computed values of basic metrics for the brain graph generated using the data for the last epoch
of the growth simulation. As we can see in that table, the network has an average degree of 35. As
the average degree is greater than 1, the graph is strongly connected. This is especially important

as all nodes should be connected to make information passing possible throughout the network.

Brain networks have high clustering coefficient, low average path length and high small-worldness
index value [22]. Since the results from fMRIs of human brains correspond to specific brain regions
and different neuron sizes, we were unable to compare their parameter values to our network and
translate the implications of variations in network structure. In order to check if our network has
significantly higher small-worldness index, we instead used a random graph model as baseline for
comparing our network’s connectivity parameters. We generated an Erdés—Rényi random graph
with the same number of edges. For this comparison, we calculated the average path by ignoring
the weights of the edges, considering the weight as 1 if a connection exists between two nodes and
0 if there is no connection (in other words, treating the graph as unweighted). As we can see in ta-
ble 6.2, the clustering coefficient, average path length and small worldness of our network is higher
than the random graph. The average path length of our network is L = 7.575 which means that
on average we would need more than 7 hops to travel from one node to another. The small world
parameter, sw = C/L, should be greater than one for the network to be a small world network [57].
For our network, sw is not close to one, but still is approximately 18 times larger than the value
for a random graph. Our network is more closely connected and has higher small-worldness index,
which are characteristic of brain networks. Hence, our network is more like a brain network than
a random network.
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Table 6.2: Comparison of network parameters for random graph and growth graph.

Graph Clustering Coefficient (C) | Average Path Length (L) | Small Worldness (C/L)

Growth 0.5834 7.575 0.077
Random 0.0035 0.8178 0.0043

6.2.1 Network Growth

Connection growth was analyzed from the first to last epoch of the growth simulation to study the
growth pattern. Connections don’t start forming until the 220" epoch, i.e 10 days in vitro (DIV).
As we have a fixed repetitive layout for neurons, the connection pattern repeats every 100 neurons.
Thus, the graph starts growing in a uniform pattern, as described previously. This is consistent
with our simulated network starting with no connections and growing them during development.
The different types of neurons are distributed regularly throughout the network, the details of this

arrangement are discussed in section 5.1.

6.2.2 Centrality Values

Centrality has been used in network theory to quantify the role of a node in the overall struc-
ture of the network. Different definitions of centrality relate to different network properties and
are applicable in specific contexts. Brain network centrality has been used to detect changes in
functional brain networks due to various diseases like diabetic nephropathy and retinopathy and
Alzheimer’s disease [91, 18]. Of the existing centrality measures, we calculated the degree, eigenvec-
tor, PageRank, and betweenness centrality values for the network. The reasons for choosing these
are described in section 5.2. Centrality values were calculated at the end of the growth simulation
to study the network properties for the fully grown network. We visualized the values based on
their location in the network layout. Our goals were to analyze how the values were distributed,
identify nodes with high centrality values, or hubs, and study the possible reasons behind behind
such observations.

As can be seen in Fig. 6.3, degree centrality does not seem to vary based on neuron location;
there are neurons with very low and very high centrality throughout. This shows that degree cen-
trality values are stratified and don’t follow a particular pattern. Due to small radii of connectivity,
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repetition of neuron layout every 100 neurons and uniform connectivity pattern throughout the net-
work, neurons across the network have equal probability of forming a large number of connections.
The neurons at the border of the network have sightly lower values due to edge effect (reduced
number of neighbors). Except for neurons located at the border of the network, the degree is not
dependent on neuron location. The maximum value of degree centrality was 52, which means that
the most central nodes according to this measure were connected to 52 other neurons. Considering
that all connections were short range, these central nodes formed extremely dense connections. We
can see in figure 6.4 that the highest number of neurons lie in the histogram buckets for degrees of
40 to 50, indicating that most neurons are well connected, but that there is also a significant subset
of neurons with low connectivity, with degree less than 10.

We can see in figure 6.5 that the points with highest eigenvector centrality correspond to neurons
that are centrally located in the network. A node’s eigenvector centrality is calculated recursively
and depends on all nodes connected to it directly or indirectly, but the effect of those values decreases
as the distance from the node increases. Since the nodes in the middle will have the minimum mean
distance from other nodes, it is likely that these have high eigenvector centrality values. Figure 6.6,
which shows the distribution of eigenvector centrality for our network, is similar to the distribution
of the human brain graph generated by Zuo et al. [96] and reproduced in Figure 3.7. This shows
that the distribution of eigenvector centrality for the growth network generated using BrainGrid is
consistent with the distribution in the human brain.

