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Diploma Thesis

Prediction of the pupil size and neural orientation preference using the

neural activity of the visual cortex

Charalampos Peteinarelis

Abstract

The development of neuroimaging techniques and the growing popularity and applica-

bility of Machine Learning over the last years open new horizons in Computational Neu-

roscience. Artificial Intelligence is itself an austere, mathematical paradigm of intelligence

that mimics the natural process of pattern recognition with many methods. In this thesis, we

explore this perspective by using relatively simple Machine Learning methods to approach

commonly studied subjects in Neuroscience, such as the relationship of the primary visual

cortex neural activity with behavioral characteristics and the cortical representation of visual

stimuli. We used the calcium events (collected with two-photon calcium imaging) of layers

2,3,4 in the V1 area of five mice to predict their pupil size over time, and neuron firing rates to

predict the direction of the visual stimulus over time. In pupil size prediction, it appeared that

the involvement of pupil history in the model input can drop the Root Mean Squared Error

by one order of magnitude, that this does not hold for the involvement of treadmill history,

and that prediction of future values is possible yet increasingly sensitive in the long term. We

also explored neuron impact in pupil prediction and its possible relationship with firing rates

and functional connectivity. Edge Detection and Optical Flow Computer Vision methods for

the detection of stimulus direction were also examined and evaluated later on. Lastly, we at-

tempted to predict the direction of stimulus with the use of firing rates per segment by means

of classification on three different mice, and find the association between firing rates and

neuron orientation preference was briefly studied. The results seem encouraging, however

they are preliminary and need to be investigated further.

Keywords:
Computational Neuroscience, Machine Learning, Pupil Size Prediction, Orientation Prefer-

ence, Primary Visual Cortex
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Διπλωματική Εργασία

Πρόβλεψη του μεγέθους της κόρης (οφθαλμού) και της προτίμησης

προσανατολισμού νευρώνων αξιοποιώντας την νευρωνική

δραστηριότητα του οπτικού φλοιού

Χαράλαμπος Πετειναρέλης

Περίληψη

Η ανάπτυξη των τεχνικών νευροαπεικόνισης και η αυξανόμενη δημοτικότητα της Μηχα-

νικήςΜάθησης τα τελευταία χρόνια ανοίγουν νέους ορίζοντες στηνΥπολογιστικήΝευροεπι-

στήμη. Η ίδια η Τεχνητή Νοημοσύνη είναι ένα αυστηρό, μαθηματικό πρότυπο νοημοσύνης

που μιμείται τη φυσική διαδικασία αναγνώρισης μοτίβων μέσω πολλών μεθόδων. Σε αυ-

τήν την διπλωματική εργασία, εξερευνούμε αυτήν την προοπτική, χρησιμοποιώντας σχετικά

απλοϊκές μεθόδους Μηχανικής Μάθησης για να προσεγγίσουμε ευρέως μελετημένα θέματα

της Νευροεπιστήμης, όπως η σχέση της νευρωνικής δραστηριότητας του πρωτογενή οπτικού

φλοιού με συμπεριφορικά χαρακτηριστικά και με την αναπαράσταση οπτικών ερεθισμάτων

στον φλοιό. Χρησιμοποιήσαμε τα ”calcium events” (που συλλέχθηκαν με απεικόνιση ασβε-

στίου δύο φωτονίων) των στοιβάδων 2,3,4 στην περιοχή V1 πέντε ποντικιών για να προβλέ-

ψουμε το μέγεθος της κόρης τους στην πάροδο του χρόνου, και τους ρυθμούς πυροδότησης

των νευρώνων για να προβλέψουμε την κατεύθυνση του οπτικού ερεθίσματος στην πάροδο

του χρόνου. Στην πρόβλεψη του μεγέθους της κόρης φάνηκε πως η συμμετοχή του ιστορι-

κού της κόρης στην είσοδο του μοντέλου μπορεί να ρίξει τη ρίζα του Μέσου Τετραγωνικού

Σφάλματος κατά μία τάξη μεγέθους, ότι αυτό δεν ισχύει με το ιστορικό της κίνησης του πον-

τικιού και ότι η πρόβλεψη μελλοντικών τιμών μεγέθους της κόρης μπορεί να επιτευχθεί με

καλή ακρίβεια, αλλά μεγάλη ευαισθησία μακροπρόθεσμα. Επίσης διερευνήσαμε τον αντί-

κτυπο των νευρώνων στην πρόβλεψη της κόρης και τη πιθανή σχέση του με τους ρυθμούς

πυροδότησης και την λειτουργική συνδεσιμότητα. Μέθοδοι Ανίχνευσης Ακμών και Οπτικής

Ροής εξετάστηκαν και αξιολογήθηκαν, επίσης, με σκοπό την ανίχνευση της κατεύθυνσης του

ερεθίσματος μέσω Υπολογιστικής Όρασης. Στο τέλος, προσπαθήσαμε να προβλέψουμε την

κατεύθυνση του ερεθίσματος μέσω ταξινόμησης σε τρία διαφορετικά ποντίκια με τη χρήση

ρυθμών πυροδότησης ανά τμήμα ερεθίσματος, και να βρούμε τη συσχέτιση μεταξύ ρυθμών
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πυροδότησης και προτίμησης προσανατολισμού των νευρώνων μελετήθηκαν εν συντομία.

Τα αποτελέσματα φαίνονται ενθαρρυντικά, παρ’όλα αυτά είναι πρώιμα και χρήζουν περε-

ταίρω μελέτης.

Λέξεις-κλειδιά:
Υπολογιστική Νευροεπιστήμη, Μηχανική Μάθηση, Πρόβλεψη Μεγέθους Κόρης, Προτί-

μηση Προσανατολισμού, Πρωτογενής Οπτικός Φλοιός
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Chapter 1

Introduction and Motivation

From the famous Turing test [2] to the fictional Voight-Kampff pupillometry test seen in

the neo-noir, sci-fi mythology of ”Blade Runner” [3], many tests and methods have been

constructed to empirically approach, define or detect natural intelligence. This endeavor, re-

gardless of its character, which might be of philosophical, fictional or mathematical nature,

proves that the extraction of a rigorous definition of intelligence and the mechanisms under-

neath still remains a task that causes philosophical and scientific confusion; meanwhile, the

rapid development of Artificial Intelligence over the course of the last years gradually blurs

the distinguishing line between the existence and the lack of ”true” intelligence and rises new

questions on the definitions and mechanisms behind both Natural and Artificial intelligence.

Such an environment dictates the need for interdisciplinary research that addresses problems

in both areas and mediates between them. The questions and solutions that arise from the

osmosis of these two areas lie in the heart of Computational Neuroscience.

The purpose of Data Science and Artificial Intelligence is to extract patterns and knowl-

edge represented in a system and therefore can be used to analyze, or even reverse engineer

complex systems. One such system, that follows a modular, circuit-like network structure is

themammalian brain. Knowledge and patterns can be extracted from treating such a system as

a black box and examining its behavioral characteristics (e.g. pupillary or motor responses),

but there is also information that can be revealed on its internal mechanics and the connection

between the two scopes. Of course, these mechanics themselves can be seen as ”black boxes”

in the study of a system as complicated as the brain, so it is a problem that must be studied

at various levels and granularities.

1



2 Chapter 1. Introduction and Motivation

It is of utmost importance, however, to note that the application of Machine Learning

methods, especially when referring to a system like the brain, does not infer causal laws

between internal dynamics and behavioral characteristics but rather provides patterns and

observations that can be useful for the analysis of the system. Artificial Intelligence a math-

ematical model of Natural Intelligence in many of its parts, that is able to mimic Natural

Intelligence and track the course of information in the networks of neurons. The impressive

growth of Machine Learning both in research and development and the availability of com-

putational resources combined with the advances in contemporary neuroimaging techniques

indicate that now, more than ever, it is the most appropriate time to investigate this perspec-

tive.

The motivation between the investigation of the interface between Natural and Artificial

Intelligence is dual; we can learn about the brain, and we can learn from the brain. From

the neuroscience side, more can be learned about the representation and processing of infor-

mation in the labyrinthine, mostly undeciphered dynamics of the brain, knowledge that can

be of great importance to medical applications, such as the detection of pathogenic patterns

in certain neuron circuits for the detection and prevention of diseases. On the other hand,

from the computer science perspective, deeper knowledge of the brain can contribute to the

improvement of existing Machine Learning methods (especially as far as generalization and

robustness is concerned), or the inspiration of new ones. Thus, although the results of this

research field have to be very carefully examined to ensure robustness and the avoidance of

any causal inferences, the field itself is a very promising and modern neuroscience-oriented

take on the Imitation Game.

