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RÉSUMÉ 
 
Contexte 
 

      La connectomique, ou la cartographie des connexions neuronales, est un champ de 

recherche des neurosciences évoluant rapidement, promettant des avancées majeures en 

ce qui concerne la compréhension du fonctionnement cérébral. La formation de circuits 

neuronaux en réponse à des stimuli environnementaux est une propriété émergente du 

cerveau. Cependant, la connaissance que nous avons de la nature précise de ces réseaux 

manière dont les informations se transmettent de neurone en neurone est une question qui 

une assemblée cellulaire est-elle mise en place et modulée? 

 

Méthodes 

 

      En réponse à la présentation de grilles sinusoïdales en mouvement, des ensembles 

neuronaux ont été enregistrés dans la couche II/III (aire 17) du cortex visuel primaire de 

chats anesthésiés, à -électrodes en tungstène. Des corrélations croisées ont 

mettre en évidence les liens fonctionnels de quasi-synchronie (fenêtre de ± 5 ms sur les 

corrélogrammes croisés corrigés). Ces liens fonctionnels dévoilés indiquent des 

connexions synaptiques putatives entre les neurones. Par la suite, les histogrammes peri-

stimulus (PSTH) des neurones ont été comparés afin de mettre en évidence la 

collaboration synergique temporelle dans les réseaux fonctionnels révélés. Enfin, des 

spectrogrammes dépendants du taux de décharges entre neurones ou stimulus-dépendants 

ont été calculés pour observer les oscillations gamma dans les microcircuits émergents. 

Un indice de corrélation (Rsc) a également été calculé pour les neurones connectés et non 

connectés. 

 



Résultats 

      Les neurones liés fonctionnellement ont une activité accrue durant une période de 50 

ms contrairement aux neurones fonctionnellement non connectés. Cela suggère que les 

connexions entre neurones mènent à une synergie de leur inter-excitabilité. En outre, 

 du spectrogramme dépendant du taux de décharge entre neurones révèle que les 

neurones connectés ont une plus forte activité gamma que les neurones non connectés 

durant une fenêtre  de 50ms.  gamma de basse-fréquence (20-40 

Hz) a été associée aux neurones à décharge régulière (RS) et  de haute fréquence 

(60-80 Hz) aux neurones à décharge rapide (FS). Aussi, les neurones fonctionnellement 

connectés ont systématiquement un Rsc plus élevé que les neurones non connectés. 

Finalement,  des corrélogrammes croisés révèle que dans une assemblée 

neuronale, le réseau fonctionnel change selon  de la grille. Nous  démontrons 

ainsi que   des relations fonctionnelles dépend de  de la grille 

sinusoïdale. Cette relation nous a amené à proposer  suivante : outre la 

sélectivité des neurones aux caractères spécifiques du stimulus, il y a aussi une sélectivité 

du connectome.  En bref, les réseaux fonctionnels «signature » sont activés dans une 

assemblée qui est strictement associée à  présentée et plus généralement aux 

propriétés des stimuli.  

 

Conclusion 

      

l'unité fonctionnelle fondamentale du cerveau. Cela dilue l'importance du travail isolé de 

 

traditionnellement utilisé pour étudier l'encodage des stimuli. Cette étude contribue aussi 

à faire avancer le débat sur les oscillations gamma, en ce qu'elles surviennent 

ajout de cohérence. Bien que la taille des assemblées enregistrées soit relativement faible, 

cette étude suggère néanmoins une intrigante spécificité fonctionnelle entre neurones 

interagissant dans une assemblée en réponse à une stimulation visuelle. Cette étude peut 



être considérée comme une prémisse à la modélisation informatique à grande échelle de 

connectomes fonctionnels. 

Mots-clés: Réseau fonctionnel, synergie, oscillations gamma, connectome, corrélations 

du bruit, cortex visuel, stimulus-discrimination, ensemble neuronal, microcircuit 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



ABSTRACT  
 
Background 
 
         the mapping of neural connections, is a rapidly advancing field in 

neurosciences and it promises significant insights into the brain functioning. The 

formation of neuronal circuits in response to the sensory environment is an emergent 

property of the brain; however, the knowledge about the precise nature of these sub-

networks is still limited. Even at the level of the visual cortex, which is the most studied 

area in the brain, how sensory inputs are processed between its neurons, is a question yet 

to be completely explored. Heuristically, this invites an investigation into the emergence 

of micro-circuits in response to a visual input  that is, how the intriguing interplay 

between a stimulus and a cell assembly is engineered and modulated?  

 
Methods 

 
        Neuronal assemblies were recorded in response to randomly presented drifting sine-

wave gratings in the layer II/III (area 17) of the primary visual cortex (V1) in 

anaesthetized cats using tungsten multi-electrodes. Cross-correlograms (CCGs) between 

simultaneously recorded neural activities were computed to reveal the functional links 

between neurons that were indicative of putative synaptic connections between them. 

Further, the peristimulus time histograms (PSTH) of neurons were compared to divulge 

the epochal synergistic collaboration in the revealed functional networks. Thereafter, 

perievent spectrograms were computed to observe the gamma oscillations in emergent 

microcircuits. Noise correlation (Rsc) was calculated for the connected and unconnected 

neurons within these microcircuits. 

 
Results 
 
        The functionally linked neurons collaborate synergistically with augmented activity 

in a 50-ms window of opportunity compared with the functionally unconnected neurons 

suggesting that the connectivity between neurons leads to the added excitability between 

them. Further, the perievent spectrogram analysis revealed that the connected neurons 



had an augmented power of gamma activity compared with the unconnected neurons in 

the emergent 50-ms window of opportunity. The low-band (20-40 Hz) gamma activity 

was linked to the regular-spiking (RS) neurons, whereas the high-band (60-80 Hz) 

activity was related to the fast-spiking (FS) neurons. The functionally connected neurons 

systematically displayed higher Rsc compared with the unconnected neurons in emergent 

microcircuits. Finally, the CCG analysis revealed that there is an activation of a salient 

functional network in an assembly in relation to the presented orientation. Closely tuned 

neurons exhibited more connections than the distantly tuned neurons. Untuned 

assemblies did not display funct

was formed between neurons comprising an assembly that was strictly related to the 

presented orientation. 

 

Conclusion 
 
         Indeed, this study points to the fact that a cell-assembly is the fundamental 

functional unit of information processing in the brain, rather than the individual neurons. 

This dilutes the importance of a neuron working in isolation, that is, the classical firing 

rate paradigm that has been traditionally used to study the encoding of a stimulus. This 

study also helps to reconcile the debate on gamma oscillations in that they systematically 

originate between the connected neurons in assemblies. Though the size of the recorded 

assemblies in the current investigation was relatively small, nevertheless, this study 

shows the intriguing functional specificity of interacting neurons in an assembly in 

response to a visual input. One may form this study as a premise to computationally infer 

the functional connectomes on a larger scale. 

 

Key words: Functional network, synergy, gamma oscillations, connectome, noise 

correlations, visual cortex, stimulus-discrimination, cell-assembly, microcircuit 
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CHAPTER 1. INTRODUCTION

Music begins to atrophy when it departs too far from the dance... poetry begins to 
atrophy when it gets too far from music.

Ezra Pound

1.1 Overview

Brain is a vast jungle of connections (Cajal, 1923), and the complex behaviour of 

animals is attributed to the dense connectivity between neurons that comprise this 

amazing organ. In fact, most of the sensory, cognitive and motor faculties that animals 

and humans possess depend upon interactions between neurons (Buzsaki, 2010; Garner & 

Mayford, 2012; Herry & Johansen, 2014). Despite decades of research, many aspects of 

the brain have yet to be completely explored and understood. One of the central 

challenges in neurosciences is our ignorance of the micro-circuitry of the brain and its 

involvement in message encoding.

Many authors have opined that the understanding of dynamic interplay between 

neurons in relation to their sensory environment is only possible by extending the 

classical views of information processing in the brain (Buzsaki, 2010; Alivisatos et al., 

2012; Harris & Mrsic-Flogel, 2013; Scholl & Priebe, 2015). Traditionally, for decades 

researchers have relied on electrodes that could record the activity of one to few neurons 

in the brain, and thereby associating them to the external input (Alivisatos et al., 2012). 

However, neuronal circuits can engage several thousand neurons, and the activity of that 

many neurons remains invisible to an investigator with single neuron recordings. Such a 

co-active group of neurons is termed a neuronal assembly (Hebb, 1948; Buzsaki, 2010; 

Miller et al., 2014; Carrillo-Reid et al., 2015). These simultaneously active neuronal 

cohorts have been named differently by different investigators; e.g. ensemble, synfire 

chains, songs, oscillators, attractors, flashes, bumps, clicks, and groups all refer to an 

assembly (Miller et al., 2014). 



Indeed, when a stimulus or a feature is presented within the sensory field of neurons, 

neurons form functional micro-circuits or sub-networks between themselves to encode 

the information present in the stimulus (Bartho et al., 2004; Fujisawa et al., 2008; 

Buzsaki, 2010; DiCarlo et al., 2012; Harris & Mrsic-Flogel, 2013; Miller et al., 2014; 

Carrillo-Reid et al., 2015; Sadeh et al., 2015). Understandably, it appears that functional 

micro-circuits are the fundamental bricks of information processing in the brain that 

make encoding possible. In other words, the formation of neural circuits in response to 

the sensory feature is an emergent, and thus a significant property of the brain (Bullmore 

& Sporns, 2009; Buzsaki, 2010; Rubinov & Sporns, 2010). However, to empirically 

gauge these functional sub-networks has been notoriously daunting for researchers, 

especially due to the technical limitations (Alivisatos et al., 2012;). Nowadays, the 

advances in recording technology have made it possible to sample several hundred 

neurons simultaneously, and it seems that we are at the crossroads to fully comprehend 

these dynamically operating circuits.

Historically, the visual system has been the most studied area of the brain, and has 

provided us numerous insights into the brain functioning (visual cortex in particular). 

Despite the considerable progress since the seminal work of David Hubel and Torsten 

Wiesel (Hubel & Wiesel, 1959; 1962; 1965; 1968; 1969) on the visual cortex of cats, 

many questions still remain to be comprehensively explored in the visual cortex. One of 

the foremost questions, as discussed above, relates to the emergent formation of neuronal 

-

experience. This is the question that this thesis precisely attempts to answer that is, 

how through the coordinated neuronal activity within a cell assembly different features 

are encoded.

At the outset, various approaches in deciphering the neural-code have been discussed. 

T the brain mapping has been 

described briefly. Specifically, functional Connectomics is discussed as an approach for 

inferring neural codes. Since the investigations are done on the cat primary visual cortex, 

therefore, an overview of the cat visual cortex is presented briefly. Based upon the 

previous studies and what is not yet known, the next chapter pertains to the hypothesis for 



the curr

next chapters present the results of the investigation, and finally the results are discussed

in an elaborate fashion.

1.2 Deciphering the Neural-Code: various approaches

Neural coding refers to characterizing the relationship between a stimulus and the 

activity of corresponding neuron(s) that is/are active in response to it. To decipher the 

neural code is a central challenge in neurosciences, and despite decades of dedicated 

research, we are yet to understand the anatomical and neurophysiologic aspects that make 

us interact with the environment to allow coherent behaviour. Neural coding is classified 

broadly into two main categories: the rate-code and the temporal-code (Johnson et al., 

2001). 

1.2.1 Rate-Code 

The rate-code is based on the frequency of the neuronal discharge (Adrian & 

Zotterman, 1926) and was the first formulation of a neural code. It was originally 

demonstrated in the somatosensory system, where the intensity of the stimulus is directly 

related to the frequency of neuronal discharge. The frequency encoding is also possible in 

the visual system (Molotchnikoff & Rouat, 2012). Simply speaking, in a rate-code the 

information is embedded in the number of spikes in a given time interval. As an example, 

a rate-code in the primary visual neurons, classically, refers to a tuning curve which is 

established in response to the orientation selectivity. 