PageRank centrality values are shown in figure 3.4. In the figure, we can see that the points
are scattered, and the plot resembles that of degree centrality in figure 6.3. The distribution of
PageRank values, shown in figure 6.8), is also similar to the distribution of degree centrality. The
resemblance exists because PageRank centrality in an undirected graph is statistically similar to
degree centrality [32]. High centrality values occur throughout the graph rather than just at the
center due to the repetitive connectivity patterns in our network.

The nodes which are at the center of the location matrix have the highest betweenness values, as
shown in Figure 6.9, where points in the center of the plot are highest. This is due to the fact that
these neurons are most likely to lie on the shortest path between two nodes due to their location.
Neurons located on the border of the network have almost zero centrality values as they are least
likely to lie on a shortest path. We can see in figure 6.10, betweenness centrality has an exponential
distribution, with most of the neurons having zero betweenness. This suggests that information
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passing in the network cold be controlled by a few central neurons.

Betweenness centrality measures the importance of nodes in information passing in the network;
as this is a primary function of neural networks, we present a more detailed analysis of this centrality

measure in the following section.

6.2.3 Betweenness Centrality

Figure 6.11 shows the betweenness values at different points in time during network growth. Around
epoch 110 (5 DIV), we can see that the distribution is irregular and the centrality values are very
high as there are few paths in the network. Betweenness centrality is the ratio of the number of
shortest paths passing through a node to the total number of shortest paths; having less number of
paths results implies that the denominator value is low and thus, results in high centrality values.
We can see an interesting pattern around epoch 170 (8 DIV) the neurons located at the diagonal
achieve significantly higher betweenness values than the other neurons. At epoch 230 (10 DIV), the
distribution becomes smoother, and is mildly peaked in the middle and somewhat lower at border
of the network. Around epoch 290 (14 DIV), betweenness values become strongly peaked at the
middle of the network layout. After epoch 360 (17 DIV), the distribution becomes less peaked in
the middle and is uniformly low at the border. We can also observe that few neurons have high

betweenness values and we see the emergence of hubs.

Kawasaki and Stiber [60] analyzed the variance of the radii of connectivity as a function of DIV.
Since, neuron connections depend on the radii of connectivity and betweenness values depend on
network connections, it would be interesting to see how the radii of connectivity affects betweenness

centrality values. We can investigate the correlation between these features in future work.

Figure 6.12 shows the distribution of neurons based on betweenness centrality values and the
distance of a node from the nearest border; we can see in the graph the bins representing zero
distance from the border have zero or extremely low betweenness values. This shows that the
majority of neurons at the border of the network have zero betweenness plot confirms the effects
of edge effect. The location disadvantage makes it difficult for these neurons to lie in the shortest
path connecting two node. The nodes which are centrally located have location advantage, and a
high possibility of being in the shortest path between two nodes. Thus, the highest betweenness
values are achieved by these neurons.
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Table 6.3: Correlation between betweenness centrality at 28 simulated DIV and distance from the

nearest endogenously active neuron, inhibitory neuron, and border.

Distance calculated from Correlation Coefficient
Endogenously Active Neuron 0.138
Inhibitory Neuron -0.049
Nearest border -0.044

We tried to study the effect of the distance from endogenously active and inhibitory neurons.
In order to accomplish this, we calculated the Pearson correlation. Table 6.3 shows that all of these
factors have extremely low correlation coefficient, and thus, we can conclude that these factors
do not affect betweenness values. Betweenness centrality is uniformly low at the border of the
network, but away from the border, the distance from the border has no correlation with the
centrality values. In order to confirm this, we visualized graphs where neurons were binned based
on both betweenness and distance. The results from this aligned with the inferences drawn from
the edge effect and the clustering coefficient i.e. most neurons with distance zero from the border

had almost 0 values and the rest of the distribution was irregular.

