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Research in neuroscience has shown that action potentials generated by neurons

underlie most brain computation and the main features of the action potentials are the

rate at which they are generated and precise times at which they are generated. However

the nature of propagation of these features through multiple groups of neurons is poorly

understood. Feedforward networks are a well researched theoretical model for studying

this propagation. The drawback of such models, though, is the loss of generalization owing

to the number of assumptions. A suitable alternative for such studies is Brain-on-a-chip

technology. The technology involves in vitro dissociated neuronal networks that are grown

on planar multi-electrode arrays and restricted to predefined structures using different

techniques. Since different regions of the network can be sampled for electrophysiological

activity, it serves as a useful model to study the propagation of information through the

network.

The focus of this dissertation is to utilize Brain-on-a-chip technology and study

how information flows through a feedforward network and what features of the neuronal

network’s structure affect this information flow. Substrate patterning and microfabrication

techniques that enable control over network structure were developed and dissociated

neurons, which form random connections among themselves in the absence of any

constraints were restricted to form feedforward networks. Analysis of extracellular

signals recorded from these networks suggested that information is transmitted through
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synchronized rate changes and the reliability of transmission of information to different

parts of a network is affected by structural properties of the network.
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CHAPTER 1
INTRODUCTION AND BACKGROUND

1.1 Motivation

The brain and cerebral cortex in particular has been a subject of intense interest and

research during the past few decades. The central question in understanding behavior

is how external environment and cues are encoded within the electrical activity of the

brain or in other words what is the neural code. Different models and mechanisms have

been devised to elucidate how certain environmental cues are encoded. However one

aspect of the neural code which hasn’t been detailed by experiments is that of propagation

- how the information contained in the neural code is transmitted to different regions

in networks of neurons. Most of the research in this area have been carried out using

numerical models. An issue with the modeling studies is that the assumptions that

underlie a mathematical model severely limit the model behavior with a consequent loss of

generalization.

In such a scenario in vitro dissociated cultures of living neurons provide a compelling

alternative. Although a dissociated culture does not have the same specific structure as

the in vivo brain area, the manner of development is closely similar in terms of activity

patterns (Blankenship and Feller, 2009). It can be argued that in such networks

the genetic information that governs the initial connectivity structure is lost and hence

a random network is formed. The advantage however is that different techniques are

now available that can be utilized to bring structure to these networks. Coupling these

structured in vitro networks with a planar multi electrode array provides a system where

structure can be controlled and electrical activity from different regions of the network can

be sampled. This system can be used to study the effect a neuronal network’s structure

has on its function. This dissertation is motivated on such an idea. Using an in vitro

system consisting dissociated neuronal cultures restricted in structure, the nature of

propagation of information from one set of neurons to another where the structural
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connections between the sets of neurons have been predefined and controlled is studied in

detail. Having laid out the motivation, a detailed background on the subject under study

is presented below.

1.2 Neuronal Assemblies and Feedforward Networks

The cerebral cortex is known to be the center of different computations including

representations of sensory objects, decision making and programs for motor acts. It has

been thought that the main underlying factors that enable these computation are the

highly distributed nature of the cortical connectivity and the dynamics of the neurons.

The connectivity allows different areas to operate in parallel and transmit information

back and forth through numerous feed-forward and recurrent connections while the

dynamics allows for self-organization of spatio temporal patterns of activity even when

the underlying anatomical connections are fixed. The interplay of these two factors

allows for the integration of computations that occur at spatially segregated regions

to generate coherent percepts and actions (Uhlhaas et al., 2009). ’Cell assemblies’ or

’neural ensembles’ are considered to be a possible physical manifestation of this idea. This

concept, initially formulated by Donald Hebb (Hebb, 1949), describes a cell assembly as

a network of mutually exciting neurons that activate repeatedly whenever a particular

task is performed. The mutual excitation allows neurons to maintain their activity even

after the stimulus ceases and may serve as input to the next cell assembly. Thus a chain

of assemblies each triggered by a previous can be formed and this was proposed to be

the basis for computation. The phenomenon of such a chain forming was termed as

phase sequence. The second part of the idea that Hebb formulated was the transient

strengthening of connections (synapses) between the neurons in a cell assembly that lead

to the aphorism ”neurons that fire together, wire together”. Later this idea was used to

explain the ’binding’ problem. The question being asked was how does the brain represent

different properties of the external environment in a coherent unified manner. For example

if one was shown a wooden red cube, how is the information about the shape of the object
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integrated with its color and the material it is made of. It was hypothesized cells which

represent distinct features are dynamically bound by the stimulus leading to transient

stable cell assemblies which as a whole enable to represent a complex stimulus (Singer,

2001). The concept has evolved over the years with evidence for the existence of such

assemblies being obtained from numerous experiments that recorded activity from multiple

neurons (Buzsáki, 2004, 2010; Fujisawa et al., 2008; Gerstein et al., 1989; Harris,

2005; Ikegaya et al., 2004; Laurent and Davidowitz, 1994; Miller, 1996; Pastalkova

et al., 2008).

The feedforward network (FFN) shown in Figure 1-1 is a simplistic model that

builds on the neural ensemble idea and helps to understand the computation that may

be carried out in such networks. An FFN implies the network topology in which groups

of neurons are connected in such a way that activity from one group flows to the next

group in a cascading manner but not in reverse. Based on this idea Abeles (1991)

studied what would be the different properties of a network of neurons that could carry

out computation. He postulated that for neurons to transmit information efficiently, a

series of convergent divergent connections between different pools of neurons is required.

He also showed that activity would propagate in a synchronous fashion and he termed

such networks ’synfire chains’. The model has been found to be useful in different

computations (Arnoldi et al., 1999; Izhikevich, 2006; Jacquemin, 1994). Evidence

for such structures within brain though, hasn’t been found as the sampling of neurons is

generally too sparse to find multiple neurons that are physically connected.

However, evidence for feedforward architectures within brain has been found in many

cases. One of the well-studied example where feedforward networks play a prominent role

in behavior is in high vocal center(HVC) nucleus of songbird brain (Hahnloser et al.,

2002; Li and Greenside, 2006; Long et al., 2010). The song is represented as a highly

stereotyped sparse sequence of spike bursts by neurons of HVC which project onto another

area known as the robust nucleus of arcopallium (RA) causing the RA neurons to produce
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Figure 1-1. Conceptual Schematic of a FeedForward Network. The network comprised n
layers where black circles represent neurons while the arrows represent
synaptic connection between the neurons. Each layer has a number of neurons
represented by black dots

spike bursts. Each neuron in HVC is active during a particular phase of the song while

the neurons in RA are active depending on which HVC neurons are active in the 10-20ms

segment before it (Fee et al., 2004). The mechanism behind this type of activity patteren

is explained as an excitatory feedforward network between the neurons of HVC and RA as

shown in Figure 1-2.

Another example for feedforward architecture in intact brain is the visual cortex.

Information from retinal ganglion cells is sent to lateral genticulate nucleus (LGN) in

thalamus. The LGN projects mainly on to V1 region of visual cortex and mose of the

extrastriate cortical areas are activated by V1. The V1 is considered to be at the lowest

level of hierarchy wherease the other areas receiving input from V1 are considered to be

at higher level in the hierarchy. This entire pathway is considered to be a feedforward

network. Apart from this, a number of other pathways have been found within the same

system (Callaway, 1998; Callaway et al., 2004; Felleman and Van Essen, 1991;

Serre et al., 2007).
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Figure 1-2. Model of song motor control. Top (A) shows the working hypothesis for vocal
control signal generation. Anatomically, HVC neurons project on to RA
neurons and each of the HVA neurons drives different sets of neurons in RA.
Motor unit inegrates the activity in RA neurons to produce muscle control.
Bottom (B) shows the activity pattern according to the model. During song
vocalization, different set of neurons in HVA are chronologically active during
different sequences of the song. This translates to different set of neurons in
RA being active resulting in a variable motor control signal. Reprinted by
permission from (Leonardo and Fee (2005)) Society for Neuroscience c⃝2005
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1.2.1 Neural Coding

A central question in understanding how the brain processes information is that of

neural coding. Neural code refers to the neuronal activity features that relate to tangible

features of external environment. In other words, neural code is the representation and

interpretation of external world in the brain. In addition to the reliable representation

of stimulus, a good candidate for neural code should serve the function of being

transformable by the brain and being transmissible to different parts without losing

the information it serves to encode (Perkel and Bullock, 1968).

Action potentials (spikes) are widely accepted to form an important part of neural

coding. However the exact features of their spiking behavior that is relevant for coding has

been under debate. Classically, there have been two strong candidates for the neural code

based on the hypothesized role of neuron as a temporal integrator or coincidence detector.

In the former case neurons integrate inputs from other neurons temporally and produce

responses proportional to the number of input action potentials received (Shadlen and

Newsome, 1994, 1998; Shadlen and Movshon, 1999; Softky and Koch, 1993) while

in the latter case neurons detect the order of spikes and hence produce response only

when the incoming action potentials are coincident within a short time window (Azouz

and Gray, 2000; Gautrais and Thorpe, 1998; Gray, 1999; König et al., 1996). The

argument against the idea of neurons as integrators or rate coding has been that the time

required to produce a response in such a case would be much longer than the normally

observed response times in sensory tasks while the argument against the latter is that

cortical neurons are noisy and therefore precise timing or a temporal code is not plausible

for neurons to communicate reliably. Nevertheless, evidence for the presence of both

schemes of encoding have been found in the brain.

Rate code has been identified earlier from works of Adrian (Adrian, 1928) who found

that the firing rate of sensory neuron increased with increasing load (stimulus intensity)

to the muscle that is innervated by the neuron. Subsequently others have shown that
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rate coding is the preferred encoding mode in different regions of the brain. The neurons

in visual cortex encode orientation and facial features with firing rates (Aggelopoulos

et al., 2005; Albright, 1984; Baddeley et al., 1997; Hubel and Wiesel, 1962, 1968;

Hubel et al., 1977; Rolls et al., 2006), while those in motor cortex encode direction of

movement(Chapin and Nicolelis, 1999; Georgopoulos et al., 1986, 1988; Nicolelis

et al., 1998), and those in nucleus accumbens encode the expectation of a reward (Carelli

and Deadwyler, 1994; German and Fields, 2007).

The most prominent example of temporal coding in the sense of precise timing

of spikes is in the auditory system (nucleus laminaris) of barn owls where the relative

difference in the arrival time of spikes convey information of the location of the prey

(Carr and Konishi, 1990, 1988). Another well studied system that involves temporal

order coding is the visual system in blowflies where the difference in arrival times of spikes

from the periphery and center of the retina provides information about the direction of

visual flow (Higgins et al., 2004; Single and Borst, 1998). Temporal order coding has

been thought to be underlying process in certain areas of mammalian cortex (Larkum

et al., 1999). However the precise information the temporal order carries as was evident

from the barn owl and blowfly examples is not clear in these cases. (For a detailed review

see Stiefel et al. (2013))

An alternate idea of temporal coding that is more prevalent is that of stimulus

encoded in the synchronous firing of neurons and directly derives from the coincidence

detector hypothesis of neuronal function. The idea also lends itself well to the concept of

cell assemblies as neurons encoding the same feature in a time varying stimulus (which

is generally the case in real world situations) should fire at the same time and was first

proposed by Milner (1974) and Von Der Malsburg (1985, 1994). Evidence has been

found in visual cortex attributed to binding (Gray et al., 1989; Gray and Singer,

1989; Kreiter and Singer, 1996; Singer and Gray, 1995), attention and stimulus

selection (Börgers and Kopell, 2008; Fries et al., 2001, 2008), in olfactory system
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(Perez-Orive et al., 2002; Stopfer et al., 1997), motor cortex (Hatsopoulos et al.,

1998; Shmiel et al., 2006) and in hippocampus. Synchronization is not restricted to

just spikes. It is possible that spikes may be synchronous with low frequency oscillations

found in the brain. The place cells in rat hippocampus provide a classical example of this

idea (O’Keefe, 1979; O’Keefe and Dostrovsky, 1971; O’Keefe and Recce, 1993).

The spiking of these neurons is locked to the theta oscillation in such a way that the

timing of the spike relative to the phase encodes the location of the animal in space. Other

studies have shown that time locked spiking relative to gamma oscillation was involved

in encoding features of visual stimulus (Havenith et al., 2011; Vinck et al., 2010),

working memory (Pesaran et al., 2002) as well as memory formation (Jutras et al.,

2009; Sederberg et al., 2007) .

Although spike rate and synchrony appear to be contradictory, there is a considerable

overlap when temporal coding dictated by cortical rhythms is considered (Ainsworth

et al., 2012). There have been both experiments where concurrent changes in rate and

correlations are observed (Ahissar et al., 2000; Biederlack et al., 2006) and theoretical

studies where rate coding and synchrony are explained by a single model (Masuda and

Aihara, 2002).

1.2.2 Propagation of Neural Codes in Feedforward Networks

Most of the studies mentioned in the previous section have elucidated how information

is encoded in the firing pattern of neurons. Another essential property of a neural code as

defined by Perkel and Bullock (1968) is that it be transmitted to from sensory/motor

areas to subsequent neurons without loss of information. There have been studies that

have looked at how the two main codes propagate from one region to another with a

simple feedforward network as the model of neuronal connectivity.

Activity propagation in a feedforward network can be categorized into two modes

of propagation - asynchronous rate mode and synchronous spiking mode. The former

corresponds to the mode where spikes without any correlations between the timings
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are propagated through different layers without losing the overall rate of spiking. The

latter corresponds to the mode in which spikes propagating through the layers become

increasingly synchronous i.e., develop strong correlations between the timings. The two

modes are illustrated in Figure 1-3.

It has been shown that synchrony can be transmitted along feedforward networks

(Aertsen et al., 1996; Diesmann et al., 1999; Gewaltig et al., 2001). In all the

studies, pulse packets (synchronized spikes) were injected into the first layer of a simulated

model of the feedforward network and the propagation was studied by varying parameters

of the pulse packet (number of spikes in a packet and the variation of timing of the spikes

within a packet). It was found that there were both a particular range of parameters

where the pulse packet propagated successfully as well as a range where propagation died

after a few layers. State space analysis provided a stable fixed point and a saddle the

former denoting successful propagation and the latter denoting failed propagation.