However, a complex scenario appears when neurons in the monkey temporal cortex 

respond to a multitude of features sharing traits (Steriade, 1997; Bullier, 2001). The 

biggest impediment to this code is that along the brain hierarchy, neurons become less 

selective to a specific feature and often respond to many features in an image. Along this 

line, an object-exclusive neuron must exist that may be implicated in integration of all the 

possible features in the target (Molotchnikoff & Rouat, 2012). Hypothetically, such 

neurons, if they exist, are currently termed Therefore, a 

hierarchical system of coding seems to prevail as information flows along the cortical 

areas and ultimately converges onto a few grandmother cells. Several reasons militate 



against the idea of cardinal cells. If there were grandmother cells in the brain operating 

uniquely to each stimulus, our brain would have been enormous as we are constantly 

bombarded by multitude of information. In addition, often cells that respond to the same 

stimulus, also respond weakly to other properties of the stimulus (Barth & Poulet, 2012). 

However, recently, neurons responding almost exclusively to pictures of a celebrity or a 

particular monument have been described in the median temporal lobe of humans, 

particularly in the hippocampus (Quiroga et al., 2005).

1.2.2 Temporal-Code

The temporal-code implies that the information about the stimulus is encoded in the 

time-relationships of action-potentials of simultaneously active neurons. Milner (Milner, 

1974) and Malsburg (Malsburg, 1981) were the initial proponents of the temporal-code. 

In other words, neurons sharing a same feature will have synchronized activity within a 

small time-window, that is, almost 1 ms period. However, the synchronized activity 

between neurons can be measured on different time scales ranging from 1-10 ms 

(Buzsáki 2010).

Indeed the time-

the neural code (Stanley, 2013). The initial proponents of synchrony (Milner, 1974; 

Grossberg, 1976; Malsburg, 1981) theoretically formulated synchrony as a potent coding 

1989 (Gray & Singer, 1989) experimentally showed spatially segregated neurons 

engaged in synchronous oscillatory activity. This suggested synchrony as a potential time 

related neural-code. Synchrony between two neurons is measured as a central peak in the 

cross-correlogram (CCG) (Perkel et al., 1967; Ghisovan et al., 2008). Put simply, 

neurons with spatially separate receptive fields will synchronize (central peak in CCG) 

their action potentials only to the presentation of a similar feature (e.g. same orientation) 

within their respective receptive fields, whereas the synchrony would disappear if the 

features are dissimilar or independent (Fries et al., 2001) -by-

binding the similar features of the image. 



1.2.3 Population encoding

The representation of a stimulus by joint activity of neurons is called population 

coding. When a feature is presented, in principle, cohorts of neurons become active at the 

same time. Such a group of simultaneously active neurons is termed an ensemble or a 

cell-assembly (Buzsaki, 2010; Kampa et al., 2011; Miller et al., 2014). They are referred 

by many names in the literature as mentioned previously. Such coding mechanism 

through synchronized activity of dynamic cell assemblies is termed as the 

dis (Bernardet & Verschure, 2010; Molotchnikoff & Rouat, 2012; 

Behrmann & Plaut, 2013). As a matter of fact, the CCG strategy can be employed to 

divulge the functional connectivity between neurons comprising a cell-assembly or even 

between neurons across assemblies. 

Moreover, numerous oscillatory rhythms such as theta (4-7 Hz), alpha (8-12 Hz) and 

gamma (20-100 Hz) are prevalent for key operations (memory, perception etc) in the 

brain; however their range may vary slightly from one species to another species 

(Buzsaki & Watson, 2012; Fries, 2015). Even at rest, the brain exhibits spontaneous 

oscillatory reverberations (Drew et al., 2008). When a stimulus is presented, it disturbs 

this ongoing oscillatory activity and regenerates a sparse oscillatory synchrony (Fries et 

al., 2007; Buzsaki & Watson, 2012; Womelsdorf et al., 2012; Fries, 2015). For example, 

in the gamma range a specific frequency might be encoding a particular property of the 

stimulus (Fries et al., 2007). Therefore, in this framework, gamma oscillations and other 

oscillatory cycles (theta, alpha) are time-locked to a stimulus, and are thus potent 

information carriers, that is, a plausible neural-code. Indeed, it has been widely 

documented that inhibitory networks embedded among pyramidal neurons are involved 

in the generation of these task-dependent oscillatory rhythms in the brain (Carandini et 

al., 1997; Chance et al., 2002; Cardin et al., 2009; Vinck et al., 2013).

Having discussed these coding strategies in brief, it is to be mentioned that they are 

not immune to limitations (Gray et al., 1990; Desimone & Duncan, 1995; Tiesinga & 

Sejnowski, 2009; Molotchnikoff & Rouat, 2012). As discussed above, if synchrony is the 

language of communication in the brain, neural populations must functionally 

collaborate. But how does anatomical connectivity relate to the images presented in the 



receptive fields? Undoubtedly, the role of functional micro-circuitries has to be brought 

to the fore to understand the interplay between stimulus and the population of neurons 

involved in representing the stimulus. 

1.3 Connectomics: An emerging field

of neuronal connections within the brain, possibly in all of the behavioural conditions 

(Sporns et al., 2005; Sporns, 2011). Structural (anatomical) and functional descriptions of 

(Sporns et al., 2005; 

Hagmann et al., 2010; Sporns, 2011; Alivisatos et al., 2012; Leergaard et al., 2012). In 

other words, there are two main approaches to studying the brain connectome: structural 

(anatomical) and functional.

1.3.1 The anatomical connectome 

Neurons are densely connected to each other through synapses. This structural or the 

physical connectivity between neurons is referred to as the anatomical connectivity. The 

pioneer efforts of early investigators (Cajal, 1923; Sholl, 1956; Gilbert & Wiesel 1979) 

helped us in the basic understanding of the anatomical connectivity between neurons. In 

general, a neuron carries thousands of synapses on itself. For example, in the cat visual 

cortex, a neuron carries approximately 6000 synapses on it (Beaulieu & Colonnier, 

1985). In fact, the spines on neuronal dendrites keep on growing and retracting in relation 

to experiences. Recently, the dynamics of changing synapses have been extensively 

studied spines are rapidly created and destructed depending upon the input, whereas 

other may remain stable over a period of time (Kasai et al., 2010; Dur-e-Ahmad et al., 

2011; Ebrahimi & Okabe, 2014; Jung & Herms, 2014; Hasegawa et al., 2015; Kellner et 

al., 2016). This renders the cortex the ability for short- and long-term plastic events, and 

as a consequence, the capacity for memory and cognition. Because of these dynamics, the 

time invariant description of synapses in neuronal circuits is precluded. However, the 

synaptic connectivity between neighbouring neurons has been quantified in terms of 

potential synapses by several investigators. For example, close neighbours (within 100 

micrometer) in the supragranular layers of the cortex make up to 3-6 contacts with each 



other (Hellwig, 2000; Frick et al., 2008; Stepanyants et al., 2008; Brown & Hestrin, 

2009), whereas the probability of contacts may decrease considerably with distance (only 

one contact beyond 500 micrometer) (Hellwig, 2000). Similarly, an L4 neuron may also 

make up to 3 contacts with an L 2/3 neuron (Helmstaedter et al., 2008).  Notably, neurons 

may also make synaptic connections laterally in the brain. As an example, in the monkey 

prefrontal cortex, monosynaptic connections may exist between neurons across cortices 

for reverberating excitatory circuits (Melchitzky et al., 2001). 

The knowledge of the anatomical connectome is the first fundamental step to 

unravelling the brain connectome at other levels, because the emergence of functional 

and effective networks is closely associated to the neuro-anatomical layout of the brain 

regions (Leergaard et al., 2012; Kuceyeski et al., 2015). As Leergaard et al. 2012 have 

put it a fundamental principle of the brain organization is that functional systems are 

formed by specific anatomical connections . Therefore, the knowledge of the hodological 

organization of the brain may help in predicting the functional connectomes. Since 

majority of anatomical connections in the brain are local, it is imperative to understand 

the connectome on "microscale" (micrometer resolution). In simplest words, it is of

immense importance to map anatomical micro-connectomes in the brain (Leergaard et 

al., 2012).

From the classical histological studies to the modern technological investigations,

there are many ways the neuro-anatomical microstructures in the brain can be studied. 

These modern day methods range from studying the histological sections through 

polarized imaging (PLI), to diffusion magnetic resonance imaging (dMRI), to  scanning 

microscopy, to optogenetic functional MRI (ofMRI) (Leergaard et al., 2012). 

1.3.2 The functional connectome

As described above, it is essentially fundamental to map thousands of synaptic 

connections in the brain and relate them to the neuronal function (Seung, 2011; Leergaard

et al., 2012). This functional map of neuronal circuits is referred to as the functional 

connectome. The translation of sensory information for coherent representation in the

brain is an outcome of emergent coordinated activity of groups of neurons (Alivisatos et 



al., 2012). Such small groups of neurons, as mentioned above, that coordinate together to 

perform a computational task are referred to as cell assemblies (Hebb, 1949). As a matter 

of fact, neural spikes are a rapid medium by which neurons communicate with each other 

within these ensembles. Thus, the statistical prediction of such functional networks 

derived from the time series data is inevitable to reveal and define the brain connectome.

In a quest to capture this coordinated neural activity, several ambitious projects have 

been launched. For example, the Human Brain Project, the Human Connectome Project, 

and the Blue Brain Project. Despite decades of research with major technological 

advances on tracing the axonal connections (Saleem et al., 2002; Sporns et al., 2005; 

Hagmann et al., 2010; Sporns, 2011; Alivisatos et al., 2012; Leergaard et al., 2012), the 

functional circuitry (Geerling & Loewy, 2006; Ugolini, 2011), the nature of synapses and 

the cellular level connections (Geerling & Loewy, 2006; Ugolini, 2011), the 

understanding of neuronal connectivity has still eluded us at all these levels. In order to 

better reveal the dynamics of this coordinated neural activity, an international public 

colleagues (Alivisatos et al., 2012), which underlines the challenges in functional 

connectomics and the major technological advances to overcome these challenges. 

According to them, a comprehensive measurement of neural activity would be carried out 

at time-scales corresponding to the behavioural output. The fact that neurons are 

interconnected and display plasticity, this ability renders them the ability to functionally 

switch from one ensemble to another depending on the task. Imperatively, the importance 

of 

because the same ensemble (in other words, the anatomical microconnectome) may lead 

to many functional connectomes depending upon the feature. Indeed, functional 

connections which are transiently active in the brain in response to the stimulus have to 

be dissociated from anatomical connections.

Several recent studies have reported the co-activation of small groups of neurons in 

the brain in response to applied stimuli (Fujisawa et al., 2008; Buzsaki, 2010; Denman & 

Contreras, 2014; Schwindel et al., 2014), and even pointed to the importance of 

functional networks within these assemblies (Buzsaki, 2010; Harris & Mrsic-Flogel, 



2013; Singer, 2013; Miller et al., 2014; Carrillo-Reid et al., 2015; Sadeh et al., 2015). For 

example, in a recent proposal, Singer (Singer, 2013) has suggested that a specific 

classifier (network) is recruited within a reservoir (assembly) of randomly coupled 

neurons to encode a particular stimulus. This is illustrated in Figure 1A. Along the same 

lines, Harris & Flogel (2013) (Figure 1B) have also suggested that cortical circuits 

comprise of inter-digitated sub-networks of interconnected principal neurons. In a study, 

Fujisawa et al. (2008) revealed the networks of functionally connected excitatory and 

inhibitory neurons in prefrontal cortex of rats that either ran in left or right direction. One 

such network is displayed in Figure 1C.

Figure 1. Functional connectomes. (A) A classifier is recruited to encode a specific 

stimulus from the reservoir of randomly coupled neurons (Singer, 2013). (B) An inter-

digitated network of principal neurons (Harris & Mrsic-Flogel, 2013). (C) An inhibitory-

excitatory network functional in the prefrontal cortex of a rat (Fujisawa et al., 2008).