6.2.4 Correlation between different centrality measures

We calculated the correlation matrix for a broad array of centrality measures to evaluate the
strength and direction of the linear relationship between them. We used Pearson coefficient for
this. We can see in Table 6.4 that the coefficient values for the centrality measures of our dataset
were moderately correlated and within the permissible range based on the results by Zuo et al.
[96]. Since, none of the results were beyond the expected range based on the results by Zuo et al.
[96], we did not expand our analysis and use a different correlation coefficient. PageRank and
degree centrality have the highest correlation at 0.98, which is in line with the fact that these two
parameters have similar values for undirected graphs and this indicates that in a uniform network
high PageRank values are obtained by neurons which are highly connected to other neurons. The
lowest correlation is between degree and closeness at 0.22.
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Table 6.4: Correlation Matrix for different centrality measures for growth simulation

Centrality 1 2 3 4 5

1 Degree 1 0.48 | 0.22 | 0.53 | 0.98

Betweenness 0.48 1 0.51 | 0.60 | 0.44

Closeness 0.22 | 0.51 1 0.73 | 0.14

Eigenvector 0.53 | 0.60 | 0.73 1 0.46

QU | = | W | N

PageRank 0.98 | 0.44 | 0.14 | 0.46 1

Average 0.64 | 0.60 | 0.52 | 0.66 | 0.60

Standard Deviation || 0.33 | 0.22 | 0.35 | 0.21 | 0.37

6.3 Graph Analysis of STDP Simulations

After the growth simulation, we serialized the resultant weights to a file so that they could be de-
serialized into subsequent simulations of network pruning using STDP. The brain graphs generated
were weighted directed graphs. We can see that the number of points (connections) in figure 6.13 is
significantly less than in figure 6.2, reflecting the decreased number of connections. It is difficult to
visualize the change in individual synaptic weight values for all nodes. In figure 6.14, we visualize
connections for four nodes in the middle of the network for the growth network (a), and after STDP
simulations of duration 5s (b) and 300s (c). The 4 nodes selected had (z,y) coordinates (48, 49),
(48, 50), (49, 49), and (49, 50). We can see that for a 5 second run, all connections remain intact
but the symmetry of the undirected growth graph breaks: after STDP, the weights of the connec-
tions from node 1 to 2 increases and 2 to 1 decreases. After and STDP simulation of 300 seconds,
the connections between nodes 4 to 3 are severed. From these observations, we can infer that even
a very small duration of STDP changes weights and longer duration STDP leads to pruning of
connections. In our simulation, we remove a connection if the weight decreases to zero. The change
in weight caused by each pair of (presynaptic, postsynaptic) spikes is small and thus it takes time
for connections to be removed. This proves our hypothesis of symmetry breaking.
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6.3.1 Centrality values

Centrality values for the STDP model were calculated for the same reasons as for the growth
model and to study the change after pruning. We calculated indegree, outdegree, PageRank, and
betweenness centralities for the network after 5 and 300 seconds of STDP simulation. As our graph
is now a directed graph, we calculated indegree and outdegree centrality instead of degree centrality.
We have not used eigenvector centrality for STDP analysis as it cannot be calculated for directed

graphs without changing the original formula or symmetrizing the network.

We can see in figure 6.15 that the plot for indegree centrality at 5s (left) is similar to the plot
for degree centrality in the growth simulation (fig 6.3), but after 300s (right) we see major changes
in the distribution and the plot is no longer stratified. As shown in figure 6.16, the histogram bin
for the highest indegree centrality have very low size after a 300s STDP run, whereas the bin sizes
representing low centrality values increase. This shows that after pruning the network using STDP
and removing connections with low synaptic weights i.e. weak connections, few hubs or nodes with

high centrality value remain.

The changes in outdegree centrality are similar. In figure 6.17, we observe that the after 5s of
STDP (left), there isn’t much difference in the plot compared to the growth simulation. After 300s
(right), change is apparent, although not as prominent as for indegree centrality. In the distribution
plot in figure 6.18, we can see that the size of the bins for highest outdegree centrality decreases

after 300s compared to the growth simulation.

Figure 6.19 shows the PageRank centrality values for the STDP simulation; we can see that
compared to the growth simulation, shown in figure 6.7, PageRank changes drastically. In an
undirected graph, PageRank centrality is dependent on degree centrality [32]. After STDP, our
graph is no longer undirected; thus, the PageRank centrality graph loses its resemblance to degree
centrality and the graph is no longer stratified. As we can see in figure 6.20, the majority of neurons
have close to zero centrality value as the bin size for low centrality is the highest, and the number
of neurons with high centrality values decreases. This suggests the emergence of a small number
important nodes or hubs.