1.1 Thesis Subject

This thesis touches certain specific subjects of Computational Neuroscience. It uses com-

putational methods from Machine Learning applied on data collected through experimental

procedures in an attempt to study the connection between neuronal activity of the mouse pri-

mary visual cortex (V1) and behavioral characteristics such as the size of the pupil, as well

as the relationship between the representation of stimulus orientation in V1 and neuronal ori-

entation preference. Our approach mainly includes predictions. We apply regression on the

calcium events of neurons in layers L2, L3, L4 to predict the pupil size with respect to time,
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as well as classification to predict the direction of visual stimulation in time using the firing

rates of neurons in the same layers.

This work on the one hand focuses on how the aforementioned predictions are set up, their

evaluation according to baseline models and how they are affected by the inclusion/exclusion

of certain variables, while on the other hand attempts to interpret the results by explaining the

models’ performance and exploring the relationships between quantities that describe neuron

activity and importance, in order to make biology-related observations. The generalization,

though, of specific observations can be erroneous, when the results are not robust (for every

mouse/subject, for example) or when simple algorithms are used, that cannot capture complex

relationships between given data and target variable. Therefore, one has to be very cautious

when interpreting the results of the algorithms used in this study, since they reflect in no way

causal mechanisms, but nevertheless automate the process of observation on imaging data,

evaluate it with metrics and provide a helpful tool that unveils patterns invisible to the naked

human eye.

1.1.1 Contribution

The contribution of this thesis is summed up by the following results/action points:

1. It appears that mouse pupil size can be predicted by calcium events of layers 2,3,4 in

V1 with an %RMSE of 11%

2. The inclusion of pupil history is very likely to affect the aforementioned prediction

error positively. The same can be claimed for the prediction of future values, too

3. We explored the neurons’ predictive power in linear models and its connection to firing

rates and degree of connectivity

4. Cortical state can be represented in a low-dimensional space, always according to Prin-

cipal Component Analysis

5. We employed and implemented Computer Vision Algorithms to quantify the stimulus

direction

6. It seems that stimulus direction can be predicted by the firing rates of neurons in layers

2,3,4 in V1
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Of course, again, it is important to emphasize that these results are indicative and pre-

liminary and need to be investigated further to be safely generalized to verified biolog-

ical patterns.

1.2 Thesis Organization

The rest of this thesis is organized as follows. Next we briefly provide a background on

the data we use. We locate the area of the brain where they are collected from, we report

the techniques that were used experimentally to collect them 2.1 and describe our datasets

2.2. We then review the existing neuroscience-related results 3 as well as the computational

techniques that have been employed to solve problems similar to ours 3.1.

Chapter 4 contains the main results of this study. In 4.1 we describe the pupil prediction,

the training process, the baseline models used the results yielded and the inclusion/exclusion

of certain specific variables. Also neuron impact and its relationships with firing rates and

degree of connectivity are explored. 4.2 describes the computer vision methods we used

to quantify the orientation of the stimulus. In 4.3 we describe the prediction of stimulus

orientation, how we modeled this problem, what were the results and we attempt to correlate

the firing rates of neurons with their orientation preference. Our concluding remarks can be

found in section 5.



Chapter 2

Background

In 1909, Brodmann [4] used a groundbreaking histological approach to discover that func-

tionality in the cerebral cortex is localized, identifying cytoarchitectonic subdivisions with

distinct and specific structure and function. His mapping of the brain, though having under-

gone some revisions in the following few years, is still widely used today and referred to as

”Brodmann Areas”. This thesis focuses on the Brodmann Area 17 (B17), also known as V1

area, or primary visual cortex.

The visual cortex is divided in main areas with structural and functional differences. V1

is the first area in the visual cortex that processes visual information coming from the retinas

and acts as a ”sorting” area that passes the information to the rest areas of the cortex for a more

fine-detail level of processing. The visual cortex is verywell characterized inmammals, and is

of sensory character, which means that one can manipulate its input to reverse engineer it and

retrieve information on the cortical representation of visual stimuli. Consequently, it offers a

cortex paradigm that favors its analysis from the perspective of (computational) neuroscience.

This thesis uses data extracted from the V1 area of laboratory mice, which are one of the most

characterized mammals, biologically speaking, and its context did not involve any work on

the production of these measurements.

The data were collected by the team of Prof. Andreas Tolias (Professor at Department

of Neuroscience, Baylor College of Medicine) in collaboration with the team of Prof. Ste-

lios Smyrnakis (Associate Professor of Neurology, Brigham andWomen’s Hospital, Harvard

University) and their analysis for the development of this thesis was conducted under Prof.

Papadopouli’s supervision and in close collaboration with her team in the Foundation for

Research and Technology-Hellas (FORTH) and University of Crete.

5
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2.1 Experiments and Data Collection

The data used in this study were collected from experiments on 5 adult mice1 (that is

approximately 10 to 12 weeks of age) head-posted on a treadmill during a quiet wakefulness

state with spontaneous walking periods being ignored in the analysis, as the main trends that

were examined remained the same after the exclusion of these periods. Mesoscopic two-

photon imaging was used as a technique for the collection of data, over 2 weeks after the

craniotomy to prevent imaging during inflammation. The two-photon imaging results were

yielded at a frequency of 6Hz over an approximately 1.2 × 1.2mm2 field of view and the

mice were expressing the GCaMP6s fluorescent Ca2+ indicator in pyramidal neurons as the

F1 cross between BL6-SLC17a7-Cre X Ai162 (JAX stocks #023527 and #031562).

The areas covered by the imaging are the biggest part of dorsal area V1 of the visual cortex

and the nearby extrastriate cortex (areas V1, LM, RL and AL) and four planes were sampled

that correspond to layer 2, layer 3, layer 4 and layer 5 of area V1. This work focuses on the

study of granular layers (layer 4 also seen as L4) and supragranular layers (layers 2,3 also

seen as L2/3 or L23). Motion correction was applied on the resulting images as a standard

preprocessing, followed by automatic segmentation, deconvolutionwith the use of the CNMF

CaImAn algorithm [5] and appropriate thresholding on the resulting deconvolved signal to

obtain calcium events. Note that the results are not sensitive to the value of the threshold, and

the threshold was ultimately chosen so that the resulting event rates approximate those met

in literature.

A total average of 7.76% of neurons in area V1 were ignored in the analysis, comprising

all neurons with a calcium event frequency smaller than 0.01Hz (0.27% of neurons seg-

mented in V1 of each mouse, on average), as well as the ones 15mm away (or less) from the

field of view periphery (for the prevention of any potential edge effects caused by incomplete

correction of motion artifacts).

1We will be referring to these mice as mice 3-7. The number serves strictly as an ID number in the context

of this study.
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2.2 Datasets Description

As seen above, the activity of the neurons is depicted as calcium events. After thresh-

olding, we end up in a binary event representation, where firing events are represented as

events, ”ones” in the dataset, whereas the lack of firing is represented as ”zero”. Therefore,

the firing activity of a particular neuron in time is expressed with a vector with its coefficients

equal to 0 at the positions that mark the moments of non-firing and equal to 1 at the positions

that mark the moments of firing. Note that the length of this vector indicates the recording

period measured in two-photon frames (for the frequency mentioned above), so each vector

coefficient declares whether a specific neuron fired in a specific two-photon frame.

A collection of such vectors for all the recorded neurons of a mouse is called an even-

togram and it is presented as a n×mmatrix, where n is the total number of two-photon frames

andm the number of neurons for the given mouse. It is the input to most of our algorithms.

The pupil data we use are in the form of time series. The pupil time series contains the

pupil diameter of a particular mouse as positive floating point numbers in time. Initially, as

time series data, pupil data were measuring time in timestamps, but after some preprocessing,

two-photon frames were translated to time in timestamps so that each frame can be assigned a

pupil size value. At most cases, a frame translated to many timestamps (as a frame lasts longer

than a timestamp), in which case the average pupil size value from all the corresponding

timestamps was assigned to that frame. This way, time is measured in two-photon frames

here too, so pupil size data and neuron firing data are in alignment w.r.t. time. Pupil radius

data were collected with the technique of pupil segmentation; an ellipse was fitted on the pupil

and then the long radius of the pupil was used. Hence, pupil radius is measured in pixels.

Treadmill data follow a similar structure; they express the velocity of the treadmill the

mouse we examine is on, measured in cm/sec, with a signed floating number - the sign de-

termines the direction of the treadmill movement, and when the treadmill is still, the velocity

appears equal to 0. Also aligned with the two-photon frame scale. The quantities seen in

this paragraph are used as target values in predictions and are normalized for that purpose

accordingly.
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Other data handled in the scope of this study are neuron firing rates, intra-layer normal-

ized degrees of connectivity, stimulus orientation/direction angles. The calculation of these

quantities is discussed later. Firing rates are expressed as positive floating point numbers, and

each neuron is assigned exactly one firing rate for each period for which it is examined: if we

choose to calculate firing rates for the whole recording period (all two-photon frames of an

eventogram) each neuron is assigned one firing rate per eventogram, however firing rate can

be calculated for specific segments of the total recording period, in which case the neuron is

assigned multiple firing rates, one for each segment.