Shadlen and Newsome (1998) argued for the transmission of rate in feedforward

networks based on the variability in neuron spike timings in monkey visual cortex. They

also observed that the rate was roughly constant and ISI histogram was similar to a

Poisson process. They proposed a model where the balance of excitation and inhibition

lead to transmission of rates without any induced synchronicity between neurons in

subsequent layers of the feedforward network. However, using the same model proposed

by Shadlen and Newsome, Litvak et al. (2003) showed that rates could travel only

through a certain number of layers beyond which different input rates converged to a value

independent of the initial firing rate. The presence of shared inputs at each layer was

hypothesized to be the reason that eventually led to correlated firing. In another study,

van Rossum et al. (2002) showed the levels of background noise in an FFN affected the

type of activity that is propagated. At noiseless/low level background noise, pulse packets

propagated (only strong and synchronized stimulus) while at medium level background

noise, the stimulus propagated as a rate without any correlations between neurons in
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Figure 1-3. Illustration of modes of spiking activity propagation in feedforward networks.
a shows an asynchronous firing rate (20 spikes/second) that is input the first
layer of a feedforward network. The top part shows the raster plot where each
dot corresponds to a spike and each line of dots corresponds to spikes from a
single neuron. In b and c, the firing rate propagates in a stable aynschronous
manner through layers 3 and 6 without any distortion. This is the rate
propagation mode. In d and e the firing rate becomes synchronous and firing
pattern becomes uniform. This is the synchrony propagation mode. f and g
show how the spike rate is affected when varying levels of asynchronous spike
rate is fed into the feedforward network. In rate propagation mode (f) the
distinctiveness of the rate is maintained while in the synchronous mode (g) the
difference is lost and all input rates converge to a single rate. Reprinted by
permission from Macmillan Publishers Ltd [Nature Reviews Neuroscience]
(Kumar et al., 2010), c⃝2010
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a layer. More importantly they showed that information transmission is possible in a

combination of rate mode propagation with population coding.

There has been evidence for transmission of both rate and synchrony while in other

studies, presence of correlation among spike times tended to affect the propagation of

rates. Kumar et al. (2008) simulated a locally connected random network containing

4000 excitatory and 1000 inhibitory neurons to learn which spiking conditions lead to

succesful propagation of a pulse packet in a feed forward network embedded within such

a network. They compared 4 different spiking behaviors (combination of synchronous

or asynchronous and regular or irregular) determined by external input and recurrent

inhibition/excitation balance and showed asynchronous irregular activity in recurrent

networks facilitates propagation of both synchronous spiking and asynchronous firing rate

transfer through subsequent layers in FF network. In a related work (Kumar et al.,

2010), they studied the effect of synaptic strength and probability of formation of a

synapse between neurons in successive groups on the propagation of rate and synchrony.

It was found that a specific region in parameter space existed where rate and synchrony

propagation can take place reliably in the networks. In contrast when Mazurek et al.

(2002) systematically studied how an ensemble of neurons transmit rate varying signals in

the presence or absence of weak correlation it was found that correlations tend to destroy

the discernibility of rate variations.

Experimental studies in studying information transfer in FFNs have been few and

far between. In a study by Alex Reyes (Reyes et al., 2003), a feed forward network was

implicitly constructed by sending summed EPSCs from simulated neurons to pyramidal

neurons in a slice and iteratively feeding the output EPSCs from this layer to subsequent

layers of neurons. It was observed that as the activity propagated through the layers

of the network, synchrony was established eventually. When the propagation of a rate

varying signal was tested, the rate became distorted when propagating through the layers

suggesting that there is a limit to rate propagation and eventually synchrony takes over.
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In another work Feinerman and Moses (2006) showed that population rate codes

propagated along a feed forward network constructed from dissociated neuronal cultures.

However this study used calcium imaging instead of direct spiking activity from neurons.

It is apparent that almost the entirety of analysis of propagation of neuronal

codes in feedforward networks has been in numerical models. However the number of

assumptions that underlie a mathematical model severely limit the model behavior with

a consequent loss of generalization. In such a scenario, a model system which captures all

the complexities of biological neurons and networks of neurons while being amenable to

manipulations in structure would serve to advance our understanding of propagation of

information in neuronal networks. ’Brain on a chip’ is such system which might address

the need for a biological model system with control on structural features and is desribed

in detail in the next section.

1.3 Brain on a Chip

Research into information processing in the brain usually involves the study of

electrophysiological signals. These signals can be recorded from live animal brains in

vivo by implanting micro-wires, tetrodes and multi-electrode arrays. Patch-clamping

techniques have enabled researchers to understand the processes involoved at the cellular

level. However there remained a need for an intermediate level of investigation where

the effects of cellular processes can be studied at a network level in small functional

cellular structures. In such a scenario in vitro techniques where slices of brain tissues were

sustained outside the animal, controlled environments were possible despite the model

losing lot of complexity inherent in the live animal. Also, with the advent of technologies

like microelectrode arrays, substrate modification and advanced analysis techniques, a

simplistic, smaller model of actual brain ’Brain on a chip’ has been developed. This

model is useful in answering basic questions in neuroscience.
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1.3.1 Dissociated Neuronal Networks on MultiElectrode Arrays

Planar Microelectrode Arrays (MEAs; Fig 1-4) offer a suitable platform to study the

electrophysiological behavior of networks of neurons in vitro. Microelectrode arrays consist

of metallic electrodes plated on a non metallic substrate (glass or plastic) by lithographic

process. They provide an interface to measure the extracellular potentials of neurons.

The spatial dimension and distribution of these electrodes permits one to measure from

many neurons, enabling to study small scale neuronal networks. The earliest MEA was

developed by Thomas et al. (1972) and used for recording from heart cells. Later,

Gross (1979) and Pine (1980) independently developed an MEA system to record from a

single neuron in a neuronal culture. From then on MEAs have been vastly used in studies

involving brain slices and dissociated primary cultures and provide a suitable technology

to record from multiple neurons in a network and study various phenomena like plasticity,

learning, and activity patterns.

Dissociated neuronal cultures of virtually every neuronal type procuce electrical

activity spontaneously which is affected by a number of factors like age of the culture,

cell density (Kamioka et al., 1996; Wagenaar et al., 2006), composition of media and

presence of other pharmacological agents (Corner and Ramakers, 1992; Esposti et al.,

2007; Van Den Pol et al., 1996). The activity as detected by a planar MEA is in the

form of isolated spikes (action potentials) occuring randomly at different parts of the

network in the first few days after plating. This is followed by occurence of bursts which

are also isolated and asynchronous. By day 10 - 14, these bursts synchronize and network

wide bursts are observed (Fig 1-5). These are episodes during which most neurons exhibit

a rapid, transient increase in firing rate followed by a quiescent period during which a few

neurons fire sporadically as shown in Fig 1-5. By three weeks the activity develops into

patterns characterized by non-periodic synchronized and repeated activity which does not

change and thus indicates the maturation of the network (Chiappalone et al., 2006;

Marom and Shahaf , 2002; Rolston et al., 2007; Sun et al., 2010; Van Pelt et al.,
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Figure 1-4. Planar MultiElectrode Arrays with Dissociated Neuronal Culture. The middle
inset shows an 8x8 array of electrodes with a network of neurons on top. The
micrograph was taken on DIV 14. The lower inset shows a small section of the
middle inset.

2004). The underlying reason for this evolution in activity properties is believed to be

the formation of network connections that are then pruned leading to a stable mature

culture by the end of 3 weeks in vitro (Ichikawa et al., 1993; Muramoto et al., 1993;

Van Huizen et al., 1985). However, the exact mechanism behind the bursting behavior

is unclear. Explanations range from an imbalance in intrinsic excitation and inhibition

in the network (inhibition depressed and excitation increased); (Darbon et al., 2002;

Streit et al., 2001) and ion channel dynamics (Jimbo et al., 1993; Robinson et al.,

1993) to pathological manifestation of absence of sensory inputs (Latham et al., 2000;

Martinoia et al., 2004; Wagenaar et al., 2005b) or incomplete development due to

culture conditions (Corner et al., 2002, 2005) as many regions in in vivo nervous system

show similar bursting behavior during development which later disappear once the sensory
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inputs begin to arrive (Blankenship and Feller, 2009). There have also been a number

of reports for the influence of network topology on the dynamics of the bursts (Eytan

and Marom, 2006; Takahashi et al., 2010). Alternative hypotheses about bursts

are that they are manifestations of memory in the network (Raichman et al., 2006)

or carriers of information in the networks (Beggs and Plenz, 2003; Feinerman and

Moses, 2006; Pasquale et al., 2008).

Figure 1-5. Electrophysiologic Activity of Dissociated Cultures on MEAs. The traces show
activity recorded from multiple electrodes of the MEA. The rectangular box
shows a synchronous burst that propagates through the network. The
propagation delay is not obvious at this temporal resolution. The inset shows
isolated action potentials.

MEAs have been useful not only in recording the spontaneous activity but also in

evoking activity by electrical stimulation (Gross et al., 1993; Jimbo and Kawana,

1992; Maher et al., 1999). Typically the stimulus consists of a biphasic pulse of

pre-determined voltage or current. The response of these networks is typically characterized

by spikes time-locked to stimulus that are repeatable which extend up to 20 ms after the
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stimulus followed by spiking patterns that are highly variable and in some cases even

network wide bursts. The early spikes comprise the direct response and denote direct

activation of neurons by the stimulus while the later spikes are the indirect response and

denote the activation by synaptic transmission from directly activated neurons (Jimbo

et al., 2000; Marom and Shahaf , 2002; Wagenaar et al., 2004).

A prominent area in which dissociated cultures are used for study is in learning and

memory. Experiments in vivo and in slices showed long term potentiation induced by a

tetanic stimulation of neurons in the hippocampus (Bliss and Lømo, 1973; Gustafsson

and Wigstrom, 1986; Schwartzkroin and Wester, 1975). The stimulus typically

consisted of high frequency (∼ 20Hz) pulses administered for about 10 minutes. Similar

responses were observed in case of dissociated cultures (Chiappalone et al., 2008;

Jimbo et al., 1999; Tateno and Jimbo, 1999) suggesting the molecular mechanisms

underlying the phenomenon are preserved in these cultures. Many other studies have

shown that dissociated networks are affected by low frequency (∼ 0.1 - 1 Hz) electrical

stimulation also. Shahaf and Marom (2001) showed dissociated networks can be

conditioned to produce a desired response by stimulating at 0.3 - 1 Hz. Others have shown

that the dynamics of firing is altered after low frequency stimulation (Bologna et al.,

2010; Vajda et al., 2008).

A major drawback of dissociated cultures is the seemingly random nature of

connections in the network. Though there have been different studies that have showed

the functional connectivity in these networks are small-world (Downes et al., 2012;

Srinivas et al., 2007) and scale-free (Pasquale et al., 2008), there is little control

over the structural connections. This limits the use of these cultures for the study of

structure-function relationships and transfer of information. A number of techniques that

have been developed concurrently help overcome this limitation and enable the creation

of networks with desired strucutural connections (Guillotin and Guillemot, 2011;
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Wheeler and Brewer, 2010). Using these techniques in conjunction with MEAs allows

studying network wide effects of imposed structure in these cultures.

1.3.2 Patterning Neurons

Patterning is a biotechnique developed to control the position of cells in culture

thereby constraining the connections among the cells. It involves the creation of a

cytophilic surface (generally a protein) of desired pattern on a cytophobic background

thereby restricting cell adhesion to the pattern. The technique has its origins in

development of biologically integrated devices (Haddon and Lamola, 1985; Hig-

gins, 1985; Wadhwa, 1990) and has been developed widely over a decade. There are two

aspects of patterning - the creation of patterns on substrates and the process by which the

proteins adhere to the substrate. The simplest method of protein adherence is physical

adsorption of protein which might be driven by ionic, hydrophobic or van der Waals forces

(Andrade and Hlady, 1986; Soderquist and Walton, 1980). Comparatively, a protein

covalently linked to the surface is considered to be more stable and is achieved by using a

bifunctional crosslinkers such as silanes, silica-based linkers that bind to the substrate via

a silanol bond and the other functional end serves as a binding site for a protein (Bhatia

et al., 1989; Lin et al., 1988; Shriver-Lake et al., 1997). Cells prefer attaching to these

proteins and when the background is made of a different substance that prevents cell

attachment, networks with well defined topologies can be constructed.

The conventional method for creating patterns has been photolithography. A

photoresist is coated on the substrate and using a mask with the desired pattern, the

photoresist is exposed to UV light causing the removal of photoresist in the exposed

region. Then the protein is applied to the substrate and the remaining photoresist is lifted

off to leave behind the protein in the pattern (Corey et al., 1996; Kleinfeld et al.,

1988; Lom et al., 1993; Sorribas et al., 2002). Photochemical methods in which UV

light interacts with chemical species directly to create protein attractive regions on the

substrate have also been used (Fodor et al., 1991; Matsuda et al., 1990; Sigrist et al.,
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1995; Yan et al., 1993). Alternatively, chemicals such as alkyl silanes or alkane thiols

which assemble into organized layers have been used. These are termed ’self assembled

monolayers’ and patterning is achieved by UV irradiation of the chemicals resulting in

regions that can be linked to functionally active macromoleculres (Edwards et al., 2013;

Hickman et al., 1994; Kira et al., 2009; Kumar et al., 1995; Lopez et al., 1993;

Matsuzawa et al., 2000; Mooney et al., 1996).

Most of the methods mentioned above require specialized equipment that can be

tedious and time consuming to produce patterned surfances. Microcontact printing is

another technique that has been developed to avoid these issues. As the name suggests,

it involves printing the pattern on the substrate by contact. Stamps containing the

desired patterns made of polymer is used to transfer the protein acting as ink onto the

substrate. The technique was first developed by Kumar and Whitesides (1993) to

create alkanethiol patterns on gold. Adaptations of this technique has enabled to create

patterns on glass surface (Branch et al., 1998; Chang et al., 2003; Nam et al., 2006;

Wheeler et al., 1999) and thereby enabling to be used with Microelectrode Arrays which

are generally made of glass. Microcontact Printing has become a widely used technique

to create patterned networks (Cornish et al., 2002; Nam et al., 2004; Offenhäusser

et al., 2007; Ruiz et al., 2008, 2007; Zeng et al., 2007) and is used in this work to

create networks with controlled convergence.

Studies have shown that patterning alters the structural properties compared to a

nonpatterned random neural network. Wyart et al. (2002) showed that connectivity is

restricted to nearest neighbor by patterning. Vogt et al. (2005a) systematically studied

branching in networks patterned in the form of a grid and found neurites preferred certain

directions compared to an unrestrained network. Chang et al. (2001) showed that

patterned networks had a higher number of active electrodes as well as higher firing rate

compared to a random network. Functionally, these networks are similar to slice cultures

in terms of activity patterns and synaptic plasticity (Vogt et al., 2005b). Most of the
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above mentioned studies using patterned networks involve studying the properties of

single neurons in such networks. Coupling these networks to planar micro electrode arrays

provide access to neuronal activity from multiple neurons from different regions of the

network (Chang et al., 2006; Jun et al., 2007; Nam et al., 2004). This in turn provides

insight into the functional properties of such networks. Recent studies by our colleagues

(Boehler et al., 2011) and others (Jungblut et al., 2009; Marconi et al., 2012) have

shown that network activity patterns vary when the topology of the network is varied.

Thus these networks serve as a useful platform to study the effect structure of a network

has on its functional properties.

1.3.3 Microfluidic Devices

An alternate method for constraining neurons to particular geometries has been

the use of microfluidic devices. These size of these devices are at the scale of those of

neurons and are constructed using various methods such as photolithography (Jimbo

et al., 1993), soft lithography (Bani-Yaghoub et al., 2005; Morin et al., 2006; Taylor

et al., 2003) and others (Erickson et al., 2008; Suzuki et al., 2004). Among these, the

soft lithography method has been the most popular one due to the ease and low cost of

constructing these devices. It typically involves creating molds made of SU-8 photoresist

on a silicon substrate using photolithography and curing polydimethylsiloxane (PDMS) on

the mold to create the actual devices. These devices contain regions for constraining cell

bodies and channels whose dimensions allow only axons to pass through them.