Indeed, many cutting-edge techniques including the classical approaches are 

employed to infer the functional connectivity in the brain. Many imaging techniques such 

as optical imaging and magnetic resonance imaging (MRI) based connectivity measures 

are used to reveal these maps (Leergaard et al., 2012). Other advanced techniques such as 

diffusion magnetic resonance imaging (dMRI), 3D interactive tractography-informed 

fMRI promise subject-specific imaging to intervene with the brain contingent upon the

specific neuro-anatomy of an individual (Chamberland et al., 2015). Moreover, several 

computation based approaches are commonly applied to estimate the functional networks 

(Just et al., 1999; Sadeh et al., 2015; Shimono & Beggs, 2015). A major advantage of 

computational modeling is that we can observe the networks on a bigger scale and even 

predict them. Calcium imaging is another widely employed technique nowadays to study 

key functions in cortical slices and in awake behaving animals (Grienberger & Konnerth, 

2012).

Although, the above methods provide us variety of information about the brain 

functions, but they do not indicate the functional causalities between neurons, especially 

on a microscopic scale.  This is only possible by correlating the activities of spike trains 

of simultaneously recorded neurons. In other words, the millisecond level interactions 

between neurons can only be revealed through the analysis of spike trains. Several 

correlational measures such as noise correlation (Rsc), signal correlation (rsignal) and 

cross-correlograms (CCG) are computed to investigate the functional interactions 

between neurons (Cohen & Kohn, 2011). In this study, CCGs are used to reveal the 

functional links. The details of CCG computation and interpretation are given below.

1.4 Cross-correlograms (CCG): a potent tool to infer functional connections

CCGs are an efficient way to study the time-related neural activity between two 

simultaneously sampled neurons (Bartho et al., 2004; Fujisawa et al., 2008; Ghisovan et 

al., 2008; Buzsaki, 2010; Molotchnikoff & Rouat, 2012; Denman & Contreras, 2014). It 

has been shown that the CCG analysis of simultaneously recorded neurons reveals the 

functional linkage between them in response to a stimulus or a task (Bartho et al., 2004; 

Fujisawa et al., 2008; Denman & Contreras, 2014; Schwindel et al., 2014; Sadeh et al., 

2015). These disclosed connections can be inferred as putative physiological connections 



between neurons (Perkel et al., 1967). Depending upon the latency between neuronal 

activities, these connections could be deemed direct or indirect. Smaller latency (< 5ms) 

may reflect monosynaptic projections, whereas latencies beyond 5 ms may indicate 

relatively disynaptic or indirect projections (Buzsaki, 2010).

Figure 2. Cross-correlogram generation.  (A-D) Progression of a CCG between two 
neurons.

A CCG is generated between the spikes trains of two neurons accumulated over 

different trials. The spikes of one of the neurons are set as reference one-by-one and a 

histogram is then computed for the spikes of the target neuron in relation to the reference 

spikes. This histogram is termed a cross-correlogram. Figure  2 shows the cartooned 

progression of how a CCG is generated between the spike trains of two neurons under 

observation.  The spikes  of  neuron A are  set  as  reference,  and then we observe when in  

time, the spikes of target neuron (neuron B) fall in the histogram. First (Figure  2 A), the 

first spike of neuron A (reference) is aligned at the time zero in the CCG (green broken 



line). By doing so, the spikes of neuron B are filled in the CCG in relation to neuron A 

(Figure 2B). Gradually, by keeping every spike of neuron A as reference, the CCG is 

consequently filled up (Figure 2C). Thereafter, we observe when in relation to the spikes 

of neuron A, the spikes of neuron B most likely occur (this is calculated as a probability). 

For example, in Figure 2C,  the maximal discharge for neuron B occured at time 0 + t. 

That is, when the neuron A fires at time zero, neuron B most likely fires at time 0 + t in 

relation to the spikes of neuron A. Figure 2D shows an example of an almost completely 

filled CCG.

Figure 3. Interpretation of a cross-correlogram (CCG). (A) Target neuron projects 
onto the reference neuron. (B) Reference neuron projects onto the target neuron (C) 
Common input to both neurons.

Once  the  CCG  between  two  neurons  is  computed,  the  next  step  is  to  interpret  it.  

Figure 3 explains the CCG analysis in a cartooned form. In Figure 3A, the spikes of 

neuron A are reference, and the spikes of neuron B are target. Since the histogram peaks 

before zero, this signifies that neuron B projects onto neuron A. This means that, the 

neuron B fires before neuron A, whereas it is otherwise in Figure 3B

-

ms) could be observed (Buzsaki, 2010). A significant peak within 5 ms offset from zero 

might reflect a putative relatively direct physiological connection between neurons 

(Perkel et al., 1967; Bartho et al., 2004; Denman & Contreras, 2014), because when one 

neuron fires and makes the another neuron fire, it usually takes 2-3 ms to communicate 

the message after it releases a neurotransmitter. Figure 3C corresponds to a common 

input to both neurons from other neuron(s) in the circuit since the CCG  peaks at zero 



(Perkel et al., 1967; Denman & Contreras, 2014). The probability (p) of the connection 

between neurons can be computed from the significant peaks in the CCGs which is an 

indication of strength of the connection between neurons. Moreover, depending upon the 

physiology of the neuron, these connections can further be identified as exictatory or 

inhbitiory (Bartho et al., 2004; Fujisawa et al., 2008).

In short, by computing CCGs, one can reveal the functional-links and peak-

probabilities (strength of connection) in response to a presented feature, either locally or 

distally in brain.

1.5 Visual system of the cat: Organization

1.5.1 Overview 

Vision is one of the elementary senses that animals possess, and eyes are the 

incredible sense organs which act as an interface for us to interact with the external visual 

world, and behave accordingly in response to it. Since the pioneer investigations of Hubel 

and Wiesel on the cat visual cortex, wherein they discovered the orientation columns, 

cats have served as important animals of interest to understand the brain, primarily 

because of their high performance visual system that exhibits similarity to primates (Fox 

& Blake, 1971). In fact, a great deal of our knowledge about the neurophysiology of 

vision has come from the investigations on the cat visual system (Blake,1979; Swindale, 

1997)

The cat visual cortex is divided mainly into three visual modules, namely, the primary 

visual cortex (Brodmann area 17 or V1), the secondary visual cortex (Brodmann area 18 

or V2), and Brodmann area 19 (Blake, 1979; Felleman & Van Essen, 1991). The 

information encoding job is divided between these specialized regions and they process a 

multitude of information (such as orientation, spatial frequency etc.) resulting from the 

intricate networks within and between these involved areas (Schmolesky et al., 1998; 

DiCarlo & Cox, 2007; DiCarlo et al., 2012). 



The cat visual cortex is arranged into domains of selectivity (e.g. the primary visual 

cortex is partitioned into orientation columns) neurons sharing orientation selectivity 

are co-localized (Hubel & Wiesel, 1962; 1968; Kaschube et al.,  2010).  That  is,  cells  

responding optimally to an orientation are grouped together into columns. 

Classically, an electrode(s) is lowered into the area of interest in the brain to record 

the neural activity either in extracellular or intracellular fashion in response to a presented 

feature (that is, by stimulating neurons using different stimuli). The animals can be 

paralyzed during the experiment or the activity can even be recorded in awake, behaving 

animals. In the latter case, animals have to be trained for specific experiments. Notably, 

recently developed techniques multi-electrode arrays, microscopy in conjunction with 

molecular techniques, imaging and optogenetics are currently being applied to study 

animal behavioral patterns (Kampa et al., 2011; Ko et al., 2011; Alivisatos et al., 2012; 

Leergaard et al., 2012; Tye & Deisseroth, 2012).

1.5.2 Lateral Geniculate Nucleus (LGN)

The cat LGN is a well defied laminar structure that consists of three major layers: 

dorsal, ventral and middle layers. They receive information from the retinal ganglion 

cells (Gilbert & Wiesel, 1979; Blake 1979) and pass on the information to the visual 

cortex.

1.5.3 Visual cortex

In cats, the axons of the LGN neurons project to the visual cortex. Visual pathways 

originate in the occipital lobe at the back of the brain; however some pathways originate 

in the parietal and temporal lobes too. The cat visual cortex is divided into three main 

visual areas: areas 17, 18 and 19. The areas 17 and 18 are also known as the primary 

visual cortex (V1) and the secondary visual cortex (V2) respectively (Blake,1979; 

Swindale, 1997). Area 19 comprises the associate visual areas. In addition to these areas, 

the cat visual cortex has another notable area that responds to visual stimulation. This is 

distinguished as the lateral wall of the suprasylvian gyrus (Clare & Bishop, 1954). 

Besides receiving inputs from the LGN, these areas are reciprocally connected to each 



other (Swindale, 1997). A visual cortex is located in each hemisphere of the brain. The 

right visual cortex receives information from the left visual field, and the left visual 

cortex receives information from the right visual field. These areas form two major visual 

pathways in the brain that run parallel to each other in the visual system, and are 

inevitable for the coherent presentation of an object in the brain. These two routes are: the 

ventral pathway and the dorsal pathway (Grady et al., 1992; DiCarlo et al., 2012). The 

ventral pathway ends in the temporal lobe and is implicated in the processing of object 

recognition (color, shape) including faces; whereas, the dorsal pathway which ends in the 

parietal lobe relates to the spatial vision (action/location) of an object (Milner, 1974; 

DiCarlo et al., 2012). In other words, the dorsal pathway is associated with processing of 

action in space.

1.5.4 Primary Visual Cortex (V1)

The cat primary visual cortex (V1) or Brodmann area 17 is one of the major areas of 

the neocortex which receives input from the retina. It is the major gateway to sensory 

information in cortex as thalamic relay cells project onto it (Gilbert & Wiesel, 1979). The 

primary visual cortex is organized into domains of specificity neurons are clustered 

into specific columns with similar receptive fields (Hubel & Wiesel, 1962; 1965; Blasdel 

& Salama, 1986). 

The cat primary visual cortex is divided into six layers, namely: I, II, III, IV, V, VI 

(Hubel & Wiesel, 1968). Each layer is characterized with specific cell types. Though 

numerous types of cells are present in these layers, but physiologically cells can be 

classified broadly into pyramidal cells and interneurons (Niell & Stryker, 2008; 

Bachatene et al., 2012; Vinck et al., 2013). Layers II, III, V, VI mainly contain the 

pyramidal cell types, whereas, layer IV consists of stellate cells. The LGN neurons 

project onto layer IV stellate cells (similar concentric receptive fields as to LGN 

neurons), though recently authors (Constantinople & Bruno, 2013) have demonstrated in 

rats that deeper cortical layers can be directly driven by thalamic input, suggesting that 

layer IV is not an obligatory intermediary hub of information pathway through the 

primary cortex. The layer II/III neurons display a radical transformation of receptive 



fields wherein cells fire maximally to the presentation of an edge or a bar within their 

receptive fields (Hubel & Wiesel, 1959). Besides, visual neurons also have other 

characteristic fundamental properties, namely direction selectivity of layer IV

neurons, and the selectivity for spatial frequency (Hubel & Wiesel, 1959; Movshon, 

1975). Though the occurrence of spatial frequency maps is debatable, but recently 

authors have also demonstrated the occurrence of spatial frequency maps (Nauhaus et al., 

2012; Ribot et al., 2013). There is another system of columnar organization in the cat 

visual cortex that relates to the afferent-separation from both eyes the ocular 

dominance columns. An ocular dominance column corresponds to the cortical tissue that 

is alternately occupied by afferents either from the left eye or the right eye (Shatz & 

Stryker, 1978; Adams et al., 2007). The ocular dominance columns are particularly 

defined at the cortical layer IV to which the axonal endings of the LGN neurons

project. In summary, the visual cortex is systematically organized into the maps of 

specific functional connectivity (orientation, ocular dominance, temporal frequency).