Intra-layer normalized degrees of connectivity are expressed as positive floating point

numbers in [0, 1]. The same applies to stimulus orientation and direction angles, with the

only difference being that these angles do not belong to any given dataset but are calculated

manually with the use of computer vision algorithms and range from 0.0 to 180.0 (degrees)

and from 0 to 360.0 (degrees) accordingly. Neuron’s direction tuning data follow the same

format as calculated directions.

All the results in the context of this study were acquired with the use of custom Python3

code developed with the help of the following libraries and software tools: Jupyter, pandas,

numpy, matplotlib, seaborn, OpenCV, scikit-learn.



Chapter 3

Literature Review

Neuron activity encodes complex information that can be crucial for the understanding of

cortical networks. Theoretically, the number of possible firing rate vectors1 for a small pop-

ulation of neurons is astronomical, yet, of all possible combinations that could be randomly

generated, only a small, certain portion is actually observed and this constraint is expressed

even stronger in presence of stimulation [6].

Each work seen in literature employs statistical and computational tools that combine

various characteristics (individual neuron activity, population activity, firing rates etc.) of

this activity to reveal patterns in cortical functionality. Techniques that provide single-cell

resolution can be useful for that cause, however the representation of information is found

to be more apparent on the population activity of neurons: neurons are observed to join -

promiscuously, to some extent- stimulus-driven or spontaneous functional ensembles [7] that

modulate the cortical state. They can be coupled to sensory cortex population activity strongly

or weakly, which separates them to choristers and soloists accordingly, a classification that

is done w.r.t. anatomical properties of a neuron and explains the majority of pairwise neuron

correlations in spontaneous activity [8]. The joint firing of neurons, in areas such as the visual

cortex, is also considered responsible for the encoding of visual information [9]. The notion

of cortical state itself has been based on population activity, since its defining characteristic

is ”the amount of slow fluctuation in the summed activity of a set of local neurons” [10].

Neuronal noise is also a subject of discussion in literature. High trial-to-trial variability in

single-cell activity creates noise that is averaged in the level of population activity, but never-

theless suggests that even population activity provides a probabilistic estimation of stimulus

1A vector that expresses the firing rates of neurons or neuron groups at a given moment.

9
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information [11]. This variability has been studied through the variance in neuron pairwise

correlations, which is found to be affected mostly by spike isolation, tuning distance, cor-

tical distance, joint spike width and joint firing rate, across many timescales [12]. Another

information-encoding characteristic of neuron activity that has been previously studied is the

presence of functional hierarchy in corticocortical, thalamocortical and corticothalamic con-

nectivity, where higher-order areas (layers L5, L6) are found to ”signal behaviorally relevant

changes in image identity” more strongly than low-order ones (layers L2, L3, L4) [13].

Neuron activity and its characteristics are often not studied alone. A big portion of pre-

vious work focuses on the connection of cortical state to behavioral characteristics [14][15]

[16][17][18] and external stimuli, especially during wakefulness. The most common behav-

iors studied are locomotion and changes in the pupil size [18] along with general exploratory

behaviors [17]. [19] has analyzed the functional connectivity of visual cortex, how the inter-

nal state (population activity and pupil size) modulate the neural activity and how the activity

is propagated from layer 4 (L4, input layer) to layer 2/3 (L23, output layer) [20] 2.

In [18], where it is demonstrated how locomotion and arousal in mice are observed to-

gether but maintain separate roles in V1 activity, changes in pupil dynamics are connected

with robust changes in Local Field Potential (LFP) patterns during quiescence, and more

specifically it is reported that increased pupillary arousal temporally reduces low-frequency

LFP oscillations and suppresses spontaneous firing rates. Changes in pupil are also highly

correlated with cortical state, since during dilation, the visual cortex has been found to be in

the desynchronized3 state [17].

3.1 Previous Computational Work

A fair amount of machine learning-oriented work has been published over the last two

decades that handles data depicting neuron activity and behavioral characteristics. Firstly,

this includes various kinds of neuroimaging data such as ECoG (Electrocorticogram) sig-

nals [21], EEG (electroencephalogram) signals and derived features [22], MRI (Magnetic

Resonance Imaging) data [23], NIRS (Near Infrared Spectroscopy) data [24] and more often

LFP (Local Field Potentials) [18][10][25] and of course two-photon calcium imaging data

2This work is under preparation but was extensively discussed to me in the context of my thesis.
3According to [10], cortical state can either be classified as synchronized or desynchronized. In desynchro-

nized state population rate fluctuates weakly, whereas in synchronized state it fluctuates more strongly.
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[17][19]. These neuronal activity data, in all their different modalities, are collected across

literature from the visual cortex of mammals including mice [19], cats [26], macaques [27]

and humans [28][29]. Interesting applications that use neuroimaging data from humans range

from the study of medical diseases and impairments [28] to BCI (Brain-Computer Interface)

applications [22][24][29].

Secondly, measurements of behaviors and external stimuli are also introduced in these

in silico analyses, and are either combined and correlated with neuron activity or studied in-

dependently. As far as behavioral characteristics related with V1 are concerned, computer

science-oriented literature mainly includes pupil diameter, both as a characteristic coupled

with neuronal activity [21] and as an independent indicator of cognitive processes in humans

[30][22][24], as well as non-invasive techniques for pupil measurement, tracking and seg-

mentation [31][32]. Direction and orientation preference is also utilized across literature and

is usually coupled with external visual stimulus and neuronal activity to retrieve information

on the internal representation of stimuli in the visual cortex [26][27].

The computational part of bibliography is concerned with extracting patterns from the

data described above. For that purpose, various machine learning and deep learning methods

have been employed and compared on the data described above. Among them, Support Vector

Machines stand out [33][28][29], as arguably the most commonly used algorithm for such

purposes. Of course, many other supervised and unsupervised methods have been applied.

Supervised methods, which are more commonly used, include Artificial Neural Networks

likeMulti-layer Perceptron networks with various activation functions, Convolutional Neural

Networks (CNNs) [31] and Recurrent Neural Networks (RNNs)[26]. Unsupervised methods

for the discovery of latent representations [23] include Clustering (hierarchical or graph-

based), Gaussian Mixture Models, Decomposition Methods such as Independent Component

Analysis (ICA), Principal Component Analysis (PCA) and Matrix Factorization, embedding

techniques, Hidden Markov Models and reinforcement learning.





Chapter 4

Pupil Prediction, Stimulus Prediction and

Computer Vision Methods

4.1 Prediction of the Pupil Size

The diameter of the pupil has been widely studied as a proxy for the activity of neurons

in the visual cortex of mammals. It is one of the most commonly studied behavioral charac-

teristics along with locomotion [18] and general exploratory behaviors [17]. Previous work

has utilized the information that changes in the pupil size provide to extract a wide range of

knowledge, from the mental or emotional state of humans all the way to the neural activity

of rodents and primates, and everything in between.

This study, based on evidence that clearly support the connection between pupil size and

mouse visual cortex activity through specific mechanics, aims to ”test” this connection, in

computational terms, by attempting to predict the pupil size using the neuronal activity of

layers L23, L4 in V1. Purpose of this prediction is to display how the aforementioned con-

nection manifests itself through the application of simple machine learning algorithms and

possibly make neuroscience-related observations on the results.

4.1.1 Training Process

By taking a quick glance at related work, we can notice that bibliography truly pays its

homage to Support Vector Machines; their use is widespread in computational neuroscience

[33][28][29] and their mapping and prediction ability has been tested on both structural and

functional neuroimaging data, including Local Field Potentials (LFP) and calcium events.

13
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SVMs, in both their regression and classification versions, are able to provide us with

a robust prediction, in general, also giving one the ability to perform both linear and non-

linear predictions by only adjusting its kernel. Most importantly, it is not a high complexity

machine learning algorithm, which makes it explainable - at least when using a linear kernel;

we are thus able to extract information on the predictive power of each neuron-variable and

possibly generalize the conclusions to layer-level or cortex-level observations. This lack of

complexity is not only accompanied with a good prediction and explainability, but also with

a lack of overfitting: SVMs introduce ”slack variables” into the optimization problem they

solve, which prevent them from overfitting. This kind of regularization is also important to

our predictions, since we mostly deal with sparse data, which usually make algorithms prone

to overfitting.