Microfluidic devices have been used widely in a number of applications where

constraining neurons is required (Taylor et al., 2010) as well as others (see Sia and

Whitesides (2003)). An initial area of use was in neurite guidance studies where the

effects of different pharmacological agents on neurite growth were studied (Hengst

et al., 2009; Rivieccio et al., 2009; Taylor et al., 2005; Yang et al., 2009). These

devices have been also used to probe synapses between the neurites (Botzolakis et al.,

2009; Taylor et al., 2010; Tourovskaia et al., 2008). It is possible to create systems
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with different cell types where cell bodies are isolated but connected to each other

through tunnels to study interactions (Dinh et al., 2013; Hosmane et al., 2010; Kana-

gasabapathi et al., 2011). In addition to being used for isolating neurons in dissociated

neuronal cultures, microfluidic devices have been used to separate organotypic slices as

well(Berdichevsky et al., 2010; Park et al., 2009). When such devices are used in

conjunction with MEAs, activity can be sampled from multiple regions allowing studies of

functional connectivity in a network (Claverol-tintur et al., 2007; Claverol-Tinture

et al., 2005; Kanagasabapathi et al., 2012; Pan et al., 2011). These devices can be

utilized for constraining connections in neuronal networks and hence can be utilized to

create a model system with required control.

1.4 Overview of Dissertation

Chapter 2 provides an overview of the methods used in creating networks with

predetermined structural connectivity and analyzing functional properties of such

networks. Chapter 3 details results from experiments and analysis conducted to study

the effect of convergence on information propagation in in vitro networks while Chapter

4 details results from experiments conducted to study information propagation in a two

layer in vitro feedforward network of cortical neurons. Chapter 5 builds on the feedforward

network model developed in Chapter 4 to a 4 layer feedforward network and details

features of information propagation from one layer to another in such a model. Chapter 6

discusses the significance of the results presented in this dissertation and possible research

scenarios that can be pursued based on the results.

30



CHAPTER 2
EXPERIMENTAL METHODS

2.1 In Vitro Neuronal Networks with Defined Topology

This section details the processes by which dissociated cultures of neurons are made

to follow a specific structure of physical connections. The main methods that are used in

conjunction with cell culture are substrate patterning and microfluidic devices.

2.1.1 Substrate Patterning

In brief, PDMS stamps, cast from a SU-8 mold on a silicon substrate, are used to

print a pattern of poly-d-lysine against 3-GPS background on MEA surface using a micro

aligner. This process is discussed in detail in the following paragraphs.

Planar multi-electrode arrays (MEAs) were purchased from MultiChannel System

and consisted of 59 TiN3 electrodes and one ground electrode embedded in a glass

substrate. Electrodes of 30 µm diameter are arranged in 10 rows of 6 electrodes each,

spaced at a distance of 500 µm. MEAs are soaked overnight in tergazyme before the day

of micro-contact printing to remove any cellular residue from previous experiments and

are then washed with deionized water once to remove tergazyme. They are then dried

and treated with oxygen plasma for 5 minutes. After plasma treatment, the MEAs are

silanized with 3-glycidoxypropyl-trimethoxysilane (3-GPS, Sigma-Aldrich) by soaking in a

solution of 3-GPS in toluene for 20 minutes and baked in an oven at 110◦C for 40 minutes.

3-GPS acts as a background that inhibits adhesion or growth of neurons. A pattern of the

adhesion promoting molecule Poly-D-Lysine (PDL) (Sigma -Aldrich) is micro-stamped

onto this 3-GPS treated surface. For unpatterned networks 3-GPS is not applied and

MEAs are treated with oxygen plasma and coated with PDL overnight at 37◦C.

Silicon wafers are first treated with hexamethyldisilazane (HMDS) which acts as

an adhesion promoter for photoresist for 1 minute. Then a 10µm layer of SU-8 2010

photoresist (Microchem Inc., Newton, MA) is coated by spinning at 500 rpm for 5s

followed by 4000 rpm for 40s followed by baking at 95◦C for 4 minutes. Next, using
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an aligner the thin film mask containing the patterns is made to contact the wafer

and exposed to ultra-violet(UV) light for 28s. This causes polymerization of SU-8

in the regions exposed to UV light. Following this, the wafer is again baked at 95◦C

for 5 minutes. The SU-8 is then developed using SU-8 developer which washes away

unpolymerised SU-8 leaving behind the pattern as a mold. The mold is silanized with

(tridecafluoro-1,1,2,2-tetrahydroocytl)-1-trichlorosilane to enable easier casting of PDMS.

A single mold contains multiple replicates of the same pattern so that multiple stamps can

be cast from a single mold.

Sylgard 184 silicone elastomer is mixed with curing agent in the weight ratio of 10:1,

degassed to remove any air bubbles and poured onto the SU-8 mold and cured at 40◦C

overnight. This enables the elastomer to polymerise and become a solid. The cured PDMS

is peeled off as a slab which is then cut into pieces containing a single pattern. To assist

easier handling, the pieces are attached to a 12mm diameter circular coverslip (Fisher) and

stored at room temperature.

The process is shown schematically in 2-1. The stamps are rinsed first with acetone

to remove any water insoluble impurities on the surface followed by ethanol which helps

washing off any acetone that is left behind. This is followed by 18M
 deionized(DI) water

to wash off any ethanol following which they are blown-dry with nitrogen. The dried

stamps are then soaked in 10% sodium dodecyl sulphate (SDS) solution for 15 minutes

(Chang et al., 2003) to bind hydrophobic sites on the PDMS and create a thin anionic

film to bind the cationic polylysine through electrostatic force; they are then rinsed with

DI water again to remove any excess SDS solution. This step is crucial as any excess

SDS causes precipitation of PDL in the subsequent steps leading to non-uniform transfer

from stamps to surface. The stamp is then dried again with nitrogen and soaked in a 1:1

mixture of PDL and FITC conjugated Poly-L-Lysine (PLL) for 1 hour. The concentration

of PDL solution is 100µg/ml while that of PLL is 50µg/ml. FITC conjugated PLL ensures

the pattern is transferred properly under a flourescent microscope.
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Figure 2-1. MicroContact Printing Process. The first step involves mold casting of PDMS
stamps. Sylgard elastomer mixed with curing agent is poured onto the silicon
mold and left to cure at 40 ◦C. Once it is cured, the PDMS is removed and cut
into stamps with a single pattern. The second step shows the treatment of
PDMS with Poly-D-Lysine (PDL) solution. After this the stamp is dried
(third step) and made to contact with MEA Surface to transfer PDL pattern
on to it(step four). The stamp is then removed to leave behind a patterned
surface.
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Microcontact printing involves the transfer of PDL-PLL from the micro-stamps to the

MEA surface using a custom built mechanical aligner. Silanization with 3 GPS causes the

MEAs to have a hydrophobic surface (cells prefer hydrophilic surfaces for attachment).

However 3 GPS is able to cross link with PDL and hence enables strong adhesion of PDL

to the surface creating a cytophilic pattern in a cytophobic background. The stamps

which are coated with PDL-PLL mixture is blown-dry with nitrogen and placed on a

platform with a provision for vacuum holddown that prevents the stamp from moving.

The MEA is then mounted on a vacuum chuck and placed face down. Patterns generally

consisted of circular nodes connected by straight lines to enable cell bodies to attach at

nodes and neurite attachment in the lines. The nodes in the stamps are aligned with

the electrodes in the MEA and the surface of the stamp is made coplanar to the MEA

surface. The platform containing the stamp is then gradually moved towards the MEA

using the aligner until the stamp contacts the MEA surface which enables the transfer of

PDL-PLL from the stamp to the MEA. The contact is maintained for 3 minutes to ensure

maximal transfer. Arrays are imaged under fluorescence microscope with a FITC dicroic

for evidence of polylysine transfer. Before cell culture, sterilization is carried out by rinsing

the arrays with 70 % ethanol followed by rinsing with DI water.

2.1.2 Fabrication of Microtunnel Devices

Microtunnel Devices are made of PDMS and are cast from SU-8 molds (as in the case

with stamps in substrate patterning) and attached to MEA surface directly. The SU-8

mold fabrication follows a similar process as the fabrication of mold for stamps. The main

difference is that it is a two layer mold one layer for the tunnels and the other for the

wells. The fabrication process is as follows.

Silicon wafer is treated with HMDS for 1 minute following which a 3 µm layer of

SU-8 2002 (Microchem Inc.) is spin-coated. The wafer with SU-8 coating is then baked,

exposed to UV light aligned with a mask containing the patterns for microtunnels,

baked again and developed to yield a mold of tunnels. Next a layer of SU-8 2050 is
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spin-coated to a thickness of approximately 120 µm and the entire process of baking, UV

exposure and developing is repeated with a second mask containing the pattern for wells.

The wafer with mold is silanized in a vacuum chamber for 3 hours from an evaporated

(tridecafluoro-1,1,2,2-tetrahydroocytl)-1-trichlorosilane solution to allow easier release of

PDMS from the mold during casting.

Sylgard silicone elastomer base is mixed with the curing agent in a ratio of 10:1 by

weight, degassed and poured slowly on the SU-8 mold till the entire wafer is covered. It

is left to cure at 70◦C for 2 hours on a hotplate. Once the PDMS is cured completely, it

is peeled carefully from the mold. The peeled PDMS has microtunnel structures in the

bottom surface while the top surface is flat. Holes are punched in the regions marked by

wells using a modified biopsy punch. A circular PDMS ring is attached to the top surface

and individual devices are cut. The circular rings serve as reservoir for holding cell culture

media.

2.1.3 Cell Culture

Embryonic rat cortical neurons harvested at day 18 (E18) are plated on patterned

MEAs or microtunnel devices affixed to MEAs in media solution. The intact cortical tissue

is purchased from BrainBits LLC which ships the tissue in a mixture of Hibernate E and

B27 (50:1). During culture, the tissue is transferred to mixture of Hibernate E (BrainBits

LLC), B27 (Life technologies) and papain (Worthington Biochemical Corp.) in a 15ml

tube and using a water bath, shaken gently at a temperature of 30◦C. The papain helps

in separation of cells from the extracellular matrix. Next the tissue is allowed to settle at

the bottom and the solution is removed. Hibernate E/B27 is added again and the tissue

is triturated 10 times with a glass pasteur pipette to dissociate the cells. The mixture

is allowed to stand for 1 minute to allow intact pieces of tissue to settle to the bottom.

The supernatant is then transferred to another 15 ml tube. The process is repeated one

more time with the remaining pieces of tissue and the supernatant is collected, spun in a

centrifuge at 1000 rpm for 1 minute. The cells are now attached to the sides of the tube,
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the liquid is removed and 1 ml media is added and triturated again to suspend all the cells

in this solution. The cell density in the solution is calculated using a hemocytometer. In

the case of patterned neuronal networks, NBActiv4 was used as the media. In the case

of microtunnel devices a mixture of Neurobasal, Glutamax (Life technologies) and B27

was used (50:0.125:1). Embryonic rat cortical neurons harvested at day 18 are plated

on patterned MEAs or microtunnel devices affixed MEAs in media solution. The intact

cortical tissue is purchased from BrainBits LLC and stored in a mixture of Hibernate

E and B27 (50:1). During culture, the tissue is transferred to mixture of Hibernate E

(BrainBits LLC), B27 (Life technologies) and papain (Worthington Biochemical Corp.)

in a 15ml tube and using a water bath, shaken gently at a temperature of 30◦C. The

papain helps in separation of cells from the extracellular matrix. Next the tissue is allowed

to settle at the bottom and the solution is removed. Hibernate E/B27 is added again

and the tissue is triturated 10 times with a glass pasteur pipette to dissociate the cells.

The mixture is allowed to stand for 1 minute to allow intact pieces of tissue to settle to

the bottom. The supernatant is then transferred to another 15 ml tube. The process

is repeated one more time with the remaining pieces of tissue and the supernatant is

collected, spun in a centrifuge at 1000 rpm for 1 minute. The cells are now attached to the

sides of the tube, the liquid is removed and 1 ml media is added and triturated again to

suspend all the cells in this solution. The cell density in the solution is calculated using

a hemocytometer. In the case of patterned neuronal networks, NBActiv4 was used as

the media. In the case of microtunnel devices a mixture of Neurobasal, Glutamax (Life

technologies) and B27 was used (50:0.125:1).

2.2 Data Acquisition and Pre-processing

The spontaneous activity is acquired using a commercial 60 channel amplifier - MEA

1060BC (Multi Channel Systems). The gain of the system is 1100 and the bandwidth

is 1Hz to 3 kHz. Signals are sampled at a rate of 25 kHz with a 12 bit A/D converter
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(MCCard). The data is viewed and recorded using the software (MCRack) provided by

the hardware manufacturer.

Stimulation is carried out using a commercial stimulus generator (STG 2004,

Multi Channel Systems, Inc.). The blanking circuit present in the amplifier enables

the suppression of stimulation artifact in the recording (non-stimulated) electrodes.

However, it introduces a switching artifact which is removed by blanking 5 ms from the

stimulus onset during analysis. Also, the stimulated electrode was excluded from analysis

due to huge stimulation artifacts. When necessary the stimulation process was automated

to stimulate selected electrodes in a random or predefined order using custom software and

hardware.

Spikes (action potentials) are detected using a threshold crossing method where the

threshold is set at 5 times the standard deviation of noise which is defined as the temporal

section of the recorded signal without any action potentials. The threshold is monophasic

i.e., spikes detected are either positive going or negative going. This implies that the

method might not detect spikes in channels which had both positive going and negative

going spikes. In practice however, this method was appropriate as most of the spikes

recorded were monophasic.

In cases where stimulation artifact appeared in the recorded signal, the artifact

is suppressed using SALPA algorithm (Wagenaar and Potter, 2002).The algorithm

removes artifact by fitting a cubic polynomial at every point and subtracting it from

the signal. The blanking of 5ms is still applied as some portion of the signal is not

recoverable.

2.3 Analytical Measures

2.3.1 Electrophysiological Activity of Dissociated Neuronal Cultures

The electrical activity observed in dissociated cultures is generally composed of single

spikes and bursts (groups of spikes that occur together). To quantitatively characterize

the activity seen in these cultures, a number of measures are used, including mean firing
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rate, burst rate, burst duration and peak firing rate. The following paragraphs provide the

description of the measures which are used in later chapters.

Mean firing rate is the number of spikes observed in a given time window divided by

the length of the time window. It is measured in Hz. Since the activity observed is not

uniform throughout the duration of observation, this measure does not reveal the entire

nature of activity.

Bursts are detected using a time-clustering algorithm developed by Wagenaar

et al. (2005a). Each electrode is searched for a sequence of at least four spikes with all

inter-spike intervals less than a threshold set to the electrode’s inverse average spike rate

(or to 100 ms when the spike rate is less than 10 Hz). When such a sequence found on

more than one electrode and overlapped in time, it is termed a burst.

