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The architecture of the mammalian brain has been characterized through decades of innovation 

in the field of network neuroscience. However, the assembly of the brain from neural progenitor 

cells (NPCs) during embryonic development is an immensely complex process that has yet to be 

well characterized. The complex interplay between ‘programmed’ genetic behavior of individual 

cells and cell-cell interactions among NPCs shapes how neural circuits self-assemble. A lack of 

tractable experimental methods and accompanying analytical techniques have hindered 

understanding of this process. 

To address these challenges, I designed, developed and implemented two new technologies: 

(1) cytoNet – a computational platform to enable quantitative characterization of cell-cell 

interactions and (2) Living Neural Networks – an experimental-computational assay to capture the 

development of neural network formation from NPCs. The first technology, cytoNet, is a software 

tool designed to characterize multicellular topology from microscopy images. Accessible through 

a web-based interface, cytoNet quantifies the spatial relationships in cell communities using 

principles of graph theory, and evaluates the effect of cell-cell interactions on individual cell 

phenotypes. cytoNet’s  capabilities are demonstrated in two applications relevant to regenerative 

medicine: quantifying the morphological response of endothelial cells to neurotrophic factors 



present in the brain after injury, and characterizing cell cycle dynamics of differentiating neural 

progenitor cells.  

For development of the Living Neural Networks technology, I leveraged the cytoNet technique 

to characterize the evolution of spatial and functional network features in human NPCs during the 

formation of neural networks in vitro. Results from the Living Neural Networks analysis show that 

the rise and fall in spatial network efficiency is a characteristic feature of the transition from 

immature NPC networks to mature neural networks. Furthermore, networks at intermediate stages 

of differentiation that display high spatial network efficiency also show high levels of network-

wide spontaneous electrical activity. These results support the view that network-wide signaling 

in immature progenitor cells gives way to a hierarchical form of communication in mature neural 

networks. In addition to identifying global trends in neural network formation, I also leveraged 

graph theory to study the spatial features of individual cell types in developing cultures, uncovering 

spatial features of polarized neuroepithelium. Finally, I employed the method to uncover aberrant 

network features in a neurodevelopmental disorder using induced pluripotent stem cell (iPSC) 

models. 

The techniques introduced by my thesis work bridge the gap between developmental 

neurobiology and network neuroscience, and offers insight into the relationship between 

developing and mature neural networks in health and disease. 
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Chapter 1 – Neural development: overview and challenges in 

modeling 

1.1 Introduction 

The human brain is one of the most complex systems in the universe, rivaled in its complexity 

only by its development from a single fertilized egg. The transformation of embryonic precursor 

cells into a brain, through stages of coordinated expansion, terminal differentiation into a myriad 

cell types including neurons and glia, migration of these cells to their final destinations, and the 

assembly of functional neural circuits is an intricate and well-orchestrated process. While a large 

body of knowledge about brain development has been accumulated through the study of animal 

models, the emergence of human pluripotent stem cells (hPSCs) have provided a means to study 

human neural development in a dish1. Stem cell models have led to many interesting discoveries, 

including human-specific features of neural development and characteristic features of 

neurological disorders. 

The emergence of new paradigms in analytical techniques such as network neuroscience have 

provided insight into the structure of the brain at different scales, from microcircuitry to macro-

scale brain networks2,3. Fundamental features of neural networks as well as their evolutionary 

conservation across different species have been uncovered using these analytical techniques. 

Further, their application to developing neural networks at the cellular scale promises to shed light 

on the complex interplay between intrinsic genetic programs and cell-cell interactions among 

neural progenitor cells (NPCs) leading to the self-assembly of neural circuits, about which little is 

known. 
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This chapter provides an overview of salient features of neural development, in vitro 

techniques used to model human neural development, the computational tools used to analyze 

neurobiological datasets, and the challenges to be overcome in applying these tools to understand 

the self-assembly of neural circuits. 

1.2 In vitro models of human neural development 

The seminal discoveries of human embryonic stem cells4 and induced pluripotent stem cells5 have 

laid the foundation for the study of human neural development in vitro. Human pluripotent stem 

cells (hPSCs) have been used to model all stages of human neural development, from the earliest 

features of gastrulation and germ layer specification, to neural tube formation, subsequent 

neurogenesis and the formation of electrically active neural networks1. 

1.2.1 Models of early neural development 

The earliest events in neural development occur when multipotent ectodermal cells in the 

developing embryo enter the neural lineage. Neural induction occurs through a ‘default pathway’ 

which involves suppression of the BMP/TGFβ signaling pathway6. The default pathway for neural 

induction has been shown to be evolutionarily conserved across species, including amphibians, 

chick, mouse and humans, albeit with differences in the molecular mechanisms involved1. 

 Although hPSCs can be made to differentiate into any adult cell type in culture, researchers 

have found it challenging to reproduce spatial features of tissue architecture during early 

development. Events such as gastrulation and germ layer specification are well studied in animal 

models, but have been challenging to reproduce with hPSCs alone. Promisingly, recent 

technological innovations have led to the emergence of in vitro models that capture classical 

features of early embryogenesis7. For instance, recent studies have shown that mouse ESCs self-

organize into structures closely resembling early embryonic architecture when co-cultured with 



3 
 

extraembryonic trophoblast stem cells and embedded in a 3-dimensional matrix8, raising the hope 

that this system can be used to model human embryogenesis in a dish. Other studies have shown 

that hPSCs that are geometrically restricted through micropatterning can be made to self-organize 

into the different germ layers9. Further, stimulation of the Wnt and Activin pathways in these 

micropatterned hPSCs leads to the formation of the primitive streak and its accompanying 

‘organizer’, a classic feature of gastrulation10. When implanted in the chick embryos, these hPSC 

colonies contribute to a secondary axis and induce a neural fate in the host, a landmark 

achievement in human embryology. These innovative in vitro models will likely be used 

increasingly in the future to study early features of human development, while bypassing ethical 

considerations. 

 Human blastocysts can also be directly cultured in vitro without maternal tissues under 

appropriate culture conditions, enabling direct observation of self-organizing events in early 

development11,12. These protocols have been used to uncover key landmarks of normal human 

development and human-specific molecular signatures of early embryonic cells. Currently, in vitro 

culture of human embryos is permitted up to 14 days, but this technique is likely to yield insight 

into early events during human development. 

1.2.2 Neural stem cell models 

The next stage of neural development in vertebrates is the formation of the pseudostratified 

neuroepithelium, which bends and folds to form the neural tube. The apicobasally polarized 

neuroepithelial cells undergo a series of expansion and differentiation in response to various 

morphogens to give rise to the central nervous system, including spinal cord, hindbrain, midbrain 

and cerebral cortex. Early studies revealed that pluripotent stem cells could be made to form 3-

dimensional aggregates called embryoid bodies (EBs), from which structures called neural rosettes 
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could be derived13. These self-organized clusters of neuroepithelial cells are two-dimensional 

analogs of the developing neural tube, with a polarized epithelium organized around a central 

lumen. Further technological advances in stem cell differentiation such as serum-free methods14, 

dual-SMAD inhibition15 and the addition of retinoids16 have resulted in efficient derivation of 

neuroepithelial cultures and realistic modeling of neurogenesis. 

 Multiple research groups have discovered that the application of various combinations of 

morphogens involved in regional patterning can direct neuroepithelial cells to form various types 

of neurons and glia found in different parts of the brain1. Much research has been devoted toward 

reproducing corticogenesis, the sequence of events that leads to the formation of the cerebral 

cortex, perhaps the most complex brain structure and the seat of human cognitive ability. These 

studies have shown that hPSCs display a remarkable ability to self-organize into cortical 

cytoarchitecture, even in monolayer 2D culture. Directed differentiation approaches have been 

used to model classic features of cortical neurogenesis seen in rodent models, such as interkinetic 

nuclear migration of neuroepithelial cells in the neural tube17 and generation of cortical excitatory 

neurons from different cortical layers in a fixed temporal order18.  

 Directed differentiation of PSCs has also been used to investigate species-specific differences 

in cortical neurogenesis. One of the most striking differences lies in the time period of cortical 

neuron generation in different species. Cortical progenitors derived from mouse PSCs generate 

different types of cortical neurons within a few weeks1, while human PSCs take months to generate 

the same neurons18,19. Another key difference lies in the presence of additional progenitor cell 

populations such as the outer/basal radial glia progenitors in humans and primates, that are not 

seen in rodents18,20. These progenitor populations arise in the outer subventricular zone (oSVZ), 

an enlarged region of the primate brain that contributes to the additional neurons generated in these 
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species20. Further detailed studies using PSC models have shown that cell-autonomous differences 

in cortical progenitor proliferation leads to differences in the total number of neurons generated, 

lending a possible explanation to differences in cortex size across different species21. 

1.2.3 Models of late-stage neural network development 

Long-term differentiation and maintenance of neural cultures derived from PSCs have been used 

to model the final steps of morphological and electrophysiologcal neuronal maturation, 

synaptogenesis and development of complex patterns of electrical activity resulting from the 

mature neural circuit. One major theme from these studies is that human neuronal maturation 

occurs over an extended period of months18,19, compared to rodent models, in which mature 

neurons are found after 2-4 weeks of in vitro culture22. These results show the presence of a 

species-specific clock of neuronal maturation that likely contributes to differences in brain size 

and cognitive abilities in different species.  

 Investigation of electrical activity in long-term maturing neural cultures using multi-electrode 

arrays (MEAs) and calcium imaging has revealed interesting features of developing human 

neuronal networks. For instance, networks cultured for up to 110 days in vitro exhibit different 

periods of network activity, beginning with synchronized oscillatory activity increasing in 

frequency up to a peak, followed by non-synchronous complex patterns23. Another interesting 

observation is that most neurons form small numbers of synapses, while a small subset of hub 

neurons form large number of connections23. These findings capture classic features of cortical 

network development, showing that hPSC-derived neuronal cultures can be used to model complex 

features of neuronal network maturation. Other studies have shown that heterogeneity in 

astrogenesis in late-stage neural cultures contributes to differences in network activity, 

highlighting the utility of hPSC culture models in studying the role of astrocytes in modulating 
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neural network activity24. Overall, the ability to model the generation of a rudimentary neural 

network using hPSC cultures is a fascinating avenue of research that could reveal fundamental 

rules governing the assembly of neural circuits prior to activity-dependent rewiring. 

 Late-stage neuronal cultures have also provided a tractable experimental system to study faulty 

network maturation in human neurodevelopmental disorders25,26. Insights into several 

neuropsychiatric disorders with known genetic components have been obtained using directed 

differentiation of patient-derived iPSCs. For instance, altered neuronal morphology and network 

connectivity patterns have been discovered in Rett syndrome27, sporadic schizophrenia28 and 

Williams syndrome29. These studies highlight the promise of hPSCs models in identifying 

signatures of neural network maturation in health and disease. 

1.2.4 Organoid models 

The past five years has seen the emergence of technologies that leverage the innate ability of stem 

cells to self-organize to form 3-dimensional structures called organoids30. A surge of innovation 

in this field including enhanced culture methods and the introduction of 3-dimensional matrix 

support, has led to the generation of replicas of different parts of the human brain. These organoids 

mimic the native spatiotemporal architecture of the tissue to a high degree of precision, and provide 

a powerful tool to study human-specific features of neural development in health and disease. 

 A seminal study in this field was from the lab of Juergen Knoblich in 2013, where a 

combination of an embryoid body approach and embedding in a 3-dimensional Matrigel substrate 

was used to generate so-called cerebral organoids31. These structures were so named because the 

tissues contained various brain identities, including hindbrain, midbrain and forebrain. These early 

organoids reached up to 4mm in diameter and contained continuous brain lobes with cavities 

resembling ventricles, with organized layers of proliferating apical and basal progenitors. 
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 Further modifications in culture protocols such as the addition of inductive signals led to the 

formation of organoid models of specific brain regions such as dorsal cortex32, midbrain33 and 

forebrain34. Recent innovations such as the usage of mini-bioreactors34, improved scaffolding 

methods35 and implantation of  human organoids into mouse brain to create vascularized neural 

tissue36 have led to increased throughput and reproducibility in the generation of organoids. 

 Current organoids capture the spatiotemporal architecture of the developing human brain to a 

remarkable degree of accuracy. For instance, organoids modeling the human cortex – named 

human cortical spheroids32 – show classical features of corticogenesis such as proliferative zones 

resembling the ventricular zone (containing radial glia-like polarized neural progenitors) and 

subventricular zone, generation of laminar cortical cytoarchitecture including deep and superficial 

excitatory projection neurons, generation of astrocytes and complex synaptic activity in mature 

organoids. More recent cortical organoids capture additional aspects of cortical architecture such 

as the formation of a polarized cortical plate and radial neuronal migration35. Brain organoids 

implanted in mice have shown integration of the graft with host tissue, development of correlated 

patterns of neuronal activity reminiscent of developing neocortical networks and even invasion of 

host microglia36.  

 Organoid models have already been used to test specific hypotheses and uncover features of 

neurodevelopmental disorders that are difficult to capture using animal models. For example, 

organoids used to model microcephaly were found to have premature neuronal differentiation 

resulting in dramatically reduced organoid size31. Models of Zika virus infection have shown 

deleterious effects on neural progenitor cell survival and health34. Forebrain organoids created 

using iPSC lines from autistic patients showed an overproduction of GABAergic neurons due to 

overexpression of the transcription factor FOXG137. Given the rapid progress in organoid 
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technology, we will likely soon see the widespread use of organoids to model and test drugs for 

neurodevelopmental disorders. 

 Given the remarkable self-organizing aspect of organoid formation, it will be interesting to 

investigate the role of intrinsic cell behavior and local cell-cell interactions in the development of 

human brain tissue using organoid models. The elaborate spatial architecture of developing brain 

tissue seems to indicate the role of cell-cell interactions in building neural tissue and the 

compilation of rudimentary neural circuits, aspects that would be interesting to study using 3-D 

models. However, the increasingly complex organoid and embryo experimental models also 

introduce challenges – in particular, quantitative analysis of the structure, function and interaction 

of single cells within these systems has been elusive. Several mathematical approaches have 

emerged that offer promise in helping to quantitatively characterize neural network formation and 

evolving brain function. Among these are techniques from network neuroscience, a field described 

in the following subsection. 

1.3 Overview of Network Neuroscience 

Network neuroscience is the emerging domain of investigation that seeks to leverage advanced 

methods in computational data science and statistical physics to attack large neurobiological 

datasets2. These datasets include gene interaction networks, anatomical maps obtained through 

large-scale reconstructions of synaptic connectivity and functional networks obtained through 

statistical analysis of time-series functional imaging data. Large-scale networks are represented 

mathematically in the form of graphs containing nodes (elements) and edges (signifying 

interactions between nodes). A set of mathematical tools in graph theory are then used to uncover 

features characterizing these networks. 
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 One type of large-scale neurobiological network is a detailed anatomical reconstruction of cell-

to-cell synaptic connectivity, called an ultrastructural connectome. These connectomes are 

acquired through serial electron microscopy, followed by manual or semi-automated 

reconstruction of individual cells and their synaptic contacts. The first complete ultrastructural 

connectome of all 302 neurons in the nematode C. elegans was reconstructed in 198638. In the past 

decade, a large push to collect such datasets has resulted in more such connectomes in other model 

organisms, such as the visual motion detection circuit in the fruit fly Drosophila Melanogaster39 

and a reconstruction of 950 cells and their synapses in the mouse retina40 – the largest 

ultrastructural connectome from a mammalian brain to date.  