Therefore, for all predictions related to pupil size in the following sections, we employ

Support Vector Regression. We use Support Vector Regressors (SVRs) with linear kernels

which are trained on the firing data (eventograms) of layers L23 and L4, in all mice, separately

or not, in order to predict the pupil size time series, which expresses the pupil diameter of a

certain mouse at a given moment - clearly a regression task. We apply k-fold cross validation

(k = 12), with the leave-one-out strategy, training on 11/12 of our data and calculating the

error with the other 1/12, for all possible combinations. In all regression tasks involved in

this study, the evaluation metric used is the Root Mean Squared Error (RMSE):

RMSE =

√∑
i

(ŷi − yi)2

N

where ŷi denotes the estimated pupil size value at a certain moment, yi its actual, observed

value at that time and N the total number of observations (measurements) on the pupil size.

RMSE, besides being a very popular regression evaluation metric is also able to give us an

error measured in the same units of measurement as the predicted value, giving us a better

perspective on the error in the context of our prediction. At most results though, we use the

percent RMSE (% RMSE), which we express as

(RMSE)% =
RMSE

max{pupil} −min{pupil}

RMSE being the previously calculated RMSE and max{pupil},min{pupil} the maxi-
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mum and minimum observed pupil values. The pupil time series data are standardized before

every fit, as a preprocessing technique, that is they undergo the following transformation:

z =
x− µ

σ

z being the standardized value of the pupil size value to be transformed, x, and µ, σ being

the mean and the standard deviation of the pupil size values’ set accordingly. This process is

equivalent to calculating the values’ z-score.

4.1.2 Controls: De-synchronization of neurons, Pupil Shuffling, Pupil

Shifting

Evaluating the performance of a model, be it a classification or regression model, usually

involves the calculation of one or more metrics. However, the exclusive use of metrics for

this task is not always the best solution, since at times they can provide a false image of the

model’s performance. Metrics do not exactly ”lie” about the model’s performance, but they

do have the tendency to reveal only parts of the ”truth”. This creates the need for baseline

models: a baseline model is a model specifically built to provide a prediction which performs

very poorly, so that we have a frame of reference for our main model, performance-wise.

The purpose of this study is not mere performance, but the use of prediction to investigate

patterns in neuronal activity and generalize them -if possible- to biology-related observations;

thus, baseline models, which in the context of this study will be referred to as ”controls”, or

”control predictions”, are of great importance, since they are not only contextualizing the

performance of our model, but also assess the quality and quantity of information we receive

from a prediction. This section’s purpose is to present the main controls used for all our

predictions. Such controls -like firing event shifting [25], for instance- are widespread in

neuroscience and help a neuroscientist assess the quality of information they obtain from in

vivo or in silico experiments.

The main idea behind our controls is randomness: after intervening in a specific, ran-

dom way in the structure and arrangement of our data, we fit our model on them to create a
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prediction that virtually is random, and contains no substancial information. One way to do

this is to circularly shift the events of each neuron by a random number of positions, so as

to understand if a certain synchronization in the firing of a layer’s neurons provides useful

information to the prediction.

By fitting on the shifted events, we observe that the RMSE is noticeably larger. For ex-

ample, for both layers L4, L23, the error in control is close to 25%, while for the same data

the normal prediction error is around 13%. This means that the inherent synchronization of

the neurons indeed provides some useful information to the prediction. Notice that in this

control prediction the use of both layers yields the biggest error, followed by L23 and L4 -

exactly the opposite order to the initial prediction. This can be possibly explained by the ran-

domness of the control prediction; if the prediction is basically random and does not utilize

the information given by the data, more data means larger error.

Another control prediction we can create is fitting on the random shuffling of the target

variable’s elements. To create this control prediction we randomly shuffled the elements of

the pupil size data on which the linear SVR was trained, and tested it with pupil size data

that were not shuffled. This way, we trained the SVR while practically canceling any sense

of history in the pupil size time series and any connection between a calcium event and its

respective pupil size value. The resulting%RMSEwas even higher than the previous control,

ranging approximately from 22% to 24% across layers.

We also created a last control, the pupil shifting control, that is similar to the last one,

in that it serves the purpose of changing the pupil time series elements so that the prediction

ignores the actual connections between calcium events and pupil size values, by making ran-

domly false ones. To create this control, we shifted circularly the pupil size data on which

the linear SVR was trained and, again, tested it with non-shifted pupil data. The results give

us clearly the highest error of both previous controls, across all layers.

After the fit, the difference between the prediction error and the control prediction error

is noticeably large, approximately 10% or bigger, depending on the layer we refer to. No-

tice that for more dense, largely populated layers this difference is more noticeable: layer L4

gives us the smallest difference, followed by L23 which gives a bigger difference, ending up

to the case of both layers where the difference is maximized. This leads us to the conclusion

that layer density and population -the former more than the latter- are responsible for bigger

differences between prediction and control prediction and hence, layers with these character-
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istics provide more information to a prediction model.

Figure 4.1: x-axis: 3 different prediction cases, prediction involving layers L4, L23, and both. y-axis: values that

represent the total % RMSE (averaged across all mice) in prediction when a particular layer is involved. The

standard prediction error for each case is denoted with blue bars, the shuffled pupil control error with green,

the shifted pupil control with yellow and the shifted events (de-synchronization of neurons) control with red.

4.1.3 Neuron importance

Principal Component Analysis (PCA) is possibly the most known dimensionality reduc-

tion technique. To reduce the dimension of a dataset PCA captures and quantifies the con-

tained information in each variable according to how much variance the variable is responsi-

ble for, and then projects the initial data to a low-dimensional space. In this context, a simple

step that we could make in order to identify the main variables that regulate the cortical state
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is to apply PCA on the calcium events of layers L23, L4, considering the activity of each

neuron over time as a separate variable. By doing so, we will be able to extract exactly how

much of the total variance in calcium events is explained by each variable we examine and

also how is variance distributed over the variables.

Figure 4.2: Ratio of total variance explained by the top 10% most important variables (according to PCA) in

spontaneous calcium activity of 4 different mice. y-axis: Variance percentage (1.0 is 100% of the variance).

x-axis: Principal Components, in descending order of importance.

The results suggest that explained variance in the spontaneous calcium events of the mice

is accumulated in very specific variables for each mouse. This does not necessarily indicate

that these variables have an 1-1 correspondence with neurons and their importance can be

assigned to neurons. PCA traditionally creates a new space to which the initial data are to be

projected, with a minimal loss of information.

A point in that new space, is not a vector that purely expresses neuron activity. How-

ever, this space represents information about the cortical activity, and these results indicate

that its dimension can be surprisingly smaller than the initial one, with little loss of informa-

tion. This means that cortical state, under spontaneous circumstances at least, can actually be
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Figure 4.3: Ratio of total variance explained by the top 10% most important variables (according to PCA)

in spontaneous calcium activity of 4 different mice. y-axis (Blue): Variance percentage (1.0 is 100% of the

variance). y-axis (Red): Cumulative variance, i.e. the summed variance of the top x variables, where x is the

corresponding value in the x axis. x-axis: Principal Components, in descending order of importance.

successfully represented in a low-dimensional space and its information can be significantly

compressed. This result may remind us of previous work that seeks to find latent represen-

tations of neuron activity such as [34], where it is found that neuron population activity ”has

a low-dimensional structure, reflecting underlying constraints on how neurons comodulate

their activity”. Of course, for more useful information to be extracted, non-linear and most

probably supervised methods have to be applied on individual and population activity, so

that more complex relationships can be captured with greater certainty. Our analysis does

not prove, but depicts, a very possible low-dimensional underlying structure in spontaneous

calcium activity. 1

1We should mention that the results seen here, although having been produced by my code, are not original,

but part of a much more detailed Principal Component Analysis on calcium eventograms conducted by Manos

Koniotakis, member of Prof. Papadopouli’s team.
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4.1.4 History of the Pupil Size

Neuronal activity and behavioral characteristics such as pupil size present spatial and tem-

poral locality when studied as signals [25]. This means that physical proximity (space) and

simultaneous firing (time) in neurons increase correlations of these signals with themselves

and reveal local relationships. Similarly, as described in [18], pupil size, as a time series, ex-

hibits temporal dynamics, especially during dilation and contraction. This arises the question

of how such temporal relationships could influence pupil size prediction. Therefore, we have

to measure the importance of the history of the pupil time series and the extent to which it

affects prediction. That is, we want to investigate whether the knowledge of previous mea-

surements of the pupil time series can have a positive effect on the prediction of the present

and future ones. Firstly, to begin our analysis on pupil time series history, we need a rough

measure of how much and how fast pupil size values change with respect to previous values,

to detect and quantify any local relationships across time in the time series. To measure this

similarity between values at different moments, we calculated the autocorrelation function

(ACF) of each series. The autocorrelation function is mathematically defined as:

R(τ) = cor(Xt, Xt+τ )

where cor() denotes the Pearson correlation between two variables, X our time series

(pupil time series) as a stochastic process andXt,Xt+τ its values at times t, t+τ accordingly.