The graph for betweenness centrality value after STDP, shown in figure 6.21, is similar to the
graph after the growth simulation, shown in figure 6.9. We see that the values increase gradually
as we move towards the center of the lattice and a small number of neurons at the center of the
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Table 6.5: Correlation between betweenness centrality after 300s STDP run and the distance from

the nearest endogenously active neuron, inhibitory neuron, and border.

Distance calculated from Correlation Coefficient
Endogenously Active Neuron 0.082
Inhibitory Neuron -0.010
Nearest border -0.023

Table 6.6: Parameters of Normal Distribution for Correlation Coefficient between centralities

Average correlation coefficient 0.5212

Standard Deviation of correlation coefficient | 0.2728

network have high betweenness centrality values. Unlike other centrality measures, the distribution
for betweenness centrality does not change after the STDP run. As we can see on figure 6.22, after
the STDP run the histogram bin values change in magnitude compared to the growth simulation

(fig 6.10, but the overall distribution shape remains the same.

6.3.2 Betweenness Centrality

Figure 6.23 shows the distribution of betweenness centrality values as a function of node distance the
nearest network border for a 5s (left) and 300s (right) STDP simulation. We can see in the graphs
that the bins representing zero distance from the border have zero or extremely low betweenness
values. Betweenness centrality for STDP simulations have low correlations with distance of the
neuron from the nearest endogenously active neuron, inhibitory neuron, or network border, as we
can see in table 6.5. These results are similar to the growth model and indicate that STDP pruning
isn’t dependent on where a neuron is located with respect to an endogenously active or inhibitory
neuron.
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6.3.3 Correlation between different centrality measures

As we can see in 6.6, the average of the correlation coefficients was 0.52 and the standard deviation
was 0.27. These values were used for data sanity check and they were within the expected range
based on the results by Zuo et al. [96]. This indicated that the centrality measures for our simulation
are moderately correlated and thus, we can rule out redundancy which would have been a problem
if our measures were highly correlated.

Table 6.7 presents detailed correlation information. Indegree centrality had the strongest average
correlation at 0.59 and incloseness centrality had the weakest average correlation at 0.23. This infers
that the number of connections of a node has more influence on the centrality measures than the
distance from other nodes. Correlations among specific centrality measures lay between -0.055 to
0.84. Hubs and authority centrality had the highest correlation at 0.84. This was expected as
these two metrics are codependent. Degree centrality had the second highest correlation to hubs
centrality at 0.80, indicating that neurons with high degree are more likely to become hubs in the
network.

Degree centrality and PageRank were strongly correlated in the network after the growth sim-
ulation. After the STDP run, the coefficient value between PageRank and indegree was 0.77, and
PageRank and outdegree was 0.56. This indicates that the correlation is still strong but not as
dependent as before. PageRank and incloseness centrality had the smallest correlation coefficient
value at -0.055. This indicates that a node’s importance in terms of PageRank is unrelated to the
path traversed to get to the node. Even if a node has a large average path length, if it is connected
to important nodes, it will have a high PageRank centrality. Indegree and incloseness had the
second weakest relation at 0.17. This shows that even the number of incoming edges have little

influence on the path length of a node.
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Table 6.7: Correlation Matrix for different centrality measures for STDP simulation

Centrality 1 2 3 4 5 6 7 8
1 Outdegree 1 1069|054 ]051 | 017 | 0.80 | 0.56 | 0.56
Indegree 0.69 1 0421 0.51| 0.19 | 069|084 | 0.77

Betwenness 0.54 | 0.42 1 0.41 | 040 | 0.38]0.28 | 0.33

Outcloseness 0.51 | 0.51 | 0.41 1 0.51 0391|037 0.31

Incloseness 0.17 |1 0.19 | 0.40 | 0.51 1 0.19 | 0.21 | -0.055

Hubs 0.80 | 0.69 | 0.38 | 0.39 | 0.19 1 1084 | 0.39

Authorities 0.56 | 0.84 | 0.28 | 0.37 | 0.21 | 0.84 1 0.45

o | N | O | O | =W | N

PageRank 0.56 | 0.77 | 0.33 | 0.31 | -0.055 | 0.39 | 0.45 1

Average 0.55 1059039043 | 023 |053|0.51] 039

Standard Deviation || 0.23 | 0.24 | 0.21 | 0.20 | 0.29 | 0.26 | 0.27 | 0.29
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After Growth Simulation: 600 epochs
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Figure 6.2: Edge distribution in the network at the end of the simulation. X and Y axes are neuron indices
for all 10,000 simulated neurons. Points plotted indicate connections between neurons. While point
color indicates edge weight (synaptic strength), limited resolution in this graph precludes presentation