 While ultrastructural connectomics provides the most detailed and anatomically accurate 

reconstructions of neuronal connectivity, the intensive labor involved in acquiring and analyzing 

electron microscopy data make it prohibitive to construct such connectomes of brain-wide circuits. 

A different set of connectome-building approaches rely on genetic labeling of different cell types 

followed by anatomical tracing of neurons using light microscopy or quantitative histological tract 

tracing41. These ‘mesoscale connectomics’ techniques have yielded brain-wide anatomical 

reconstructions, such as those of Drosophila42, mouse43 and macaque44 brains. 

 To probe functional connectivity between cells in the nervous system, a variety of approaches 

at different scales have been utilized. For decades, the gold standard in probing the electrical 

activity of neurons in the mammalian cortex was through extracellular electrophysiological 

recordings through implanted electrodes or through intracellular recordings from ex vivo slice 

cultures. However, recent advances in fluorescent reporters of calcium and membrane voltage 

dynamics, combined with significant advances in optical imaging technology, have provided the 

ability to record the electrical activity of hundreds to thousands of cells in behaving animals45. In 
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the case of small organisms like zebrafish, these advances have enabled simultaneous recording of 

neuronal activity from the entire nervous system46. Functional connectivity between cells is 

inferred statistically through correlation-based measures of time series data. The resulting 

functional connectivity graphs can then be probed for emergent features of neuronal network 

function. 

 Application of graph theoretical measures to micro- and meso-scale connectomes have 

revealed a number of interesting features of neuronal networks from different species47. For 

instance, a number of common anatomical network features have been discovered in small 

organisms like C. elegans and Drosophila, including high clustering and short path length (a type 

of architecture known as small-world48), long-tailed degree distributions49, an integrative core rich-

club architecture42,50 and the overrepresentation of certain structural motifs such as some triplet 

and quadruplet motifs in C. elegans51. Further, many of these network features are also well known 

properties of mammalian functional microcircuits, uncovered through decades of small-scale 

experiments in (primarily) mouse models. For example, synaptic strengths and firing rates in the 

mammalian brain follow a long-tailed distribution52, with a small proportion of neurons with high 

firing rates. Further, high-firing cells are more likely to be connected with each other53, resulting 

in a rich-club architecture. Thus, network analysis of microcircuits from different species have 

shown that certain network features that are important for generic neural computations are 

evolutionarily conserved. 

 In the human brain, micro- and meso-scale connectomes have been very difficult to obtain due 

to scarcity of viable tissue and lack of non-invasive means to capture anatomical and functional 

connectivity. Recent pioneering work has led to the collection of morphology, electrophysiology 

and gene expression profiles from living human cortical neurons obtained through surgical 
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resection of epileptic tissue – http://celltypes.brain-map.org/. This paradigm is likely to lead to the 

generation of the first micro-scale connectomics datasets from the human brain in the next few 

years. Challenges to be overcome include the lack of availability of genetic tools to probe human 

neurons (compared with the abundance of tools available in mouse models) and standardizing a 

workflow for obtaining viable tissue. 

 At the macro-scale, diffusion magnetic resonance imaging and tractography have been 

powerful non-invasive tools to probe the anatomical connectivity of large-scale connections in the 

human brain54. Functional magnetic resonance imaging (fMRI) is used extensively to analyze the 

functional connectivity of human brain networks at rest or while performing behavioral tasks. 

These macro-scale modes of analysis have resulted in significant insight into the network structure 

of the human brain during development55, learning56 and disease57. However, since these macro-

scale techniques rely on coarse imaging, with voxels approximating the activity of thousands of 

neurons, these results must be interpreted with caution.  

 It is now fairly routine for experimental labs to collect large connectomics datasets, and the 

challenge now lies in the analysis and interpretation of these datasets. One significant challenge in 

connectomics analysis is to elucidate the link between micro-, meso- and macro-scale neuronal 

circuitry. Recent efforts in this direction have provided evidence of significant correlations 

between micro- and macro-scale connections in the human brain using large publicly available 

datasets58. Another challenge is to develop analytical methods to compare connectomics profiles 

from different datasets that differ in their modes of data collection. A recent study compared large-

scale connectomes from four different species – fruit flies, mice, macaques and humans, showing 

that long-distance connections serve to support diverse and complex brain dynamics across 

species59. Thus, with the detailed experimental data already available and the analytical methods 

http://celltypes.brain-map.org/
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being developed, we may expect significant insight into brain structure and function in the coming 

decade. 

1.4 Cell-cell communication during neural development 

Cell-cell communication among neural progenitor cells (NPCs) is an essential aspect of human 

nervous system development60. NPCs display structured intercellular communication at all stages 

of neural network development that plays a critical role in the spatiotemporal control of self-

renewal and differentiation, and shapes developing neural circuits. 

 Immature neural cells employ different modes of chemical signaling involving direct cell-cell 

contact (juxtacrine) or diffusion of signaling molecules to neighboring cells (paracrine). An 

example of juxtacrine chemical signaling is Notch/Delta signaling, a highly conserved signaling 

pathway in development. The canonical Notch signaling pathway functions through the binding 

of a transmembrane ligand on one cell with the transmembrane receptor on a contacting cell, 

resulting in the release of the notch intracellular domain (NICD) to initiate downstream signaling 

cascades in the contacting cell61. Notch/Delta signaling influences the proliferation and neuronal 

fate commitment of neural progenitor cells through complex transcriptional pathways62,63. 

 Calcium signaling is another pathway that influences all stages of neurogenesis, including 

neural induction, differentiation and the neuro-glial switch64. The Ca2+ molecule is a ubiquitous 

and highly versatile intracellular signal, whose complex dynamics affect various aspects of cellular 

behavior through downstream transcriptional mechanisms65. In the embryonic rat cortical 

ventricular zone, spontaneous Ca2+ waves through gap junction-coupled radial glial cells have been 

shown to modulate cell proliferation66,67. These studies have characterized in detail the nature of 

calcium transients in neural precursor cells of the ventricular zone, showing that they are primarily 

dependent on metabotropic ATP receptors activated through the diffusion of chemicals among 
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gap-junction coupled progenitor cells. Further studies have provided evidence that coupling among 

neural precursors maintains them in synchronous cell cycles, and that uncoupling is necessary for 

differentiation68–70. Thus, intricate interplay between cell-cell interactions and intracellular 

pathways are necessary for the control of self-renewal and differentiation during early phases of 

neurogenesis in the developing cortex. 

 After neurons are born and migrate to the cortical plate, they begin to connect with each other 

and form rudimentary neural circuits. Immature neural circuits are known to display spontaneous 

electrical activity, which is an important aspect of their proper development71,72. Different cortical 

areas show a combination of spontaneous network activity and sensory stimulus-triggered activity 

in the postnatal brain, likely providing a template for future sensory systems73. Patterns of 

spontaneous activity propagate over varying distances, from small neuronal ensembles to wide-

spread regions of the cortex, mediated through mechanisms that include gap junctions or electrical 

synapses and excitatory neurotransmitters like glutamate and GABA (which in the developing 

brain has excitatory action)73. Spontaneous activity patterns have been shown to influence 

neurogenesis, apoptosis, cell migration, differentiation and fine tuning of future neural circuits73. 

 Thus, studies in embryonic and postnatal animal models have shown that cell-cell interactions 

through chemical and electrical signaling coordinate various aspects of neural development, from 

proliferation of progenitor cells to maturation of fundamental neural circuits. Some of these 

interactions have already been captured in 2-D and 3-D human PSC models such as spontaneous 

electrical activity in maturing circuits23,36, lending hope that cell-cell interactions in developing 

human neural networks can be studied in a quantitative manner. 
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1.5 Challenges and motivation for current work 

Network neuroscience has yielded significant insight into the structure and function of brain 

circuits at different scales. However, the assembly of neural circuits from progenitor cells remains 

incompletely understood, primarily due to our lack of understanding of self-organizing features in 

developing neural circuits. Brain tissue is formed through a complex interplay between 

‘programmed’ genetic behavior in single progenitor cells and complex cell-cell interactions, and a 

lack of tractable experimental models has hindered quantitative understanding of this process. 

 Cell-cell communication is prevalent in the developing nervous system much prior to the 

formation of synapses. Notably, the predominant forms of communication employed by immature 

neural cells are diffusible chemical molecules or direct cell-cell contact, and operate over shorts 

distances. This is in contrast to communication in mature neuronal networks, where the physical 

wiring among neurons is important and network-wide information is conveyed primarily through 

synaptic contacts. 

 Notably, many studies have attempted to quantify self-organizing features of neural networks 

in vitro using dissociated insect or rat neurons. These studies have shown that in vitro anatomical 

and functional neuronal networks display classic features of self-organization such as small-world 

topology with high clustering and low path length74–76 and assortative mixing with a rich-club 

core77. While these results are applicable to neuronal networks, very few studies have analyzed 

network topology in neural progenitor cells, one of the few exceptions being a study by Malmersjö 

et al, who applied network science to cultures of mouse neural progenitor cells, finding that they 

too organize into small-world functional networks to promote cell proliferation78.  

In order to fully understand self-organizing features of neural circuits, the ideal experiment 

would be to track neural progenitor cells all the way up to the formation of neuronal networks at 
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single-cell resolution. This has been technically challenging in the past with the lack of 

experimental models, but is possible now with stem cell models. In recent years, significant 

advances in stem cell differentiation protocols have made it possible to produce a multitude of 

neuronal types and have provided a standardized workflow for generating functional human 

neurons in vitro1. Monolayer cultures of human stem cells capture many aspects of in vivo neural 

development, such as spatial and temporal features of cortical neurogenesis18,79. The ubiquity of 

stem cell differentiation protocols provides a unique opportunity to study the self-assembly of 

neural networks in a dish. 
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Chapter 2 – cytoNet: Network analysis of cell communities 

2.1 Introduction 

A cell’s place in its environment influences a large part of its behavior. Advances in the field 

of phenotypic screening have yielded automated image analysis software that provide detailed 

phenotypic information at the single-cell level (such as morphology, stain texture and stain 

intensity) from microscopy images in a high-throughput manner81,82. However, current image 

analysis pipelines often do not account for spatial and density-dependent effects on cell phenotype. 

Various types of cell-cell interactions including juxtacrine and paracrine signaling are an integral 

part of biological processes that affect the behavior of individual cells. The recent emergence of 

technologies for multiparametric mapping of protein and RNA expression in individual cells while 

preserving the spatial structure of the tissue83 has further highlighted the need to study single-cell 

behavior in the context of cell communities. 

 For these reasons, a robust method to quantify the spatial organization of cell communities and 

its influence on the behavior of individual cells adds an important, missing component to currently 

existing image analysis tools. Such a method can be used to enhance image-based biological 

discovery through phenotypic screens82 by supplying multicellular metrics, provide a non-invasive 

means to standardize cell manufacturing for therapeutic purposes84, and develop a quantitative 

framework for the analysis of spatially-detailed human cell atlas data85,86.  

Prior reports have accounted for population context in image-based screens by using features 

such as local cell density or a cell’s position on an islet edge, that describe local cell crowding87,88. 

However, a rigorous mathematical framework for evaluating population context is currently 

missing. This work introduces a mathematical foundation based on graph theory to address this 

conceptual gap. 
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 Mathematical graphs, structures that are used to model pairwise relationships between objects, 

are uniquely suited to cell community analysis. Among image-based methods that employ graph 

theory to analyze population context, the cell-graph technique89 has been employed to great effect 

in analyzing structure-function relationships in tissue sections. However, coupling single cell data 

to network structure has been elusive: there remains a need for a broadly applicable, user-friendly 

tool that enables spatial analysis of various different cell types, integrated with metrics describing 

the phenotype of individual cells.  

 This chapter introduces an image analysis method called cytoNet for quantification of 

multicellular spatial organization using a graph theoretic approach.  cytoNet is available as a web-

based interface, providing significant ease of use compared with other programs that require 

downloading software. Taking fluorescence microscope images as input, the cytoNet image 

analysis pipeline identifies cells, creates spatial network representations tailored to the type of 

image and cell type, and calculates a set of metrics derived from graph theory that describe the 

network structure of the local multicellular neighborhood – the cell community – of a cell of 

interest. Cell community metrics are then integrated with descriptors of cell phenotype, such as 

morphology and protein expression, to provide a comprehensive description of single- and 

multiple-cell phenotype states. 
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2.2 Methods 

2.2.1 Algorithm description 

The cytoNet pipeline begins with microscope images (Figure 2.1a). Appropriate segmentation 

algorithms are implemented to detect cells (Figure 2.1b). Upon detection of cells, the next step is 

Figure 2.1 The cytoNet image-
processing pipeline. (a) The pipeline 
begins with microscope images. (b) 
Segmentation algorithms 
automatically detect cell boundaries. 
(c) Spatial proximity is determined 
either by measuring shared pixels 
between cell pairs – type I graphs 
(left panel) or by comparing the 
distance between cell centroids to a 
threshold distance – type II graphs 
(right panel). (d) The resulting 
network is represented as an 
adjacency matrix. (e) Metrics derived 
from the adjacency matrix are used 
to describe network information. 
These metrics are a list of features 
computed on a per-cell basis. 
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to evaluate spatial proximity of cells. This is done in one of two ways – by evaluating the overlap 

of adjacent cell boundaries (type I graphs), or by evaluating the proximity of cells in relation to a 

threshold distance (type II graphs) (Figure 2.1c). The former approach is useful when detailed 

information of cell boundaries and morphology is available, such as in the case of membrane stains 

or cells stained for certain cytoskeletal proteins. The latter approach is useful when dealing with 

images of cell nuclei, where detection of exact cell boundaries is not possible. In both approaches, 

cells deemed adjacent to each other are connected through edges, resulting in a network 

representation (Figure 2.1d). This connectivity is denoted mathematically using an adjacency 

matrix, 𝐴𝐴 (Figure 2.1d), where 𝐴𝐴𝑖𝑖,𝑗𝑗 = 1 if there exists an edge between cells 𝑖𝑖 and 𝑗𝑗, and 0 

otherwise. Finally, the extracted metrics are used to visualize and analyze local neighborhood 

effects on individual cell phenotypes (Figure 2.1e).  

The cytoNet web interface is available at http://qutublab.rice.edu/cytoNet/. See Appendix A 

for instructions on using the web interface. 

2.2.2 Experimental Methods 

Cell Culture. Human umbilical vein endothelial cells (HUVECs, Lonza) were cultured in EBM-

2 medium (Lonza) supplemented with penicillin-streptomycin (Fisher Scientific) and EGM-2 

SingleQuot bullet kit (Lonza). For imaging experiments, cells were cultured for different periods 

(6, 12 or 24 hours) in different combinations of vascular endothelial growth factor (VEGF, human 

recombinant; Millipore) and brain-derived neurotrophic factor (BDNF, human recombinant, 

Sigma-Aldrich). Concentrations used were in the range 50-100ng/mL. Controls were the same 

culture period without growth factor treatments. 