When the spike train is binned such that more than one spike falls within a bin, the

rate histogram produced is defined as a burst profile. The peak of this profile is defined

as the peak rate. The start and end of the burst is calculated by fitting an exponential to

the rising and falling phase of the burst profile and determining the time corresponding

to 10% of the peak rate. The difference in time between the start and end of the burst

is burst duration. The mean firing rate within the duration of the burst is defined as

intra-burst spike rate. Inter-Burst Interval is the average time difference between the end

of a burst and beginning of next burst and gives an indirect estimate of the burst rate.

The proportion of spikes detected at an electrode that are observed to be part of bursts is

another useful measure for understanding the nature of information propagation.

2.3.2 Identifying Repeating Spatio-Temporal Patterns in Bursts

Dissociated networks such as those used in this study show a wide variety in burst

patterns depending on a number of factors like density, age, size of culture (Tateno

et al., 2002; Wagenaar et al., 2006). However, given a culture that is mature the

spatio-temporal patterns observed within bursts have been observed to be repeatable

and persist for long periods (Madhavan et al., 2007; Pasquale et al., 2008; Van Pelt
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et al., 2004). In order to identify such repeatedly occuring spatio-temporal patterns

within bursts, the following procedure is performed.

Bursts are detected as explained in the previous section and spikes occuring within

each burst in each electrode are binned to produce spike trains. The bin size is chosen to

be 5 ms and window size is set at 500 ms. Following this, the spike trains are smoothed

with a 20 ms long Gaussian waveform and normalized to generate spike density function.

Next the spike density functions are concatenated serially so that a vector containing

nc x l elements where nc is the number of channels and l is the length of each spike

density function vector. The above process is repeated for all the detected bursts and a

semi-supervised clustering procedure is performed to produce clusters that represent the

different repeating patterns in bursts. The procedure involves an unsupervised clustering

algorithm segregating the activity vectors into clusters based on the number of clusters

provided by the user.

2.3.3 Functional Connectivity

Connectivity in brain can be analyzed at different scales. The first is at a microscopic

scale which is at the level of synapses. The second is at an intermediate mesoscopic

scale corresponding to the connections between neurons and the third at macroscopic

scale, which is at the level of connections between different brain structures (Sporns

et al., 2000). Analyses at the all these scales involve either anatomical data or statistical

techniques. Accordingly the connectivity under investigation can be termed respectively

structural connectivity and functional connectivity.

Structural connectivity refers to the actual physical connections present in the

network. Hence analysis of structural connectivity involves complete anatomical data and

techniques that maybe invasive such as staining and tracing or non-invasive like diffusion

tensor imaging.

Functional connectivity on the other hand is essentially a statistical measure and

refers to the temporal correlations between activities from different regions of the network.
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It denotes how the function of one region of the network is related with that of another

but does not provide any information on the underlying structural connections of the

network. Some of the commonly used measures to determine functional connectivity are

crosscorrelation (Aertsen and Gerstein, 1985; Aertsen et al., 1989; Gerstein and

Perkel, 1969), directed transfer function (Eichler, 2006; Kaminski and Blinowska,

1991), partial directed coherence (Sameshima and Baccalá, 1999; Takahashi et al.,

2010), Granger Causality (Cadotte et al., 2008; Ding et al., 2006; Fanselow et al.,

2001; Kispersky et al., 2011) and measures from information theory (Borst et al.,

1999; Dayan and Abbott, 2001; Rieke, 1999).

Scaled Correlation is an approach developed by Nikolić et al. (2012) that isolates

the cross-correlation histogram of fast signal components from slow variations in rate. The

method essentially computes a Pearson’s r coefficient between the signal in a very short

time segment (∼25 ms). The correlation coefficients are averaged across all segments in a

trial. In cases with repeated trials, these results are averaged over trials. Mathematically,

it can be expressed as

�r s =
1

k

K∑
k=1

rk (2–1)

where rk denotes the correlation computed in segment k, k ∈ [1...K]. K is the number

of segments in the signal under study. The advantage of this method over conventional

cross-correlation histograms is that the effect of slow variations in rate is removed. This

is highly advantageous in cases of signals from MEAs as the spike rate within bursts

generally varies over a range of few hundred milliseconds. Also, since it is the Pearson’s r

coefficient, it is bounded between 0 and 1 and hence appropriate for comparison between

different subjects.

Granger Causality (Granger, 1969) is another measure that has recently gained

prominence in the analysis of functional connectivity in neuroscience (Cadotte et al.,
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2008; Fanselow et al., 2001; Friston et al., 2012; Hesse et al., 2003; Kispersky

et al., 2011; Krumin and Shoham, 2010; Roebroeck et al., 2005; Zhou et al., 2009).

It is based on the idea that if incorporating the past knowledge of one time series permits

more accurate prediction of a second time series, the first could be called causal to the

second. The mathematics underlying this measure is described in detail in (Ding et al.,

2006). The Pairwise Granger Causal (PGC) values are a ratio of the residues of two auto

regressive models - one that is linearly regressed on only the past of a time series (Y) and

another that is regressed on the past of the time series (Y) and another time series (X)

whose influence on the given time series (Y) is to be estimated. It can be shown that by

extending the idea to include a third time series (Z) in both the models and obtaining

the ratio of residues again it is possible to eliminate any mediating effects Z may have

on the interaction between X and Y. This is termed as Conditional Granger Causality

(CGC) and is useful in eliminating the effect of common source and mediating nodes in

the estimation of functional connectivity.

PGC and CGC values are generally computed from continuous waveforms. Hence

spike trains from spontaneous activity or evoked activity, constructed by binning the spike

times in 1 ms bins are smoothed with an exponentially decaying waveform to generate

a continuous waveform with time constant of 4 ms (Cadotte et al., 2008; Kamiński

et al., 2001). CGC values are then computed between every pair of electrodes, each

of which had a mean firing rate greater than 0.5 Hz, conditioned on the rest of the

electrodes, using the GCCA toolbox developed by Seth (Seth, 2010). The criterion of 0.5

Hz was set to eliminate less active electrodes thereby reducing the time of computation

without significantly altering the measures of the functional connectivity of the network.

CGC values were determined to be statistically significant if the corresponding coefficients

of the multivariate auto regressive process are jointly significantly different from zero. The

test is then corrected with a false discovery rate to account for multiple comparisons (p <

0.001).
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2.3.4 Spike Train Similarity

An intuitive approach to assess if information has been reliably transmitted from

one neuronal population to another is to compare the spiking patterns observed from the

population. This requires a measure that captures the similarity/dissimilarity of spike

trains. A number of methods have been developed and include Victor-Purpura distance

(Victor and Purpura, 1996, 1997), van Rossum distance (van Rossum, 2001), event

synchronization (Quiroga et al., 2002) and ISI- and SPIKE- distance (Kreuz et al.,

2011, 2007).

The Victor-Purpura distance is based on the minimum cost of transforming one spike

train to another by inserting, deleting or moving spikes. The cost is set as 1 to add or

delete a spike while the cost for moving a spike from t to align synchronous to another

spike at t +�t is set as q|�t| where q is the scaling parameter that controls the temporal

sensitivity. When the difference in spike timings is less than 2/q, the cost is proportional

to the difference. When it is more, deleting and inserting a spike is less costly. Thus by

varying q it is possible to adjust the sensitivity of the metric. A high value of q implies

a short time window in which the spike is moved thereby making the metric indicative

of tight temporal coding. On the other hand, a q set at low value results in the cost of

moving a spike less than addition or deletion thereby making the metric less sensitive to

temporal location and more indicative of rate coding. Thus by varying q it is possible to

compare fidelity of information propagation at different temporal scales. The measure is

bounded by difference of the number of spikes in the spike trains (q = 0) and the sum of

the number of spikes in the spike trains (q = ∞). In this thseis, VP distance (which is a

measure of dissimilarity) is computed between pairs of electrodes for different values of q,

normalized to bounds [0,1] and converted to a measure of similarity by subtracting from 1.

A schematic of the procedure is shown in Figure 2-2
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Figure 2-2. Schematic of computing Victor-Purpura distance metric. Spike train 1
consisting of spikes labeled 1,2,3,4,5,6 is transformed to spike train 2 consisting
of spikes a,b,c,d,e,f. Spikes 1 and 6 are coincident with a and e requiring no
edits. Spikes 2, 4 and 5 are moved by δt1, δt2, δt3 respectively. Spike 3 is
deleted and spike f is inserted.

2.3.5 Statistical Analysis

Statistical analysis is carried out using Python Scipy library and R. The exact

test for determining statistical significance is chosen depending on the distribution

of measure under study. In cases where the distribution is clearly not normal, non

parametric approaches are used. Generally, Kruskal-Wallis one way ANOVA is used

with a Mann-Whitney U test as post-hoc analysis. To account for multiple comparisons,

Bonferroni correction is applied. In cases where normal distribution can be assumed,

One-way or repeated measures ANOVA is used with Tukey honest significance difference

as post-hoc analysis.
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CHAPTER 3
INFORMATION TRANSMISSION IN NETWORKS

WITH CONTROLLED CONVERGENCE

The brain is known to be functionally segregated at various levels of organization

(Felleman and Van Essen, 1991; Mountcastle, 1998; Zeki, 1993). However for any

of the real world computations a number of these segregated regions work in unison to

produce behavior or cognition. This functional integration is achieved by virtue of the

nature of convergent-divergent connections between the different regions (Négyessy

et al., 2008; Sporns et al., 2004). Since this integration also involves the flow of

information from one region to another, it can be assumed that knowledge of functional

connectivity would provide insight into the fidelity of information transmission between

different regions. Functional integration is generally measured with functional connectivity

which is measured as deviations from statistical independence of activity across different

regions without regard to any underlying structural connections (Friston, 1994). Recent

studies have shown that the functional connectivity computed during resting state

reflects the underlying structural connectivity (Hagmann et al., 2008; Honey et al.,

2009, 2007; Ponten et al., 2010) suggesting that function is contingent on underlying

structures.

Using substrate patterning technologies, it is possible to study systematically how

convergence-divergence properties of structural connectivity affects the measured

functional connectivity and information transfer. Abeles (1991) showed theoretically

that for activity to travel reliably along neuronal network, convergent and divergent

connections between each group of neurons are an essential structurally. In this study,

networks of living rat cortical neurons with different levels of convergence were constructed

using patterning and the spontaneously arising activity was analyzed to understand

how the functional connectivity and in turn the fidelity of information transmission are

affected by the imposed structural connectivity. Convergence is controlled by controlling

the number of nodes to which each node in the network was connected. The patterned
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networks were compared against non patterned random networks where there were no

imposed structural constraints.

Figure 3-1. Schematic of networks with different levels of convergence. Nodes refer to
neurons while arrows correspond to physical connection between nodes. L1,
L2, L3 refer to different layers. In two degree networks, (a) each chain
transmits information from one end to another without any connection to
other chains. In four degree networks (b) nodes in each chain have physical
connection to one node in the next layer while also connected to nodes within
the layer. In eight degree networks (c) nodes in each chain are connected to
nodes within each layer while also connected to more than one node in the
next layer.

Substrates were patterned as detailed in Section 2.1.1. The patterns consisted of a

grid of circular nodes connected by straight lines. The patterns were named based on

the number of nearest neighbors each node was connected to. Accordingly, patterns in

which nodes were connected to two nearest neighbors were termed as two-degree while

those that were connected to four were termed as four degree and those connected to eight

nearest were termed eight degree as shown in Figure 3-1 and Figure 3-2. The nodes were

50 µm in diameter while the lines were 20 µm in width. A moat of randomly connected

neurons surrounded the patterns on all sides. This served to generate robust activity

which then propagated through the patterned region of the network. The entire network

can be thought of as two physically distant population of neurons interacting with each

other through a communication layer, also made of network of neurons, whose convergence

is varied systematically. The exercise now becomes to understand how different regions
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within this layer coordinate their activity and how the convergence and divergence of

physical connections affect their ability to coordinate. The two degree networks can be

thought of as parallel chains of neurons with no interaction between the neurons of each

layer conveying information between the two population of neurons while four degree

networks can be thought as parallel chains with neurons in each layer having connections

between themselves to reinforce the information they transmit within the layer. The

eight degree networks can be thought of networks with converging-diverging connections

to reinforce the information within the layer as well as between the layers. (Figure 3-1)

Functional connectivity was measured using Conditional Granger Causality and fidelity

of information transmission was measured using the Victor-Purpura metric. Measures

from graph theory were used to assess other aspects of the relation between functional

connectivity and fidelity of information transfer.

Figure 3-2. Fluorescent micrographs of patterned networks on cover slips. Neurons are
stained with calcein. In two degree and four degree networks, cell bodies are
clustered at nodes provided in the pattern while in the eight connect networks,
cell bodies are also clustered in the intersection of lines. Although the lines are
mostly composed of axonal bundles, cell bodies can also be found.

46



Figure 3-3. Planar multielectrode arrays with patterned neuronal cultures. The
inter-electrode distance is 500 µm while the electrode diameter is 30 µm. A
moat of neurons can be seen at the top, right and left edge of the picture.
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3.1 Characterization of Network Activity

Each network became spontaneously active generating isolated action potentials in

the first few days that later coalesced into short network wide bursts as is generally seen

in dissociated neuronal cultures. Patterned networks (two degree, four degree and eight

degree) showed significant differences relative to random networks in terms of activity

dynamics. Mean spike rate, burst rate and intra-burst spike rate were higher while burst

duration was lower (For explanation of terms refer Section 2.3.1) as shown in Figure 3-4.

Also the number of single units isolated following spike sorting was more in four degree

and eight degree networks relative to random and two degree networks. These results were

consistent with results from previous studies where the effect of patterning on network

activity levels were studied (Boehler et al., 2011; Chang et al., 2006; Jungblut et al.,

2009; Marconi et al., 2012; Nam et al., 2004). In patterned networks, the cell bodies

preferentially attach to the nodes of the pattern which are designed to be areas over

electrode thereby increasing the number of detected single units.

3.2 Functional Connectivity and Network Convergence

It was hypothesized that convergence in a network should influence the synaptic

strength between neurons in neighboring nodes. The strength should increase with

convergence the rationale being an increase in convergence leads to increase in coincident

spiking from the preceding layers thereby enhancing the synaptic strength between the

nodes with plasticity mechanisms. Ideally, increase in synaptic strengths is tested by

comparing the amplitude of post synaptic potentials. However, studies have shown that

changes in synaptic strengths are reflected in other functional properties of the network

like spike rates (Jimbo et al., 1999; Tateno and Jimbo, 1999) and in turn revealed by

the changes in functional connectivity measures like Cross-correlograms (Chiappalone

et al., 2008) and Conditional Granger Causality (Cadotte et al., 2008). To test the

hypothesis Conditional Granger Causality was computed from the spontaneous activity

of patterned and random networks as explained in Section 2.3.3. Spike trains were
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Figure 3-4. Activity Properties of Networks with Different Levels of Convergence. Panel A
shows the spike rate averaged over all neurons detected in patterned networks.
Patterned networks show a higher spike rate compared to Random networks.
Also spike rate is higher in 4 degree and 8 degree networks compared to 2
degree networks. A similar trend is observed in Burst Rate (Panel B) and
Peak Spike Rate within Bursts (Panel D). Burst Duration is shorter in
Patterned Networks compared to Random Networks (Panel C)

constructed from 300 second long spontaneous activity recording with bin size set at 10 ms

and smoothed with an exponentially decaying waveform 40 ms long.