1.5.5 Secondary Visual Cortex (V2)

The secondary visual cortex (Brodmann area 18), which is also known as the 

prestriate cortex receives information from the V1. V2 exhibits strong reciprocal 

connections with area V1 (Symonds & Rosenquist, 1984; Salin et al., 1995; Swindale, 

1997) and projects strongly onto downstream area 19 (Blake 1979). Neurons in V2 share 

many of the properties with V1 area neurons (Blake, 1979; Bonhoeffer & Grinvald, 1993;

Swindale, 1997), though they also have many differences (Sengpiel et al., 1998; Kapadia

et al., 1999; Bair et al., 2003). The major difference between V1 and V2 is that V1 

receives its majority of input from the LGN, whereas V2, in addition to the input from the 

LGN, also receives input from the V1. That is, V1 and V2 have reciprocal relationships 

with each other (Symonds & Rosenquist, 1984; Cattan et al., 2014).

1.6 Receptive fields and neuronal selectivity 

The receptive field of a neuron is classically defined as a region in space in which the 

presence of a feature evokes maximum neuronal responses, that is, there is an 

augmentation in the firing of a neuron. The term was first coined in by Charles 



Sherrington in 1906 (Sherrington, 1906). Neurons in the somatosensory system, the 

auditory system and the visual system have structured receptive fields. In other words, 

they are selective to a specific range of stimuli. Empirically, receptive fields are 

characterized by fixing the animal in space and presenting the feature systematically. 

Thus, contingent upon the stimuli presented in the receptive field, the selectivity of a 

neuron can be inferred that is, to what feature the neuron fires maximal number of

action potentials. For example, if a series of drifting sine-wave gratings tilting gradually 

in small angles is presented randomly to a primary visual neuron, it may respond best to a 

specific angle. In this framework, the neuron is selective for that angle or orientation. A 

Gaussian curve is fit on neuronal responses as a function of orientation to infer the 

precise value of neuronal orientation tuning (Swindale, 1998). In a similar fashion, other 

properties (spatial frequency, temporal frequency, speed, color etc) of neurons can also 

be characterized (Movshon, 1975; Heywood et al., 1992). 

In  the  visual  cortex  of  cats,  based  on  the  receptive  field  properties,  cells  in  these  

layers can be categorized as simple, complex and hyper-complex cells (Hubel & Wiesel, 

1962; Gilbert & Wiesel, 1979). This classification is based on as to how neurons in these 

layers respond to dark or light edges (Hubel & Wiesel, 1962). Simple cells which were 

discovered by Hubel and Wiesel are mainly found in layers IV and VI of area 17 having 

ON-OFF  sub  fields.  In  other  words,  they  respond  to  ON  or  OFF  stimuli  within  their  

receptive fields and have flanking excitatory and inhibitory areas, that is, if  a stimulus is 

present overlapping the excitatory and inhibitory areas, it would fail to evoke a strong 

response. Complex neurons do not have defined ON or OFF sub-fields, and a stimulus 

presented anywhere in the receptive field evokes a response, that is why complex cells 

have larger receptive fields than the simple cells. In other words, a complex cell does not 

exhibit adjacent excitatory and inhibitory zones within its receptive field. Layer II/II 

neurons are almost exclusively filled with complex cells (Gilbert & Wiesel, 1979). 

Hyper-complex cells which were discovered by Hubel and Wiesel in 1965 appear to 

on it, that is, a hyper-complex cell transcends the behavior of a complex cell. When a line 

is presented within the receptive field of a hyper-complex cell, its response starts to 



decline beyond a specific length of the line because of the antagonistic excitatory and 

inhibitory regions (Hubel & Wiesel, 1965).

1.7 Physiological classification of cells 

Since the encoding job is divided amongst each neuron (or a selected group of 

neurons), one needs to associate the neurons implicated in the coherent encoding of 

various features (often very contrasting) present in an image to the obtained signal. In the 

cortex, there are mainly two different kinds of neurons, namely: the pyramidal cells that 

are excitatory in nature and the inhibitory interneurons that inhibit the activity of other 

neurons (Cardin et al., 2009). Therefore, it becomes important to examine the isolated 

neurons and relate them to the signal within the context of an experiment. 

Electrophysiologically, based upon the ascending slope of the spike-waveform, neurons 

can be categorized into the regular spiking (RS) and the fast-spiking neurons (Niell & 

Stryker, 2008; Bachatene et al., 2012; Vinck et al., 2013). The RS neurons can be 

putatively linked to the pyramidal neurons, whereas the FS neurons may be associated to 

the inhibitory interneurons (Niell & Stryker, 2008; Bachatene et al., 2012; Vinck et al., 

2013). Notably, in cats the dissociation of the interneurons and pyramidal cells based 

upon spike-width is not entirely possible as a fraction of pyramidal neurons may show the 

fast spiking pattern (Nowak et al., 2003). Therefore, one has to be cautious while 

interpreting the data based on ascending-slope discrimination of spike-waveforms in cats. 

The  major  difference  between  an  FS  and  an  RS  is  that  the  FS  has  a  steeper  ascending  

slope than the RS (Niell & Stryker, 2008). In other words, the FS spike-width is smaller 

than the RS spike-width.

1.8 Similarity with the higher vertebrates

A majority of the sensory information (80%) that we receive is through our eyes. 

Characteristically, the cat visual system appears to exhibit similar properties among 

various species (Tyler et al., 1998; Kaschube et al., 2010), even with humans. Although 

neurons are dispersed in a salt-and-pepper fashion (lack the orientation columns) in the 

visual cortices of lower vertebrates (e.g. rats and mice), yet they exhibit neuronal 

selectivity.  In  other  words,  many  axes  of  orientations  are  interspersed  in  a  small  tissue  



volume in lower vertebrates (Ohki et al., 2005; Van Hooser, 2007). However, in many 

respects the properties of cat visual neurons are similar to the primates. The receptive 

fields in the retina and the LGN are concentrically arranged in cats and monkeys (Blake, 

1979; Swindale, 1997). Moreover, the X and Y classification follow the same rules in 

monkeys as in cats (Dreher et al., 1976). In the cortices, the same array of neuronal types, 

that is, simple, complex and so on are found in primates as in cats (Hubel & Wiesel, 

1968). In a similar fashion, through cat and human psycho-physical experiments, it has 

been well established that the human visual system shares the generalizations with the cat 

visual system (Blake, 1978). The only major difference being that the human visual 

system has much better color-discrimination power than the cat visual system (Loop & 

Bruce, 1978). Because of the striking similarity of the cat visual system to the primates, 

cats have been a favorite model for neuroscientists to study and investigate many aspects 

of the brain functioning.



CHAPTER 2.  HYPOTHESIS AND OBJECTIVES

If a tree falls in a forest and no one is around to hear it, does it make a sound?

George Berkeley

2.1 Hypothesis

Indeed, from the literature, it appears that it is of immense importance to understand 

the dynamics of a stimulus-encoding assembly. The various types of neurons (as 

discussed above) in the brain principally coordinate locally (Hellwig, 2000; Frick et al., 

2008; Brown & Hestrin, 2009; Petreanu et al., 2009; Kampa et al., 2011; Ko et al., 2011; 

Perin et al., 2011; Miller et al., 2014; Carrillo-Reid et al., 2015; Sadeh et al., 2015), 

therefore, first, it is imperative to understand these local networks. Vision is an important 

sense that animals possess to interact with the environment, and the visual cortex is 

perhaps the most studied area of the brain in mammals. Nevertheless, the understanding 

of its neural circuits still eludes us. Thus, it is interesting to ask how neural circuits in 

visual cortex frame visual receptive fields.

As discussed above, orientation selectivity is a fundamental property of layer II/III 

primary visual neuron (Hubel & Wiesel, 1959). Neurons are arranged into orientation 

columns in cats. When a series of random drifting sine-wave gratings are presented tilting 

systematically within the receptive field of neurons under observation, orientation 

selectivity of neurons can be easily determined. Therefore, orientation was chosen as the 

tested stimulus because the functional connectivity could easily be inferred in relation to 

the property of the neuron. How a networking cell-assembly is organized within layer 

II/III orientation-selective neurons in response to different stimuli? This is the major goal 

of my investigation. To answer this question, neural activity from layer II/III neurons was 

recorded in anaesthetized cats using tungsten multi-electrodes.

Many studies (Fujisawa et al., 2008; Miller et al., 2014; Schwindel et al., 2014) have 

investigated the functional interactions (on milliseconds scale) between the 

simultaneously recorded neurons in a bimodal fashion (either locally or distally in the



brain in relation to the stimulus or a very dissimilar condition, e.g. natural vs. artificial 

stimuli or stimulus vs. spontaneous conditions). However, until now, there has not been 

any report that has investigated the temporal relationships between neuronal impulses 

(indicative of functional interactions) in cell-assemblies in relation to the systematic 

change of a very similar stimulus. Simply speaking, how a functional network is selected 

in response to a particular feature by a cell-assembly. 

Several techniques (Sporns et al., 2005; Buzas et al., 2006; Fujisawa et al., 2008; 

Hagmann et al., 2010; Kampa et al., 2011; Ko et al., 2011) such as optical imaging, 

fMRI, calcium imaging are employed to study the activity of neurons in response to a 

stimulus, however, the information from most of these techniques (except calcium 

imaging) is mainly global, and does not comprehensively reflect the patterns of fine-scale 

cell-assembly networks. In most cases, these methods do not allow measuring functional 

relationships between cells on a millisecond scale. In other words, no doubt they provide 

us information about the global activity of neurons, but fail to reveal the connectivity 

between neurons. Assuming that a synaptic delay is 0.5 ms and by adding the

conductance time, one may assume that a peak disclosed within a time-window of 5 ms 

in a CCG is indicative of a relatively direct functional relationship between two neurons. 

Thus, the CCG strategy will be used to reveal the functional connections between cells, 

the relative weight of these connections, and their modifications when the stimulus 

condition changes. 

2.2 Objectives:

The above hypothesis leads to the following objectives:

1. To study the functional dynamics of an assembly. Indeed many studies have 

proposed that network selection/formation is fundamental to encoding in distributed 

cortical networks. Therefore, the major goal of the investigation will be to reveal these 

carefully knit networks in relation to the stimulus (the systematic tilt of drifting sine-

wave grating). The CCG strategy will be employed to reveal the functional networks and 



the strength of connections at each presented orientation between the neurons comprising 

an assembly, that is, neurons recorded simultaneously. The role of different neuronal

types and the structure of noise correlations will also be investigated.

2. To investigative the gamma oscillations in functional networks. Gamma 

oscillations are ubiquitous in brain across species. However, there is a debate on their role 

in cortical networks, especially due to their weak power. The dynamics of cortical 

ensembles is still not very well known. Another major goal of the investigation will be to 

analyse the gamma oscillatory power in emergent functional networks activated within 

these ensembles. 

The neural-codes are still a highly debated question in the neuroscience 

community. As this study is targeted to understand the stimulus encoding by an 

assembly, this will be an important step further in unravelling the dynamics of emergent 

sub-networks in the visual cortex. Specifically, it will help in the understanding of the 

contribution of the temporal code within these functional microcircutis. Further, the in-

vivo results could be used as a premise for comprehending the size of population codes 

using computational methods.

Neuronal circuits often go haywire in a diseased or a damaged brain. Therefore,

understanding how the neuronal circuits function is immensely important, not only for 

fundamental reasons but equally inevitable for medical interventions, e.g. in the brain 

disorders. One of the central problems in any brain disease is that neurons lose their 

original functional properties and attain behaviours that are specific to the altered 

architecture, network, oscillations or state of the brain (Watson & Buzsaki, 2015). For 

example, an epileptic neuron fires action potentials well beyond the normal 

depolarization levels in healthy neurons. As a consequence of this change in properties, 

the neural syntax is perturbed. In fact, comprehending brain signals in form of networks 

may help in better understanding of the disease, in its diagnosis and therapy. As markers 

of collective behaviour of neurons in groups, they can be employed as specific inputs in 

damaged brain area to recalibrate the circuitry to proper functional mode.
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8. GENERAL DISCUSSION

One must still have chaos in oneself to be able to give birth to a dancing star.