Immortalized human neural progenitor cells derived from the ventral midbrain (ReNCell VM) 

were obtained from Millipore. Cells were expanded on laminin-coated tissue culture flasks, in 

http://qutublab.rice.edu/cytoNet/
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media containing DMEM/F12 supplemented with B27 (both Life Technologies), 2μg/ml Heparin 

(STEMCELL Technologies), 20ng/ml bFGF (Millipore), 20ng/ml EGF (Sigma) and 

penicillin/streptomycin. For differentiation experiments, cells were cultured in medium lacking 

bFGF and EGF. 

FUCCI Reporter Lines. Stable reporter cell lines (FUCCI-ReN) were generated by sequentially 

nucleofecting ReNcell VM neural progenitor cells with an ePiggyBac90 construct encoding 

mCherry-Cdt, Venus-Geminin, or Cerulean-H2B.  Each construct introduced to the cells was 

driven by a CAG promoter containing a blasticidin (ePB-B-CAG-mCherry-Cdt1), puromycin 

(ePB-P-Venus-Geminin), or neomycin (ePB-N-Cerulean-H2B) resistance gene. Following each 

round of nucleofection, cells were cultured in the presence of appropriate antibiotics (2 μg/ml 

blasticidin, 0.1 μg/ml puromycin and 100 μg/ml neomycin). 

HUVEC Immunocytochemistry. For imaging experiments, HUVECs were cultured on glass 

dishes coated with fibronectin (Sigma-Aldrich). After appropriate growth factor treatments, 

cultures were fixed with 4% paraformaldehyde, free aldehyde groups were quenched using 

1mg/mL sodium borohydride, and membranes were permeabilized with 0.2% Triton-X-100 

solution in PBS. Actin fibers were visualized using an Alexa Fluor 488-phalloidin antibody (1:40, 

Molecular Probes) and microtubules were visualized using a mouse monoclonal anti-α-Tubulin 

antibody (1:250, Sigma-Aldrich) followed by a goat anti-mouse Alexa Fluor 647 secondary 

antibody. Nuclei were stained using Hoescht (Molecular Probes). 16-bit composite 

immunofluorescence images were acquired through a 20X objective (N.A. = 0.75) on a Nikon Ti-

E epifluorescence microscope. Physical pixel size was 0.32μm. 

Time-lapse Microscopy. FUCCI-ReN cells were plated at different densities on chambered cover 

glasses (Fisher Scientific) coated with laminin. Cells were imaged after switching to differentiation 
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medium containing phenol red-free DMEM/F12. Time-lapse imaging was performed using a 

Nikon Ti-E microscope equipped with a motorized stage, a cage incubator for environmental 

control (Okolab), a 20X objective lens (N.A. = 0.75), SOLA SE Light Engine for LED-based 

fluorescence excitation (Lumencor), appropriate filters for visualizing mCherry, Venus and 

Cerulean fluorescent proteins and a Zyla 5.5 sCMOS camera (ANDOR). 16-bit composite 

fluorescence images were acquired at 10 minute intervals for a total duration of 57.5 hours. 

Image Processing of HUVEC Immunofluorescence Images. Fluorescence images were 

processed as described previously91 (Figure 2.2). Briefly, the following steps were used. 

1. Contrast was enhanced using histogram equalization. 

2. Images were smoothed using a 2D Gaussian lowpass filter.  

3. Initial binarization was performed using Otsu’s method. 

4. The binary image was dilated to fill in individual cell areas. 

5. All objects <1% of the total image area were removed. This was called the final binary 

image. 

6. A binary representation of the nuclear and microtubule image layers was generated using 

a high input threshold value. This was called the marker image. 

7. Another binary image was created with values of 0 where either the final binary image 

(step 5) or the marker image (step 6) had a value of 1. 

8. Watershed markers were generated by imposing the minimum of the complement of 

images obtained in steps 2 and 7. This image had black markers contained within cells to 

serve as basins for flooding, while cell areas themselves were represented by lighter pixels 

that served as the rising contours of the basins. 
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9. The watershed algorithm was implemented using Matlab’s built-in function to generate 

cell boundaries. 

10. Masks generated in step 9 were refined by using composite images of microtubules and 

actin as the marker image (step 6).  

Figure 2.2 Image segmentation of HUVEC immunofluorescence images. (a) Original 
grayscale image. (b) Image after adaptive histogram equalization and Gaussian filtering. 
(c) Binary image obtained using Otsu’s threshold, with small objects removed. (d) 
Complement of filtered image in (b). (e) Watershed basins obtained through imposing 
minimum of images in (d) and the marker image (obtained by combining the binary image 
in (c) and the image obtained through binarization of microtubules and nuclei). (f) Final 
cell borders. 
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In order to automate the threshold generation, the area of cell masks obtained from segmentation 

were compared to those obtained through thresholding with a high threshold. The entire process 

was then iterated until an acceptable area ratio was achieved.  

Image Processing of FUCCI-ReN Time-Lapse Images. Grayscale images for each channel 

(H2B-Cerulean, Geminin-Venus and Cdt1-mCherry) were binarized using locally adaptive 

thresholding (Figure 2.3). Seeds for the watershed transform were generated using the regional 

minimas from the distance transform of the grayscale images. Next, the watershed algorithm was 

applied to detect boundaries between overlapping cell nuclei. Finally, information from different 

channels were used to correct undersegmented nuclei.  

Figure 2.3 Image processing steps for FUCCI-ReN nucleus images. (a) Fluorescence 
image from H2B-Cerulean channel marking all nuclei. (b) Binary mask obtained through 
adaptive thresholding. (c) Image obtained through imposing minimum of distance 
transform of binary image in (b) and local minima. This image serves as seeds for the 
watershed algorithm. (d) Final mask obtained after watershed transform. 
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Generation of Network Representation. Type I graphs were generated as follows. Mask 

boundaries were expanded by 2 pixels and overlap of expanded masks was used to assign edges 

and build an adjacency matrix. Cells touching the image border were included in calculations of 

local network properties (Table 2.1) for cells not touching the boundary, but were excluded for the 

construction of the adjacency matrix.  

Type II graphs were generated as follows: For each pair of objects (nuclei), a threshold distance 

for proximity was defined as the average of the two object diameters, multiplied by a scaling factor 

(S). If the Euclidean distance between the object centroids was lower than the threshold distance 

computed, then the pair of objects was connected with an edge (Figure 2.1c). We chose a default 

scaling factor S = 2 for all our analysis, through visual inspection of cell adjacency. 

Network Metric Computation. All the network metrics described in Table 2.1 were computed 

using custom-written code, building upon the routines provided in Bounova et al92.  

Cluster Analysis. We performed cluster analyses using Shrinkage Clustering93, since the 

algorithm was shown to produce highly accurate clustering solutions with superior speed on large 

data sets. Cells whose features had the smallest sum of squares distance to the median values for 

each cluster were identified as representative cells for each cluster.  

Correction of morphology metrics for effects of local network properties and treatment 

conditions. We performed quantile multidimensional binning94 of cells for all 7 network metrics 

(5 bins per metric). The mean of each morphology metric was calculated for each multidimensional 

bin, and this mean was subtracted from the raw measurements to generate the network-corrected
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Table 2.1 List of graph metrics computed at the single-cell level 

measurements for each cell. Treatment-corrected measurements were generated similarly by 

calculating the mean of each morphology metric under each treatment condition and then 

subtracting it from the raw measurements.  

Variance explained by local network properties and treatment conditions. The variance 

explained by each factor was calculated using the following formula95 

1 − 𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑉𝑉𝑢𝑢𝑢𝑢𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐⁄  

𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 is the variance of the corrected measurements, and 𝑉𝑉𝑢𝑢𝑢𝑢𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 is the variance of the uncorrected 

measurements. 

                                                            
* The fraction of neighbors of a certain phenotype is used to compute the neighborhood similarity score, 𝑁𝑁𝑆𝑆 
† Valid only for type I graphs (adjacency evaluated through shared pixels) 

Graph Metric Symbol Description 

Degree* 𝑘𝑘 Number of neighbors (one link away) 

Average Neighbor Degree 𝑘𝑘𝑢𝑢 Average degree of all neighboring cells 

Clustering Coefficient 𝐶𝐶 

Fraction of total possible links among the neighbors 

of a node that are actually present, averaged across 

all neighbors 

Local Efficiency 𝐸𝐸𝑙𝑙 Average shortest path length in local neighborhood 

Node Closeness Centrality 𝑐𝑐𝑢𝑢 Sum of reciprocal distances to all other nodes 

Node Betweenness 

Centrality 
𝑤𝑤𝑢𝑢 

Number of shortest paths that pass through the node 

Shared Border Length† 𝑆𝑆𝑙𝑙 
Length of border shared with neighboring cells, in 

pixels 
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2.3 Results 

2.3.1 Analysis of cell cycle synchronization in neural progenitor cells 

First, we demonstrate the utility of cytoNet in analyzing cell cycle dynamics in communities 

of differentiating neural progenitor cells. Neural progenitor cells are multipotent cells that can 

differentiate into neurons, astrocytes or oligodendrocytes. Cell cycle regulation in neural 

progenitor cells is of interest as it has implications for the genetic basis of brain size in different 

species21 and aberrant regulation can cause diseases like microcephaly96. Studies in the ventricular 

zone of the embryonic mouse neocortex have shown that clusters of clonally-related neural 

progenitor cells go through the cell cycle together69,70. However, it is unclear whether this 

community effect is a ubiquitous feature of neural progenitor cells. To this end, we employed the 

Figure 2.4 cytoNet reveals 
spatiotemporal synchronization 
of cell cycle in differentiating 
neural progenitor cells. (a) 
Neighborhood similarity score 
(Table 2.1) for low-density 
culture across time. (b) 
Neighborhood similarity score 
across time for medium-density 
culture. (c) Frames from time-
lapse movies corresponding to 
(a) and (b). Borders of 
mCherry+ nuclei (G1) are 
outlined in magenta, Venus+ 
nuclei (S/G2/M) are outlined in 
green, and mCherry-/Venus- 
nuclei (quiescent) are outlined in 
blue; scale bar = 50μm.  
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cytoNet workflow to determine whether cell cycle synchronization is a feature of differentiating 

neural progenitor cells cultured in vitro. 

For this investigation, ReNcell VM human neural progenitor cells were stably transfected with 

the FUCCI cell cycle reporters97 to generate Geminin-Venus/Cdt1-mCherry/H2B-Cerulean 

(FUCCI-ReN) cells. We captured time-lapse movies of FUCCI-ReN cells after withdrawing 

growth factors to induce differentiation, and built network representations from nucleus images. 

Adjacency was determined by comparing centroid-centroid distance to a threshold (type II graphs, 

Figure 2.1c).  

In order to evaluate spatiotemporal synchronization in cell cycle, for each individual cell in a 

frame, we evaluated the average fraction of neighboring cells in a similar phase of the cell cycle 

(G1 phase – mCherry+ and S/G2/M phases – Venus+), normalized by total fraction of that cell 

type in the population. We called the average value of this fraction across all cells in an image the 

neighborhood similarity score, 𝑁𝑁𝑆𝑆 (Table 2.1). Results for medium and low-density cultures are 

shown in Figure 2.4a and Figure 2.4b respectively. Frames from corresponding time-lapse movies 

are shown in Figure 2.4c. We observed that groups of cells in the low-density culture moved 

through the cell cycle in unison, which was reflected in periodically high values of the 

neighborhood similarity score (Figure 2.4a). In contrast, the composition of cell clusters in the 

medium density culture was relatively heterogeneous, resulting in relatively low values of the 

neighborhood similarity score over time (Figure 2.4b). Neighboring cells in very low-density 

cultures are likely to be derived from the same clonal lineage, which explains the high level of 

synchronization in these cultures69. This example highlights how cytoNet can be used to derive 

insight into the role of cell-cell interactions on dynamic cell behavior.  
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2.3.2 Analysis of cell community and growth factor treatment effect on HUVEC morphology 

Next, we used cytoNet to evaluate the relative influence of local neighborhood density and growth 

factor perturbations on endothelial cell morphology. From a regenerative medicine perspective, 

studying the morphological response of endothelial cells to neurotrophic stimuli can help assess 

the cells’ potential angiogenic response following brain injuries that induce the secretion of 

neurotrophic factors, like ischemic stroke or transient hypoxia98,99. Common high-throughput 

angiogenic assays focus on migration and proliferation as the main cell processes defining 

angiogenesis, or the growth of new capillaries from existing ones100.  Distinct morphology and 

cytoskeletal organization of endothelial cells indicate the cell’s migratory or proliferative nature, 

and hence their angiogenic contribution within a sprouting capillary101. Reproducibly quantifying 

Figure 2.5 Correlation heatmap of local network metrics and morphology metrics for 
immunofluorescence HUVEC images. All morphology and local network metrics were 
combined into a single matrix. The cluster dendrogram was obtained through hierarchical 
clustering of the covariance matrix using Pearson’s correlation as the similarity metric. 
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the morphological response of endothelial cells to neurotrophic factors would enable more targeted 

approaches to enhancing brain angiogenesis.  

We took an image-based approach to this problem, building a library of immunofluorescence 

images of human umbilical vein endothelial cells (HUVECs) stained for cytoskeletal structural 

proteins (actin, α-tubulin) and nuclei, in response to various combinations of vascular endothelial 

growth factor (VEGF) and brain-derived neurotrophic factor (BDNF) treatment. Cell morphology 

was annotated using 21 metrics described in our previous study102 (Table 2.2), which included cell 

shape metrics like circularity and elongation, and texture metrics for cytoskeletal stains such as 

actin polarity, smoothness etc.  Network representations were designated based on shared cell 

pixels (type I graphs, Figure 2.1c) and local network properties were described using seven 

metrics, including degree (number of neighbors) and centrality measures (indicating relative 

location of cells within colonies) (Table 2.1).  

Table 2.2 Metrics used to define endothelial cell morphology. 

Metric Description Mathematical Formula 

Cell Size Cell spread area 𝐴𝐴𝐶𝐶 

Circularity Shape factor 

4𝜋𝜋.𝐴𝐴𝐶𝐶
𝑃𝑃𝐶𝐶

 

Where 𝑃𝑃𝐶𝐶 = perimeter of cell 

Elongation Shape factor 
𝑃𝑃𝐶𝐶
𝐴𝐴𝐶𝐶
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Polarity* 

Distance between center 

of mass of stain and the 

centroid of the cell 

��𝜒𝜒𝐶𝐶,𝑥𝑥 − Ω𝑆𝑆,𝑥𝑥�
2 + �𝜒𝜒𝐶𝐶,𝑦𝑦 − Ω𝑆𝑆,𝑦𝑦�

2
 

 

Where Ω𝑆𝑆 = center of mass of stain 

           𝜒𝜒𝐶𝐶 = centroid of cell 

Mean* 

First moment of 

grayscale stain intensity 

distribution 

�
𝑖𝑖

255
.𝑝𝑝

255

𝑖𝑖=0

 

Where 𝑝𝑝 is the histogram counts of the image for 

pixel intensities, with 256 possible bins for a 

grayscale image 

Standard 

Deviation* 

Second moment of 

grayscale stain intensity 

distribution 
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𝑖𝑖
255�

2

. 𝑝𝑝
255

𝑖𝑖=0

 

Third 

Moment* 

Third moment of stain 

intensity distribution 
1

2552
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𝑖𝑖
255

3

.𝑝𝑝
255

𝑖𝑖=0

 

Smoothness* 
Measure of smoothness 

of stain 
1 −

1

1 + � 1
2552 ∑

𝑖𝑖
255

2
.𝑝𝑝255

𝑖𝑖=0 �
 

Entropy from 

Histogram* 

Measure of randomness 

of the stain intensity 
−�𝑝𝑝. log2(𝑝𝑝) 

Uniformity* 

Sum of squared elements 

in the histogram counts 

of the image for pixel 

intensities.  