For each pupil time series of each mouse we calculated and plotted the ACF for 100

steps and then calculated the average ACF across all mice for the same number of steps. The

ACF calculates the Pearson correlation between the pupil time series and 100 of each shifted

variants individually (each variant being the series shifted by 1, 2, ..., 100). Note that the study

of the pupil time series with autocorrelation makes the assumption that the given series is a

random process, pupil size values are independent and identically distributed (i.i.d.) and pupil

time series is wide sense stationary (WSS). The amount of shifting in the calculation of each

individual correlation is referred to as “lag”.
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Figure 4.4: (For mice 3-7): x-axis: lags, the amount of shifting in each correlation. We chose to plot the ACF

for lags in [0,100] for all mice. y-axis: the ACF value, calculated at a certain lag.
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Figure 4.5: (For all mice): x-axis: lags, the amount of shifting in each correlation. We chose to plot the ACF for

lags in the interval [0,100] for all mice. y-axis: the average ACF value, calculated at a certain lag, across all

5 mice.

Both from the ACF values individual to each mouse and the averaged ACF values we

observe a significant autocorrelation that ”lasts” for a noticeable number of lags. Specifically,

for lags in the interval [0, 20], the ACF is greater than 0.8. This indicates that, there is a

window of 20 lags (or steps in the time series) in which any values are significantly highly

correlated, statistically speaking. In terms of prediction, this creates a window of up to 20

past pupil size values that can possibly provide useful information for the estimation of the

present, or a future pupil size value, and increase the prediction accuracy significantly.

Usually, the past of a time series can provide useful information for the prediction of

future values, or for the estimation of the present one. In time series forecasting, regardless

of the machine learning algorithm used for the problem at hand, it is a frequently used tactic

to include past values of the quantity we want to predict into our data, as extra features; these

features are widely known as lag features.

Applying the same rationale here, to test if pupil history is indeed important to the pre-

diction, we included past pupil size values in the initial calcium events and performed the

standard prediction and all the previously described controls. We also performed a prediction

solely on pupil history data. In all cases, for the prediction of each pupil size value at time

n, all values from n − 1 to n − 10 were available in the dataset as individual features, thus

creating a window size of 10 in the pupil time series’ past.
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We notice a very significant drop in %RMSE: the new RMSE is approximately 1%, an

order of magnitude smaller than the prediction that did not involve pupil size history. At the

same time, the control prediction errors remain the same. This leads to even larger differences

between standard and control prediction and reassures us of the prediction’s quality.

Figure 4.6: x-axis: 3 different prediction cases, prediction involving layers L4, L23, and both. y-axis: values

that represent the total % RMSE (averaged across all mice) in prediction when a particular layer is involved.

The prediction that uses observed events and previous pupil size values is denoted with blue bars, the shuffled

pupil control with green (same data), the shifted pupil control with yellow (same data), and the prediction that

uses only previous pupil size values with red.

Hence, pupil size history does have a significant impact on the prediction. Also note that

the prediction error resulting from the case where only the pupil history is used is very similar

to the one resulting from the case where both history and eventograms are used. This indicates

that, in machine learning terms, pupil history is clearly more responsible for the error drop

than the firing events themselves, and has such a big effect in prediction that it monopolizes

it in a way.
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The window size determines the number of past pupil measurements that are taken into

consideration when predicting the present pupil size value. To understand if and how this

number affects prediction accuracy, we considered 3 different window sizes: 5, 10, 20. For

each window size, we performed the standard prediction (no controls) on layers L4, L23, and

both, separately. This means that each prediction of a pupil size value at a certain timestamp

is informed by the last 5, 10, or 20 pupil size values.

Figure 4.7: x-axis: 3 different prediction cases, prediction involving layers L4, L23, and both. y-axis: values

that represent the total % RMSE (averaged across all mice) in prediction when a particular layer is involved.

The prediction that uses observed events and pupil history with a window size of 5, is denoted with blue bars,

the one with window size = 10 with green and the one with window size = 20 with yellow.

We observed no significant difference in prediction accuracy in any layer. Taking all lay-

ers into consideration, a window size of 10 gives the best results, followed by the window

size = 20, followed by the window size = 5. However, the differences could be characterized

as almost negligible, since they are less than 0.1%. We chose not to investigate further cases,

since pupil size values further in the past can contribute even less to the prediction, as the

autocorrelation function suggests.
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4.1.5 Treadmill velocity history and prediction of future values

Behavioral characteristics span across many external reactions of a lab mouse that can

be monitored with non-invasive methods, including whisking, running and moving, or the

position and radius of the eye’s pupil. Changes in these behaviors are often observed together,

correlated and reflect changes in the firing rates of V1 neurons and thus in the cortical state

[18]. Consequently, it will be interesting to investigate if a characteristic such as the history

of the velocity of the treadmill that each mouse is on, can have a significant impact on the

prediction. To do that, we included past treadmill velocity values in the initial calcium events

and performed the standard prediction and all the previously described controls.

Figure 4.8: x-axis: 3 different prediction cases, prediction involving layers L4, L23, and both. y-axis: values that

represent the total % RMSE (averaged across all mice) in prediction when a particular layer is involved. The

prediction that uses observed events and previous treadmill velocity values is denoted with blue bars, the shuffled

pupil control with green (same data), the shifted pupil control with yellow (same data), and the prediction that

uses only previous treadmill velocity with red.
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We also performed a prediction solely on treadmill history data. In all cases, for the pre-

diction of each pupil size value at time n, all treadmill velocity values from n− 1 to n− 10

were available in the dataset, thus creating a window size of 10 in the treadmill time series’

past. Note that each past time step is included as an extra feature and also that the veloc-

ity taken into account is absolute (there is no difference between a forwards or a backwards

movement of the treadmill, just the speed at which that happens).

Figure 4.9: Prediction of future values of the pupil size. x-axis: 3 different prediction cases, prediction involving

layers L4, L23, and both. y-axis: values that represent the total % RMSE (averaged across all mice) in prediction

when a particular layer is involved. The prediction that uses observed events and predicts pupil history 5 values

ahead is denoted with blue bars, the one that predicts 10 values ahead with green and the one that predicts 20

values ahead with yellow.

So far, we have tested the ability of our model to predict the present pupil size value, using

adjacent past ones. Purpose of this section is to use the same window we have established in

the previous sections, but use older values of the pupil history in that window, or differently

put, see if a certain window of values can help us predict future values of the pupil time series.
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To do that, we kept a window size of 10 that contains values 3,5 and 10 time steps before the

present one.

As one would expect, the % RMSE in prediction drops as we shift the window towards

the pupil’s past. The decrease in the error seems to be more steep than a linear one, indicating

that % RMSE is not simply a linear function of that shift, but a more complex one (e.g. a

power law), that introduces bigger sensitivity with respect to the shift - although the plot

above might seem misleading as for whether the relationship described is linear, the reader

is a few simple calculations away from noticing that a change in the shifting does not yield

proportional change in %RMSE.
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4.1.6 Stimuli Data

So far, we have concerned ourselves with the prediction on spontaneous data, where the

mouse in question received no visual stimulus. In order to study better the way neuronal ac-

tivity encodes visual stimuli and the relationship between neuronal activity under stimuli and

pupil size, we performed our prediction on stimuli data. To maintain the reference frame the

spontaneous prediction provides, we performed our prediction on the stimuli data in exactly

the same fashion, also carrying out the shuffled pupil time series and shifted pupil time series

control predictions.

Figure 4.10: x-axis: 3 different prediction cases, prediction involving layers L4, L23, and both. y-axis: values

that represent the total % RMSE (averaged across all mice) in prediction when a particular layer is involved.

The prediction that uses observed stimuli events to predict pupil size under stimulation is denoted with blue

bars, the shuffled pupil control with green (same data) and the shifted pupil control with yellow (same data).

We notice that the stimuli prediction does not differ significantly from the spontaneous

prediction in terms of error. The predictionwith observed data yields almost the same%RMSE

on each layer. Similarly with the spontaneous prediction with the observed data, the lower
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%RMSE is achieved when both layers L4, L23 are included and is approximately equal to

11%. The only noticeable difference with the spontaneous prediction is that the %RMSE in

both controls is a little lower, around 20% on average; but although the error difference be-

tween control prediction and predictionwith observed data quantifies in someway the amount

of information our data provide to predict pupil size, this error gap remains large enough to

give us a meaningful stimuli prediction. Now, in order to investigate if the inclusion of pupil

size history plays an important role in stimuli prediction too, we included it in prediction,

following the exact same process we followed with the spontaneous prediction and also ran

the control predictions that are directly associated with pupil history: the shuffled pupil and

shifted pupil controls.

Figure 4.11: x-axis: 3 different prediction cases, prediction involving layers L4, L23, and both. y-axis: values

that represent the total %RMSE (averaged across all mice) in prediction when a particular layer is involved.