As can be seen in Figure 3-5 the mean CGC values in 4 degree, 8 degree is higher

than 2 degree and random networks. However the difference was not statistically

significant (p <0.05 one way Kruskal-Wallis; post-hoc one way Mann-Whitney test

with bonferroni correction for multiple comparison).

The previous analysis compared functional connection strengths without any reference

to spatial location of the nodes. However, distance between the nodes can also also affect

functional connection strength. In pairs of nodes that are closer, the postsynaptic neuron
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Figure 3-5. Mean CGC values in networks with different levels of convergence. All CGC
values that passed the statistical significance threshold with FDR correction
were included in this figure. Error bars indicate the 95% confidence interval of
the mean. The mean value across all electrode pairs was higher in 4 Degree
and 8 Degree networks compared to 2 Degree and Random Networks. (p
<0.05 one way Kruskal-Wallis; post-hoc one way Mann-Whitney test with
bonferroni correction for multiple comparison)

may be elicited to fire within the window in which synaptic strengths are increased due

to STDP. As the distance between nodes increase, the effect falls off leading to lesser

synaptic strengths. Convergence should also play a role in this decay with distance as

higher convergence leads to multiple pathways for connection between the nodes and hence

greater probability of the postsynaptic neuron firing within the window. CGC values were

normalized and plotted against distance between the nodes.

Figure 3-6 shows the distribution of CGC values for different distances. The

distribution was again skewed towards lower CGC values and non-normal. Darker lines

correspond to electrode pairs with short distances between them. When the distributions

for 2 Degree networks are considered, it is evident that there is a difference in the
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Figure 3-6. Distribution of CGC values versus distance. The darker a line the shorter the
distance between the electrodes. In 2 Degree networks (Top Left) the
distribution of CGC values at shorter distance was significantly different from
those at longer distance. In 4 degree (Top Right) and 8 degree (Bottom Left)
networks the differences in CGC distributions are subtle while there was no
difference in case of Random networks (Bottom Right)
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distributions at different distances which suggests that there is a fall-off of connection

strengths with distance. To estimate this rate of fall-off a bootstrap method was followed.

One CGC value at each distance was randomly chosen from the distribution and a line

was fit with distance as the independent variable and CGC values as the dependent

variable and the slope of the line was measured. Thus for every possible combination

of CGC values a line can be fit and a slope can be measured. The entire process was

repeated to generate 1000 such slopes for each group. Figure 3-7 shows the distribution

of slopes measured for the groups under study. It can be seen that the slope was the

most negative for 2 Degree networks and gradually increased with increase in convergence

suggesting that the fall off of connection strengths became less pronounced and more

gradual with increasing convergence. Also the variation in slopes decreased with increasing

convergence. The difference in slopes was statistically significant (p <0.05 one way

Kruskal-Wallis; post-hoc one way Mann-Whitney test with bonferroni correction for

multiple comparison).

Figure 3-8 shows the mean CGC values normalized to the maximum CGC value in a

dish plotted versus distance and the corresponding linear fit computed from the mean of

the distribution of slopes and intercepts for each group. It can be seen that the falloff was

steeper in 2 degree networks compared to 4 degree and 8 degree networks and the falloff in

random networks was less steep compared to the patterned networks. This suggests that

the convergence of connections affects the functional connectivity of the network.

3.3 Fidelity of Information Transmission

A number of studies have shown that temporal structure of spike trains forms the

basis of information processing in the brain. However it is not clear how the temporal

properties of the spike trains are altered as they pass through multiple anatomical

structures or if the underlying anatomical structure has any influence on the propagation

of this information. Patterned networks serve as useful tools to study how reliably the

information is transferred between different regions of networks with different anatomical
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Figure 3-7. Distribution of slopes of lines fitted to decay of CGC values. Each point used
in generating the box-plot comes from a line fitted to CGC values at each
distance. The process was repeated for 1000 iterations. The slopes are less
negative for networks with higher convergence compared to those with lower
convergence. (p <0.05 one way Kruskal-Wallis; post-hoc one way
Mann-Whitney test with bonferroni correction for multiple comparison)

structures. Victor-Purpura distance is used as a measure of the fidelity of information

propagation and is computed as explained in Section 2.3.4. Figure 3-9 shows the VP

distance plotted as a similarity for different values of q. Lower values of 1/q correspond

to narrow temporal windows for moving a spike and hence indicative of temporal coding

while higher values of 1/q correspond to wide temporal windows and indicative of rate

coding. It can be seen that the similarity is lower at lower values of 1/q than at higher

values for all levels of convergence suggesting that spike rates are being propagated more

efficiently than precise temporal patterns. Also as the convergence increases, similarity

increases suggesting better fidelity of transmission at higher convergence levels.

53



Figure 3-8. CGC values vs distance in networks with different levels of convergence.
Square boxes denote the mean CGC values normalized to maximum CGC
value in a dish at each distance (error bars show standard error of mean over
all pairs of electrodes in each group) while the blue line denotes the fit.

As in the case of functional connectivity, it was hypothesized that fidelity of

information propagation should be affected by distance between the nodes. However

no such trend was observed. It was then hypothesized functional distance might influence

more than physical distance as there is no control over the exact physical connections

of neurons. One commonly used measure of functional distance is shortest path length.

In graph theory, shortest path length refers to the minimum number of edges between

two nodes (Newman, 2003). Nodes that are connected directly have a path length of 1
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Figure 3-9. Spike train similarity in networks with different levels of convergence. The
x-axis denotes the inverse of scaling parameter q in ms. The lower values in
x-axis indicate higher values for q implying similarity in temporal coding
domain whereas higher values in x-axis indicate lower values for q implying
similarity in rate coding domain. The similarity increases with decreasing q
implying better fidelity with rate codes. The similarity for 2 degree networks is
the least while similarity for random networks is the highest. The similarity
for 4 and 8 degree networks fall between 2 degree and random with the former
being higher than the latter. Statistically, 2 degree networks were significantly
different from random networks. All other differences were not statistically
significant (p <0.05, Kruskal - Wallis test with Mann-Whitney U post hoc and
Bonferroni correction.)

while nodes that are connected through one intermediate node have a path length of 2.

Undirected Graphs were constructed using scaled correlations between sorted neurons and

path length between all possible pairs of electrodes was computed. These are graphs where

nodes denote the neurons and links denote functional connections. The graphs do not

necessarily reflect the structural connectivity i.e., geometry imposed by patterning. VP

Distance, averaged over all q values, was compared between different path lengths. The

distribution of path lengths is shown in Figure 3-10. The maximum path length between
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any two nodes was 4 although the proportion of node pairs that had a path length of 4

was minimal. Node pairs with path length 2 occurred more often than those with any

other path length. Almost 90 % of the node pairs had a path length of 2 or less suggesting

that any pair of nodes in the network most likely had two links between them. In other

words, if one were to transit through the nodes of the funtional network, any node can

most likely be reached from another node directly or through one other node.

Figure 3-10. Distribution of path lengths in patterned networks. The legend corresponds
to path lengths. About 60 % of the pairs of neurons were connected at a path
length of two in all groups. A further 30 % were connected at a path length
of 1. Path lengths of 3 and 4 were comparatively rarer.

It was seen that as the path length between nodes increased, the similarity decreased

for all groups suggesting as the number of intermediate nodes increases there is a loss

in the fidelity of transmission (Figure 3-11). Contrary to what was seen in decay of

CGC values with distance, convergence did not play any role in the manner of decrease.

However at shorter path lengths (path lengths 1 and 2), the higher the convergence in the

network the higher was the similarity between spike trains recorded from the nodes. At

longer path lengths there was no observed difference in similarity. VP distance for q values

from 2 to 20 were averaged to give an estimate of similarity in the temporal coding regime
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while values from 80 to 150 were averaged to give an estimated in the rate coding regime

to study if there was any difference arising due to nature of coding. No difference in trend

was observed other than similarity values being higher for rate coding regime.

Figure 3-11. Spike train similarity vs Path length. Figure on the left shows the similarity
values averaged over all 1/q values. Top right shows similarity values
averaged over 1/q values 80 to 150 while bottom right shows similarity
averaged over 1/q values of 2 to 20.

3.4 Discussion

Patterned networks provide a means to study structure function relationship in living

neuronal networks. In this study, constraints were imposed on the levels of convergence in

the network. This difference in the structure resulted in differences in spontaneous activity

properties. Firing rates and burst rates were significantly higher in the patterned networks

compared to the random networks. Also, the duration of bursts was shorter and firing rate

within the bursts was higher relative to random networks. These results were consistent

with results from studies by our colleagues and others (Boehler et al., 2011; Chang

et al., 2001; Jungblut et al., 2009; Marconi et al., 2012). It has been shown that the
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enhancement in spontaneous activity properties compared to random networks is due to

enhancement in astroglial development (Chang et al., 2006). In our study we have shown

that convergence imposed by patterning also plays a role as evidenced by the differences

between the activity properties of 2 Degree, 4Degree and 8 Degree networks. By imposing

varying levels of convergence, the number of physical pathways connecting the nodes has

been controlled. This should affect the interactions between the neurons manifesting in the

dynamics of activity seen in the networks.

Here the effect of convergence of structural connections in a neuronal network on the

functional connectivity and information transfer within the network was studied. It was

seen that the actual strengths of functional connectivity within networks with different

levels of convergence were not significantly different suggesting that the convergence

obtained in these patterned networks does not have an influence in the functional

connections (at least as measured by Granger Causality). It is possible that patterning

might not be sufficient to provide the control needed to affect the convergence for each

neuron, in which case functional connections would not have reflected the expected effect.

However, patterning does indeed provide a significant change in the network topology

as can be seen by how the functional connection strength fell off with distance. The

electrode arrays used in this study had 59 electrodes arranged in an array of 6 columns

and 10 rows (1 reference electrode is outside this array) with 500 µm inter-electrode

spacing and span up to 2.5 mm horizontally and 4.5 mm vertically. Thus the maximal

spatial extent possible for neurons to form connections in the 4 degree and 8 degree

networks is 2500 m for horizontal pathways (6 columns separated by 500 µm), 1000 µm

vertically (three rows separated by 500 µm). The maximum distance across the entire

network is 3500 µm (city block distance). However the presence of diagonal connections

in 8 degree networks allows connections of 2692 µm as well. The maximum distance at

which cortical neurons in the brain are found to synaptically connect is around 1 mm.

Vertically the 4 degree and 8 degree networks should be near this limit of structural
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connectivity. However, horizontally and diagonally the distances are far larger. Also, the

probability of neurons forming a connection decreases as the distance increases due to the

fact the the further axons follow along the pathways the more likely they will encounter

soma and dendrite from another cell, stop, and form synapses with that cell. Also, the

strength of the connections between nodes should be affected by the convergence at each

node. When the number of potential pathways to a node is greater, coincident spiking

from the neighboring nodes should enhance the synaptic strength between the nodes due

to spike timing dependent plasticity (STDP). It must also be noted that there are multiple

cell bodies in a node of the pattern and more often than not there are cell bodies on the

lines connecting the nodes as well. Hence the activity measured at nodes may be activity

that has propagated through multiple synapses and, considering the influence of STDP

and the probability of connections, it is plausible that functional connection strengths

measured using statistical techniques show a decrease with increasing distance between the

nodes.

The falloff with distance is reflected in ability of the networks to transmit information

within them. Networks where functional connection strength falls steeply with distance

might not be effective in transmitting information and those with lesser gradients should

allow more effective transmission of information. This is reflected in our observations of

the spike train similarity measure. Of all the topologies tested, random networks had the

greatest fidelity in neural transmission and were also generally less affected by distance

traveled compared to the patterned architectures. It has been shown in other studies that

in vitro random neuronal networks may sometimes display small world network properties

(de Santos-Sierra et al., 2014; Downes et al., 2012), which may enable them to

transmit information with greater fidelity.

Patterning, though effective in controlling the structure of networks, did not provide

control over the flow of information. Networks in which directionality can be controlled

would help us understand how information is transformed as it passed through multiple
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regions. Patterning can be used in conjunction with other techniques like chemical,

electrical or physical gradients to allow precise control over direction of connection

between neurons (Dowell-Mesfin et al., 2004; Rajnicek et al., 1998; Sørensen et al.,

2007; Thompson and Buettner, 2006; Wood and Willits, 2009). Also the networks

in the study were not responsive to electrical stimulation. This prevented from studying

the networks effectiveness in coding for multiple stimuli which is another key property in

information transmission. Although the topologies studied here seemed to be of limited

value in studying effective transmission of information, different architectures can be

realized with relative ease using substrate patterning techniques. Suitable alternative

architectures can be inspired from biological structures or topologies that have been

studied in detail in other areas like computer networks which may enable to understand

computational properties of neuronal networks and the role individual neurons play in

such networks.
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CHAPTER 4
TRANSFER OF INFORMATION IN A DIRECTIONAL NETWORK

Neuronal assemblies are thought to be the underlying unit of several different

types of computation in brain including sensory processing (Engel and Singer, 2001;

Hummel and Gerloff , 2005), cognitive processes (Buzsáki, 2010; Pastalkova

et al., 2008) and motor outputs (Braitenberg, 1978; Riehle et al., 1997; Wickens

et al., 1994). There has been considerable progress in understanding different coding

mechanisms involving these assemblies as explained in Section 1.2.1. However nature of

the transmission of codes from one assembly to another has been studied predominantly

using mathematical models of feedforward networks (refer Section 1.2.2) due to the

difficulty in accessing multiple regions simultaneously in vivo. In vitro dissociated neuronal

networks grown on microfluidic devices coupled with MEAs provide a suitable alternative

to study propagation of neural codes. Feedforward networks can be constructed in a

bottom-up approach and propagation can be studied systematically. In this study, a

system in which two neuronal populations interact via tunnels small enough to allow

only axons to grow through them was developed and the nature of activity propagation

between the two populations was studied. As was seen in the previous study, information

transmission is effective when there is a convergent-divergent connection pattern between

layers in the feedforward network. Hence an architecture which allows for a number of

convergent-divergent connections was developed and studied.

4.1 Construction of a Two Layered Feedforward Network

PDMS devices are fabricated as explained in Section 2.1.2. The device consisted

of 2 chambers approximately 30 mm2 in area separated by 51 tunnels that were 400

µm long, 3 µm high and 10 µm wide. The height of the tunnel ensured that only axons

passed through them and cell bodies were restricted to the chambers. Figure 4-1 shows an

example of a PDMS device attached to an MEA.
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Figure 4-1. Two chambered microfluidic device connected by 51 tunnels. Insets show
micrograph of the two neuronal populations growing on MEA. Well A refers to
chamber 1 and well B refers to chamber 2.