�𝑝𝑝2 
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Figure 2.6 Influence of local neighborhood density on primary human endothelial cell 
(HUVEC) morphology. (a) Distribution of cell circularity values grouped under different 
levels of closeness centrality; Cohen’s d effect size: groups (1, 2) = 0.34, groups (1, 3) = 
0.62; sample size, n=786 cells (group 1; cn < 0.025), 741 cells (group 2; 0.025 < cn < 0.05) 
and 782 cells (group 3; cn > 0.05) (b) Sample immunofluorescence image with graph 
representation overlaid; scale bar = 50 μm. (c) Heatmap depicting closeness centrality of 
each cell, with circularity values overlaid in text. (d) Representative cells from cluster 
analysis, highlighted in magenta. (e) Cell size, closeness centrality and circularity 
distribution plots for each cluster. (f) Bar plot of variance explained by growth factor 
treatment and local network metrics. (g) Box plot of cell size as a function of growth factor 
treatment. (h) Box plot of mean actin intensity as a function of growth factor treatment. 
Legends and axes in (f-h) contain information on treatment (BDNF, VEGF), concentration 
(50ng/ml, 100ng/ml) and time of treatment (6 hours and 12 hours). Cohen’s d effect size 
for (f-h) is shown in Table 2.3. 
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First, we quantified density-dependent effects on endothelial cell morphology in control 

cultures (without any growth factor perturbation). Our analysis showed correlations between cell 

morphological features and local network properties (Figure 2.5). Some of these relationships were 

expected, for instance the positive correlation between shared cell border and cell size. Other 

relationships, such as the negative correlation between cell circularity and closeness centrality, 

capture intuitive notions of the influence of cell packing on morphology (Figure 2.6a-c). The 

closeness centrality of a cell (Table 2.1) describes its relative position in a colony – cells in the 

middle of a colony will have higher centrality values than cells at the edge of a colony or isolated 

cells. The negative relationship between circularity and closeness centrality implies that isolated 

cells and cells located at the edge of colonies are more likely to have a circular morphology, while 

cells located at the center of colonies tend to be less circular (Figure 2.6a-c). Thus, our analysis 

revealed that local network properties have a quantifiable effect on cell morphology. 

Table 2.3 Cohen’s d effect size for treatment conditions on morphology metrics, before 
and after correction for cell community effects 

Morphology 

metric 

Treatment 

condition 

Cohen’s d effect size 

Cell.Size  6hr 

(uncorrected*) 

12hr 

(uncorrected) 

6hr 

(corrected**) 

12hr 

(corrected) 

BDNF50 0.256 0.217 0.148 0.170 

VEGF50 0.151 0.023 0.093 0.068 

Mean.Actin  6hr 

(uncorrected) 

12hr 

(uncorrected) 

6hr (corrected) 12hr 

(corrected) 

 BDNF50 0.381 1.020 0.091 0.873 

 BDNF100 0.517 2.522 0.260 1.959 

 VEGF50 1.121 1.018 0.348 0.740 

 VEGF100 1.267 2.269 0.284 1.808 
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To determine dominant cell phenotypes, we performed cluster analysis on our whole dataset 

consisting of 25,068 cells. This analysis revealed 3 major categories of endothelial cells, with 

unique morphological and network signatures (Figure 2.6d, e). Cluster 1 comprised of cells with 

migratory features, including low circularity and intermediate centrality indicative of their position 

at the edges of colonies. Cluster 2 contained small, circular cells with low centrality indicative of 

their isolation. Cells in cluster 3 showed proliferative features with large and non-circular shapes, 

and high centrality indicating their positions in the center of colonies. Through this cluster-based 

phenotyping, we show how cytoNet can be used to infer the local environment and topological 

arrangement of distinct cell categories within a culture. 

Next, we developed a workflow to analyze the effect of growth factor treatments on cell 

morphology, while correcting for the effect of local network properties. We did this to infer the 

independent effects of chemical perturbation and local cell crowding on cell morphology. First, 

we applied a quantile multidimensional binning approach94,95 to calculate the variance in 

morphology metrics that could be individually explained by all local network metrics and growth 

factor treatments (Figure 2.6f). We then calculated the values for each morphology metric after 

correcting for the effect of local network metrics (see Methods). The raw and network-corrected 

values for two metrics, cell size and mean actin intensity, are shown as box plots in Figure 2.6g-h. 

The influence of network properties can be clearly seen on cell size, where at 6 hours, large cell 

sizes are seen in the uncorrected but not corrected plots (Figure 2.6g). The effect of growth factor 

treatment can be clearly seen in network-corrected mean actin intensity (Figure 2.6h, Table 2.3), 

where VEGF and BDNF treatment have dose-dependent effects on mean actin intensity. Thus, 
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cytoNet detects the independent effects of local neighborhood properties and growth factor 

perturbations on endothelial cell morphology.  

2.4 Conclusions 

The examples described above illustrate how cytoNet can be used to enhance image 

informatics for phenotypic screens as well as basic discovery in biology. From the image 

informatics perspective, cytoNet provides a rigorous mathematical framework to describe 

population context and adds crucial information on local cell density to the suite of metrics that 

are currently used to characterize individual cells. We illustrated how local network metrics can 

be used to infer independent effects of cell density and chemical perturbations. This workflow can 

be used to more comprehensively characterize the response of cells to chemical perturbations, 

which can aid in drug discovery.  

The cytoNet workflow can also be used to quantitatively study biological pathways involved 

in cell-cell communication. The combination of visualizing dynamic cell behavior through time-

lapse movies and quantifying local cell-cell interactions is particularly powerful. This paradigm 

can be of great benefit in stem cell biology to evaluate environmental effects on cell fate decisions. 

More broadly, the principle behind cytoNet – treating cell communities as complex ecosystems – 

will help transition from characterizing cells as independent ‘silos’ to a more holistic approach, 

where due importance is given to the environment surrounding cells. 
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Chapter 3 – Living Neural Networks: Dynamic Network Analysis of 

Developing Neural Progenitor Cells 

3.1 Introduction 

 This chapter introduces a method to study network features of developing human neural 

networks at the global and single-cell levels. We use long-term imaging coupled with automated 

image analysis to develop network representations of cell spatial topology and assign spatial 

coordinates to individual cells (Figure 3.1). We use our method to demonstrate that two 

independent human NPC cell lines exhibit a similar rise and fall in spatial network efficiency that 

Figure 3.1 Schematic of the Living Neural Networks paradigm. (a) Global network 
analysis to uncover broad trends in NPC spatial arrangement, with parallel functional 
assays. (b) Local network analysis to reveal spatial coordinates of individual cells in 
culture. 
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characterizes the maturation of in vitro neural networks. We demonstrate that high spatial network 

efficiencies at intermediate stages of neural differentiation are linked with high levels of 

spontaneous electrical activity. We also use the graph method to uncover the spatial coordinates 

of specific cell types in developing cultures and aberrant spatial phenotypes in a 

neurodevelopmental disease model. The paradigm presented here can be used to uncover 

fundamental features of neural network formation from progenitor cells and link cellular spatial 

organization to function.  

3.2 Methods 

Cell culture. Human neural progenitor cells (hNP1) derived from H9 human embryonic stem cells 

were obtained from ArunA Biomedicals (Athens, GA). Cells were expanded on tissue culture 

flasks pre-coated with either fibronectin (Sigma-Aldrich) or Matrigel (BD Biosciences), in 

proliferation medium consisting of AB2 basal neural medium, ANS neural supplement (both 

supplied by manufacturer), 10 ng/ml leukemia inhibitory factor (LIF; EMD Millipore), 20 ng/ml 

basic fibroblast growth factor (bFGF; R&D Systems), 2 mM GlutaMAX supplement (Life 

Technologies) and penicillin/streptomycin (Life Technologies). For neural differentiation 

experiments, cells were cultured in medium lacking bFGF. 

 ReNcell VM immortalized human neural progenitor cells derived from the ventral 

mesencephalon of human fetal brain were purchased from EMD Millipore. Cells were expanded 

on tissue culture flasks coated with laminin (Life Technologies), in media containing DMEM/F12 

(Life Technologies), supplemented with B27 (Life Technologies), 2 μg/ml heparin (StemCell 

Technologies), 20 ng/ml bFGF (EMD Millipore), 20 ng/ml EGF (Sigma) and 

penicillin/streptomycin (Life Technologies). For differentiation experiments, cells were cultured 

in medium lacking bFGF and EGF. 
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Table 3.1 List of neural stem cell lines used in the Living Neural Networks study 

 

Neural stem cells were derived from two human iPSC lines, NCRM-5 and CWI 4F2, following 

published protocols80 (Table 3.1). NSCs were cultured on dishes coated with Poly-L-Ornithine and 

Laminin, in media containing DMEM/F12 (Life Technologies), B27 without vitamin A (Life 

Technologies), 20 ng/mL EGF (Sigma), 20 ng/mL bFGF (Stemgent) and penicillin/streptomycin 

(Life Technologies). NSCs were passaged using Accutase (Life Technologies) in medium 

containing 10 μm ROCK inhibitor (Y276332; Reagents Direct). Differentiation experiments were 

carried out in differentiation medium containing Neurobasal media (Life Technologies), B27 with 

Vitamin A (Life Technologies), 10 ng/mL BDNF (Peprotech), 10 ng/mL GDNF (Peprotech), 

GlutaMAX supplement (Life Technologies) and penicillin/streptomycin (Life Technologies). The 

NCRM-5 and CWI 4F2 iPSC lines were originally derived within the intramural program of the 

National Heart, Lung, and Blood Institute (NHLBI iPSC Core) and the Eunice Kennedy Shriver 

National Institute of Children’s Health and Human Development (laboratory of Forbes D. Porter). 

 

Name Source Primary neuron type 

formed via differentiation 

hNP1 Derived from H9 human embryonic stem cells - 

ReNcell 

VM 

Ventral mesencephalon of 10-week human fetal 

brain 

Dopaminergic 

NCRM-5 Induced pluripotent stem cells derived from human 

male; NHCDR Cat# ND50031, RRID: 

CVCL_1E75 

Mixture of glutamatergic and 

GABAergic 

CWI 4F2 Induced pluripotent stem cells derived from female 

subject (6 months) with classical SLOS 

Mixture of glutamatergic and 

GABAergic 
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Electrophysiology. For whole-cell patch clamp experiments, cultures were maintained in 

extracellular recording solution containing 119 mM NaCl, 5 mM KCl, 10 mM HEPES, 2 mM 

CaCl2 and 1 mM MgCl2, titrated to a pH of 7.3. Pipettes (5-10 MΩ) were pulled from standard 

borosilicate glass capillaries and back filled with intracellular recording solution containing 8 mM 

NaCl, 10mM KCl, 5 mM HEPES, 0.06 mM CaCl2, 5 mM MgCl2, 130 mM potassium gluconate 

and 0.6mM EGTA, titrated to a pH of 7.4. Recordings were performed using a MultiClamp 700A 

amplifier and a Digidata 1550 Data Acquisition System coupled with Clampex 10.4 software 

(Molecular Devices). Traces were analyzed in MATLAB.  

 In voltage-clamp experiments, cells were held at a holding potential of -50 mV and given a 

series of voltage steps from -90 to +100 mV. In current-clamp experiments, cells were held at 

approximately -70 mV through minimal current injection before application of a series of current 

steps ranging from -40 to +120 pA. Magnitudes of the current steps were modified according to 

the input resistance. Peak outward current amplitude was measured 40 ms after the initiation of 

the voltage sweep. Peak inward current was defined as the maximum transient negative current at 

any command voltage. 

Immunocytochemistry. Cells plated on chambered cover glasses (Fisher Scientific) or glass 

coverslips were fixed in 4% PFA for 20 min, washed with PBS and incubated with blocking buffer 

containing 0.2% Triton-X (Sigma), 0.3M glycine and 10% goat serum (Jackson Immunoresearch 

Labs) for 1 hour. Cells were then incubated overnight in the following primary antibodies diluted 

in 10% goat serum: Mouse Nestin (1:200, Neuromics), Rabbit MAP2 (1:500, Millipore), Mouse 

Tuj1 (1:2000, Millipore), Rabbit Ki67 (1.43μL/mL, Abcam). Cells were rinsed and primary 

antibodies were detected using appropriate Alexa Fluor secondary antibodies. Nuclei were stained 

using either Hoescht or DAPI. 
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Image acquisition and segmentation. For live imaging experiments, hNP1 cells were plated at 

approximately 50% confluence on 12-well plates pre-coated with Matrigel and switched to 

differentiation medium 24 hours post-plating. Two datasets (biological replicates) were obtained 

by imaging the well plates at days 0, 3, 6, 9, 12 and 14 after withdrawal of bFGF from culture 

medium, using an automated stage Nikon Eclipse Ti-E Microscope. At the start of the experiment, 

five locations were chosen arbitrarily for each well, and the same locations were located and 

imaged at each time point. Imaging sessions lasted about 10 minutes and the plates were returned 

to the incubator after imaging. We also performed continuous imaging, for which the well plate 

was mounted on the stage of the microscope in a bold line cage incubator (Okolab) equipped with 

temperature control and gas flow rate control enabling a 37°C 5% CO2 environment. Images were 

acquired at 1-hour intervals for 8 days. In all time-lapse imaging experiments, 8-bit phase contrast 

images were acquired through a 10X objective (N.A. = 0.3) from a 1280 x 1080 pixel field of view 

using a Nikon DS-Qi1 camera. Physical pixel size was 0.64μm.  

 Phase contrast image sequences were chosen for analysis based on the ability of a human 

observer to distinguish cellular features in the images. Images with large amounts of debris 

occluding cells were discarded manually. In this manner, a total of 16 and 14 image sequences (30 

locations) for each of the 2 biologically independent datasets were chosen for analysis. 

 Selected grayscale images were pre-processed by applying a median filter with a neighborhood 

of 3x3 pixels to remove noise and segmented using an unbiased intensity-gradient thresholding 

approach103. Starting from the grayscale image, the first derivative of the pixel intensity histogram 

was calculated. Fitting a linear function to the ascending portion of the first derivative and 

extrapolating to the x-axis resulted in a grayscale threshold, which was used to generate a binary 
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image distinguishing cellular features from the background. Morphological operations performed 

on the binary image were: 

1. Small objects of size lesser than 50 pixels were removed to filter out noise and other 

imaging artifacts. 

2. Morphological opening was performed using a disk structuring element of radius 4 pixels. 

This was done to separate linear features (neurites), and circular features (cell bodies). 