The prediction that uses observed stimuli events and stimuli pupil history to predict pupil size under stimulation

is denoted with blue bars, the shuffled pupil control with green (same data) and the shifted pupil control with

yellow (same data).
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The plot above is very similar to the spontaneous prediction; the %RMSE we achieve

is approximately 1% which indicates that the involvement of pupil history can drastically

reduce the error, which in turn supports the argument that the pupil time series history can

catalyze pupil size prediction with or without the presence of visual stimulus.

4.1.7 Firing Rate

Across literature, some common metrics are employed to measure, describe and study

neuronal activity. A very commonly met metric, is firing rate. It is a basic measure of general

neuronal activity and strongly connected with cortical state, as it is understood for sponta-

neous activity; in turn, cortical state itself has been correlated with changes in sensory re-

sponses [18][10]. Thus, since the use of firing rate can be a very useful tool in our analysis,

not only because it can describe the cortical state of the primary visual cortex, but also be-

cause of its connection with behavioral responses, it is necessary that we include it in our

study and see how it is related to our predictions.

In order to do that, we have to define firing rate, intuitively and mathematically. The

firing rate, as expected, expresses the frequency at which a firing of a particular neuron is

observed. This does not imply that the events of firing are of periodic nature but provides a

simple, high-level statistic that gives us a measure of a neuron’s activity during a recording

period. We define the firing rate of a specific neuron algebraically as follows:

f =
S

N · Ts

S being the total number of events observed for a neuron during the recording period, N

being the total number of frames in the eventogram and Ts being the sampling period (in-

verse to the sampling frequency, which for our data is 6.30072Hz).
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Our goal in this section is to understand the relationship between the prediction power

-or neuron impact, which, as we mentioned before, quantifies the ”importance” of a neuron-

and the firing rate of neurons (if any). To achieve that, we followed our standard prediction

process, trained the linear kernel SVR on the eventogram of each mouse and, by using k-fold

cross validation (k = 12) with no shuffling we assigned an impact to each neuron, equal to

its average coefficient across all folds. We also calculated the firing rate of each neuron. We

started by investigating the neurons of layer L4, for each mouse separately.

Figure 4.12: x-axis: the firing rate of neurons in the L4 layer, for mice 3-7. y-axis: the mean prediction coefficient

of each neuron of mice 3-7 obtained by the k-fold cross validation process; Each coefficient was averaged

across all 12 folds. Coefficients are also referred to as impacts, that is they express the importance of a neuron

in prediction.

From the scatterplots of the majority of the mice, we can detect a pattern in the distri-

butions of impacts across different values of firing rates. We notice that the vast majority of

neurons with big impacts seem to have a low firing rate - please note that a “big impact” can

be a strongly negative coefficient, meaning that it is the absolute value of the coefficient that
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determines an impactful neuron. This result indicates that, roughly, the pupil size is modu-

lated mainly by neurons that fire rarely. This pattern is also supported by the results in layer

L23. By following the same training rationale, we get the following results:

Figure 4.13: x-axis: the firing rate of neurons in the L23 layer, for mice 3-7. y-axis: the mean prediction coeffi-

cient of each neuron of mice 3-7 obtained by the k-fold cross validation process; Each coefficient was averaged

across all 12 folds. Coefficients are also referred to as impacts, that is they express the importance of a neuron

in prediction.
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4.2 Algorithms for the Stimulus Orientation/Direction

During certain periods, the five mice examined in this work are exposed to visual stim-

ulus in the form of video that features certain patterns moving towards various orientations.

In order to understand how this visual stimulus is represented by the activity of the neu-

rons, we first need to find a deterministic method, an automated way to calculate quantities

that express this movement of the stimulus with numbers and label each different kind of

movement orientation. The following section describes our thought process in detecting the

changing angle of the moving patterns of the stimulus, provides a mathematical intuition on

the main algorithms used for that purpose and a conclusion to which one is the best.

Figure 4.14: Example frame from the visual stimulus that was used on the mice. It features a wave-like movement

of the 2D plane in greyscale. Each mouse was shown a total of 240 videos that lasted individually around 15

seconds, accumulating to 1 hour of stimulus in total. Each video comprises 900 frames and 16 segments, each

segment defining a period in the video where the direction of movement is held constant. Each segment shows

a different direction. The frames were produced by Prof. Andreas Tolias’s team (Andreas Tolias Lab).

4.2.1 The Farnebäck Algorithm

At first, in an attempt to find a suitable computer vision algorithm that captures the mov-

ing patterns’ angle of direction and magnitude, we narrowed our research down to optical

flow methods [35]. Basically, optical flow quantifies the frame-to-frame changes in terms of

displacement and direction (angle) of displacement of particular points of interest2 in the 2D

2”Points of interest” is used to denote objects, or whatever an algorithm perceives as an object, or part of an

object using certain criteria (edges, pattern complexity etc.), features which are considered as key areas for the
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plane. It is the pattern of apparent motion of these points, or mathematically, a vector field

that contains their displacement vectors. Given this information, and the wave-like motions

we wanted to detect in the stimulus, we considered optical flow was a good place to start.

We are now going to briefly analyze the theoretical context optical flow methods that

perform gradient-based motion estimation3.

In these methods the information of the video is described by a function I(x, y, t).I ex-

presses the total brightness, in greyscale in our case, x, y the coordinates of an object in the 2D

plane and t, time, or better yet, the frame. In our method two assumptions are made: firstly,

that neighboring pixels have similar motion and secondly we make the brightness constancy

assumption, i.e. we assume that the brightness of a moving object does not change across

frames. Mathematically:

I(x+ u, y + v, t+ 1) = I(x, y, t).

According to Taylor’s theorem, we can say that for a continuous, n times differentiable

function f in [x, x+ h], we can roughly make the following approximation:

f(x+ h) = f(x) + hf ′(x) +
h2

2
f ′′(x) + .... =

f(x) + hf ′(x) +O(h2) ≈

f(x) + hf ′(x)

So we apply the same rationale to I to get a multi-variable version of this first-order

approximation:

I(x+ u, y + v, t+ 1) ≈

I(x, y, t) + u
∂I

∂x
+ v

∂I

∂y
+

∂I

∂t
=

I(x, y, t) + uIx + vIy + It,

Ix, Iy, It being partial derivatives of function I w.r.t. its variables.

detection or measurement of various properties.

3Process that uses the discrete gradients of the image to extract information on motion.
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From the first-order approximation and the brightness constancy assumption we get:

I(x, y, t) + uIx + vIy + It = 0

The above equation is called the gradient constraint equation, or theOptical Flow equation

for pixel (x, y). Note that we cannot solve this equation for just one pixel, because both u and

v are unknown.

Next, we applywhat is calledArea-Based Regression. Suppose that the gradient constraint

equation holds for an area of pixels. For each pixel the equation is different. For 2 pixels we

can express the equations in matrix form:

Ix(x1, y1, t) Iy(x1, y1, t)

Ix(x2, y2, t) Iy(x2, y2, t)

u
v

+

It(x1, y1, t)

It(x2, y2, t)

 = 0

Especially when we use more than 2 pixels, we create an over-determined linear system

- we cannot satisfy exactly all constraints. It is more sensible to define a metric to minimize,

in an attempt to equally satisfy (to the extent possible) all constraints - of course, special

weighting can be performed to prioritize certain constraints. That said, we define the least

squares velocity estimate:

E(u, v) =
∑
x,y

[uIx(x, y, t) + vIy(x, y, t) + It(x, y, t)]
2

To minimize it, we differentiate and set to zero:

∇E = 0 =⇒
∂E

∂u
= 2

∑
x,y

[uI2x + vIxIy + IxIt] = 0,

∂E

∂v
= 2

∑
x,y

[vI2y + uIxIy + IyIt] = 0
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In a matrix form, this is (solving for u, v):

 ∑
i Ixi

2 ∑
i Ixi

Iyi∑
i Ixi

Iyi
∑

i Iyi
2

u
v

+

∑i Ixi
Iti∑

i IyiIti

 =⇒

u
v

 =

 ∑
i Ixi

2 ∑
i Ixi

Iyi∑
i Ixi

Iyi
∑

i Iyi
2

−1 −∑
i Ixi

Iti

−
∑

i IyiIti

 ,

i denoting a pixel. We have now obtained a general solution for the motion estimation

problem. If we use the above method for a 3 × 3 patch around the point of interest, we will

end up with 9 pixels, and the same number of equations. This is known as the Lukas-Kanade

method [35]. Lukas-Kanade provides a solution using a small area of interest, computes op-

tical flow for a sparse feature set, finding what is called Sparse Optical Flow.

For a more sophisticated approach, we need to find the Dense Optical Flow of the video.

A popular and effective optical flow method to do that is the Farnebäck algorithm [36].