Friedrich Nietzsche

This thesis investigated ensembles in the primary visual cortex of anaesthetized 

cats. The main findings of the current investigation are: 1) Neurons in these ensembles 

cooperate synergistically in a 50-ms window of opportunity. 2) Within these ensembles, 

the connected neurons exhibit high gamma power compared with the unconnected 

neurons in the 50-

activated at every presented orientation within an ensemble. 4) The connected neurons 

systematically display high noise correlation than the unconnected neurons within these 

ensembles. 5) The orientation selectivity index (OSI) of neurons is systematically related 

to the power of oscillations in the low- and high-gamma bands. 

8.1 Methodological considerations

8.1.1 State of the animal

Anaesthetized animals have widely been used as models to study the

brain. Anaesthesia affects the frequency of neuronal discharge in principle, neurons 

fire more sparsely, that is, with lower firing rates during anaesthesia than in behaving 

animals (Barth & Poulet, 2012). Indeed, many reports have documented that oscillatory 

activity that potentiates neural synchronization can be recorded in anaesthetized 

animals (Gray et al., 1989; Gray & Singer, 1989). One may also argue as to whether 

these revealed micro-connectomes and the spread of gamma oscillations between neurons 

resulted from the co-stimulation of neurons. In other words, were the connections 

artificially induced between neurons because of simultaneous stimulation? As mentioned 

above, the CCG strategy was employed to disclose the functional connections between 

neurons. It is to be underlined that the spike trains of neurons were shifted by a few trials 



to remove the stimulus-locked and evoked components. Moreover, the targets were 

applied in a random fashion to eliminate the notion of anticipation in the brain. On a 

different note, it has also been reported that spontaneous oscillations in anaesthetized 

animals could induce correlations between neuronal firing (Poulet & Petersen, 2008). 

However, only a few connections were divulged at the spontaneous activity. Moreover, a 

salient network was activated within an ensemble in response to a stimulus that remained 

stable over a period of time; the closely tuned neurons exhibited vigorous connectivity 

with augmented synergy; the connected neurons displayed heightened gamma activity 

than the unconnected neurons. Furthermore, as the synergistic cross-influence was 

effected within a relatively brief time-window of 50 ms, such a short epoch cannot 

accommodate spontaneous fluctuations of response modulations. All these trends along 

with other systematic patterns point to the fact that, indeed, the emergent functional 

micro-connectomes were strictly related to the applied orientation.

8.1.2 Spike sorting from the multiunit activity

The sorting of spikes from the multiunit activity is an important step in careful 

separation of neurons. Indeed, when many neurons are isolated from a microelectrode, 

one has to be cautious in determining the validity of a neuron because of the overlapping 

spikes and the bursting of neurons (Quiroga, 2012; Rey et al., 2015). To further confirm 

the individuality of sorted spikes, autocorrelgrams (ACG) and principal component 

analysis (PCA) were computed (Csicsvari et al., 1998; Bartho et al., 2004; Fujisawa et 

al., 2008). A blank period at zero time-lag in the ACG verified the refractory period of a 

neuron, whereas the PCA analysis ascertained a separate cluster corresponding to a spike 

within a Mahalanobis distance of 2.5.

8.1.3 Response output and CCGs 

The CCG computation depends upon the number of spikes accumulated over the 

stimulus-duration to detect significant peaks. As described earlier, anaesthesia may also 

suppress the activity of neurons (de Kock & Sakmann, 2009; Barth & Poulet, 2012). In 



this study, the responses were accumulated over 25 trials, each of which lasted 4.1 sec. 

This experimental time was relatively long to collect sufficient spikes for CCG 

generation. Indeed, in these findings, the connected and unconnected neurons exhibited 

comparable firing rates. This suggests that neurons fire in systematic time-relationships 

with  each  other  irrespective  of  the  firing  rates.  However,  the  possibility  of  some  

connections having gone undetected cannot be eliminated.

8.2 The stimulus encoding assembly and its characteristics

A prevalent hypothesis in neurosciences is that ephemerally active cohorts of neurons 

termed 'cell-assemblies' are fundamental to information processing in the brain from 

encoding memories, to behaving, to reasoning or, in general, to almost everything (Drew

et al., 2008; Buzsaki, 2010; Garner & Mayford, 2012; Harris & Mrsic-Flogel, 2013; 

Herry & Johansen, 2014; Shimono & Beggs, 2015). However, a consensus on emergence 

and disbanding of these assemblies is an elusive 'Holy grail' for neuroscientists. Indeed, 

since the proposition of cell-assembly theory by Donald Hebb until now, many 

investigations (Csicsvari et al., 1998; Bartho et al., 2004; Fujisawa et al., 2008; Buzsaki, 

2010; Kampa et al., 2011; Ko et al., 2011; Denman & Contreras, 2014; Carrillo-Reid et 

al., 2015) have sought to examine the origins and dynamics of these assemblies, and it 

appears that we are on the verge of disclosing these carefully knit neural processes. It is 

to be underlined that, within the context of this thesis, simultaneously recorded neurons 

from a microelectrode were termed an assembly or an ensemble. This type of encoding 

by neuronal assemblies has been defined as the distributive system of encoding 

(Bernardet & Verschure, 2010; Buzsaki, 2010; Molotchnikoff & Rouat, 2012; Behrmann 

& Plaut, 2013). Within the framework of distributive encoding, the results of this 

investigation have been discussed below.

8.2.1 Synergy and the 50-ms window of opportunity

In the first part of this investigation it was revealed that, within V1 ensembles, a 

neuron impinges significantly upon the activity of its companion neuron(s) for about 50-



ms period. This synergistic cross-influence was shown to be systematically higher for the 

connected neurons compared with the unconnected neurons in these ensembles. Further, 

the synergy between the connected neurons decreased as a function of the orientation 

spread of neurons In addition, these connected neurons were swayed by an increase in 

the gamma oscillatory power compared with the unconnected neurons. Indeed, this 

augmented oscillatory power coincided with the 50-ms window of opportunity for 

synergistic cross-influence between them.

The visual cortex is involved in many tasks besides only object recognition (DiCarlo 

& Cox, 2007; DiCarlo et al., 2012). These include tracking of the object, obstacle 

avoidance, grasping and many other tasks. To accomplish these tasks, studies on 

monkeys and humans suggest that it may take less than 200 ms to fully recognize the 

image, even without any attentional pre-cuing (Fabre-Thorpe et al., 1998; Keysers et al., 

2001; Rousselet et al., 2002)

identify and process any vision related task. This has been ter

by DiCarlo and Cox (DiCarlo & Cox, 2007). Moreover, this time period also coincided 

with the saccadic eye movements (Rubin & Turano, 1992; McMahon et al., 1993). The 

information about the image is processed and conveyed through a retinotopic hierarchical 

stream in the visual system (Felleman & Van Essen, 1991; DiCarlo et al., 2012). Within 

the conventional information flow from the thalamus (LGN) to the cortex, the first 

visually triggered response is recorded at about 50 ms from the retina (Felleman & Van 

Essen, 1991; Schmolesky et al., 1998; DiCarlo et al., 2012). The successive visual areas 

are systematically lagged by about 10 ms time interval. Therefore, it appears that the 

representation of an image does not stay any longer than 50 ms in any given cortical 

regime (Schmolesky et al., 1998). Authors (Maunsell & Gibson, 1992; Logothetis et al., 

1994; Desimone & Duncan, 1995; DiCarlo et al., 2012) have suggested that, it takes 

about 100 ms since the point image-photons impinge upon the retina until the first wave 

of activity hits the IT. This phenomenon encompasses a combination of intra- and inter-

area processing of the visual image. Moreover, investigators have also previously 

postulated that 50-ms time window is sufficient to encode t



about the stimulus (Maunsell & Gibson, 1992; Rolls & Tovee, 1994). In fact, this 

characteristic time-period is even large enough to process any complex stimuli.

The recordings in this study were performed in layer II/III of V1 in cats. Indeed, this 

corresponds to one of the layers of the visual flow as discussed above. Within the 

framework of a distributive system (Bernardet & Verschure, 2010; Molotchnikoff & 

Rouat, 2012; Behrmann & Plaut, 2013), specific intra-area computations between 

neurons are responsible for the processing of information through this stage, that is, there 

are dedicated V1 circuits for information retrieval from the image. A selected group of 

cells within an ensemble that exhibits synergistic collaboration may be entrusted with 

major and specific roles within the circuit. Reports have suggested that, within 

ensembles, there is a core group of neurons which is always active, and neurons 

comprising it are strongly connected to each other (Barth & Poulet, 2012). Hence, the 

redundant information routing resulting from enhanced connectivity between these 

neurons may lessen the communication ambiguity within the circuit. The 50-ms window 

creates an opportunistic epoch for the synergistic coupling between neurons within 

this period of augmented excitation, the gates are open for the recipient assemblies to 

process the feature (Nadasdy, 2000; Tiesinga & Sejnowski, 2009; Wang et al., 2010) and 

even transmit the information downstream (Tiesinga & Sejnowski, 2009; Siegle et al., 

2014). Such a model would only drive the information through the selection of specific 

routing channels within an assembly and obliteration of irrelevant inputs. In short, within 

this framework, the stimulus-dependent saliency of a microcircuit is promoted.

8.2.2 Gamma oscillations: the waves that an assembly rides on

the brain are believed to be inevitable 

substrates of information processing across species (Buzsaki & Watson, 2012; Fries, 

2015); however, their roles, origins and exact mechanisms are yet to be completely 

understood. On the other hand, there is even a contentious debate (Brunet et al., 2014; 

Ray & Maunsell, 2015) on the role of gamma oscillations, as at times it is difficult to 



empirically measure their strength, mainly because of their weak power. Undoubtedly, it 

seems that the causes of this debate have to be investigated in-depth.

Many decades ago, a hypothesis (binding-by-synchrony) emerged that rests on the 

principle that a particular group of neurons within an ensemble synchronizes its spikes 

within gamma oscillations for stimulus encoding (Milner, 1974; Singer, 1999; Salinas & 

Sejnowski, 2001). A peak straddling zero in the CCG is defined as precise synchrony 

(Singer, 1999), however, quasi-synchronous peaks indicating functional connections may 

also emerge in CCGs (Fujisawa et al., 2008; Schwindel et al., 2014). The backbone of 

neuronal communication through gamma oscillations underlines the importance of 

neuronal synchronization (Singer, 1999; Fries, 2015). Fries, in his latest communication 

through coherence (CHC) hypothesis (Fries, 2005; 2015) has formulated that an activated 

neuronal group engages in rhythmic synchronization, wherein excitation and inhibition 

flow in short temporal windows. Put simply, if two spike trains are coherent, that is, 

when they spike together within a coincident temporal window, they most likely will 

have effective connectivity. On the other hand, if inputs arrive randomly within the 

excitatory cycle, most likely the neurons will have lower effective connectivity.

In this investigation, using spike-triggered PSTH analysis, it was revealed that the 

reference neuron in a connected neuron pair in an assembly modulates the response of the 

target neuron, and switches it into the gamma oscillatory band with enhanced power.  On 

the contrary, the unconnected neurons within these ensembles fail to exhibit such 

tendency the power of gamma oscillations was much lower than the connected pairs. 

It is to be noted that all of the neurons were activated with the same stimulus. 