3. Cell bodies were separated using connected component labeling using the default 8-

connected neighborhood. 

4. Cell body objects smaller than 150 pixels and those touching the image border were 

removed. 

Calcium imaging and analysis. Cells were plated on LabTek chambered cover glasses for 

calcium imaging experiments. Cells were loaded with culture medium containing 3 μM of the 

fluorescent calcium indicator Fluo-4/AM (Life Technologies) and Pluronic F-127 (0.2% w/v, Life 

Technologies) for 30 min at 37oC. Imaging of spontaneous calcium activity was performed at 37oC 

using a 20X objective lens (N.A. = 0.75), with 488 nm excitation provided through a SOLA SE 

Light Engine (Lumencor). 16-bit fluorescence images were acquired at a sampling frequency of 1 

Hz for a total duration of 15 min, using a Zyla 5.5 sCMOS camera (Andor). 

 Following calcium imaging, samples were subjected to immunocytochemistry as described 

earlier. By navigating to the locations where calcium imaging was performed, manual co-

registration was done to obtain immunofluorescence images for the same fields of view.  

Generation of functional networks from calcium imaging. Regions of interest (ROIs) were 

obtained by segmenting nucleus images using a local thresholding approach followed by the 
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watershed algorithm. Undersegmented objects were algorithmically removed by discarding the top 

two percentile of object sizes obtained after segmentation.  

 Next, a time-varying fluorescence trace was calculated for each ROI. For each frame in the 

calcium fluorescence image stack, background (average pixel intensity of non-ROI regions in the 

image) was subtracted. Average fluorescence intensity for each ROI (𝐹𝐹) was obtained by averaging 

pixel intensity values within the ROI for each time point. Baseline fluorescence (𝐹𝐹0) for each ROI 

was calculated as the minimum intensity value in a window 90s before and after each time point. 

Figure 3.2 Cross-correlation analysis to infer functional connectivity from calcium imaging 
data. (a) Maximum intensity image from day 3 ReNcell culture loaded with Fluo-4 for 
calcium imaging. Inferred functional network is overlaid on the image, with correlation 
magnitude represented by edge color heatmap. ROIs obtained from corresponding 
nucleus image are shown in red. (b) Normalized calcium traces from 3 highly correlated 
cells marked in (a) are shown. 
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The normalized fluorescence trace for the ROI was then calculated as 𝐹𝐹 − 𝐹𝐹0 𝐹𝐹0⁄ . Cells with low 

activity were filtered out by discarding traces with less than three peaks and traces whose signal-

to-noise ratio was lower than 1. Quality of the remaining traces was confirmed by manual 

inspection. This was done to avoid false positives in the cross-correlation analysis. 

 Functional networks were created following the method described by Smedler et al104, where 

cross-covariance between signals is used to assign functional connections between pairs of cells 

(Figure 3.2). A randomized dataset was generated by shuffling each signal in the original dataset 

at a random time point. The 99th percentile of cross-covariance values for the randomized dataset 

was used as a threshold for determining significant correlations. 

Creation of spatial graphs. Spatial graphs were created from microscope images using cytoNet, 

software developed in-house105. For each pair of objects (soma/nuclei), a threshold distance for 

proximity was defined as the average of the two object diameters, multiplied by a scaling factor 

(S). If the Euclidean distance between the object centroids was lower than the threshold distance 

computed, then the pair of objects was connected with a “proximity edge”. We chose a scaling 

factor of 2 for phase contrast images and 3 for nucleus immunofluorescence images based on 

similarity in network density for the resulting networks. 

 Due to the high density of NCRM-5 cultures, quantification of global network metrics proved 

unfeasible. However, qualitatively we observed the prevalence of highly clustered cell bodies at 

late stages of differentiation. 

Metric computation. Global network metrics computed from NPC graphs are described in Table 

3.2. It is to be noted that not all metrics derived from graph theory have a ready biological 

interpretation, especially in the context of spatial graphs. For example, interpretation of metrics 
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like degree-degree correlations and rich-club metric are limited, due to the implicit limit in the 

type of connections that are possible in spatial graphs. Keeping this in mind, we focused on 

analyzing metrics with an intuitive biological interpretation, i.e., information flow and 

connectivity. 

 Random graphs were constructed through degree-preserving rewiring, maintaining the degree 

distribution of the original graph. Each link (edge) belonging to any given node in the original 

graph was randomly re-assigned to a node that was chosen from all possible nodes with uniform 

probability. Metrics computed for random graphs were averaged across 100 different realizations 

of the random graphs. This mode of random graph generation was chosen to eliminate finite-size 

effects inherent in other models of random graphs such as Erdõs-Rényi random graphs.  

Single-cell analysis. Consolidated multi-parametric datasets were obtained by performing calcium 

imaging followed by immunocytochemistry. Functional data obtained through calcium imaging 

(e.g., number of spikes) was combined with cell identity information obtained through 

immunostaining (e.g., Ki67, Tuj1 status), and spatial features extracted using nuclei as described 

earlier. Cells within 100 pixels of the border of the field of view were excluded from analysis to 

eliminate border effects. Occasionally, colonies of cells were washed away during the 

immunostaining process. In these cases, the calcium imaging channel was used to obtain an 

approximate mask of such cells in order to obtain a complete image set for spatial analysis. 

Additionally, large masks likely representing undersegmented objects were excluded from 

analysis. 
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Table 3.2 Global metrics computed, their descriptions, and mode of normalization to 

account for the network size. n = number of nodes, m = number of edges. 

Graph Metric Shorthand Description Normalization 

Network 
Density NetworkDensity 

Average degree of graph, 
normalized by total 
maximum possible degree 

NetworkDensity

=
2𝑚𝑚

𝑛𝑛(𝑛𝑛 − 1)
 

Maximum possible 
degree, (𝑛𝑛 − 1) 

Variance in 
Degree varK 

Variance of normalized 
node degree sequence 

Node degree 
sequence normalized 
by maximum 
possible degree, (n-
1) 

Network 
Heterogeneity NetworkHeterogeneity 

Standard deviation of 
normalized node degree 
sequence divided by mean 
of degree sequence 

- 

Average 
Neighbor 
Degree 

avgeK_neighbor 
Average degree of node 
neighborhood, across all 
nodes 

Maximum possible 
degree, (n-1) 

Variance in 
Neighbor 
Degree 

varK_neighbor 
Variance of the 
normalized average 
neighbor degree sequence 

- 

Network 
Efficiency NetworkEfficiency 

The average reciprocal of 
shortest path length across 
all pairs of nodes, 𝐸𝐸 

Average network 
efficiency of 100 
random graphs 
generated through 
degree-preserving 
rewiring, 𝐸𝐸𝑐𝑐𝑟𝑟𝑢𝑢𝑟𝑟.  

Average 
Clustering 
Coefficient 

ClusteringCoefficient 

Fraction of total possible 
links among the neighbors 
of a node that are actually 
present, averaged across 
all nodes, 𝐶𝐶   

 

Average clustering 
coefficient of 100 
random graphs 
generated through 
degree-preserving 
rewiring, 𝐶𝐶𝑐𝑐𝑟𝑟𝑢𝑢𝑟𝑟 
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Number of 
connected 
components 

nConnectedComponents 
Number of disconnected 
sub-graphs in main graph 

- 

Average Size 
of Connected 
Components 

AvgeComponentSize 
Average number of nodes 
in each connected 
component 

Total nodes, n 

Variance in 
size of 
connected 
components 

VarComponentSize 

- - 

Network 
Diameter NetworkDiameter Longest shortest path 

length of network 
Longest possible 
path, (n-1) 

Triangular loop 
count nLoops3 

Number of loops of 3 
nodes 

Total possible 
number of triplets, 
nC3 

4-star motif 
Count nStar4 

Number of star motifs 
with one hub and three 
spokes 

Total possible 
number of 4-tuples,  
nC4 

5-star motif 
count nStar5 

Number of star motifs 
with one hub and four 
spokes 

Total possible 
number of 5-tuples, 
nC5 

6-star motif 
count nStar6 

Number of star motifs 
with one hub and five 
spokes 

Total possible 
number of 6-tuples, 
nC6 

Rich-Club 
Metric Average AvgeRichClubMetric 

Measure of the tendency 
of nodes with high number 
of links to be well 
connected among each 
other106; Computed for 
threshold degrees between 
1 and (n-1) 

Average Rich-Club 
Metric of 100 
random graphs 
generated through 
degree-preserving 
rewiring, 𝑅𝑅𝐶𝐶𝑅𝑅𝑐𝑐𝑟𝑟𝑢𝑢𝑟𝑟 

Assortativity Assortativity 

Pearson correlation 
coefficient of degrees 
between pairs of linked 
nodes107.  

- 
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3.3 Results 

3.3.1 Functional characterization and spatial network representation of differentiating NPC 

cultures 

In the first part of this study, we used primary hNP1 neural progenitor cells derived from H9 human 

embryonic stem cells. These cells were maintained as undifferentiated, mitotic progenitor cells in 

the presence of basic fibroblast growth factor (bFGF). Withdrawal of growth factors from culture 

medium was used to induce spontaneous differentiation of hNPCs108. 

 First, we performed immunocytochemistry and whole-cell patch clamp electrophysiology 

experiments to uncover the time course of functional development in differentiating hNP1 cells. 

Multipotent NPCs prior to beginning neural induction were uniformly positive for Nestin, a Type 

VI intermediate filament protein expressed by dividing neural progenitor cells (Figure 3.3a). Cells 

at day 14 of neural induction were positive for microtubule-associated protein-2 (MAP2), a protein 

associated with dendrite formation in maturing neurons (Figure 3.3b). Analysis of peak inward 

and outward currents from voltage-clamp experiments showed that cells at all developmental 

stages exhibited equivalent levels of outward currents, but showed increasing magnitudes of 

inward currents (Figure 3.3c, d). Inward currents are typically driven by voltage-gated sodium 

channels and their presence indicates a more mature neuronal phenotype. Furthermore, weak 

action potentials could be elicited from cells showing inward currents at later time points (3/11 

cells at day 14) through current injection (Figure 3.3e). These experiments demonstrated that 

Nestin-positive hNP1 cells matured over 14 days to MAP2-positive neurons, with neuronal fate 
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commitment likely occurring between days 4-8, as indicated by the appearance of functional 

neuronal phenotypes in that time period.  

Figure 3.3 Functional characterization and spatial network representation of 
differentiating NPCs. (a) hNP1 cells at day 0 stain positively for Nestin. (b) Cells at day 
14 stain positive for MAP2. In (a-b) nuclei are labeled by Hoescht; scale bar = 100μm. (c) 
Peak inward and outward currents determined through whole-cell patch clamp 
electrophysiology. Sample sizes: n=17, n=25, n=33 cells recorded for day 0-2, day 4-8 
and day 10-14 respectively. Error bars represent SEM; *p < 0.05 from two-sample t-test. 
(d) Voltage-gated inward and outward currents seen in a cell at day 14. Voltage steps 
applied were from -60mV to +90mV in 10mV increments. (e) Weak action potentials 
evoked from the same cell through current injection. Magnitudes of current injected are -
30pA, +20pA and +120pA from holding. (f) Representative phase contrast image of hNP1 
cells, shown at day 3; scale bar = 50 μm. (g) First derivative of the pixel intensity 
histogram, with a linear fit to the ascending portion shown as a red line. The point where 
this line met the x-axis was used as a threshold for segmentation. (h) Binary image 
obtained upon thresholding the grayscale image. (i) Separation of linear features through 
morphological opening of the binary image yields cell bodies (blue) and neurites (red). (j) 
Phase contrast image from (f) with soma boundaries overlaid in red, and proximity edges 
shown in yellow. Inset shows six soma, of which two pairs (1, 2) and (4, 5) are connected 
by proximity edges; the intercellular distance for these two pairs are smaller than their 
average diameter multiplied by a scaling factor S = 2; Soma 3 and 6 are isolated nodes 
since they are not sufficiently close to any other soma. All microscope images are 
displayed with enhanced contrast for easy visualization. 
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 In order to uncover topological changes in differentiating hNP1 cells, we combined long-term 

imaging of differentiating cultures with a graph-based approach for quantifying cell community 

structure. Differentiating cultures were imaged at days 0, 3, 6, 9, 12 and 14 after withdrawal of 

bFGF. An additional dataset was obtained by imaging differentiating cultures at 1-hour intervals 

for a total duration of 8 days. Selected image sequences were analyzed using custom image-

processing algorithms, resulting in the extraction of soma and neurites for each phase-contrast 

image (Figure 3.3f-i) (see Methods for details).  

 We built network representations of spatial topology by denoting cell soma as nodes and using 

spatial proximity between soma to assign edges (Figure 3.3j, k). The resulting adjacency matrix, 

A, represented the spatial topology of cells, where Ai,j = 1 if an edge existed between cells i and 

j, and 0 otherwise. In this manner, we constructed non-weighted, undirected graphs representing 

hNP1 communities from microscope images. 

3.3.2 Structure and information flow in NPC spatial graphs 

In order to describe the structure and topology of hNP1 spatial graphs, we evaluated 17 metrics 

derived from graph theory that were computed and normalized appropriately to account for 

network size (Table 3.2)92. The network metrics provide information on various aspects of the 

graph structure such as information flow, connectivity and abundance of motifs (repeating patterns 

of cell arrangements). Through analyses of the covariance matrix of 17 metrics via hierarchical 

clustering, we were able to identify several strong positive correlations among degree-related 

metrics including average degree, average neighbor degree and degree variances (Fig. 3.4a). We 

also identified negative metric correlations including those between network efficiency and 

number of connected components, as well as between clustering coefficient and all degree-related 
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metrics. In the following section, we focus on metrics that have intuitive biological interpretations, 

Figure 3.4 Spatial network efficiency is highest at intermediate stages of differentiation. (a) 
Correlation heatmap of all metrics obtained by hierarchical clustering of the covariance matrix. 
Clustering was performed using average linkage and Pearson correlation as the distance metric 
(shown in legend). Rows and columns are labeled with shorthand for metrics (Table 1). (b) Box 
plot of network efficiency across time. (c) Box plot of clustering coefficient across time. (d) Box 
plot of number of connected components across time. (e) Spatial graph representations of images 
taken at day 0, day 6 and day 14. Cell soma are outlined in red and edges are shown in yellow; 
scale bar = 50μm. (f) Cell soma from the images in (e), with each connected component labeled 
with distinct colors. For box plots in (b-d), red notches represent median (𝑄𝑄2), length of boxes 
represent interquartile range (𝐼𝐼𝑄𝑄𝑅𝑅), length of notches represent 𝑄𝑄2 ± �1.57 × 𝐼𝐼𝑄𝑄𝑅𝑅 √𝑛𝑛⁄ �, whiskers 
represent 𝑄𝑄1 − (1.5 × 𝐼𝐼𝑄𝑄𝑅𝑅) and 𝑄𝑄3 + (1.5 × 𝐼𝐼𝑄𝑄𝑅𝑅) and red circles represent outliers. 𝑄𝑄1 = 25th 
percentile, 𝑄𝑄2 = median, 𝑄𝑄3 = 75th percentile, 𝑛𝑛 = 30 data points for each box plot. * p < 0.00029 
from Wilcoxon signed rank test (significance threshold adjusted using Bonferroni correction for 
17 statistical tests to 0.005/17 = 0.00029) 
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their trends across time of differentiation, and their observed relationships with other metrics. 