Farnebäck uses a more dense approach, meaning that the process we described above is

performed on all or most areas of a frame. Also, Farnebäck uses a quadratic Taylor poly-

nomial approximation, meaning that the first-order approximation seen in the previous steps

is replaced with a second-order approximation for more accuracy.

Of course, to proceed and use the algorithm, the next step was to validate its functionality.

We tested it on a sufficient number of video segments of different directions with the purpose

of extracting their angle of movement and validate the results. After this validation process,

the algorithm appeared to have a particular quirk: despite the fact that most directions were

detected flawlessly with minimal or no tuning, we noticed that it is not able to detect angles

< 47◦ and > 314◦ (degrees) correctly, and labels them inaccurately.

Problems such as determining the direction of movement in a particular video of cer-

tain morphology are usually ill-defined, meaning that there is no proof for the existence of

a unique solution to the problem, or any ”key and lock” relationships between problems and

solutions, but only purpose-specific methods to solve the problems. In our case, despite the

algorithm’s performance in all angle intervals besides the one referred above, we had to con-

sider it unsuitable, as it would definitely cost a significant amount of accuracy later on.
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4.2.2 Manual Methods

After the failure of the Farnebäck algorithm we decided to develop a more ”manual”

process to identify the direction of the stimulus at a given instant. First of all, it should be

mentioned that in this method, we make a clear distinction between orientation and direction.

As orientation we perceive the waves’ front, the axis they move against (perpendicularly)

to and is expressed by an angle (w.r.t. the horizontal axis) between 0◦ and 180◦. Direction

on the other hand, is perceived as the axis the stimulus moves along, while also depicting

which way it moves, from frame to frame. It is expressed by an angle (w.r.t. the horizontal

axis) between 0◦ and 360◦. Note that orientation is always perpendicular to direction. Also

note that direction is not static information, it is a pattern extracted by the comparison of two

consecutive frames, as opposed to orientation, which can be understood by looking at a single

frame.

Figure 4.15: Example that clarifies the difference between orientation and direction of a frame. The frames were

produced by Prof. Andreas Tolias’s team (Andreas Tolias Lab).

The first step of our manual method to detect orientation and direction, is to perform edge

detection on every given frame. Intuitively, as edges of an image are considered all the areas

were sudden changes in brightness occur. For that purpose, we employed the Canny Algo-

rithm [37]. In Canny edge detection, the abrupt changes in brightness are located with the use

of the discrete partial derivatives of the image. In this model, the mathematical representation
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of the image is the same as before, with the difference that we wipe out the variable of time.

So we use I(x, y) to represent the image and Ii,j to represent the pixel at position i, j. That

said, the partial derivatives of the image are expressed as:

∂I

∂x
≈ 1

2ϵ
((Ii+1,j+1 − Ii,j+1) + (Ii+1,j − Ii,j))

∂I

∂y
≈ 1

2ϵ
((Ii+1,j+1 − Ii+1,j) + (Ii,j+1 − Ii,j))

ϵ being the pixel width. Note that this is actually an approximation; the expressions seen

above are also known as Finite Difference Approximators. This differentiation is usually

computationally implemented by a 2D convolution between the image and a filter kernel.

Although a study of those filters is outside the scope of this analysis, wewill howevermention

that we use a Sobel filter.

The norm 4 of the gradient of an image, ||∇I(x, y)|| quantifies how abrupt the changes

in brightness are. With some appropriate thresholding, we can detect the image areas where

it is high enough, so as to detect the location of the edges, that is, the maxima of ||∇I(x, y)||

indicate edges. In a similar way, the Laplacian ∇2I(x, y) of the image is also used for the

detection of edges. Its finite difference approximations are:

∂2I

∂x2
≈ 1

ϵ2
(Ii−1,j − 2Ii,j + Ii+1,j)

∂2I

∂y2
≈ 1

ϵ2
(Ii,j−1 − 2Ii,j + Ii,j+1)

so that the Laplacian is expressed as:

∇2I =
∂2I

∂x2
+

∂2I

∂y2

The zero crossings of the Laplacian, and not its maxima, help us locate an edge. The simple

gradient can provide the location, the magnitude and the orientation of an edge, while the

Laplacian can only locate an edge, but more accurately and efficiently. The Canny algorithm

combines both quantities to yield optimal results.

4in most applications it is the Euclidean norm ||.||2
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The first step of the algorithm is to convolute the image with a 2D Gaussian filter for

smoothing and noise reduction, to obtain nσ ∗ I , nσ being the filter of standard deviation σ,

and ∗ denoting 2D convolution. Then the gradient of the image is obtained, ∇nσ ∗ I and its

norm is computed for every pixel. After that, the orientation of the gradient, n̂ = ∇nσ∗I
||∇nσ∗I|| ,

is obtained and the Laplacian is computed across n̂, for every pixel. The points were the

Laplacian becomes zero, give us the edges.

This concludes our brief theoretical explanation on the first step of our method, edge

detection. Of course, all computer vision-related processes described are carried out auto-

matically with the use of the OpenCV library. The next step is to convert the resulting image

to a binary image, where each pixel can have only two possible brightness values, maximum

brightness value (white) and minimum brightness value (black).

Next, we apply the Hough transform [38] on the binary image. It is a widely used trans-

form in boundary detection applications, but we utilize its properties for a slightly different

purpose. What the Hough transform does, essentially, is to fit many small, elementary lines

(or polynomials in the general case), to the extracted edges. The representation of the line

though, is not cartesian (ax+ by + c = 0), but polar:

xsinθ + ycosθ + ρ = 0

This automatically projects the line from the coordinate system of a, b, c into the polar

parameter space of ρ, θ ∈ R. The fitting process attempts to minimize the root mean square

distance between the elementary lines and the actual edges:

E =
1

N

∑
i

(xisinθ + yicosθ + ρ)2

N being the total number of points and i the point index. As also seen in Farnebäck, this prob-

lem naturally becomes a Least Squares problem for a great number of points. Of course, this

optimization problem becomes enriched with the tradeoff between elasticity and smoothness,

i.e. how flexible the total contour line5 is in fitting and how much it ”resists” in exhibiting

discontinuities and roughness, accordingly. In a good solution, these are two constraints that

have to be equally satisfied, yet they cannot be fully satisfied at the same time.

5The total shape made of all the elementary lines we mentioned that fits onto the edges.
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By obtaining a polar representation of the video’s edges, and particularly their θ param-

eter, we can infer their orientation. Of course, different elementary lines fitted on different

edges have slightly different orientation, and for that reason we average all the calculated θ

parameters into one angle θ̄, which gives us the total, average orientation of the stimulus at a

given frame.

Given the orientations of all frames, we can determine the direction towards which the

stimulusmoves by comparing consecutive frames of a segment. This ”comparison” is achieved

with the orientation-dependent subtraction of the two consecutive frames. If the orientation

of the two consecutive frames6 is close to horizontal (a decision made with thresholding),

we calculate the horizontal differences between the frames; this is done by calculating two

quantities, the difference between the first frame and an the second frame shifted upwards

(by one pixel is our default amount) and the difference between the first frame and an the

second frame shifted downwards. These differences basically represent the two main pos-

sible directions of the relative movement between the two frames and can help us estimate

that direction, if we also consider that orientation and direction always form a 90◦ angle. The

following algorithmic scheme sums up our method:

Algorithm 1 Orientation and Direction Detection Scheme
1: Define Canny edge detection parameters

2: Define Hough transform parameters

3: for Every frame in a video do

4: Convert frame to grayscale

5: Apply Canny edge detection

6: Convert edge image to binary image

7: Apply Hough transform to binary image, extract θ̄ (Orientation)

8: if θ̄ ∈ [45◦, 135◦](horizontal) then

9: Calculate vertical differences (upwards, downwards)

10: else

11: Calculate horizontal differences (right, left)

12: end if

13: Infer frame direction from differences

14: end for

6assuming they have the same orientation because they belong to the same segment
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Of course, the algorithm works accordingly for the vertical orientation case, where the

differences between the first frame and an the second frame shifted to the right/left are com-

puted. The present method provides a good estimation on orientation and on direction without

exhibiting problems in certain degree regions, as the Farnebäck algorithm unfortunately did.

Thus, we considered it a reliable tool to quantify orientation and direction in the stimulus,

that requires minimal or no tuning.
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4.3 Neuronal Orientation and Direction Preference

In 1968, Hubel and Wiesel [1] demonstrated that cells in the primary visual cortex of

macaques and spider monkeys exhibit selectivity regarding the orientation and direction of

visual stimuli and, according to the different levels of selectivity observed in neurons, they

classified them into three main categories: simple, complex and hypercomplex cells. Since

this study handles neurons from V1, this implies that many of them are orientation-selective

or direction-selective and consequently have an increased firing response to specific stimulus

orientations/directions, and a very constrained one to every other orientation/direction.