of the full detail of the 10,000 by 10,000 connection matrix.
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Degree Centrality Values
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Figure 6.3: Degree centrality for all neurons at the end of the growth simulation. X and Y axes
correspond to neuron (z,y) location. Points plotted indicate degree centrality value for each neuron.
Centrality values are shown as both as the Z coordinate and as point color. Degree centrality values
don't follow a particular pattern and neurons throughout the network have varied values. Due to small
radii of connectivity and repetition of neuron layout after every 100 neurons, neurons around the network

have equal probability of forming a large number of connections.
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Figure 6.4: Distribution of degree centrality for all neurons at the end of growth simulation. X axis

represents the indegree centrality value for the histogram bins and Y axis shows the number of neurons

in the bin.
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Figure 6.5: Eigenvector centrality for all neurons at the end of growth simulation. Axes, etc. same
as figure 6.3. Highest centrality values correspond to centrally located neurons. Eigenvector centrality
depends on a node's neighbors eigenvector centrality, and is calculated recursively. Due to this recursive
calculation, nodes located at the center of the matrix with least average distance from the other nodes

have high eigenvector centrality values.
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Figure 6.6: Distribution of eigenvector centrality for all neurons at the end of growth simulation. Axes,

etc. same as figure 6.4.
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Figure 6.7: PageRank centrality for all neurons at the end of growth simulation. Axes, etc. same as
figure 6.3. PageRank centrality value distribution is similar to degree centrality, as PageRank centrality

in an undirected graph is statistically similar to degree centrality [32].
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Figure 6.8: Distribution of PageRank centrality for all neurons at the end of growth simulation. Axes,

etc. same as figure 6.4.
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Figure 6.9: Betweenness centrality for all neurons at the end of growth simulation. Axes, etc. same as
figure 6.3. Nodes at the center of the neuron matrix have the highest betweenness values, as they are

most likely to lie on the shortest path between two nodes due to their location.

60



f Values
8000 T T T T T T T T

7000

1000

Figure 6.10: Distribution of betweenness centrality for all neurons at the end of growth simulation.

Axes, etc. same as figure 6.4.

61



x10" %10

x10"7 <105
35
5. 8
5
v 4. 3 2
g g
S3. 25 g 4
g ga.
2. 2 5
; . : :
31~ 15 Ll
2
0 ; 0
100 100

Y axis 0 o X axis Y axis 0 o X axis
(a) Epoch 110 (b) Epoch 170
x10% «10%
-6
10
*10° 9 «10°
12 6 5
8
g 10~ g5
7
§ 8. §4A N
2 6. ‘ § LER
5 5 5 2
g 4. g 2
& 2. 4 &1, )
0 8 0
100 100

~

100

o

Y axis 0 0 X axis Y axis 0 o X axis
(c) Epoch 230 (d) Epoch 290
x10% 10
10 8
%10% o 108
10 7

8

Py w 8. 6

E 7 H

T o

@ @

5 5 5 4

: :

Z

3 ! @ :

=]
So

Y axis 0 o X axis Y axis o 0 X axis

(e) Epoch 350 (f) Epoch 410

Figure 6.11: Betweenness values at different points in time during network growth. For each individual
plot, X and Y axes are neuron (z,y) location. Points plotted indicate betweenness centrality values for
each neuron. Centrality values are shown as both as Z coordinate and point color. Images demonstrate
the changes in the distribution during development: (a) 5 DIV, (b) 8 DIV, (c) 11 DIV, (d) 14 DIV, (e)
16 DIV, and (f) 19 DIV.

62



Distribution of Bety Centrality Values based on distance from edge

1200

Number of Neurons

Distance from nearest edge 30

10 Betweenness Values

Figure 6.12: Histogram of betweenness centrality as a function of distance of a neuron from the nearest
network border after growth simulation. X axis shows betweenness value, Y axis shows distance of the

neuron from nearest border of the network, and Z axis shows neuron count.
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Figure 6.13: Edge distribution in the network after 300s STDP simulation.
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Figure 6.14: Change in connections between four central nodes. Points denote nodes and lines con-