 Network efficiency and clustering coefficient are commonly used measures of efficiency in 

global and local information flow48 (Table 3.2). When applied to hNP1 networks, these metrics 

describe the efficiency of information exchange at the network-wide and local neighborhood levels 

through cell soma proximity (compared to random graphs obtained through degree-preserving 

rewiring). In this context, information exchange could include the flow of ions through gap 

junctions or the diffusion of chemical signals from cell to cell. Evaluation of these metrics in hNP1 

networks sampled across 30 different spatial locations from two biologically independent 

experiments showed that network efficiency increased from day 0 to day 6 and then decreased 

from day 6 to 14, while clustering coefficient rose constantly from day 0 to 14 (Figure 3.4b,c). 

Thus, there appears to be a transition from topologies favoring global information flow to those 

favoring a hierarchical form of communication, occurring between day 6 and 14 of differentiation.  

The metric correlation heatmap showed a strong negative correlation between network efficiency 

and number of connected components in the graph (Figure 3.4a). The number of connected 

components is a count of the number of disconnected sub-graphs in the main network and is a 

measure of the connectivity of the graph – a graph with a high number of connected components 

has a low connectivity (Figure 3.4d). NPC networks at day 0, 6, and 14 are shown in Figure 3.4e 

and the corresponding connected components are shown in Figure 3.4f. Analysis of NPC networks 

at day 0, 6, and 14 identified the formation of a giant connected component likely due to continued 

cell proliferation through day 6 of differentiation (Figure 3.4e,f). This increase in the connectivity 

of the network resulted in an increase in network efficiency (Figure 3.4b). The subsequent 

disaggregation of the large component into smaller modules between days 6 to 14 contributes to 

the decrease in network efficiency seen at later developmental stages (Figure 3.4b).  
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3.3.3 Development of functional and spatial networks. 

We next probed the relationship between functional and spatial networks in developing NPCs 

using ReNcell VM immortalized human neural progenitor cells. Differentiation induced by growth 

factor withdrawal led to the formation of dense networks within 5 days, rapid exit from the cell 

Figure 3.5 Immunostaining of ReNcell cultures and functional analysis of cultures with 
proliferation medium. (a) Immunostaining of cultures in differentiation medium for nuclei 
(DAPI), proliferating cells (Ki67) and new neurons (Tuj1); scale bar = 50μm. (b) 
Immunostaining of cultures in proliferation medium.  (c) Fraction of active cells in cultures 
with proliferation medium (cells whose normalized fluorescence traces have three or more 
calcium transients). 
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cycle (as seen by reduced expression of Ki67) and formation of β(III)-tubulin-positive neurons 

(Figure 3.5).  

 We performed calcium imaging using the fluorescent calcium indicator Fluo-4 to record 

spontaneous activity in differentiating ReNcell VM cultures at days 1, 3 and 5, and employed 

cross-correlation analysis to infer functional connectivity in the networks. Analysis of functional 

networks revealed that cultures at day 3 had significantly more activity than those at days 1 and 5, 

Figure 3.6 Functional and spatial 
networks in ReNcell VM NPCs. (a) 
Functional networks obtained 
through calcium imaging with Fluo-4 
in developing NPC networks at days 
1, 3 and 5. Correlations between 
cells are shown as a network plot 
overlaid on the maximum intensity 
image from calcium image 
sequences; scale bar = 50μm. (b) 
Fraction of active cells in the network. 
Active cells are defined as cells 
whose normalized fluorescence 
traces have three or more calcium 
transients; *p < 0.005 from two-
sample t-test. (c) Plot of correlation 
versus intercellular distance for day 3 
network shown in (a). Correlation 
threshold generated from shuffled 
dataset is shown as a red line. (d) 
Spatial networks overlaid on 
immunofluorescence images of 
nuclei stained with Hoescht dye; 
scaling factor = 3. The nucleus 
images correspond to the images 
shown in (a). (e) Network efficiency 
of spatial networks peaks at day 3. 
Number of connected components 
shows the inverse trend. Sample 
sizes: Day 1 (n=5); Day 3 (n=8); Day 
5 (n=5) for all plots. Red notches 
show mean and standard deviation; 
*p < 0.00029 from two-sample t-test 
(significance threshold adjusted 
using Bonferroni correction for 17 
statistical tests to 0.005/17 = 
0.00029).  
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as measured by the fraction of active cells (Figure 3.6a,b). Interestingly, the functional network was 

not restricted to cells with short intercellular distances, with cells in the whole field of view (832μm 

x 702μm) having highly correlated calcium activity (Figure 3.6c). Further, cultures at day 3 

displayed waves of calcium activity propagating through many neighboring cells, that were not 

seen at later time points. When maintained in proliferation medium, ReNcell VM cultures 

continued to divide and did not differentiate into neurons (Figure 3.5b). Further, the level of 

spontaneous activity in proliferation medium remained constant through day 5 of measurement, 

indicating that the trends in functional network activity seen in differentiating cultures was unique 

to the formation of neural networks (Figure 3.5c).  

 We next built spatial graphs using nucleus images from the same cultures in which calcium 

imaging was performed (Figure 3.6d). Spatial networks were most efficient at day 3 with the fewest 

number of connected components (Figure 3.6e). The rise and fall of network efficiency in ReNcell 

VM networks mirrored the trends seen in hNP1 networks, with the time course of the trends 

indicative of network maturation. Further, the peak in spatial network efficiency coincided with 

the most active functional networks. This leads us to conclude that the high spatial efficiency of 

NPC networks at intermediate time points of differentiation facilitates high levels of network-wide 

spontaneous activity. 

3.3.4 Single-cell analysis of developing neural networks 

To identify the spatial and functional roles of different cell types in developing neural networks, 

we used neural stem cells derived from the NCRM-5 human iPSC line109. NCRM-5 NSC cultures 

differentiated into dense networks of neurons over a period of 28 days (Figure 3.7). 
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 We next performed immunostaining for proliferating cells (Ki67) and new neurons (β(III)-

tubulin/Tuj1) at day 3 of differentiation and leveraged the graph theoretic approach to evaluate 

spatial features of individual cells (see Table 2.1). This analysis revealed that Ki67+ proliferating 

cells had a high degree or number of neighbors compared to Ki67- non-proliferating cells in 

NCRM-5 cultures (Figure 3.8a). Further, Tuj1+ neurons had a high clustering coefficient 

compared to Tuj1- cells in differentiating NCRM-5 NSCs (Figure 3.8b-d). Cells with high 

clustering coefficient are likely to be part of cliques, a common feature of cells at the edge of 

clusters due to geometric constraints (Figure 3.8d). Thus, our results suggest that proliferating cells 

tend to be close to the center of clusters where they are surrounded by many neighbors, while 

newly born neurons are found mostly at the edge of clusters.  

 In order to investigate the functional role of individual cells, we performed calcium imaging 

using Fluo-4 on day 3 cultures, followed by immunostaining and co-registration of the 

Figure 3.7 Long-term differentiation of NCRM-5 neural stem cells. NCRM-5 cultures at 
day 0, 7, 14, 21 and 28 stained for DAPI and β(III)-Tubulin (Tuj1). Cultures become more 
highly clustered at later stages of differentiation; scale bar - 50μm 
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immunostain image with the calcium video (Figure 3.1b). This analysis revealed that high-spiking 

cells had a greater proportion of Tuj1-/Ki67- cells and a lower degree than low-spiking cells 

Figure 3.8 Multiparametric single-cell analysis of day 3 NCRM-5 NSC cultures. (a) 
Boxplot of degree versus Ki67 status. Ki67+ cells have higher degree than Ki67- cells. 
(b) Boxplot of clustering coefficient versus Tuj1 status. Tuj1+ cells have higher clustering 
coefficient than Tuj1- cells. (c) Immunofluorescence image of day 3 NCRM-5 NSC culture 
with Tuj1 and Ki67 stains; scale bar - 50μm. Inset is shown in yellow box with arrows 
pointing to Tuj1+ neurons at the network periphery. (d) Clustering coefficient of individual 
cells shown as a heatmap with spatial network overlaid; scaling factor = 3. Nucleus 
(DAPI) images corresponding to (c) were used to create the spatial graph. Inset shows 
the same cells as inset in (c). Arrows point to Tuj1+ neurons at the network periphery 
with high clustering coefficient. (e) Proportions of cell types comprising high-spiking 
versus low-spiking calcium imaging. (f) Boxplot of degree versus spiking characteristics. 
High-spiking cells have lower degree than low-spiking cells. (g) Frame from calcium 
imaging sequence for day 3 NCRM-5 NSC culture; scale bar - 25μm. Arrows point to 
high-spiking, morphologically distinct cells with few neighbors. (h) Immunofluorescence 
image corresponding to (g) identifying Tuj1+ and Ki67+ cell types. (i) Heatmap of number 
of spikes of spontaneous calcium activity within a representative 15 min imaging window 
with spatial network overlaid. (j) Calcium traces from two high-spiking cells. *p < 0.0071 
from two-sample t-test (significance threshold adjusted using Bonferroni correction for 7 
statistical tests to 0.05/7 = 0. 0071). 
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(Figure 3.8e,f). Through visual inspection, this high-spiking population of cells exhibited 

qualitatively larger morphologies (Figure 3.8g-j). 

3.3.5 Analysis of a neurodevelopmental disease model reveals aberrant network features.  

To validate our network model for applications to study diseases, we performed spatial network 

analyses using an iPSC disease model of Smith-Lemli-Opitz syndrome (SLOS), an autosomal 

recessive developmental disorder resulting from mutations in DHCR7 which produces pronounced 

neurological deficits110. Previous studies have shown accelerated differentiation of neural 

progenitors derived from patients with SLOS80, likely caused by decreased activity of the 

canonical Wnt/β-catenin signaling pathway in these cells. 

Here, we compared the global and individual cell spatial features of day 3 differentiating cultures 

of control (NCRM-5) and SLOS iPSC-derived NSCs (CWI 4F2). At the global level, CWI 4F2 

cultures were more homogeneous than NCRM-5 cultures, as indicated by the presence of fewer 

connected components and lower network heterogeneity (Figure 3.9a-d, Table 3.2).  

Our analyses both confirmed accelerated neural specification in CWI 4F2 cultures through day 3 

and revealed that Tuj1+ neurons in day 3 CWI 4F2 cultures did not have a high clustering 

coefficient compared to Tuj1-cells, as was the case in NCRM-5 cultures (Figure 3.9e, f). This was 

due to the presence of many more ‘lone’ neurons with higher neurite extensions in the CWI 4F2 

cultures (Figure 3.9g). Thus, network analysis revealed the presence of global and local features 

of spatial organization in neural cell types in a neurodevelopmental disorder, validating the utility 

of the Living Neural Network model for the study of neurological diseases. 
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Figure 3.9 Spatial network analysis of iPSC-derived NSCs reveals deficits in network 
connectivity in a neurodevelopmental disorder model. (a) Immunostained images from 
day 3 cultures of CWI 4F2 SLOS NSCs and control NCRM-5 NSCs; scale bar = 50 μm. 
(b) Nuclei stained by DAPI corresponding to images in (a), with spatial graph overlay; 
scaling factor = 3. (c) Number of connected components in NCRM-5 cultures is higher 
than CWI 4F2. (d) Network heterogeneity of NCRM -5 cultures is higher than CWI 4F2; 
*p < 0.0029 from two-sample t-test (significance threshold adjusted using Bonferroni 
correction for 17 statistical tests to 0.05/17 = 0. 0029). (e) CWI 4F2 NSCs exhibit 
accelerated differentiation into Tuj1+ neurons compared to NCRM-5 NSCs. (f) Clustering 
coefficient of Tuj1+ cells shows no difference to that of Tuj1- cells in day 3 CWI 4F2 
cultures. (g) Portion of differentiating CWI 4F2 NSCs immunostained image in (a), with 
arrows pointing to disconnected Tuj1+ neurons contributing to low clustering coefficient 
in CWI 4F2 cultures. 
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3.4 Discussion 

Topological and functional analysis of in vitro neural networks has the potential to uncover 

basic organizational principles of their in vivo counterparts. Our study provides a new approach 

which leverages the directed differentiation of human stem cells to study the self-assembly of in 

vitro neural networks from neural progenitor cells. We quantified the spatial organization of 

immature neural cells during differentiation, using a unique application of graph theory. The 

experimental paradigm presented here enabled us to uncover relationships between spatial 

topology of NPC communities and functional maturation of developing neural circuits, and 

allowed us to develop hypotheses about the role of certain topologies on NPC function.  

 We found that the rise and fall in spatial network efficiency was a reproducible feature in NPC 

networks, and believe this is a characteristic feature of the transition from immature NPC networks 

to mature neuronal networks. Global network efficiency is low in proliferating NPC topologies, 

rises to a peak in intermediate cultures, and then drops off as cells mature into neuronal networks. 

The trend in network efficiency is intuitively explained by its negative correlation with the number 

of connected components, a measure of cell connectivity. Cell proliferation in the early stages of 

differentiation causes the merging of many disconnected clusters of cells into a giant connected 

component, which leads to a rise in the overall spatial connectivity and reduction in the average 

path length. The reorganization of the giant component into smaller modules at later stages leads 

to a reduction in network efficiency.  

 Of particular developmental importance, we determined the peak of spatial network efficiency 

coincides with the appearance of electrophysiologically mature neurons in culture and high levels 

of spontaneous network-wide calcium activity, respectively, in the cell lines we studied (hNP1 and 

ReNcell VM cells). Additionally, levels of spontaneous activity drop off in more mature cultures 
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which have significant neurite outgrowth and more clustered cell bodies. The spatial and functional 

architecture of mature cultures is consistent with previous evidence of highly clustered units 

developing in neuronal cultures75,76,111. The reduction in network-wide spontaneous activity in 

more mature cultures is consistent with a transition from a global to a hierarchical structure of 

communication.  

 By adapting the graph-based approach at the single-cell level, we also found that specific cell 

types have unique spatial coordinates in developing NSC cultures derived from human iPSCs. We 

found that Ki67+ proliferating cells had a higher average number of neighbors than non-

proliferating cells and newly born Tuj1+ neurons had high clustering coefficients indicative of 

their locations at the culture periphery. These results correspond to previously observed features 

of polarized neuroepithelium – prevalence of mitosis near the lumen and migration of 

differentiated cells to the periphery18. Further, by coupling calcium imaging experiments with 

spatial analysis of specific cell types, we found that high-spiking cells tend to have reduced 

numbers of neighbors and have a higher proportion of Tuj1-/Ki67- cells. Through visual 

inspection, we observed these cells had large morphologies. Based on their morphological and 

spatial properties, we hypothesize this cell population may represent a basal progenitor cell 

population  previously observed in differentiating NSC cultures18,112. 