Furthermore, it was observed that there was an augmented coherence for the connected 

pairs compared with the unconnected pairs. These findings almost exclusively fit the 

CHC hypothesis (Fries, 2015). Indeed, when there is a systematic quasi-synchronous 

time-relationship between neuronal spike trains (that is, when one neuron makes another

neuron fire), coherence emerges momentarily between their respective spike trains, 

eventually leading to the higher power of gamma oscillations between them. And as 

revealed before, all these dynamics occur within a 50-ms window of opportunity (that is, 

the input and output gates are open at the same time for neurons to collaborate) which is 



almost indispensable for the coincident flow of excitatory and inhibitory loops (Tiesinga 

& Sejnowski, 2009; Siegle et al., 2014). In short, gamma oscillations systematically 

emerge between the connected neurons in emergent circuits. This also suggests that, in 

general, different oscillatory rhythms originate from this systematic phase-relationship 

between neuronal firing.

8.2.2.1 Reconciling the debate on gamma oscillations

As mentioned already, there is a debate on the role of gamma oscillations in the 

cortex (Brunet et al., 2014; Ray & Maunsell, 2015). This may be due to the fact that their 

power is usually inconsistent and weak. Moreover, they have a low dependence on low-

level features of the stimulus, and even problems related to the conduction delays and 

contamination due to the spiking activity (Brunet et al., 2014). In short, their occurrence 

and power depend on several systemic (brain state) and stimuli factors. Traditionally, 

gamma oscillations are measured using electroencephalogram (EEG) or local field 

potentials (LFP). The former employs surface electrodes on the brain, whereas the latter 

is measured using microelectrodes that are implanted within the region of interest in the

brain. Characteristically, both techniques measure the activity of a local population of 

neurons.

By  contrast,  a  different  technique  was  used  to  measure  the  gamma-power  in  this  

investigation. At the outset, neurons (spike-waveforms) were separated from the neuronal 

activity by filtering out the LFPs (below 300 Hz). Understandably, the response output 

was in the form of spikes. Thereafter, the spike-triggered spectrograms were computed 

between the connected and unconnected neuronal pairs within these ensembles. This 

analysis showed a systematic relationship between the classes: the connected neurons 

exhibited high gamma-power, whereas the unconnected neurons displayed low gamma 

power. This dissociation would have been nearly impossible using any other technique. 

Moreover, the gamma peak for the connected neurons shared the synergistic 50-ms 

window of opportunity as revealed in an earlier investigation (Siegle et al., 2014). It was 

also divulged that the spike-triggered gamma was significantly higher than the spike-

triggered gamma at the spontaneous oscillations for the same connected pairs. As a 

matter of fact, the stimulus-triggered gamma (spectrograms generated on the stimulus-



triggered spike trains for all of the neurons) was obvious (weak) but not as pronounced as 

the spike triggered oscillations. Thus, this hitherto unemployed strategy led to the 

unmasking of the power of gamma oscillations between the connected neurons in V1 

circuits. Otherwise, with other techniques, it would not have been possible as the signal 

almost gets neutralized within the population. Thus, this study effectively helps to 

reconcile the debate on gamma. It also appears that gamma oscillations are intrinsically 

generated precursors of information processing within cortical circuits that emerge 

through synchronised activity between neurons in relation to the presented stimulus.

8.2.2.2 Orientation selectivity index (OSI) and gamma power

Recently, it has been shown that a visual neuron exhibits the highest power of gamma 

during the rising phase of the gamma cycle (Womelsdorf et al., 2012). Further, in this 

investigation it was revealed that the power of gamma is modulated systematically in the 

low- and high-gamma bands as a function of the orientation selectivity index (OSI) of 

neurons. The more selective the neuron is, the more power it exhibits in the low-gamma 

(30-40 Hz) band, whereas the least selective the neuron is, the more power it exhibits in 

the high-gamma (60-70 Hz) band.

Many reports have shown that the gamma cycle creates a window of opportunity for 

neurons to collaborate within cyclical loops of excitatory and inhibitory currents (Wang 

& Buzsaki, 1996; Tiesinga & Sejnowski, 2009; Siegle et al., 2014). Within this cyclical 

loop, maximum depolarization occurs at the rising phase of the gamma cycle. The highly 

orientation selective neurons have been linked to the pyramidal cells, whereas the broadly 

tuned neurons have been related to the inhibitory neurons (Bachatene et al., 2012; Vinck

et al., 2013). Collectively this implies that, the sharply tuned neurons depolarize in the 

mean phase of the low-gamma band, whereas the broadly selective neurons depolarize in 

the mean phase of the high-gamma band. Indeed, all orientations are represented on the 

dendritic trees of a neuron (Jia et al., 2010; Bachatene et al.,  2013; Wertz et al., 2015); 

however, a specific input may trigger the drive toward a particular set of synapses, 

thereby tuning the output of the neuron toward that specific orientation resulting in high 



OSI for that neuron. On the other hand, when all synapses are driven equally, this 

cascades into a broadly tuned neuron with high OSI. The highly selective neurons fire 

sparsely and mediate the feed-forward flow; therefore, they have pronounced activity in 

the low-gamma band. On the contrary, the broadly tuned neurons fire with higher rates in 

the high-gamma band and are well-suited for the roles of divisive normalization by 

maintaining the inhibitory-excitatory balance (Carandini et al., 1997; Chance et al., 

2002).

8.2.2.3 Role of the spontaneous oscillations

Fast oscillations (20-60 Hz) are prevalent in the brain, even spontaneously, and are 

an intriguing domain for neuroscientists (Drew et al., 2008). In principle, these 

oscillations persist during sleep or simply in absence of any input to the brain (Massimini

et al., 2004; Chauvette et al., 2011). Although most of the information (action and 

perception) is processed within few milliseconds in the brain, these ultra-slow oscillations 

act on a time-scale of seconds in the brain (different species) as background activity to 

the stimulus-linked activity (Drew et al., 2008). Investigators have linked them to their 

role in various cognitive tasks, inter-hemispheric communication (Nir et al., 2008), 

perception and memory (Marshall et al., 2006; Chauvette et al., 2011).

What is the role of these spontaneous oscillations and what is their genesis?  It is 

important to disentangle their exact mechanisms and roles for a fundamental 

understanding of the brain functions. Cholinergic activation of the cortex, spontaneous 

synaptic release, depolarization-induced changes in the recovery time lasting up to 

seconds, are the causes that have been put forward for their emergence in the brain (Drew

et al., 2008; Nir et al., 2008).

In my study, it was revealed that the ensembles recorded in the presence of a stimulus 

were also active spontaneously. However, they exhibited fewer connections, decreased 

synergism and low power of the gamma oscillations. Indeed, using different techniques 

(Kenet et al., 2003; Han et al., 2008; Mohajerani et al., 2013; Miller et al., 2014), many 



researchers have previously reported in the visual cortex that the same groups of neurons 

are active during visual stimulation and even in the absence of the input. Along with 

these findings and the results from my investigation, it is suggested that spontaneous 

oscillations in the brain always keep the brain prepared (as if a lubricant to a car) to 

receive the sensory input efficiently, and thereby processing it promptly for the organism 

to react immediately. Importantly, these ultra-slow oscillations may emerge from the 

strongly embedded connections between neurons in ensembles, whereas the weakly 

connected neurons may remain synaptically inactive. In other words, the spontaneous 

oscillations originate endogenously from inherently quasi-synchronized strong links 

between neurons. This validates the fact that some boutons remain stable on neuronal 

dendrites, whereas others may dynamically appear and disappear in relation to the lived 

experience (Stettler et al., 2006). These strongly inscribed boutons may be the channels 

of repeating information relay between neurons in absence of inputs, thereby giving rise 

to ongoing oscillations. 

One of the most fascinating facets of the slow oscillations is that their power has been 

reported to be high during sleep (Cox et al., 2014). I speculate that selective 

communication between specific neurons with strong synapses renders the brain the 

opportunity to consolidate the lived experience by filtering out the weaker synapses. As a 

consequence, the experience is carefully stitched in the brain memoir. Notably, in this 

process, the newly active synapses may also be strengthened to give rise to novel 

intrinsically reverberating ensembles.

8.2.3 Interactions between the regular-spiking (RS) and the fast-spiking (FS) 

neurons

There is a variety of neurons present in the brain that play distinct roles in 

information processing (Vinck et al., 2013; Kepecs & Fishell, 2014; Dehorter et al., 

2015). Indeed, the neuronal circuit functioning is dependent upon these specific classes of 

neurons. Neuronal identity is typically established during the youth, and it is generally 

accepted that the fate of a neuron once established, stays with it throughout its life. 



Although, different experiences (such as adaptation) may change its properties (such as 

orientation selectivity in V1) but its role remains the same (Dehorter et al., 2015). With 

the progress in modern techniques, it has now become possible to distinguish these 

different types of neurons (Markram et al., 2004; Niell & Stryker, 2008; Vinck et al., 

2013; Kepecs & Fishell, 2014; Dehorter et al., 2015). Generally, neurons in the cortex are 

categorized into two main classes: pyramidal cells and interneurons. Pyramidal neurons 

are excitatory in nature, whereas interneurons, in general, regulate the flow of excitation 

in the cortex by inhibiting the activity of principal neurons (Cardin et al., 2009; Wang et 

al., 2010). Electrophysiologically, these two distinct types of neurons can be dissociated

from each other based on the ascending slope of their spike-waveforms (Niell & Stryker, 

2008; Bachatene et al., 2012; Vinck et al., 2013). A steeper slope with smaller spike-

width is associated to the interneurons, whereas a neuron with bigger spike-width is 

related to the excitatory neuron (Bachatene et al., 2012).

Inhibitory interneurons are embedded in a web of pyramidal neurons (Wang & 

Buzsaki, 1996; Wang et al., 2010), and it has been documented that specific interactions 

between these two classes potentiate the oscillatory rhythms in the brain (Cardin et al., 

2009). There are three prevalent theories that explain the information processing in 

gamma-bands by recruiting the excitatory (E) and inhibitory (I) populations in the locally 

synchronized cortical motifs (Tiesinga & Sejnowski, 2009). These three distinct 

mechanisms are: the feed-forward (FF) projections, the pyramidal-interneuron gamma 

(PING) and the interneuron gamma (ING). 

The simplest way to achieve synchrony is by the feed-forward coincident inputs from 

the upstream areas, that is, the FF mechanism. In this case, simply, a pool of LGN 

neurons provides coincident input to a pool of L2/3 neurons through L4 neurons. Within 

the ING mechanism, synchrony is fashioned in two distant ways that have been 

confirmed even computationally (Tiesinga & Sejnowski, 2009). First, if all of the 

inhibitory neurons get the input at the same time, this will most likely cause a 

simultaneous increase in their firing rate. If more than average neurons fire in a recurrent 

inhibitory network, this eventually leads to an increased inhibition of the neighbouring 



neurons, thereby delaying their spikes and consequently preparing them to fire 

synchronously in the next cycle of firing. Typically, inhibitory neurons fire at around 40 

Hz (Fujisawa et al., 2008). These neurons can acquire such high firing only when they 

are depolarized by strong excitatory inputs (Whittington et al.,  1995).  In  this  way,  the  

network achieves oscillatory state through synchronous activity of inhibitory neurons. 

Second, when a large number of inhibitory neurons fire randomly with firing rates as low 

as 1 Hz, this pushes the network into an asynchronous state. An external input or drive 

may disturb the asynchronous state and transform the network into an oscillatory rhythm 

(Brunel & Hakim, 1999). Therefore, within the ING mechanism, oscillations could be 

produced either starting from a synchronous or an asynchronous state involving the 

pyramidal cells. In the PING mechanism, the excitatory neurons have to be synchronized 

in order to drive the inhibitory neurons. If inhibitory neurons are not excited, this would 

eventually result in failure of an inhibitory volley.