When neurons are cultured in both chambers, axons grow through the tunnels and

form synapses with neurons in the other chamber. This creates a system where both

networks influence each other. To create a system equivalent of the mathematical model of

a feedforward network, axons should project in a single direction without any connections

in the opposite direction. In order to achieve this, neurons are cultured with a time

interval of about 7 days between them. When neurons are cultured in the first chamber

they form connections between themselves and project axons through the tunnels in search

of other neurons to form connections with. Since the dimensions of the tunnels are much

greater than that of axons (usually ∼ 1µm in diameter), more than one axon pass through

and physically fill up the tunnels. When the second chamber is cultured, the newer set

of neurons form connections between themselves as well as the axons projected from the

first chamber. Figure 4-2 shows a schematic of the procedure. In order to validate the

imposed directionality, extracellular signals recorded from the electrodes under the tunnels

and chambers were analysed. The MEA used in this study had an 8 x 8 grid of electrodes
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Figure 4-2. Schematic of sequential plating procedure. The device is shown as two square
chambers connected through tunnels. Chamber 1 (top square) is plated first at
Day 0 and chamber 2 is plated at Day 7. During the intermittent time,
neurons in chamber 1 form connections between themselves and extend axons
to chamber 2. Cells plated in second chamber form connections between
themselves as well as neurons from chamber 1.

30 µm in diameter and separated by 200 µm. By attaching the PDMS device to the center

of the array, each chamber had 22 electrodes under it while 8 of the 51 tunnels had a pair

of electrodes under them. The networks became spontaneously active ∼ 10 days after

plating. The chamber plated first became active before the chamber that was plated later.

Spontaneous activity was recorded for 10 - 30 minutes after both chambers showed robust

spontanous activity. By analysing activity recorded from the electrodes under tunnels

axonal propagation of action potentials was studied.

Figure 4-3 shows action potentials recorded from pair of electrodes under the same

tunnel. In this case the lower chamber was plated first and electrode 85 is closer to

chamber 1 while electrode 84 is closer to chamber 2 which was plated at a later date. It

can be seen that the action potential on the left occurs at electrode 85 earlier than at

electrode 84. This denotes the propagation of action potential along axon growing from

chamber 1 to chamber 2 which is the intended direction. However it can also be seen
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that the action potential on the right occurs at electrode 84 earlier than at electrode 85

suggesting that these are action potentials propagating along a different axon growing

from chamber 2 into chamber 1.

Figure 4-3. Delay in action potential recorded from electrodes under tunnel. The activity
is recorded from a single tunnel placed over electrodes 84 and 85 of the array.

To quantify the frequency of occurence of axons in the intended direction against that

in the opposite direction, spikes (action potentials) were detected from the raw waveforms

and sorted using Offline Sorter (Plexon Inc). When a waveform of a particular shape

repeated itself over the recording, it was assumed to be generated from the same axon

and was identified as one unit. Multiple units were identified in a single electrode as was

evident from Figure 4-3. Delay histograms were constructed from spikes occuring in two

electrodes under the same tunnel. Spike pairs, defined as pairs of spikes occuring within

a time interval of 1 ms at the two electrodes, were generated and the difference in timing

between them was calculated as the delay. The distribution of delays thus calculated was

plotted for all possible pairs of units. It was seen that only a few of the possible pairs
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of units showed significant peaks suggesting the spikes were indeed action potentials

propagating along the axon detected at the two electrodes under the tunnel. Figure 4-4

shows an example. Top figure shows the distribution of delays between all spike pairs

detected between electrode 84 and 85. Bottom figures show the delay histograms for pairs

of units that showed significant peaks.

Figure 4-4. Delay histogram of action potentials detected at electrodes under a tunnel.
The histogram of delays between all spike pairs detected in electrodes 84 and
85 is shown on top. Sorting the spikes in these channels yielded 3 and 4 units
respectively. Constructing the histogram of delays between spikes of all
possible pairs of units showed a one to one correspondence validating the idea
of propagating action potential. Depending on the peak of the histogram, it
can be seen the first unit in bottom row denotes an axon growing in the
reverse direction while the second and third units denote axons growing in the
intended direction.

The abovementioned analysis was carried out in 6 subjects. In each subject there were

14 electrodes under tunnels. A total of 261 units were identified of which 100 units were
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identified in both electrodes under the same tunnels correponding to 100 unique axons. Of

these 100 axons, 83 propagated action potentials in the intended direction (from chamber

1 to chamber 2) while the rest showed propagation in the opposite direction. From this it

is inferred that the direction of axonal growth is strongly in desired direction.

The previous analysis provided insight into how activity from individual neurons

propagated. To study how the entire population of neurons responded to the imposed

constraint, network bursts were analysed. Bursts were detected using a time clustering

algorithm (refer Section 2.3.1) in the chambers independently. Bursts that occurred in

one chamber within a temporal window of 500 ms of a burst in the other chamber were

assumed to be bursts that propagated from the chamber in which the burst was detected

first to the other chamber. If the connections were unidirectional as intended, bursts

should propagate from chamber 1 to chamber 2 more often than in the opposite direction.

To determine this, the frequency of burst initiation in each chamber was computed.

Figure 4-5 shows the percentage of bursts that originated in Chamber 1 (black bar) and

Chamber 2 (white bar). In all cases, percentage of bursts initiating in chamber 1 was

higher than the percentage of bursts initiating in chamber 2. Overall, 75 % of bursts

initiated in chamber 1 and propagated to chamber 2 implying that the directionality was

predominantly in the intended direction.

4.2 Propagation of Bursts in Two Layered Network

Intuitively, reliable transmission of information can be thought to involve two main

components - high percentage of successful transmission and accurate representation

of differences in the received signal. In the two layered networks described above,

transmission of information can be studied in terms of burst propagation. To study

successful transmission of bursts, the percentage of bursts observed in both chambers

concurrently was compared with the percentage of bursts observed only in one of the

chambers. It was seen that the number of bursts occuring only in chamber 1 or only in

chamber 2 was significantly lesser than those observed in both chambers. This implies
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Figure 4-5. Burst initiation in two chamber device. Black bars show proportion of bursts
that originated in chamber 1 and propagated to chamber 2 and white bars
show proportion of bursts that originated in chamber 2 and propagated to
chamber 1. In all cases the proportion of bursts that propagated from chamber
1 to chamber 2 was higher.

that a high percentage of bursts that originate in chamber 1 propagate to chamber 2 or

vice versa suggesting a tight coupling between both chambers. Although the percentage

of bursts occuring only in chamber 2 was higher than that occuring only in chamber 1,

the difference was not statistically significant (One-way ANOVA, p<0.01, Tukey HSD

post-hoc).

To study the second aspect of information transmission namely the accurate

representation of differences, spatio-temporal patterns of bursts were analyzed. Network

wide bursts were detected in chambers 1 and 2 separately and the clustering procedure

described in Section 2.3.2 was performed. An example of clusters identified in a subject is

shown in Figure 4-7. Next the coincidence of these repeated activity patterns in the two

chambers was studied. In other words, if activity pattern 1 was observed in chamber 1

what is the distribution of occurence of activity patterns in chamber 2. A predominantly

one-to-one relationship was observed between the clusters of both chambers i.e., there was
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Figure 4-6. Percentage of bursts observed that occur only in Chamber 1 or Chamber 2 or
in both chambers. Most of the bursts were observed in both wells implying
reliable propagation of bursts.

one specific pattern in chamber 2 that occured more often than others when a particular

pattern was observed in chamber 1. In the example shown in Figure 4-7, activity patterns

in clusters (A), (B) and (C) in chamber 2 occured more often than other activity patterns

when activity pattern in clusters (1), (2) and (3) in chamber 1 occured respectively

(Figure 4-8). This suggests that chamber 2 responds to chamber 1 in a manner that

is dictated by the activity in chamber 1 which is an important aspect of information

transmission.

The above analysis was carried out on 6 cultures. An average of ∼ 3 clusters were

identified in each chamber indicating ∼ 3 patterns of activity within bursts occurred

repeatedly. In 5 out of the 6 cultures, a one-to-one correspondence similar to the one

shown in Figure 4-8 was observed.
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Figure 4-7. Example of identified cluster profiles in one subject. 3 clusters were identified
in each chamber. The number on the right of each profile denotes the
percentage of bursts detected that were clustered together in a given cluster.
Each profiles is generated by averaging the spike density functions of the
constituents of the corresponding cluster. X-Axis - Time in ms; Y-Axis - Spike
density. The layout reflects the MEA electrode layout.
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Figure 4-8. Distribution of concurrence of activity patterns. The bars represent the
number of times an activity pattern in chamber 2 was observed when a given
activity pattern was observed in chamber 1.

4.3 Effect of Number of Connections on Electrophysiological Properties

Having studied the interaction between two neuronal populations, properties that

affect the information transmission were studied next. A straightforward assumption

is that the number of connections between the two populations significantly affects

the information transmission. This can be achieved by altering the number of tunnels

connecting the two chambers. Devices were fabricated with 2 tunnels (4 Subjects), 5

tunnels (5 Subjects), 10 tunnels (5 Subjects) and 15 tunnels (5 Subjects) and the devices

were plated with neurons in the sequential manner described before. After two weeks,

spontaneous network activity was recorded and analysed to study the effect of connections

on dynamics of the activity. There was no significant difference observed between the

groups in terms of mean firing rate, burst rate or burst duration. The differences between

the chambers were also not significant. However, in bursts detected in chamber 2, spike

rate within burst and peak spike rate showed an increase with increasing number of
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tunnels (Figure 4-9). The peak spike rate in bursts detected in chamber 1 showed an

increasing trend though not as marked as those in chamber 2. There was no such trend

observed in intra-burst spike rate.

Figure 4-9. Dynamics of spiking within bursts. A shows the spike rate within bursts
detected in both chambers. There is an increase with increasing number of
tunnels in chamber 2 whereas there is no such trend in chamber 1. B shows
the peak spike rate within bursts. Again there is an increase with increasing
number of tunnels in chamber 2. In this measure, chamber 1 also shows an
increasing trend.

Another significant observation from the spontaneous activity was that the burst

propagation was affected by the number of tunnels. The percentage of bursts that

propagated successfully from chamber 1 to chamber 2 decreased with decreasing number

of tunnels. Also the delay in the propagation of bursts increased with increasing number

of tunnels. This trend was observed when the network in chamber 1 was electrically

stimulated as well. Short biphasic electric pulses were applied to an electrode in chamber

1 to evoke bursts in that chamber and after a short delay, often produced enough activity

transmitted through the tunnels to initiate a burst of activity in chamber 2.

To quantify the temporal delay between an evoked burst in chamber 1 and appearance

of a burst in chamber 2 the delay was estimated based on the time between peak firing in

chamber 1 versus chamber 2 (shown in Figure 4-10). The peak firing rate was chosen as
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this was feature of the burst that is reliable and robust to determine compared to start

times which may be confounded by the direct responses of stimulation. Decreasing the

number of tunnels that connected each chamber led to significant increases in the time

delay between bursts. With two tunnels the duration of delays between peak firing was

approximately 300 ms and declined monotonically with the increasing number of tunnels

to less than 100 ms for fifty-one tunnels (Figure 4-11 left).

Figure 4-10. Delay in propagation of evoked bursts in two layered networks with 51, 15
and 5 tunnels. The plots show spike density function generated by binning
the spikes in a burst evoked by electric stimulation and smoothing it with a
Gaussian function. It can be seen that there is delay in the time to reach
peak firing rate in all cases. The peak of this function is detected for each
chamber and the difference is calculated as the delay in propagation.

The probability of activity evoked in chamber 1 to propagate to chamber 2 was

also affected by the number of tunnels that connected each chamber. We calculated the

percentage of trials in which activity evoked in chamber 1 also produced a burst of activity

in chamber 2 and plotted in Figure 4-11 (right). The percentage of evoked global bursts

represents a simple measure of how effective the connections may be at conducting bursts
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across chambers. This percentage increased rapidly and monotonically as the number of

tunnels increased from 2 (20%) to 5 (50%) to 10 (80%). Only small changes were seen

as tunnel number changed from 10 to 15 to 51. Interestingly, even two tunnels, carrying

approximately 20 axons, were able to propagate bursts, even if imperfectly (approximately

20% of the time), across networks.

Figure 4-11. Analysis of burst propagation between two chambers. (Left) Delays of bursts
between chamber 1 and chamber as a function of the number of tunnels. The
dots represent the mean delays for each case. The bars indicate 1.96 standard
error of the mean for 95% confidence limits. (Right) Percentages of global
bursts as a function of the number of tunnels. The dots represent the mean
percentages for each case. The bars indicate 1.96 standard error of the mean
for 95% confidence limits.

4.4 Functional Connection Strength

To understand how the manipulation in number of tunnels affected the functional

connections between the two populations, we used Conditional Granger Causality as

a measure of functional connectivity, computed between the neural spike trains from

pairs of electrodes in chamber 1 and chamber 2. Figure 4-12 represents network graphs

for the 5, 10, and 51 tunnel groups whose nodes (electrodes) are clustered according to

the Granger causal weights connecting each node (Force-Directed Atlas). In this layout,
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the nodes increase in proximity (i.e. draw together) as the Granger-causal estimate of

functional strength between those nodes increases. The width of the edges denotes the

Granger-causal strength between those nodes. Electrodes under chamber 1 are depicted

by black nodes and those under chamber 2 in gray. Electrodes that were located along

the tunnels were removed to improve clarity. In each group the Granger-causal strengths

among nodes within a chamber draw those nodes together forming clusters for each

chamber. However as the number of tunnels increase each cluster appears to draw together

from the 5 tunnel group in which clusters are clearly separated to the 15 and finally 51

tunnel groups in which the clusters appear to merge.

Figure 4-12. Functional connectivity reflected by CGC values in three representative
subjects of corresponding groups. The nodes denote the electrode and are
colored according to the location (Red denotes electrodes in chamber 1 and
Green in chamber 2). The network is displayed using a force-directed method
to show the difference in the functional connectivity between different types
of networks (Bastian et al., 2009)

Figure 4-13 (Left) portrays the strength of the relationship between chambers as the

percentage of total connections among electrodes in chamber 1 that share connections with

nodes in chamber 2. As the number of tunnels increases, the fraction of nodes in chamber

1 with significant Granger-causal links to nodes in chamber 2 approaches 50%, implying

that, with 51 or more tunnels, the neurons in chamber 1 are equally well connected to

neurons in chamber 1 as to chamber 2 (p= 0.0029). CGC was used with the signals from
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pairs of electrodes within tunnels to detect the direction of propagation. As shown in

Figure 4-13(right), there is a strong bias in the forward direction (from chamber 1 toward

chamber 2; p<0.05). This was consistent without the earlier results for staggered cultures

showing 83% directional preference as indicated by time delays of individual action

potential waveforms.