 We then leveraged spatial network analysis to uncover features of aberrant neural networks in 

an iPSC model of a neurodevelopmental disorder, Smith-Lemli-Opitz syndrome. Global network 

analysis demonstrated that developing SLOS cultures were more homogeneous than control 

NCRM-5 cultures at the same stage of differentiation. We believe this indicates that normal 

differentiation is characterized by the presence of NSC clusters of a wide size distribution, a feature 

that is disrupted in SLOS. Further, the higher number of neurons in SLOS cultures comprised a 
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large number of ‘lone’ cells with high neurite extension. While the mechanisms underlying altered 

neural networks in SLOS are unclear, published findings related to cytoskeletal remodeling or 

diminished β-catenin signaling affecting cadherin function are possibilities80,113. 

 In this study, we show that network analysis provides unique information about the structure 

of neural progenitor cell communities at the local and global levels. It remains to be seen whether 

spatial topology of developing cultures is predictive of synaptic connectivity in mature neuronal 

networks. Several in vivo studies have provided evidence for a structure-functional relationship 

between adult neuronal wiring and the spatiotemporal origin of the constituent neurons. For 

example, sister excitatory neurons in the neocortex are more likely to develop synapses with each 

other rather than with other cells114, and the electrophysiological phenotypes of GABAergic 

interneurons have been shown to depend on the time and place of their birth115. Thus, the analysis 

of spatial topology in developing neuronal circuits in a controlled setting has the potential to 

uncover structure-function relationships in the resulting mature neural circuits. 

 The present study also lays the foundation for analysis of the role of cellular neighborhood on 

cell fate determination of individual progenitor cells. The expression of cell-fate determination 

factors such as bHLH transcription factors like Hes1 and Ngn2, and proteins involved in cell-cell 

communication pathways such as Notch/Delta proteins, have been shown to be tightly coupled 

with each other63,116. Computational modeling studies have predicted that Notch-Hes1 intercellular 

signaling affects differentiation and cell cycle progression of individual cells and this signaling is 

important for the maintenance of an optimal balance between differentiating cells and self-

renewing progenitor cells117. The spatial dynamics of cell-cell signaling and its impact on single-

cell differentiation status is an intriguing subject for future study.  
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 In conclusion, we present a multiplexed approach integrating long-term imaging, automated 

image analysis, and graph theory to quantify the spatial and functional networks of neural 

progenitors during neural differentiation. The Living Neural Networks method introduces a 

tangible means to test theories about different forms of neural cell communication and their role 

in shaping functional neural networks. Insights from this study help further our understanding of 

the fundamental design features of the brain. 
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Appendix A: Instructions for using the cytoNet web-based user interface 

1. Go to http://qutublab.rice.edu/cytoNet/  

Explanation of parameters and input format can also be downloaded there. 

2. Select images 

   a) Select image files by clicking on the ‘Choose Files’ button to start a file selection dialog box.  

Multiple files can be selected by: a) clicking on a file while holding down the control key 

(command key in MacOS; b) clicking and dragging; or c) entering control‐a (command‐a in 

MacOS) to select all files in a directory or folder. Color input images are first converted to 

grayscale images by cytoNet before being processed as previously described. Binary input images 

are considered to already be binary masks and the segmentation step is skipped. 

   b) Select image number.  Some image file formats such as tiff support the storage of multiple 

images per file.  If your images are not stored in tiff files, you may skip this parameter.  Otherwise 

you can specify which images in each file will be processed by using comma separated (1-based) 

indices.  Hence 1,3 indicates the first and third images in each file.  Indices must be specified in 

increasing order. 

   c) For demonstration purposes, cytoNet also provides images if you do not have your own. 

3. Select edge determination method 

   a) Edges between nearby objects are determined by the distance between their centroids. 

   b) Edges between touching objects are determined by the sharing of border pixels. 

4. Select adjacency threshold 

http://qutublab.rice.edu/cytoNet/
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   When edges are determined by the distance between centroids, an adjacency threshold parameter 

is required.  The adjacency threshold determines the maximum distance between two centroids at 

which an edge is created in the following way.  Let 𝑎𝑎1 and 𝑎𝑎2 be the area of two objects with 

centroids 𝑐𝑐1 and 𝑐𝑐2 respectively.  For each object, compute its effective radius: 𝑟𝑟𝑖𝑖 =  �𝑟𝑟𝑖𝑖
𝜋𝜋

 .  A graph 

edge is placed between two objects (vertices) whenever the distance between their centroids is 

within the adjusted sum of their effective radii: 𝑑𝑑𝑖𝑖𝑑𝑑𝑑𝑑𝑎𝑎𝑛𝑛𝑐𝑐𝑑𝑑(𝑐𝑐1, 𝑐𝑐2) ≤ 𝑆𝑆 ∙ (𝑟𝑟1 + 𝑟𝑟2) where 𝑆𝑆 is the 

user defined adjacency threshold parameter. 

5. Enter an email address. cytoNet will use this email address to inform you that processing is 

complete.  

6. Click the Submit button.  

7. cytoNet will send you an email message indicating that your request has been accepted. This 

message includes a Request ID that you can use to check on the progress of your request. cytoNet 

will also send you an email message informing you that processing has ended for your request.  

8. When your request has been successfully processed, you may download your results.  Note that 

your results will be available for only a limited amount of time. 

Results are formatted as follows. Global metrics are tabulated in a file called ‘GlobalMetrics.csv’ 

for all images in the input folder. Local metrics, computed on a per-cell basis are tabulated in a 

separate file for each image called ‘LocalMetrics_filename.csv’, where filename is the original file 

name. Also, basic morphology metrics (size, elongation, circularity and stain intensity) are 

tabulated in a separate file for each image called SingleCellMetrics_filename.csv, where filename 

is the original file name. Processed images are also created for each image in the input folder, 
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called ‘filename_processed.tif’ where the original image is overlaid with cell indices, object 

outlines (red) and spatial proximity edges (yellow). Cell indices displayed in the processed images 

are used in the first column of local metrics and single cell metric files. 
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Appendix B: List of publications 

Mahadevan, Arun S., Byron L. Long, Chenyue Wendy Hu, David T. Ryan, George L. Britton, 

Andrew Ligeralde, Aryeh Warmflash, Jacob T. Robinson, and Amina A. Qutub. "cytoNet: 

Network Analysis of Cell Communities." bioRxiv (2017): 180273. 

Mahadevan, Arun S., Grandel, Nicolas E., Jacob T. Robinson, and Amina A. Qutub. "Living 

Neural Networks: Dynamic Network Analysis of Developing Neural Progenitor 

Cells." bioRxiv (2017): 055533. 

Long, B.L., Li, H., Mahadevan, A., Tang, T., Balotin, K., Grandel, N., Soto, J., Wong, S.Y., 

Abrego, A., Li, S. and Qutub, A.A., 2017. GAIN: A graphical method to automatically analyze 

individual neurite outgrowth. Journal of neuroscience methods, 283, pp.62-71. 

  



66 
 

Bibliography 

1. Suzuki, I. K. & Vanderhaeghen, P. Is this a brain which I see before me? Modeling human 

neural development with pluripotent stem cells. Development 142, 3138–3150 (2015). 

2. Bassett, D. S. & Sporns, O. Network neuroscience. Nat. Neurosci. 20, 353–364 (2017). 

3. Bullmore, E. & Sporns, O. Complex brain networks: graph theoretical analysis of structural 

and functional systems. Nat Rev Neurosci 10, 186–198 (2009). 

4. Thomson, J. A. et al. Embryonic stem cell lines derived from human blastocysts. Science 

282, 1145–7 (1998). 

5. Takahashi, K. & Yamanaka, S. Induction of Pluripotent Stem Cells from Mouse Embryonic 

and Adult Fibroblast Cultures by Defined Factors. Cell 126, 663–676 (2006). 

6. Muñoz-Sanjuán, I. & Brivanlou, A. H. Neural induction, the default model and embryonic 

stem cells. Nat. Rev. Neurosci. 3, 271–280 (2002). 

7. Simunovic, M. & Brivanlou, A. H. Embryoids, organoids and gastruloids: new approaches 

to understanding embryogenesis. Development 144, 976–985 (2017). 

8. Harrison, S. E., Sozen, B., Christodoulou, N., Kyprianou, C. & Zernicka-Goetz, M. 

Assembly of embryonic and extraembryonic stem cells to mimic embryogenesis in vitro. 

Science 356, eaal1810 (2017). 

9. Warmflash, A., Sorre, B., Etoc, F., Siggia, E. D. & Brivanlou, A. H. A method to 

recapitulate early embryonic spatial patterning in human embryonic stem cells. Nat. 

Methods 11, 847–854 (2014). 

10. Martyn, I., Kanno, T. Y., Ruzo, A., Siggia, E. D. & Brivanlou, A. H. Self-organization of a 

human organizer by combined Wnt and Nodal signalling. Nature 1 (2018). 

doi:10.1038/s41586-018-0150-y 

11. Shahbazi, M. N. et al. Self-organization of the human embryo in the absence of maternal 

tissues. Nat. Cell Biol. 18, 700–708 (2016). 

12. Deglincerti, A. et al. Self-organization of the in vitro attached human embryo. Nature 533, 

251–254 (2016). 



67 
 

13. Zhang, S.-C., Wernig, M., Duncan, I. D., Brüstle, O. & Thomson, J. A. In vitro 

differentiation of transplantable neural precursors from human embryonic stem cells. Nat. 

Biotechnol. 19, 1129–1133 (2001). 

14. Eiraku, M. et al. Self-organized formation of polarized cortical tissues from ESCs and its 

active manipulation by extrinsic signals. Cell Stem Cell 3, 519–32 (2008). 

15. Chambers, S. M. et al. Highly efficient neural conversion of human ES and iPS cells by 

dual inhibition of SMAD signaling. Nat. Biotechnol. 27, 275–80 (2009). 

16. Shi, Y., Kirwan, P. & Livesey, F. J. Directed differentiation of human pluripotent stem cells 

to cerebral cortex neurons and neural networks. Nat. Protoc. 7, 1836–46 (2012). 

17. Ziv, O. et al. Quantitative Live Imaging of Human Embryonic Stem Cell Derived Neural 

Rosettes Reveals Structure-Function Dynamics Coupled to Cortical Development. PLOS 

Comput. Biol. 11, e1004453 (2015). 

18. Shi, Y., Kirwan, P., Smith, J., Robinson, H. P. C. & Livesey, F. J. Human cerebral cortex 

development from pluripotent stem cells to functional excitatory synapses. Nat. Neurosci. 

15, 477–86, S1 (2012). 

19. Espuny-Camacho, I. et al. Pyramidal neurons derived from human pluripotent stem cells 

integrate efficiently into mouse brain circuits in vivo. Neuron 77, 440–56 (2013). 

20. Lui, J. H., Hansen, D. V & Kriegstein, A. R. Development and evolution of the human 

neocortex. Cell 146, 18–36 (2011). 

21. Otani, T., Marchetto, M. C., Gage, F. H., Simons, B. D. & Livesey, F. J. 2D and 3D Stem 

Cell Models of Primate Cortical Development Identify Species-Specific Differences in 

Progenitor Behavior Contributing to Brain Size. Cell Stem Cell 18, 467–480 (2016). 

22. Gaspard, N. et al. An intrinsic mechanism of corticogenesis from embryonic stem cells. 

Nature 455, 351–357 (2008). 

23. Kirwan, P. et al. Development and function of human cerebral cortex neural networks from 

pluripotent stem cells in vitro. Development 142, 3178–3187 (2015). 

24. Paavilainen, T. et al. Effect of prolonged differentiation on functional maturation of human 



68 
 

pluripotent stem cell-derived neuronal cultures. Stem Cell Res. 27, 151–161 (2018). 

25. Sandoe, J. & Eggan, K. Opportunities and challenges of pluripotent stem cell 

neurodegenerative disease models. Nat. Neurosci. 16, 780–789 (2013). 

26. Paşca, S. P., Panagiotakos, G. & Dolmetsch, R. E. Generating Human Neurons In Vitro and 

Using Them to Understand Neuropsychiatric Disease. Annu. Rev. Neurosci. 37, 479–501 

(2014). 

27. Marchetto, M. C. N. et al. A model for neural development and treatment of Rett syndrome 

using human induced pluripotent stem cells. Cell 143, 527–39 (2010). 

28. Brennand, K. J. et al. Modelling schizophrenia using human induced pluripotent stem cells. 

Nature 473, 221–225 (2011). 

29. Chailangkarn, T. et al. A human neurodevelopmental model for Williams syndrome. Nature 

536, 338–343 (2016). 

30. Kelava, I. et al. Stem Cell Models of Human Brain Development. Cell Stem Cell 18, 736–

748 (2016). 

31. Lancaster, M. A. et al. Cerebral organoids model human brain development and 

microcephaly. Nature 501, 373–379 (2013). 

32. Paşca, A. M. et al. Functional cortical neurons and astrocytes from human pluripotent stem 

cells in 3D culture. Nat. Methods 12, 671–678 (2015). 

33. Monzel, A. S. et al. Derivation of Human Midbrain-Specific Organoids from 

Neuroepithelial Stem Cells. Stem cell reports 8, 1144–1154 (2017). 

34. Qian, X. et al. Brain-Region-Specific Organoids Using Mini-bioreactors for Modeling 

ZIKV Exposure. Cell 165, 1238–1254 (2016). 

35. Lancaster, M. A. et al. Guided self-organization and cortical plate formation in human brain 

organoids. Nat. Biotechnol. 35, 659–666 (2017). 

36. Mansour, A. A. et al. An in vivo model of functional and vascularized human brain 

organoids. Nat. Biotechnol. 36, 432–441 (2018). 



69 
 

37. Mariani, J. et al. FOXG1-Dependent Dysregulation of GABA/Glutamate Neuron 

Differentiation in Autism Spectrum Disorders. Cell 162, 375–390 (2015). 

38. White, J. G., Southgate, E., Thomson, J. N. & Brenner, S. The structure of the nervous 

system of the nematode Caenorhabditis elegans. Philos. Trans. R. Soc. Lond. B. Biol. Sci. 

314, 1–340 (1986). 

39. Takemura, S. et al. A visual motion detection circuit suggested by Drosophila 

connectomics. Nature 500, 175–181 (2013). 

40. Helmstaedter, M. et al. Connectomic reconstruction of the inner plexiform layer in the 

mouse retina. Nature 500, 168–174 (2013). 

41. Zeng, H. Mesoscale connectomics. Curr. Opin. Neurobiol. 50, 154–162 (2018). 

42. Shih, C.-T. et al. Connectomics-Based Analysis of Information Flow in the Drosophila 

Brain. Curr. Biol. 25, 1249–1258 (2015). 

43. Oh, S. W. et al. A mesoscale connectome of the mouse brain. Nature 508, 207–214 (2014). 

44. Markov, N. T. et al. A Weighted and Directed Interareal Connectivity Matrix for Macaque 

Cerebral Cortex. Cereb. Cortex 24, 17–36 (2014). 

45. Hamel, E. J. O., Grewe, B. F., Parker, J. G. & Schnitzer, M. J. Cellular Level Brain Imaging 

in Behaving Mammals: An Engineering Approach. Neuron 86, 140–159 (2015). 

46. Ahrens, M. B. et al. Brain-wide neuronal dynamics during motor adaptation in zebrafish. 

Nature 485, 471–477 (2012). 

47. Schröter, M., Paulsen, O. & Bullmore, E. T. Micro-connectomics: probing the organization 

of neuronal networks at the cellular scale. Nat. Rev. Neurosci. 18, 131–146 (2017). 