In this study, based upon the spike-width analysis, it was revealed that a significant 

majority of interactions in the primary visual cortex were between the RS neurons that 

are linked putatively to the excitatory neurons. On the contrary, a minority of interactions 

were found with FS neurons. In parallel, it was also divulged that the RS interactions 

predominantly occur with increased power in the low gamma (30-40 Hz) band, whereas 

the FS-RS and FS-FS interactions were mainly associated to the high gamma band (60-80 

Hz). That is, the former band was linked to the activity of the pyramidal neurons, whereas 

the latter was associated to the putative interneurons. The predominance of RS-RS 

interactions suggests that the low gamma band is simply generated by the feed-forward 

inputs from the upstream areas, that is, it seems that the FF mechanism is the most 

plausible way of acquiring synchrony in the cortical networks. However, the 

simultaneous occurrence of the high gamma band points to the fact that PING gamma

may be involved in generation of the high gamma band. Within this framework, first, the 

RS neurons may collaborate quasi-synchronously between themselves. Once they are 

depolarized enough in a feed-forward fashion, they project onto the inhibitory neurons, 

thereby increasing their firing rate momentarily and consequently opening the top-down 

(activating a feedback loop) gates for the control of excitatory flow. This loop also fits 



within the window of opportunity, as there is a relative phase difference between the 

activity of the pyramidal neurons and the interneurons (Wang & Buzsaki, 1996; Siegle et 

al., 2014). Indeed, a very few inhibitory connections in the current study suggest that the 

pyramidal neuron activity precedes the excitation of inhibitory neurons in V1 

microcircuits.

However, it is to be underlined that, in the cat visual cortex it is not entirely possible 

to classify neurons as excitatory and inhibitory based upon their spike-width (Nowak et 

al., 2003), as a fraction of pyramidal neurons may exhibit fast spiking pattern. Therefore, 

while interpreting the results of the current study, one has to be cautious in exhaustively 

determining the significance of these results.

8.2.4 The importance of noise correlations (Rsc) in an ensemble

Noise correlation (Rsc) is the trial-by-trial Pearson correlation of the firing of two 

neurons in response to the repeated presentation of the same stimulus (Averbeck et al., 

2006; Cohen & Kohn, 2011), and it has been widely employed to study the stimulus 

structure. Rsc simply gives the information about the co-modulation of the spiking 

activity of two neurons, whereas a CCG reveals the functional relationship between 

neurons. Indeed, there has been a contentious debate on the precise nature of noise 

correlations, even at the level of the primary visual cortex investigators have reported 

Rsc ranging from 0.001 to 0.35 across various studies (Averbeck et al., 2006; Gutnisky & 

Dragoi, 2008; Smith & Kohn, 2008; Ecker et al., 2010; Hansen et al., 2012; Denman & 

Contreras, 2014; Ecker et al., 2014). However, all studies have converged to the point 

that nearby and closely tuned neurons exhibit high Rsc. However, there are two 

exceptions to these studies (Ecker et al., 2010; Renart et al., 2010). A striking 

dissimilarity between Ecker et al. (Ecker et al., 2010) and the earlier studies is that in this 

study the stimulus presentation was for about 500 ms with a relatively low mean firing 

rate, which may have resulted in the underestimation of true correlation between neurons.  

Nevertheless, both studies (Ecker et al., 2010; Renart et al., 2010) showed that an 

appreciable number of pairs exhibited correlations on the positive side. Furthermore, 



Ecker and colleagues found Rsc to be significantly high between the closely tuned 

neurons. Clearly, what if all above studies yielded varied values of average Rsc, but they 

are unified by similarities too. This suggests that high Rsc between pairs may certainly 

have an important role to play in the stimulus encoding. 

Many recent reports (Carrillo-Reid et al., 2015; Cossell et al., 2015; Shimono & 

Beggs, 2015) along with my findings, if interpreted collectively, converge to a point that, 

within a space of 100 µm, neurons that project onto each other in a repeating firing 

Rsc between them than their 

unconnecte

the strongly connected neurons exhibit highly correlated responses, whereas the 

unconnected neurons display on average low correlations. 

In experimental conditions, lower firing rate binned into smaller calculation windows 

may further complicate the true estimation of Rsc, as the few related spikes could easily 

be assigned to different bins. This may be particularly valid for neurons interacting quasi-

synchronously (jittered) in microcircuits (that is, within a small cortical distance) because 

majority of neuronal interactions occur within a limited volume. Importantly, because of 

the inherent (established during maturation of synapses) spiking pattern between a neuron 

pair, they may always exhibit similar values of Rsc in response to different set of stimuli. 

However, a stimulus engineers the microcircuit in such a fashion that a cohort of neurons 

(connected) covaries its responses systematically than a group of neurons (unconnected) 

whose firings fall out of the coincident window.

In conclusion, it is important to dissociate the connected and unconnected neurons 

while interpreting the Rsc, because by simply pooling the observed population of neurons 

in an experiment may always mask the contribution of the connected neurons. It may 

especially hold true for populations analyzed over long cortical distances as neurons are 

activated to different degrees over space.   



8.2.5 Emergent functional network: the encoding 'signature' of an assembly

In 1949, the pioneering Canadian neuroscientist Donald Hebb published his book 

'The Organization of Behaviour' in which he put forward his theory of the Hebbian 

learning in cell-assemblies. The central idea of his hypothesis was that neurons that 'fire 

together wire together'. Another important element of his theory was that, within these 

assemblies, when a neuron makes the other neuron(s) fire consistently or repetitively, it 

leads to the strengthening of synapses between them (Hebbs synapse). Milner and 

Marlsburg in 1981 (Milner, 1974; Marlsburg 1981) proposed their theory of 'binding by 

synchrony' in the brain that was further extended by Singer and colleagues in 1989 

(Singer, 1999). The important determinant of this postulation was that, neurons that 

synchronize their action potentials are implicated in binding the features of an image, 

thus its coherent perception in the brain. Indeed, this theory encompassed Hebb's 'fire 

together wire together' principle in that neurons had to be simultaneously active to 

synchronize their action potentials. Recently, Buzsaki (Buzsaki, 2010) suggested a neural 

syntax for information processing in the brain. Fundamentally, in his hypothesis, it is 

important to examine the dynamics of causal relationships and the constellations of 

changing synaptic weights (termed synapsemle by him) between neurons in assemblies to 

understand their encoding phenomenon in form of neuronal output along the brain 

hierarchy. Further, Singer (2013) proposed that, within a reservoir of connections in a 

neuronal assembly, neurons recruit a specific classifier between themselves that is related 

to the input provided to them. Lately, within the framework of the Hebbian assemblies, 

Yuste and colleagues (Miller et al., 2014; Carrillo-Reid et al., 2015) have empirically 

reflected upon the emergence of endogenously active ensembles in relation to specific 

stimuli. Similarly, using transfer entropy, clusters of neurons (equivalent to ensembles) 

were shown to frame functional circuits between themselves (Shimono & Beggs, 2015). 

In a similar fashion, Sadra et al. (2015) have also shown that specific connectivity 

between orientation selective pyramidal cells emerges from a pool of random network in 

relation to a specific input. The weights between pyramidal neurones increase and 

decrease contingent upon the input, thus giving rise to a specific network.



In fact, these previous investigations used different approaches to study the dynamics 

of functional interactions within assemblies. These included the classical 

electrophysiological approaches (Bartho et al., 2004; Fujisawa et al., 2008; Ecker et al., 

2010; Denman & Contreras, 2014), calcium imaging (Miller et al., 2014; Cossell et al., 

2015; Wertz et al., 2015), transfer entrophy (Shimono & Beggs, 2015) and even 

predicting the networks by exploiting the computational tools (Binzegger et al., 2004; 

Buzas et al., 2006). These main hypotheses, recent findings, and many other 

investigations the emergence of functional connections in 

assemblies is an indispensable process for the stimulus encoding.

As already discussed, until now all of the investigations have largely been conducted 

in a bimodal fashion (e.g. natural vs artificial stimuli; stimuli vs spontaneous activity). In 

other words, the ensembles have been explored in response to very dissimilar stimuli. 

Indeed, in day-to-day life, we are bombarded with many different kinds of inputs, from 

very contrasting to even the most subtle ones. Therefore, it is important to examine how 

the brain discriminates these subtle variations. Here, in this investigation, the functional 

network of an orientation selective assembly was detected in response to the systematic 

tilt of an oriented drifting sine-wave grating

network is activated in an assembly in response to a particular orientation that remains 

stable over a period of time. Indeed, as the orientation changes, the connections in an 

assembly may wax and wane contingent upon the input. Moreover, cells may leave the 

assembly or new cells may start participating in the assembly with the novel orientation. 

In addition, the weights of connections may change from one orientation to another 

orientation.

These dynamics encompass most of the characteristics of an assembly that had been 

previously reported or suggested by authors. It entails the concept of synchrony in the

brain (Singer, 1999), that is, the revealed quasi-synchronous functional links. The 

participation of newly active cells in relation a specific input hints at the transition of a 

neuron from one ensemble to another ensemble within the framework of a Hebbian 

assembly (It is to be noted that a Hebbian assembly is defined as transmission of 



information between different constellations of neurons termed ensembles). The reader-

centric definition of assembly postulated by Buzsaki (Buzsaki, 2010) also seems to fit 

well for the functionally active assemblies divulged in the current study. According to 

him, neurons become ephemerally active in time to produce a downstream effect, 

wherein synchrony is the major modus operandi by which they achieve this. However, 

this synchrony is only meaningful if it is read by a mechanism downstream. That is, there 

must be a reader-classifier mechanism to receive this input from the upstream assembly. 

He suggested that even a small neural network can give rise to multiple firing patterns. In 

my study, a uniquely activated network in relation to an orientation is a reflection of his 

hypothesis. He implies that, it is the calibration of synaptic weights (synapsemble) in an 

assembly which is the most important phenomenon for the stimulus encoding. In short, a 

particular synapsemle will project onto a specific reader, that is, a specific input will be 

processed in a certain fashion by an assembly. If the weight of the assembly changes, it 

may activate another reader in the downstream assembly. Importantly, these events 

should occur in a meaningful window for synaptic integration, such as the 50-ms window 

of opportunity revealed in this investigation. Further, these findings very well 

accommodate the suggestions that the recruitment of a specific network from the 

functional lexicon of an assembly is strictly related to an input (Singer, 2013; Sadeh et 

al., 2015). In fact, some connections were frequently active from one orientation to 

another (although with changing strengths) implying that, within an assembly, there is a 

core group of cells (Barth & Poulet, 2012; Cossell et al., 2015) that may always exhibit 

enhanced connectivity and synergism than its companion neurons. The frequently active 

(strong) connections may be the main junctions of information encoding within an 

assembly, whereas the changing connections (adaptable) may confer flexibility to an 

ensemble in order to receive and learn various inputs. This study also supports the finding 

by Miller et al. (2014) in that the evoked and spontaneously active ensembles are same 

(neurons comprising ensembles were active in relation to the input as well as ongoing 

that is, 

the recurrent firing pattern of neurons, as documented in a recent finding by Carrillo-Reid 

et al. (2015). In a similar way, these revealed functional connections can be compared to 



the links that were divulged using transfer entropy paradigm by Shimono and Beggs 

(Shimono & Beggs, 2015).

In short, all above findings and this study can be compared to each other. 

Collectively, they support the evidence that a functionally salient assembly is the neural 

signature of its encoding mechanisms. The intriguing interplay of an assembly in relation 

to the systematic tilt of the orientation throws light upon the dynamics of an assembly, 

and suggests that even subtle changes may drastically reconfigure the neuronal networks.  

8.2.5.1 But why specific functional networks?

There is mounting evidence that chaos persists at the simplest to the most complex 

levels of the nervous system organization (Bob, 2007; Tsuda & Fujii, 2007). "Chaos" in 

general means the formless emptiness from which order springs. Chaos underlines the 

activity patterns for all of the perceptual processes and functions. In other words, it is a 

repository of the 

learned sensory patterns and even learn new patterns (Korn & Faure, 2003). Indeed, the 

brain operates by biasing the external drive toward a particular set of neurons that may 

encode it efficiently through a carefully organized network between them. It has been 

widely reported that within distributed networks, the larger the connectivity matrix is, the 

more redundant the network is. In short, in relation to an input, the more redundant the 

network is (in other words, salient or specific), the more readily the information is 

processed within the circuit. Therefore, the saliency of a functional network renders an 

ensemble the opportunity to process and pass the information to the next level with 

minimal latency.