Figure 4-13. Functional connectivity between different regions. (Left) The percentage of
functional connections from electrodes in chamber 1 to electrodes in chamber
2 among all the functional connections involving electrodes in chamber 1.
(Right) The mean normalized CGC percentages between pairs of electrodes
under tunnels. The black bar represents the mean values in the direction
from chamber 1 to chamber 2 while the white bar represents the mean values
in the opposite direction. Values from chamber 1 to chamber 2 are higher
than those in the opposite direction.

4.5 Fidelity of Information Transmission

Spike train similarity was computed using Victor-Purpura metric between all pairs

of electrodes in chamber 1 and chamber 2. Only the spikes occuring within bursts that

were detected to have propagated from chamber 1 to chamber 2 was included to study

the fidelity of information transmission and how the number of connections between

the layers affects this fidelity measure. The cost parameter q was set from 1/2 to 1/150

corresponding to 2 ms to 150 ms window respectively. As explained earlier, higher values
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of q penalize moving spikes and hence correspond to similarity values in tight temporal

coding regime whereas lower values of q allow liberal windows within which spikes can be

moved and hence correspond to similarity in rate coding regime. Figure 4-14 shows the

similarity metric for different values of q.

Figure 4-14. Spike train similarity within bursts. Similarity increases with increasing
number of tunnels and this relation is conserved in both the temporal coding
regime and rate coding regime. The figure on left shows the similarity values
for q ranging from 1/2 to 1/50. The figure on the right is a part of the figure
on the left expanded in the range 1/2 to 1/20. The insets show the similarity
values averaged over all q values.

It can be seen that the similarity values are lower for higher q values (lower values

of 1/q) compared to those for lower q values (higher values of 1/q). This suggests that

the timing between spikes within the bursts aren’t conserved reliably whereas the overall

number of spikes seems to be conserved reliably. Also, the similarity values increase with

increasing number of tunnels suggesting that higher the number of connections between

the layers better is the fidelity of transmission of information. This relation is conserved

across the entire range of the cost parameter.
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4.6 Discussion

In this study, a system of two interconnected networks with a dominant direction of

activity flow was constructed using a combination of microfluidic device containing two

chambers and tunnels and temporally staggered cell plating procedure. This setup can

be considered to be a two-layered feedforward network and information flow between the

two sub-populations can be studied. This is in contrast to the study of information flow

at single cell/few cells level in Chapter 3. The directionality was verified by analyzing the

activity in the tunnels and in the chambers. In the initial experiment, it was found 51

tunnels between the chambers provided enough connectivity between the two networks

to reliably and robustly transmit bursts. Given the cross-sectional area of the tunnel (3

x 10 µm) and axon diameter (∼ 1 µm), it can be safely assumed there are ∼ 25 axons

in a tunnel. This gives an estimate that ∼ 1250 axons communicate between the two

chambers. The number of cells during plating was set at 60,000. This implies that ∼ 2 %

connectivity between the two networks is sufficient to reliably transmit burst activity.

Dissociated networks such as those used in this study show a wide variety in burst

patterns depending on a number of factors like density, age, size of culture (Tateno

et al., 2002; Wagenaar et al., 2006). However, given a culture that is mature the

spatio-temporal patterns observed within bursts have been observed to be repeatable

and persist for long periods (Madhavan et al., 2007; Pasquale et al., 2008; Van Pelt

et al., 2004). Also, bursts are considered to be the main mechanism of information

transmission in such networks (Feinerman and Moses, 2006). The one-to-one

correspondence between spiking activity patterns in the two chambers suggest that

the activity from the first layer affects the dynamics of the second layer to elicit unique

activity patterns. If one were to assume that the activity in first layer acts as just an

initiator of activity in the second layer, the one-to-one correspondence observed in spiking

activity patterns would not be as pronounced. Also the spiking within bursts should be

independent of the number of tunnels. However this was not the case strongly suggesting a
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more complex interaction between the two networks. The increases in spike rate and peak

spike rate within bursts with increasing number of tunnels seem to suggest that increasing

the number of connections drives the second network with increasing strength causing

neurons to fire more often.

The number of tunnels between the two chambers significantly affects the strength of

coupling between the networks as evident from the percentage of bursts that successfully

propagated between the layers. This effect is both intuitive and straightforward. As the

number of connnections increases the probability of burst propagation increases. However

the interesting aspect is the nature of this effect. Even with 2 tunnels (∼ 50 neurons)

bursts propagated successfully around 20 % of the time implying a connectivity of <

0.1 % being sufficient for communication. The caveat in such a calculation is that each

axon may form synapses with multiple neurons in the other layer. Also the percentage of

successful transmission increases quickly reaching ∼ 80 % with just 10 tunnels. A similar

trend is observed in the delay of burst propagation. The delay may be explained in terms

of the time taken for recruitment of neurons in generating a network burst. With fewer

connections, the number of neurons in the second layer that are directly driven by neurons

in the first layer is less resulting in extra time taken to excite sufficient number of neurons

to result in a runaway excitation. This non-linear, almost log-log relationship is consistent

with a lot of phenomenon observed in neuronal action potential activity (Buzsáki and

Mizuseki, 2014).

By using Granger Causality as a measure of functional connectivity between the two

sub-networks it was possible to capture the effect number of tunnels has on the functional

connectivity. Also, being an asymmetric measure, the difference in Granger Causal values

between the same pair of electrodes under tunnels permitted the validation of the direction

of axonal action potential propagation in the tunnels of these networks (Pan et al., 2011).

The diversity in spatiotemporal patterns that arise in such dissociated cultures has been

attributed to the varied connectivity architecture in the network (Volman et al., 2005).
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Thus the difference in spatiotemporal patterns observed can be attributed to the difference

in underlying functional network. Also when different sites of dissociated culture are

stimulated, the pattern of activity generated is different due to this inherent difference

(Pan et al., 2009a; Segev et al., 2004). By using Granger Causality on the responses

evoked by the stimulus on a single electrode to determine functional connectivity, we are

obtaining a limited representation of the functional connectivities in the network. It is

remarkable that even in this limited representation the difference in number of functional

connections between the networks is stark as shown in the increasing percentage of

connections from chamber 1 to chamber 2 with increasing number of tunnels.

The difference in functional connections between the populations is reflected in

the fidelity of information transmission as measured by Victor-Purpura metric. Spike

similarities tended to be higher when the cost parameter was low implying that the

number of spikes within bursts remains relatively constant across multiple electrodes. The

underlying mechanism may be one of effective communication of rates across the entire

network. An alternate hypothesis would be that the rates observed at each electrode may

be the effect of local connectivity in the region without any relevant information being

passed on. By manipulating the number of tunnels, it is possible to compare the above

hypotheses. If the second hypothesis were true, there should not have been any differences

between groups in the similarity observed between electrodes in layer 1 and layer 2 as

the local connectivity can be assumed to be fairly uniform across groups. Supporting

evidence for this assumption is the lack of difference in the spike rate, burst rate and burst

duration in between the two layers. That the similarity increased with increasing number

of connections supports the hypothesis that rates are effectively communicated throughout

the network.

The increase in similarity with increasing number of connections was conserved at

higher values of the cost parameter in Victor-Purpura metric. This implies that even

though spike timing is not as effectively transmitted across the layers as rate, increasing
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the number of connections does influence the effectiveness of spike timing transmission.

This result suggests that the underlying mechanism of transmission of information in such

networks is not purely a rate based or precise timing based as has been shown in different

numerical modeling studies but one that is a combination of both. Recent studies both

in modeling (Kumar et al., 2010) and in vivo experiments (Ainsworth et al., 2012)

support this idea.

The two layer network and analyses described above show how different hypotheses

can be tested in a system where connections can be controlled systematically both in

terms of direction and functional coupling. However it is limited by the number of layers

through which information transmission can be studied. To compare effectively with other

studies in feedforward networks, it is essential to develop a system with more layers to

understand the limits within which information can be transmitted effectively. The two

chamber microfluidic device, however, can be used for other studies where it might be

interest to study the interaction between two different population of neurons (Brewer

et al., 2013; Kanagasabapathi et al., 2012) or study the effect of pharmacological

agents.
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CHAPTER 5
INFORMATION TRANSMISSION THROUGH MULTIPLE LAYERS

IN A NETWORK

Research in propagation of neural codes in feedforward networks has almost always

involved networks with more than 2 layers. This is due to the fact that the model has its

origins in the cortical minicolumn idea. The anatomy of cortex shows laminar organization

with distinctive layers in the vertical dimension and can be thought to be organized as

columns. It has been hypothesized that this organization has functional implications

and behavior arises from the propagation of information between such columns (Bux-

hoeveden and Casanova, 2002; Mountcastle, 1997). Since the cortex is composed

of many such columns, it is important to study propagation of different codes through

multiple layers. In some cases, for a given model of feedforward network, the nature of

code propagation was influenced by the number of layers activity passed through (Litvak

et al., 2003). Given ’Brain-on-a-chip’ technology, it is easy to extend the two chamber

system detailed in the previous chapter to one containing multiple chambers. In this

study, a system consisting of 4 chambers with tunnels connecting them was developed and

information propagation was studied.

The schematic and an example of a 4 chamber device with neurons are shown in

Figure 5-1. The device consists of 4 chambers each 6 mm x 3 mm and connected by 3

sets of 50 tunnels that are 600 µm long and 3 µm x 10 µm in cross-section. The layout is

chosen to fit the device on an MEA with electrodes arranged in a 6 x 10 array. The red

lines in the micrograph denotes the direction in which connectivity is desired.

The sequential plating procedure followed in the previous study is not conducive

in this case to provide a unidirectional network. It would require waiting ∼28 days

after plating the first chamber to plate the fourth chamber during which the network

in chamber 1 would have reached maturity and it might not be appropriate comparing

the activity from networks with such wide difference in ages. Therefore, most of the
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Figure 5-1. Schematic and micrograph of in vitro 4 layer network. The schematic of the
device is shown on left. The chambers are 3 mm x 6 mm while the tunnels
were 600 µm long, 3 µm high and 10 µm wide. The tunnels connect chambers
1 to 2, 2 to 3 and 3 to 4. A micrograph of the network growing on an MEA
shot at 10 x magnification is shown on right. The edges of the chambers are
curved due to the shape of the punch used in cutting out the pdms to create
chambers. The electrodes are 30 µm in diameter and spaced 500 µm apart.
The red lines indicate the direction in which connectivity is desired to create a
four layered feedforward network similar to the two layered network in
Chapter 4
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experiments in this study were carried out in subjects where all the four chambers were

plated at the same time.

5.1 Propagation of Bursts through Multiple Layers

3 MEAs with 4 chamber PDMS devices attached to them were plated with 30,000

dissociated cortical neurons. Spontaneous activity was recorded at multiple days after

plating when bursts were observed to propagate through all 4 layers. Although there were

variations among the 3 MEAs, there was no significant difference between the layers in

terms of burst dynamics as shown in Figure 5-2.

Figure 5-2. Burst Dynamics in 4 Layer Network. No signifant difference was observed
between the layers in terms of (A) Burst Rate, (B) Burst Duration, (C)
Inter-Burst Interval and (D) Intra-Burst Spike Rate. The numbers in the
X-Axis the MEA identification number. The bars in (B), (C) and (D) denote
the mean across all bursts detected in the layer. Error bars denote the
standard deviation

Not all the bursts detected in the network propagated through all 4 layers. There

were bursts that were restricted to one chamber or propagated through two or three

chambers. The proportion of bursts detected in each well that propagated through all 4
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layers is shown in Figure 5-3 (Left). It can be seen that similar to other burst dynamics

measures, there was no significant difference between the layers in this aspect. Due to

absence of any design in constraining directionality, bursts originated in all chambers and

propagated in all possible directions. However the likelihood of each layer being the burst

origination layer was not equal. Figure 5-3 (Right) shows the proportion of bursts that

originated at each layer of the network in the subset of bursts that propagated through all

4 layers. It appears as though one or two layers dominate the activity of other layers and

act as the burst originator more often than others. Additional experiments are required to

confirm this.

Figure 5-3. Propagation of bursts. (Left) Proportion of bursts detected in each layer that
propagated to/from other layers. (Right) Burst origination layer in the subset
of bursts that propagated through all 4 layers.

5.2 Fidelity of Information Transmission

Victor-Purpura distance metric was again used as a measure of fidelity of information

transmission across the 4 layered network. Only the bursts that originated in Layer 1

and propagated through all the other layers were used in this analysis to remove any

confounding effect of propagation direction. The dissimilarity metric was computed

between all pairs of electrodes across the 4 chambers with q values between 2 and 500.
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Since there are multiple layers, the similarity can be compared with reference to each layer

separately. The general trend was a decreasing similarity with increasing distance when

layers 1, 2 and 3 were chosen as the reference. However, when layer 4 was chosen as the

reference, no trend was observed. Further investigation into the underlying cause for this

is required.

Figure 5-4. Fidelity of information transmission in 4 layer networks. The squares represent
the mean similarity across different q values between electrodes within the
layer or across indicated layers. Error bars denote 1.96 x S.E.M. The similarity
between electrodes within a layer is higher than the similarity between the
electrodes across different layers when electrodes in layer 1, 2 and 3 are
considered. Also the similarities seem to decrease with distance from these
layers. However since the similarities between layer 4 and any other layer were
lower, there is no apparent trend.

5.3 Effect of Disinhibition

In vivo and in vitro studies have shown that gamma oscillations play an important

role in the propagation of information in the brain (Colgin et al., 2009; Fisahn et al.,

1998; Lisman and Jensen, 2013; Sederberg et al., 2007). It has also been shown

that inhibitory neurons play a central role in generating gamma oscillations both in

intact brains and brain slices (Sohal and Huguenard, 2005; Wang and Buzsáki,
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1996; Whittington et al., 2000; Wilson, 2007). Dissociated cortical networks reflect

the composition of cortex in terms of excitatory and inhibitory neurons. ∼ 80 %

of neurons are excitatory while ∼ 20 % are inhibitory. To study how the fidelity of

information transmission is affected by absence of inhibition, networks were treated with

10 µM solution of Bicuculline a GABA-A antagonist that is generally used in study

of disinhibition (Khalilov et al., 2005; Pan et al., 2009b). The hypothesis was that

disinhibition should lead to poorer transmission of information as inhibitory neurons are

known to play an important role in information propagation (Vogels and Abbott, 2009).

A marked difference in the spontaneous activity of the network was observed.

However the difference was not consistent across all layers as shown in Figure 5-5. There

was a significant increase in the duration of the burst with a slight decrease in the inter

burst interval. Burst duration and intra burst spike rate showed increase and decrease

respectively across all layers. No change was observed in the burst initiation sites or the

proportion of bursts that propagated through all 4 layers.

To study the effect of disinhibition on information propagation, similarity was

computed between the electrodes in different layers as before. It was seen that the

similarities between the electrodes of different layers during treatment did not show

any consistent difference from those before treatment. In Figure 5-6, blue lines denote

the similarity between layers before treating the networks with bicuculline while red

lines denote the similarity between layers during treatment with bicuculline. When

the similarity between layers are considered, there was no significant difference in the

similarities before and during treatment.