48. Watts, D. J., Watts, D. J., Strogatz, S. H. & Strogatz, S. H. Collective dynamics of ‘small-

world’ networks. Nature 393, 440–2 (1998). 

49. Barabási, A. Emergence of Scaling in Random Networks. Science (80-. ). 286, 509–512 

(1999). 

50. Towlson, E. K., Vertes, P. E., Ahnert, S. E., Schafer, W. R. & Bullmore, E. T. The Rich 



70 
 

Club of the C. elegans Neuronal Connectome. J. Neurosci. 33, 6380–6387 (2013). 

51. Sporns, O. & Kötter, R. Motifs in Brain Networks. PLoS Biol. 2, e369 (2004). 

52. Buzsáki, G. & Mizuseki, K. The log-dynamic brain: how skewed distributions affect 

network operations. Nat. Rev. Neurosci. 15, 264–78 (2014). 

53. Yassin, L. et al. An Embedded Subnetwork of Highly Active Neurons in the Neocortex. 

Neuron 68, (2010). 

54. Jbabdi, S., Sotiropoulos, S. N., Haber, S. N., Van Essen, D. C. & Behrens, T. E. Measuring 

macroscopic brain connections in vivo. Nat. Neurosci. 18, 1546–1555 (2015). 

55. Tang, E. et al. Developmental increases in white matter network controllability support a 

growing diversity of brain dynamics. Nat. Commun. 8, 1252 (2017). 

56. Bassett, D. S. et al. Dynamic reconfiguration of human brain networks during learning. 

Proc. Natl. Acad. Sci. 108, 7641–7646 (2011). 

57. Lynall, M.-E. et al. Functional connectivity and brain networks in schizophrenia. J. 

Neurosci. 30, 9477–87 (2010). 

58. Yongbin, W., Scholtens, L. H., Turk, E. & van den Heuvel, M. P. Multiscale examination 

of cytoarchitectonic similarity and human brain connectivity. Netw. Neurosci. 1–34 (2018). 

doi:10.1162/netn_a_00057 

59. Betzel, R. F. & Bassett, D. S. Specificity and robustness of long-distance connections in 

weighted, interareal connectomes. Proc. Natl. Acad. Sci. U. S. A. 201720186 (2018). 

doi:10.1073/pnas.1720186115 

60. ffrench-Constant. The neural stem cell microenvironment. StemBook 1–26 (2008). 

doi:10.3824/stembook.1.15.1 

61. Andersson, E. R., Sandberg, R. & Lendahl, U. Notch signaling: simplicity in design, 

versatility in function. Development 138, 3593–3612 (2011). 

62. Androutsellis-Theotokis, A. et al. Notch signalling regulates stem cell numbers in vitro and 

in vivo. Nature 442, 823–826 (2006). 



71 
 

63. Shimojo, H., Ohtsuka, T. & Kageyama, R. Oscillations in Notch Signaling Regulate 

Maintenance of Neural Progenitors. Neuron 58, 52–64 (2008). 

64. Leclerc, C., Néant, I. & Moreau, M. The calcium: an early signal that initiates the formation 

of the nervous system during embryogenesis. Front. Mol. Neurosci. 5, 64 (2012). 

65. Berridge, M. J., Bootman, M. D. & Roderick, H. L. Calcium signalling: dynamics, 

homeostasis and remodelling. Nat. Rev. Mol. Cell Biol. 4, 517–29 (2003). 

66. Weissman, T. A., Riquelme, P. A., Ivic, L., Flint, A. C. & Kriegstein, A. R. Calcium Waves 

Propagate through Radial Glial Cells and Modulate Proliferation in the Developing 

Neocortex. Neuron 43, 647–661 (2004). 

67. Owens, D. F. & Kriegstein, A. R. Patterns of intracellular calcium fluctuation in precursor 

cells of the neocortical ventricular zone. J. Neurosci. 18, 5374–88 (1998). 

68. Bittman, K., Owens, D. F., Kriegstein, A. R. & LoTurco, J. J. Cell Coupling and Uncoupling 

in the Ventricular Zone of Developing Neocortex. J. Neurosci. 17, 7037–44 (1997). 

69. Cai, L., Hayes, N. L. & Nowakowski, R. S. Synchrony of clonal cell proliferation and 

contiguity of clonally related cells: production of mosaicism in the ventricular zone of 

developing mouse neocortex. J. Neurosci. 17, 2088–100 (1997). 

70. Reznikov, K. & van der Kooy, D. Variability and partial synchrony of the cell cycle in the 

germinal zone of the early embryonic cerebral cortex. J. Comp. Neurol. 360, 536–54 (1995). 

71. Spitzer, N. C. Electrical activity in early neuronal development. Nature 444, 707–12 (2006). 

72. Blankenship, A. G. & Feller, M. B. Mechanisms underlying spontaneous patterned activity 

in developing neural circuits. Nat. Rev. Neurosci. 11, 18–29 (2010). 

73. Kilb, W., Kirischuk, S. & Luhmann, H. J. Electrical activity patterns and the functional 

maturation of the neocortex. Eur. J. Neurosci. 34, 1677–1686 (2011). 

74. Shefi, O., Golding, I., Segev, R., Ben-Jacob, E. & Ayali, A. Morphological characterization 

of in vitro neuronal networks. Phys. Rev. E 66, 1–5 (2002). 

75. de Santos-Sierra, D. et al. Emergence of small-world anatomical networks in self-

organizing clustered neuronal cultures. PLoS One 9, e85828 (2014). 



72 
 

76. Downes, J. H. et al. Emergence of a small-world functional network in cultured neurons. 

PLoS Comput. Biol. 8, e1002522 (2012). 

77. Teller, S. et al. Emergence of assortative mixing between clusters of cultured neurons. PLoS 

Comput. Biol. 10, e1003796 (2014). 

78. Malmersjö, S. et al. Neural progenitors organize in small-world networks to promote cell 

proliferation. Proc. Natl. Acad. Sci. U. S. A. 110, E1524-32 (2013). 

79. Shen, Q. et al. The timing of cortical neurogenesis is encoded within lineages of individual 

progenitor cells. Nat. Neurosci. 9, 743–751 (2006). 

80. Francis, K. R. et al. Modeling Smith-Lemli-Opitz syndrome with induced pluripotent stem 

cells reveals a causal role for Wnt/β-catenin defects in neuronal cholesterol synthesis 

phenotypes. Nat. Med. 22, 388–396 (2016). 

81. Meijering, E., Carpenter, A. E., Peng, H., Hamprecht, F. A. & Olivo-Marin, J.-C. Imagining 

the future of bioimage analysis. Nat. Biotechnol. 34, 1250–1255 (2016). 

82. Bray, M.-A. et al. Cell Painting, a high-content image-based assay for morphological 

profiling using multiplexed fluorescent dyes. Nat. Protoc. 11, 1757–1774 (2016). 

83. Halpern, K. B. et al. Single-cell spatial reconstruction reveals global division of labour in 

the mammalian liver. Nature 542, 352–356 (2017). 

84. Anderson, A. J., Piltti, K. M., Hooshmand, M. J., Nishi, R. A. & Cummings, B. J. Preclinical 

Efficacy Failure of Human CNS-Derived Stem Cells for Use in the Pathway Study of 

Cervical Spinal Cord Injury. Stem Cell Reports 8, 249–263 (2017). 

85. Lavin, Y. et al. Innate Immune Landscape in Early Lung Adenocarcinoma by Paired Single-

Cell Analyses. Cell 169, 750–765.e17 (2017). 

86. Thul, P. J. et al. A subcellular map of the human proteome. Science (80-. ). 356, (2017). 

87. Snijder, B. et al. Population context determines cell-to-cell variability in endocytosis and 

virus infection. Nature 461, 520–523 (2009). 

88. Schapiro, D. et al. histoCAT: analysis of cell phenotypes and interactions in multiplex 

image cytometry data. Nat. Methods (2017). doi:10.1038/nmeth.4391 



73 
 

89. Yener, B. & Bülent. Cell-graphs. Commun. ACM 60, 74–84 (2016). 

90. Lacoste, A., Berenshteyn, F. & Brivanlou, A. H. An Efficient and Reversible Transposable 

System for Gene Delivery and Lineage-Specific Differentiation in Human Embryonic Stem 

Cells. Cell Stem Cell 5, 332–342 (2009). 

91. Ryan, D. T., Hu, J., Long, B. L. & Qutub, A. A. Predicting Endothelial Cell Phenotypes in 

Angiogenesis. in ASME 2013 2nd Global Congress on NanoEngineering for Medicine and 

Biology V001T05A013-V001T05A013 (ASME, 2013). doi:10.1115/NEMB2013-93124 

92. Bounova, G. & De Weck, O. Overview of metrics and their correlation patterns for multiple-

metric topology analysis on heterogeneous graph ensembles. Phys. Rev. E - Stat. Nonlinear, 

Soft Matter Phys. 85, (2012). 

93. Hu, C. W., Li, H. & Qutub, A. A. Shrinkage Clustering: A Fast and Size-Constrained 

Algorithm for Biomedical Applications. DROPS-IDN/7655 88, (2017). 

94. Snijder, B. et al. Single-cell analysis of population context advances RNAi screening at 

multiple levels. Mol. Syst. Biol. 8, (2012). 

95. Gut, G., Tadmor, M. D., Pe’er, D., Pelkmans, L. & Liberali, P. Trajectories of cell-cycle 

progression from fixed cell populations. Nat. Methods 12, 951–4 (2015). 

96. Li, C. et al. Zika Virus Disrupts Neural Progenitor Development and Leads to Microcephaly 

in Mice. Cell Stem Cell 19, (2016). 

97. Sakaue-Sawano, A. et al. Visualizing Spatiotemporal Dynamics of Multicellular Cell-Cycle 

Progression. Cell 132, 487–498 (2008). 

98. López-Cancio, E. et al. Reported Prestroke Physical Activity Is Associated with Vascular 

Endothelial Growth Factor Expression and Good Outcomes after Stroke. J. Stroke 

Cerebrovasc. Dis. 26, 425–430 (2017). 

99. Wei, Z. Z. et al. Neuroprotective and regenerative roles of intranasal Wnt-3a Administration 

after focal ischemic stroke in mice. J. Cereb. Blood Flow Metab. 0271678X1770266 (2017). 

doi:10.1177/0271678X17702669 

100. Goodwin, A. M. In vitro assays of angiogenesis for assessment of angiogenic and anti-



74 
 

angiogenic agents. Microvasc. Res. 74, 172–183 (2007). 

101. Costa, G. et al. Asymmetric division coordinates collective cell migration in angiogenesis. 

Nat. Cell Biol. 18, 1292–1301 (2016). 

102. Slater, J. H. et al. Recapitulation and Modulation of the Cellular Architecture of a User-

Chosen Cell of Interest Using Cell-Derived, Biomimetic Patterning. ACS Nano 9, 6128–

6138 (2015). 

103. Curl, C. et al. Quantitative phase microscopy: a new tool for measurement of cell culture 

growth and confluency in situ. Pflügers Arch. - Eur. J. Physiol. 448, 462–468 (2004). 

104. Smedler, E., Malmersjö, S. & Uhlén, P. Network analysis of time-lapse microscopy 

recordings. Front. Neural Circuits 8, 111 (2014). 

105. Mahadevan, A. S. et al. cytoNet: Network Analysis of Cell Communities. bioRxiv (2017). 

106. Colizza, V., Flammini, A., Serrano, M. A. & Vespignani, A. Detecting rich-club ordering 

in complex networks. 2, 110–115 (2006). 

107. Newman, M. Assortative Mixing in Networks. Phys. Rev. Lett. 89, 208701 (2002). 

108. Gage, F. H. Mammalian Neural Stem Cells. Science (80-. ). 287, 1433–1438 (2000). 

109. Malik, N. et al. Comparison of the Gene Expression Profiles of Human Fetal Cortical 

Astrocytes with Pluripotent Stem Cell Derived Neural Stem Cells Identifies Human 

Astrocyte Markers and Signaling Pathways and Transcription Factors Active in Human 

Astrocytes. PLoS One 9, e96139 (2014). 

110. Wassif, C. A. et al. Mutations in the human sterol delta7-reductase gene at 11q12-13 cause 

Smith-Lemli-Opitz syndrome. Am. J. Hum. Genet. 63, 55–62 (1998). 

111. Shefi, O., Ben-Jacob, E. & Ayali, A. Growth morphology of two-dimensional insect neural 

networks. Neurocomputing 44–46, 635–643 (2002). 

112. Arai, Y. & Taverna, E. Neural Progenitor Cell Polarity and Cortical Development. Front. 

Cell. Neurosci. 11, 384 (2017). 

113. Jiang, X.-S. et al. Activation of Rho GTPases in Smith-Lemli-Opitz syndrome: 



75 
 

pathophysiological and clinical implications. Hum. Mol. Genet. 19, 1347–57 (2010). 

114. Yu, Y.-C., Bultje, R. S., Wang, X. & Shi, S.-H. Specific synapses develop preferentially 

among sister excitatory neurons in the neocortex. Nature 458, 501–4 (2009). 

115. Butt, S. J. B. et al. The Temporal and Spatial Origins of Cortical Interneurons Predict Their 

Physiological Subtype. Neuron 48, 591–604 (2005). 

116. Kageyama, R., Ohtsuka, T., Shimojo, H. & Imayoshi, I. Dynamic regulation of Notch 

signaling in neural progenitor cells. Curr. Opin. Cell Biol. 21, 733–740 (2009). 

117. Pfeuty, B. A computational model for the coordination of neural progenitor self-renewal 

and differentiation through Hes1 dynamics. Development 142, 477–485 (2015). 

 


	SignedTitlePage
	Thesis_ArunMahadevan_SignedTitlePage
	Abstract
	Acknowledgments
	Contents
	List of tables
	List of figures
	Chapter 1 – Neural development: overview and challenges in modeling
	1.1 Introduction
	1.2 In vitro models of human neural development
	1.2.1 Models of early neural development
	1.2.2 Neural stem cell models
	1.2.3 Models of late-stage neural network development
	1.2.4 Organoid models

	1.3 Overview of Network Neuroscience
	1.4 Cell-cell communication during neural development
	1.5 Challenges and motivation for current work

	Chapter 2 – cytoNet: Network analysis of cell communities
	2.1 Introduction
	2.2 Methods
	2.2.1 Algorithm description

	2.3 Results
	2.3.1 Analysis of cell cycle synchronization in neural progenitor cells
	2.3.2 Analysis of cell community and growth factor treatment effect on HUVEC morphology

	2.4 Conclusions

	Chapter 3 – Living Neural Networks: Dynamic Network Analysis of Developing Neural Progenitor Cells
	3.1 Introduction
	3.2 Methods
	3.3 Results
	3.3.1 Functional characterization and spatial network representation of differentiating NPC cultures
	3.3.2 Structure and information flow in NPC spatial graphs
	3.3.3 Development of functional and spatial networks.
	3.3.4 Single-cell analysis of developing neural networks
	3.3.5 Analysis of a neurodevelopmental disease model reveals aberrant network features.

	Appendix A: Instructions for using the cytoNet web-based user interface
	Appendix B: List of publications
	Bibliography