8.2.5.2 Size of assemblies

Indeed, one can record several hundred neurons simultaneously in the cortex;

however, this involves recordings over a wide cortical spread. In other words, these 

recordings are performed over numerous sites, that is, on a parallel scale (Alivisatos et 



al., 2012). In principle, neurons communicate locally while processing a feature. 

Therefore, understandably, it is important to unmask the dynamics of these local circuits. 

Despite major technological advances, it is yet not possible to monitor the activity of 

several neurons locally within the cortex (Alivisatos et al., 2012; Quiroga, 2012; Rey et 

al., 2015). 

Over decades of neurophysiologic recordings at different scales, there is no clear 

evidence about the size of neuronal population codes that encode the sensory input. 

Nevertheless, researchers have suggested that an assembly may comprise tens to 

hundreds of neurons. For example, in hippocampus, authors have suggested that 150-300 

CA3 pyramidal neurons firing within a gamma cycle may comprise an assembly (de 

Almeida et al., 2007). Under special circumstances, when inputs converge on millisecond 

(<6 ms, that is, synchronously firing neurons) timescales, as few as 20 neurons 

(Losonczy & Magee, 2006) may be sufficient to trigger a spike in a downstream neuron 

(a reader neuron, according to Buzsaki, 2010). Interestingly, the activity of only a few 

hippocampal cells (even one) is more informative about the position of an animal than the 

entire population (Miles, 1990). In olfactory bulb, even though many mitral cells are 

active at the same time, but fewer than 10 % are implicated in generating discrete outputs 

(Niessing & Friedrich, 2010). Therefore, it appears that differently sized assemblies may 

originate depending upon the task in different brain regions.

In the current study, the electrophysiological recordings captured the activity of an 

exceedingly small number of local neurons, which is a relatively small number compared 

with the suggested size of population codes. Indeed, there were many hidden cells in the 

network whose activities could not be recorded with the microelectrodes used in this 

investigation. Although, a very few neurons were sampled, but certainly the results point 

to the specificity of information flow in cortical circuits. Notably, such rules may also 

apply to assemblies on a bigger scale.

Interestingly, these findings coincide with two previous findings, wherein authors 

reported that functional clusters of 3-6 neurons are essential building blocks of large scale 



hubs and communities spreading across the cortex (Perin et al., 2011; Shimono & Beggs, 

2015). It is worthwhile to underline here that, the findings in this study relate to the 

systematic tilt of the oriented sine-wave drifting grating. Therefore, this study essentially 

reveals the subtle dynamics of these small clusters of neurons.

keeping the same bandwidth, and reducing the pitch of the electrodes to few microns with 

the ability to record at several centimetres of cortical volume in depth and laterally. This 

requires a significant leap in systems engineering. 

8.2.5.3 The importance of neuronal selectivity in emergent functional networks 

Since the seminal investigations of Hubel and Wiesel on the cat primary visual 

cortex, neuronal selectivity has been central to studying the visual neurons. Indeed, when 

a series of random drifting sine-wave gratings is presented within the receptive field of a 

visual neuron, the neuron is selective to a particular range of orientations. This is termed 

as the orientation selectivity of a neuron (Swindale, 1998).

After many investigations, the consensus is that closely tuned neurons exhibit 

numerous connections with each other than neurons with disparate tunings (Stepanyants

et al., 2008; Kampa et al., 2011; Ko et al., 2011; Ko et al., 2014) irrespective of the 

organization of the visual cortex (that is, columned or salt-and-pepper). Moreover, the 

proponents of the binding hypothesis also suggest that neurons that share the orientation 

tuning and common peripheral input are implicated in binding the similar features of the 

image. In this study, it was revealed that the closely tuned neurons exhibited augmented 

connectivity between them accompanied by increased connection-weights. Investigators 

have documented and postulated that the dendritic branches of a neuron contain synapses 

corresponding to all the orientations (Jia et al., 2010; Bachatene et al., 2013; Wertz et al., 

2015). However, when a preferred orientation is flashed within the receptive field of a 

neuron, it potentiates corresponding synapses on the neuronal dendrites. Consequently, 

this specific drive tunes the whole neuronal ensemble toward a common goal. 



Furthermore, the increased weight between these closely tuned neurons indicates strong 

connectivity pattern between them. Along the lines of a distributive network, it is 

suggested that the similarly tuned neurons with increased connectivity and strength 

within an assembly are principal precursors of information processing at the local level; 

whereas, synchronized neurons across different assemblies are fundamental to binding of 

similar features in the image, although present on different parts of the image (Singer, 

1999). On the other hand, distantly tuned neurons that display connectivity are inevitable 

for processing dissimilar or opposite features in the image (Singer, 1999; Molotchnikoff 

& Rouat, 2012). Untuned neurons did not exhibit many connections between themselves, 

implying that neuronal selectivity with these ensembles is indispensable for the feature 

encoding.

8.2.5.4 Firing rate and the multiplexed code 

Information propagates between neurons through their action potentials, that is, 

through the firing of a neuron. Indeed, many candidate neuronal encoding strategies have 

been identified but they broadly fall in two main categories: the rate code and the 

temporal code (Molotchnikoff & Rouat, 2012; Ratte et al., 2013). The firing rate of a 

neuron implies the rate code. Indeed, a neuron may fire maximally to one stimulus, 

whereas it may fire weakly to another stimulus indicating that it encodes the presence of 

earlier stimulus than the latter one. On the other hand, the temporal code refers to the 

precisely locked firing between two neurons that is a reflection of synaptic biophysical 

properties of neurons (Ainsworth et al., 2012). But what exactly is the operational mode 

of a neuron? Indeed, there are recent reports (Molotchnikoff & Rouat, 2012; Ratte et al., 

2013) which suggest that an average neuron operates somewhere between the rate code 

and the temporal code (that is, by multiplexing both modes). However, researchers 

(Ainsworth et al., 2012; Ratte et al., 2013) have shown a bias toward the temporal code.

In this investigation, it was found that neurons exhibited connections with each other 

irrespective of their low firing. This implies that the firing rate of a neuron is not as 

important as its precise spike timing to trigger a spike in another neuron. Moreover, 



reports have shown that a population of neurons decodes a task better than the individual 

neurons comprising it (Miller et al., 2014; Carrillo-Reid et al., 2015). Spare activity is an 

important characteristic of neuronal circuits and it means that neurons fire with low firing 

rates in response to a stimulus (Barth & Poulet, 2012; Jayakumar et al., 2012; 

Molotchnikoff & Rouat, 2012). However, there are certain problems associated with 

sparseness: its fragmented organization and it seems to not fit with daily perception of 

events (Molotchnikoff & Rouat, 2012). Indeed, the 50-ms window creates an 

opportunistic epoch for neurons to multiplex both codes. The transient synergistic burst 

of neuronal discharges implies the rate code, wherein the temporal code is almost 

exclusively embedded between the firing of involved neurons. Therefore, this 

opportunistic window also overcomes the problems that sparseness poses. In summary, 

this signifies that, in distributed networks, the firing of an individual neuron is not as 

important as the whole network is. This further corroborates the developing consensus 

that indeed an assembly is the major functional unit of information encoding in cortical 

circuits rather than a neuron working in isolation.

8.3 Future directions

Indeed, the size of assemblies recorded in this investigation is very small. Although, 

they suggest that neural codes are specific, but it would be interesting to explore them on 

a bigger scale. It will require multiple electrodes spaced by a few microns that can

simultaneously sample many neurons. Moreover, in a similar fashion, neurons can also 

be recorded simultaneously between different areas of the visual cortex to divulge the 

functional connectivity patterns between their neurons. For example, if multiple 

electrodes that can sample several neurons are lowered in V1, V2 and V4 simultaneously,

one may infer the functional connectomes that are conjointly processing the different 

properties in an image. Understandably, it may be a difficult task but certainly will help 

us in understanding the inter-regional connectomes. Similarly, other brain regions can 

also be explored. Until now, there is no clear consensus on the functioning of an 

emergent ensemble that is implicated in encoding a feature. In fact, by recording 

ensembles in different areas of the brain in response to different inputs, one maybe able 



to further reveal their sizes and dynamics in various brain regions. This will also help us 

in comprehending the functional hierarchy of the brain. On a different level, the sizes of 

the encoding assemblies could be predicted using computational methods by exploiting 

the results of this investigation.

Moreover, in future it will be interesting to analyse the oscillatory rhythms in the 

brain on the neuronal spikes, as not many studies have explored them in this fashion. This 

will further help us in the understanding of inter-areal rhythms and the further 

hypothesis.

It would be indeed advantageous to multiplex several techniques too and then map 

the brain. This will be particularly interesting in a diseased individual where one can 

lower the electrodes in a region of interest (e.g. tumor) that is identified by an imaging 

technique. For example, by using 3D interactive tractography (Chamberland et al., 2015), 

one can desirably and more specifically intervene with the pathological area and then 

perform electrophysiology. In one of imminent goals of multiplexing techniques, we may 

foresee in-vivo electrophysiology with matrix electrodes in conjunction with 3D 

interactive tractography-driven fMRI or other imaging techniques. The unifying goal of 

such experiments will be to synergistically employ many techniques to study a region-of-

interest (ROI) in a subject-specific fashion.

Understandably, to achieve these goals, the first step would be to design probes which 

can record the activities of many neurons simultaneously (sampling every spike from 

every neuron as Alivisatos et al. 2012 have suggested). It maybe a challenging task, but 

the major technological advances have put us at cross-roads to achieve this!



9. CONCLUSION

The main result (saliency of a stimulus-specific network) of the current investigation 

suggests that indeed emergent functional microcircuits are the underpinnings of stimulus 

encoding in the cortex. A specifically framed neuronal circuit is the encoding signature of 

an assembly in response to a particular stimulus. The fact that neurons encode the 

information about the stimulus by framing networks between themselves, points to the 

importance of a cell-assembly as the major functional unit of information retrieval in the

brain. Therefore, this study further dilutes the importance of an individually firing 

neuron.

The 50-ms window of opportunity maybe a general encoding window in most of the 

parts of the brain, whereby information is processed in a synergistic fashion  giving rise 

to oscillatory rhythms in the brain. Indeed, such window exclusively accommodates the 

mechanisms for neural encoding: whether it is the excitatory-inhibitory volley of 

involved neurons, the sparse firing of neurons, the rate and the temporal codes, the 

gamma oscillatory patterns or even the plasticity rules that allow assemblies to recruit 

numerous network patterns between themselves. Lastly, noise correlations obey a simple 

rule in emergent microcircuits: neurons that display high noise correlation values are

strongly connected to each other, and vice-versa.

The spike-triggered gamma analysis offers a new method to quantitate the strength of 

numerous oscillatory patterns in the brain. Exploiting this method, one can more 

specifically dig information from the cortical microcircuits.

A limitation of the current study was that with tungsten microelectrodes it was not 

possible to record many neurons. However, these small ensembles still reflected upon the 

specificity of operational modes of neuronal circuits. In fact, it will be interesting to 

record many neurons simultaneously in the brain and observe their connectivity patterns 

thereupon. Certainly, we are not far from the complete understanding of these emergent 

circuits.



Notably, it is not only the field of neurosciences where investigators are seeking 

answers to emergent-level problems. In fact, in many other complex-system fields (e.g. 

statistical mechanics, non-equilibrium thermodynamics, quantum physics and others) 

scintillating discoveries have been possible by shifting the focus of investigations to the 

emergent level. For example, in the biological systems, the genome sequencing and the 

analyses of genome-wide expression have led to many emergent models of gene 

regulation and developmental control with increased predictive accuracy. On a similar 

note, the multi-level analyses of connectomes, especially the emergent connectomes may 

trigger a new era in the further understanding of the brain. We may then harness these 

developments into the fields of robotics, engineering, building engineering, prosthetics 

and most importantly in discovering ourselves.
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