Next the effect of disinhibition on each pair of electrodes was studied. Difference

between VP similarities before and during treatment was computed across all pairs

of connections. Figure 5-7 shows the mean difference across all such comparisons and

across all three subjects. It can be seen that the differences are consistently less than

zero indicating a decrease in similarity after treatment with bicuculline. The similarities
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Figure 5-5. Effect of disinhibition on burst dynamics. The figures show the difference in
mean of various measures of burst dynamics compared before and during
bicuculline treatment (MeasureBIC - Measurepretreat). There is a slight increase
in burst rate in Layers 2,3,4 (A) whereas Layer 1 shows no change. Burst
duration (B) shows an increase across all layers. There is a slight decrease in
inter-burst interval (C). Intra-burst spike rate (D) shows an decrease across all
layers. Error bars denote 1.96 x S.E.M

within layer 2 showed an increase. But this was the only outlier to the general trend. The

decrease in similarity implies that inhibitory neurons play a role in the transmission of

information. Research has shown that inhibitory neurons help in coordination of activity

among excitatory neurons thereby allowing efficient transmission of information. When

this mechanism is affected, run-away excitation may occur leading to better transmission

of activity but poorer transmission of information within activity.

All the analysis described above were conducted in a single batch of 3 MEAs.

Additional experiments involving more MEAs and atleast one more batch is required to

obtain statistically significant results.

5.4 Constraining Directionality using Physical Barrier

In order to obtain the desired directionality in the 4 chamber system, a modified

sequential plating approach was used. A small sliver of PDMS ∼ 200 µm in width, and as
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Figure 5-6. Effect of disinhibition on fidelity of information transmission. The blue lines
represent the mean similarity between electrodes within the layer or across
indicated layers before treatment and the red lines represent those when
treated with bicuculline. Error bars denote 1.96 x S.E.M. No consistent trend
was observed in the comparison of similarities.

Figure 5-7. Change in fidelity of information transmission. The lines denote the change in
VP similarity value after treatment with bicuculline. Error bars denote 1.96 x
S.E.M. It can be seen that there was a consistent decrease in similarities
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high as the chambers was cut and placed manually in chamber 3 right next to the tunnels

connecting chamber 2 and chamber 3. It was ensured that the block formed a tight seal

with the MEA surface at the bottom of the chamber. Cells were plated in chambers 1

and 3 on day 0 and chambers 2 and 4 were plated on day 4. The PDMS block prevented

the growth of axons from chamber 3 to chamber 4 in the mean time and it was removed

carefully on day 7 after initial plating so that axons from chamber 2 can form synaptic

connections with neurons in chamber 3. This approach reduced the time required for

plating the cells thereby alleviating the network maturation issue of a 4 step sequential

plating process. A batch of 3 MEAs were plated in this manner and the spontaneous

activity was observed. It was seen that Layers 1 and 3 were the main initiators of bursts.

Bursts initiating in layer 3 propagated to layer 4 and did not propagate in the reverse

direction. Bursts initiating in layer 1 propagated through all 4 layers or were restricted

to just layers 1 and 2 depending on if a burst was initiated in layer 3 in a short interval

before the burst from layer 1 arrived. An example is shown in Figure 5-8.

This approach can be further modified by placing a PDMS block in chambers 2, 3 and

4 and plating all four chambers at the same time. Such an approach would eliminate the

necessity for sequential plating to produce directionality.

5.5 Discussion

In this study, PDMS devices consisting of 4 chambers with tunnels connecting

them were created. When cells were plated in them at the same time, networks with

no apparent directionality were formed. Some of the bursts propagated through all the

chambers, while others were localized to one or two chambers. Failure to propagate is

likely due to non-uniformity in the intrinsic dynamics of each layer. The non-uniformity

manifests itself in refractoriness at different time points preventing the burst propagating

through the layer. However, the various measures of burst dynamics did not indicate

any significant differences between layers. Additional analyses relating burst dynamics to

participation of a layer in propagated bursts will be helpful to study this aspect of burst
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Figure 5-8. Burst propagation in a sequentially plated 4 layer network shown as a raster
plot. The boxes denote the layers and the dotted line denotes the start of the
burst. The figure on left shows a burst that initiated in Layer 1 and
propagated through the other layers while the one on the right shows the burst
that initiated in layer 3 and propagated just to layer 4.

propagation. The results were consistent with other studies that looked at communication

between dissociated networks consisting of subnetworks created through other methods

(Baruchi et al., 2008; Maeda et al., 1995; Shteingart et al., 2010).

Fidelity of information transmission as measured with Victor Purpura metric showed

differences between proximal and distant layers. However the trend was not universal with

layer 2 being the outlier in all cases. Since the results are from just 3 subjects, additional

experiments are required to see if this effect persists.

Dissociated networks have seldom been thought to generate oscillations as it is

believed that the absence of a defined structure precludes them from such phenomenon.

However a recent study has shown evidence for the presence of rhythms similar to those

observed in slices and intact brains (Leondopulos et al., 2012). Different studies

have shown that the oscillations play an important role in information transmission in

the brain (Canolty et al., 2006; Colgin et al., 2009; Fries, 2009). To study if such
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a relation can be found in dissociated networks, an indirect approach was followed.

Bicuculline is known to act as a GABA-A antagonist and abolishes gamma oscillations in

vitro citepcunningham2004role, fisahn1998cholinergic, bartos2007synaptic. Presumably,

inhibitory neurons were silenced when treated with bicuculline thereby shutting the

process by which oscillations are generated. Changes in burst dynamics were observed.

Also, a decrease in similarities was observed implying that the fidelity was decreased and

hence inhibition plays a role in the transmission of information. Additional investigation

is required to study the direct relation between information propagation and different

frequency bands.

The study described here involved networks without any apparent directionality in

terms of connections. Using physical barriers, it is possible to create networks that are

directional and useful to study different computational properties in feedforward networks.

The dimensions of the PDMS device and the number of chambers were restricted by the

layout of electrodes in the MEA used. Using MEAs with different layouts will allow to

create devices with more than four chambers leading to study of feedforward networks

with as many layers as desired.
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CHAPTER 6
CONCLUSION

The significance of the dissertation lies in the development of a platform to study

structure-function relationships in networks of a relatively smaller population of neurons.

Most of the studies involving MEAs focus on properties of networks with no apparent

structure. By using various techniques explained in the preceeding chapters, neuronal

networks can be forced to specific structures and their properties studied.

The main results of this dissertation can be summarized in terms of technology

development and information processing in feedforward networks. The two technologies

used varied in the effectiveness of controlling structure. Microcontact patterning, though

able to provide constraint over structure at a level of few neurons, was not effective in

altering the function of the networks at that level. On the other hand, microfabricated

devices provided control at the level of a small population of neurons and given the

ability to control directionality approximated feedforward networks better than patterned

networks. In terms of information transmission, the following were the salient results

• Information was more reliably transmitted as a rate than in tight timings of spikes.

• The reliability of transmission was affected by the structural properties of the
network.

• The reliability of transmission decreased with distance in both the patterned
networks and networks with microfabricated devices.

• Information transmission was partially disrupted when inhibitory neurons were
interfered with.

6.1 General Discussion

Interaction between networks of neurons has long been an interest in neuroscience.

This follows from the fact that arguably all behavior arises from interaction between

different networks in the brain. Feedforward networks have been a widely used model for

studying this interaction in terms of propagation of neural codes. Dissociated cultures

have not been conducive for such studies since the connections that form between neurons
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appear to be random in nature. However, with the use of technologies like substrate

patterning and microfluidic devices, it is possible to bring structure at different levels of

the network.

Patterned networks created using microcontact printing (Chapter 3) provided

control at the level of single cell/small groups of cells. It was seen that, at such a

level, convergence of connections played an important role in effective transmission

of information confirming the theoretic work by Abeles (Abeles, 1991). Also, it

provided evidence for a relation between the structure of the network and its functional

connectivity. This result is consistent with some of the studies that have shown the

structural connectivity in the brain affects its functional connectivity using functional

imaging in intact brains (Hagmann et al., 2008; Honey et al., 2007; Ponten et al.,

2010).

The two layered network studied in Chapter 4 showed that feedforward networks can

be realized using dissociated neuronal cultures and microfabricated devices. In contrast

to microcontact printing, the direction of connections can be controlled. The connections

within a layer in the realized feedforward network cannot be controlled at the level of

individual neurons, but can be controlled at the level of small populations of neurons.

Since most of the activity observed in brain suggests a population coding of behavior, this

approach offers new possibilities for investigating population connectivity. It was shown

that by controlling the number of tunnels between the chambers, structural connections

and in turn functional connections can be controlled robustly. The propagation of burst

activity from one chamber to another suggests the information being propagated is

predominantly in the form of rate codes, although there is enough similarity at high

temporal resolution not to completely rule out rate coding. However, that the burst peak

timings are tightly correlated supports a hypothesis that there is a burst based temporal

code.
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Extending the technology used in creating two layered networks, four layered networks

were created. However, the directionality imposed in the former could not be imposed

in the latter due to the incompatibility of sequential plating procedure. Still, it served

as a decent model as enough activity was observed to propagate through all layers in

the intended direction. As the distance between layers increased there was a decrease

in the fidelity of information suggesting a physical limit in the effective transmission of

information by neurons. This phenomenon was observed in patterned networks as well.

Also, it was seen that disinhibition played a role in the transmission of information across

the network.

6.2 Future Work

Substrate patterning technique used in this study was robust enough to produce

networks with reproducible structural properties. However, the control over specific

connections of neurons was not possible and would probably require using methods like

chemical gradient or electrical gradients (Dowell-Mesfin et al., 2004; Wood and

Willits, 2009) in conjunction with microcontact printing. An alternative would be to

use microfluidic devices to create the required patterns as the reliability in controlling

the connections is more than printing proteins on the surface. The patterns used in this

study were simplistic in design and such structures are difficult to find in an actual brain.

Patterns that are biologically plausible and that are inspired from network theory would

enable understanding the computational properties of individual neurons as well the

collective computational property of the network.

Microfluidic devices have been used in conjunction with co-cultures of organotypic

slices as well as dissociated neurons (Brewer et al., 2013; Kanagasabapathi et al.,

2012). Also, different cell types can be plated in different chambers and the interaction

between them studied. This approach helps in understanding the underlying mechanism

of computation in these parts in an intact brain. In addition, utilising high density

MEAs (Frey et al., 2009; Gandolfo et al., 2010; Patolsky et al., 2006) would enable
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sampling from many more single cells than is possible now and would provide deeper

insights into how single cell activity translates to network level activities.

With recent studies showing the presence of oscillations previously thought not

possible in dissociated cultures, one line of investigation would be to study the role of

oscillations in such multi-layered networks. The frequency of oscillations in the brain is

thought to be functionally relevant. Such studies can be extended to in vitro networks

where it is possible to understand the network mechanisms that underlie the generation of

oscillations.
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Behavior-dependent short-term assembly dynamics in the medial prefrontal cortex,
Nature neuroscience, 11, 7, 823–833

Gandolfo, M., Maccione, A., Tedesco, M., Martinoia, S., and Berdondini, L. (2010),
Tracking burst patterns in hippocampal cultures with high-density cmos-meas, Journal
of neural engineering, 7, 056001

Gautrais, J. and Thorpe, S. (1998), Rate coding versus temporal order coding: a
theoretical approach, Biosystems, 48, 1, 57–65

Georgopoulos, A., Schwartz, A., and Kettner, R. (1986), Neuronal population coding of
movement direction, Science, 233, 4771, 1416–1419

Georgopoulos, A. P., Kettner, R. E., and Schwartz, A. B. (1988), Primate motor cortex
and free arm movements to visual targets in three-dimensional space. ii. coding of the
direction of movement by a neuronal population, The Journal of Neuroscience, 8, 8,
2928–2937

German, P. and Fields, H. (2007), Rat nucleus accumbens neurons persistently encode
locations associated with morphine reward, Journal of neurophysiology, 97, 3, 2094–2106

Gerstein, G. and Perkel, D. (1969), Simultaneously recorded trains of action potentials:
analysis and functional interpretation, Science, 164, 3881, 828–830

Gerstein, G. L., Bedenbaugh, P., and Aertsen, A. M. (1989), Neuronal assemblies, Biomed-
ical Engineering, IEEE Transactions on, 36, 1, 4–14

Gewaltig, M., Diesmann, M., and Aertsen, A. (2001), Propagation of cortical synfire
activity: survival probability in single trials and stability in the mean, Neural networks,
14, 6-7, 657–673

Granger, C. (1969), Investigating causal relations by econometric models and
cross-spectral methods, Econometrica: Journal of the Econometric Society, 424–438

Gray, C. M. (1999), The temporal correlation hypothesis of visual feature integration: still
alive and well, Neuron, 24, 1, 31–47

Gray, C. M., König, P., Engel, A. K., Singer, W., et al. (1989), Oscillatory responses in
cat visual cortex exhibit inter-columnar synchronization which reflects global stimulus
properties, Nature, 338, 6213, 334–337

Gray, C. M. and Singer, W. (1989), Stimulus-specific neuronal oscillations in orientation
columns of cat visual cortex, Proceedings of the National Academy of Sciences, 86, 5,
1698–1702

102



Gross, G. (1979), Simultaneous single unit recording in vitro with a photoetched laser
deinsulated gold multimicroelectrode surface, Biomedical Engineering, IEEE Transac-
tions on, , 5, 273–279

Gross, G., Rhoades, B., Reust, D., and Schwalm, F. (1993), Stimulation of monolayer
networks in culture through thin-film indium-tin oxide recording electrodes, Journal of
neuroscience methods, 50, 2, 131–143

Guillotin, B. and Guillemot, F. (2011), Cell patterning technologies for organotypic tissue
fabrication, Trends in biotechnology, 29, 4, 183–190

Gustafsson, B. and Wigstrom, H. (1986), Hippocampal long-lasting potentiation produced
by pairing single volleys and brief conditioning tetani evoked in separate afferents, The
Journal of neuroscience, 6, 6, 1575–1582

Haddon, R. and Lamola, A. (1985), The molecular electronic device and the biochip
computer: present status, Proceedings of the National Academy of Sciences, 82, 7,
1874–1878

Hagmann, P., Cammoun, L., Gigandet, X., Meuli, R., Honey, C., Wedeen, V., et al.
(2008), Mapping the structural core of human cerebral cortex, PLoS biology, 6, 7, e159

Hahnloser, R. H., Kozhevnikov, A. A., and Fee, M. S. (2002), An ultra-sparse code
underliesthe generation of neural sequences in a songbird, Nature, 419, 6902, 65–70

Harris, K. D. (2005), Neural signatures of cell assembly organization, Nature Reviews
Neuroscience, 6, 5, 399–407

Hatsopoulos, N. G., Ojakangas, C. L., Paninski, L., and Donoghue, J. P. (1998),
Information about movement direction obtained from synchronous activity of motor
cortical neurons, Proceedings of the National Academy of Sciences, 95, 26, 15706–15711

Havenith, M. N., Yu, S., Biederlack, J., Chen, N.-H., Singer, W., and Nikolić, D. (2011),
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