necting them represent edges. Graph is undirected in (a). After 5s (b) or 300s (c) STDP simulation,
weights in one direction strengthen while weights in the opposite direction decrease.
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Figure 6.15: Indegree centrality for all neurons after 5s (left) and 300s (right) STDP. X and Y axes
correspond to neuron (x,y) location. Points plotted indicate indegree centrality value for each neuron,
as both as the Z coordinate and color. Degree centrality values don't follow a clear pattern and neurons
throughout the network have varied values. Distribution changes as the network is pruned and the

number of neurons with high indegree centrality decreases.
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Figure 6.16: Indegree centrality histograms for all neurons after 5s (left) and 300s (right) STDP.
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Figure 6.17: Outdegree centrality for all neurons after 5s (left) and 300s (right) STDP. Axes, etc. same
as figure 6.15. The range of outdegree centrality doesn't change drastically but the number of neurons

with high outdegree centrality decreases.
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Figure 6.18: Outdegree centrality histograms for all neurons after 5s (left) and 300s (right) STDP.
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Figure 6.19: PageRank centrality for all neurons after 5s (left) and 300s (right) STDP. Axes, etc. same

as figure 6.15. The number of neurons with high PageRank centrality decreases, and the distribution is

not similar to degree centrality anymore because the graph is directed.
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Figure 6.20: PageRank centrality histograms for all neurons after 5s (left) and 300s (right) STDP.
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Figure 6.21: Betweenness centrality for all neurons after 5s (left) and 300s (right) STDP. Axes, etc.

same as figure 6.15. The distribution of betweenness centrality remains similar to the growth model.
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Figure 6.22: Betweenness centrality histograms for all neurons after 5s (left) and 300s (right) STDP.
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Figure 6.23: Betweenness centrality histogram as a function of distance from nearest network border

for bs (left) and 300s (right) STDP simulations.
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Chapter 7

CONCLUSION AND FUTURE WORK

This thesis implemented different forms of STDP, simulated the refinement phase in neuronal
development by running an STDP simulation after running a growth simulation, investigated the
functional and structural properties of the brain graph generated before and after pruning the
cortical culture growth using STDP, and identified hubs in the network using centrality measures.
We validated the STDP results by matching results to the source literature of the STDP models.
We were able to prune the network by removing weak connections using STDP, and this is proven
by presenting the plots for network connections for both growth and STDP simulation. In graphical
analysis, the graph formed using the cortical growth model [60] is an undirected weighted graph
with uniform symmetric connections due to repetition in the network layout, and the graph formed
after the STDP run is a directed weighted graph with asymmetric connections. The network for
both growth and refinement is a strongly connected network which has significantly higher small-
worldness index than an Erdés—Rényi random graph, indicating that our graph is more similar to
an actual brain network than a random graph. In centrality analysis, visualization results show
that while a large number of central neurons exist in the network after the growth simulation, the
number decreases after STDP pruning. This indicates the development of brain network hubs in
the early phases of refinement; these hubs could potentially play a key role in the network spiking
activity.

This is the first analysis of STDP pruning on a simulated cortical growth network as far as the
author is aware. As our network is able to simulate both growth and refinement in vitro, it will
enable scientists to do study the progression of the network in extensive detail during the complete
development process. Recognizing hubs enable us to further study their role in the functional
connectivity of the network. Hubs have been found to be critical for cognitive functions and are
more vulnerable to degenerative diseases like Alzeimer’s disease [47]. Being able to identify these
nodes and then studying the network behavior after selectively removing them will allow researchers
to study the effect of damage to these neurons due to degeneration and brain injury.
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7.1 Future Work

Future work concerns deeper analysis of the network and analyzing the factors affecting centrality
values. Future work can include the following ideas.

First, we can investigate the spiking activity of the network during the STDP simulation to
analyze the changes in network behavior and find out the role of hubs in network activity. We
can check if the neurons with high centraliry values are burst originators or major burst leaders
(MBLs) [48]. Identifying MBLs can help to better predict the origin of bursts and understand the
spontaneous activity.

Second, we can expand the work by studying other network properties like network efficiency,
weighted network cost etc., and doing a deeper analysis into the features responsible for high
centrality values. We can investigate the reasons for stratification of degree centrality values in
the growth simulation and the characteristics responsible for the occurrence of specific centrality
ranges.

Third, the current implementation of STDP is limited to excitatory neurons. This can be
extended to inhibitory neurons to expand the capability of our model to accommodate all types of
cells.

Lastly, we can also try to identify structural motifs, which are recurrent patterns or subgraphs
that occur in large number in our network [71, 77], and analyze their importance in information

flow.
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