Figure 4.16: From [1]. Hubel and Wiesel tracked the responses of neurons to the varying orientation, thickness,

length of a line stimulus (whether it was a slit of light, a dark bar or the edge if a thick bar, within an ”activating

region”). Here the action potentials of a hypercomplex cell (recorded from right striate cortex, layer L2) are

demonstrated. A: stimulus of left eye by moving slit within activating region. B: Similar stimulation with slit

extending beyond activating region.

This concept, among others, is a motivation for us to investigate the representation of

visual stimuli in the visual cortex by examining the patterning in firing under various ori-

entations and directions of the stimulus. As it has been observed on the auditory cortex of

mice [6] (which can possibly be generalized to all somatosensory cortices), neurons exhibit a

consistent ”temporal patterning” in both spontaneous and stimulated states, at the same time

that firing rates vary, depending on the state. This means, that the information of a stimulus is



4.3 Neuronal Orientation and Direction Preference 43

most probably represented in the cortex by the variations of firing rates it produces, and not

by the relative timing of neuron events. Therefore, it is more wise for us to express neuronal

activity with firing rates per each stimulus, than to use raw events, from now on.

In an attempt to reveal how well the frequency of firing represents visual stimulus in

layers L23, L4, we predicted the direction of the stimulus at a given time using firing rates,

calculated for each neuron and each segment separately. The problem of direction prediction

was modeled as a classification task: by splitting the interval [0◦, 360◦) into equally-sized

bins of various lengths, we modeled the problem as a multi-class classification, where each

bin represents a class. For better data representation, the bins had to be zero-centered, i.e.

the first bin had to be from −L/2 degrees to L/2 degrees where L is the bin width, so that

the algorithm captures the cyclicity of the data in a simple way - otherwise, 359◦ would be

considered far from 0◦, which is not.

To choose an algorithm, we compared Support Vector Machines with ensemble methods,

and more particularly a Bagging Classifier versus a Support Vector Classifier. The estima-

tor of the Bagging Classifier was the decision tree (i.e. the Bagging Classifier behaved as a

random forest, basically), the SVM’s kernel was a radial basis function kernel, and the com-

parison was performed on a 90◦ binning. The training process was similar to the prediction of

the pupil, the models were trained with k-fold cross validation (k=12) and fitted on each fold

separately. The metric used for evaluation was classification accuracy, and total accuracy of

a prediction in one mouse was calculated as the mean accuracy of all folds.

The baseline model (control) which helps us assess all predictions, is equivalent to the

assignment of a random class to each entry. The classes, though, are not drawn from a uni-

form distribution, but from the empirical distribution that they actually follow in the dataset

- this way, we created a more strict control prediction for this classification task. To the au-

thor’s surprise, the SVM with the rbf kernel exhibited a much better performance than the

Bagging Classifier, with the SVM achieving an accuracy of approximately 95% and the Bag-

ging Classifier an accuracy of approximately 85%. Thus, we chose to use the SVM for the

prediction.
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Figure 4.17: Classification of stimulus direction for 3 different mice. y-axis: Prediction accuracy (blue) and

control prediction accuracy (red). x-axis: Bin width, 4 different cases: 90◦, 45◦, 22.5◦ and 10◦.

The same training rationale was applied to fit the radial basis function SVM on 3 different

mice. Various binnings were examined in the fit, including 90◦−, 45◦−, 22.5◦− and 10◦−

degree bins. For mice 3 and 4 the prediction accuracy as well as its distance from the control

prediction were satisfying. Prediction in mouse 5 did not bring such an optimistic result;

further searching has to be done in order to grasp whymouse 5 exhibits this outlying behavior,

why it is confined to mouse 5 and if it is due to characteristics of the experimental data

gathering procedure. Whatever the case might be, it gives us a ”floor” for the worst-case

prediction on a single mouse.

To continue our analysis and investigate how orientation/direction preference is mani-
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fested in neuron activity, we had to connect neurons’ firing rates with their respective direc-

tion preferences. To do so, we expressed direction preference in zero-centered bins of 22.5◦,

dividing the 360◦ to 16 equal, centered parts. For each different direction preference bin (that

is, for all neurons that “prefer” a direction that falls into that bin), we calculated the firing

rate per segment of each individual neuron and found the average firing rate of all neurons

with a certain direction preference, across all segments. So, we plotted the mean firing rates

distributions of all the neurons participating in each bin, for all bins, in violin plots. This left

us with one violin plot for every possible direction preference, given the 22.5◦ binning.

Figure 4.18: Examples of two violin plots showing the distribution of average firing rate of neurons in layers

L4, L23 of mouse 3 with direction preference in 11.25◦ − 33.75◦ (left) and 146.25◦ − 168.75◦ (right). y-axis:

average firing rates of the neurons indicated by the plot title, calculated in the period of a segment, for each

segment orientation presented to the mouse separately. x-axis: all possible segment directions in 22.5◦ bins.

The results revealed interesting patterns in a case study of mouse 3. From each specific

”violin”, we can understand the shape of the distribution of firing rates in each direction

bin. At the direction resolution a 22.5◦ binning provides, we noticed that the distributions

describing the average firing rates of neurons in their preferred direction bins exhibit big

standard deviations, high-valued means and a more uniform-like distribution across possible

values. On the other hand, distributions describing the average firing rates of the same neu-

rons outside their preferred direction bins exhibited distributions with mostly small standard

deviations, a lowmean value, while all the firing rates were accumulated in a relatively small,
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confined range of values, this way giving short and wide ”violins”.

Although this observation has to be verified across various mice and different binnings to

be robust, it reveals intuitive patterns. After all, the calculated average firing rate is a good in-

dicator of population activity. Neurons with a certain direction preference, have unanimously

low firing rates when a stimulus of a different direction is shown, meaning that their activity

is suppressed during these segments. At the same time, the activity of the same neurons is on

average higher and more diverse when a segment of their preference is presented. This obser-

vation suggests that, most probably, direction preference is depicted in the firing frequency

of a neuron population with a certain preference and, if anything, proves the usefulness and

informativeness of firing rates as an indicator of neuronal activity for direction-specific anal-

yses.



Chapter 5

Synopsis and Prospects

Computational Neuroscience is a new, challenging and fascinating field of research. Al-

though Neuroscience, as a purely medical/biological discipline, has been gradually devel-

oping its foundations for more than 100 years, Computational Neuroscience is only a few

decades old, as is Computer Science. It is a multidisciplinary field that draws knowledge

from Biology and methods from Computer Science and Mathematics, and appears demand-

ing to the researcher, as they have to use elements from both disciplines, but fruitful and

promising, as it can bring the best out of both of them. Areas of the brain, when studied at the

functional network level, provide, through individual and ensemble firings, patterns whose

complex information can be captured by Machine Learning and Data Science methods. This

way we can automate and evaluate our observations on neuroimaging data to extract the

largest amount of information possible about an area of interest. This thesis, was an attempt

to perform this extraction of information on the activity of the mouse primary visual cortex

to study its relationships with pupil size and the direction of visual stimuli, by using sim-

ple Machine Learning methods, be it predictions, or other tools. Ultimately, the purpose of

this work was to characterize these predictions and use the results to make, to some extent,

neuroscience-oriented observations, while also avoiding to infer causal relationships.
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5.1 Conclusions

Pupil size seems to be forecastable through calcium events of layers 2,3,4 in V1 of mice

with an %RMSE of approximately 11% when all layers are involved. The history of pupil is

likely to affect pupil size prediction error significantly - specifically, the %RMSE error can

drop to approximately 1%when the 10 past pupil size values are included in themodel’s input.

The same improvement is observed in the prediction of future pupil values too, for values not

too far in the future. PCA suggests that the cortical state of layers L23, L4 can most probably

be represented in a small-dimensional space with very little loss of information. It appears

that stimulus direction can be predicted with good classification accuracy (close to 80% with

an rbf kernel and zero-centered, 22.5-degree bins) by the firing rates of neurons in of layers

2,3,4 in V1 of mice 3,4 - prediction in mouse 5 exhibits bad behavior for reasons that are to be

investigated. Orientation preference of neurons possibly regulates the distribution of average

per segment firing rates, as a case study of mouse 3 showed.

5.2 Future Work

As we have previously emphasized, the results in the context of this study are of prelimi-

nary nature and they need to undergo further investigation and verification to be conclusive,

from the neuroscience point of view. The first steps we would follow towards this direction

are the following. For the sake of robustness, all results have to be averaged across all mice,

where it has not been done. The use of more sophisticated algorithms, might take a toll on

the explainability of a prediction, but also will make the coefficients more meaningful and

reduce the possibility of them being statistical artifacts.

Instead of PCA, it would be also beneficial of our analysis if we applied supervised meth-

ods, so as to capture the explained variance of each neuron w.r.t. the pupil size. In stimulus

direction prediction, the prediction can be modeled as a regression task too, possibly with

better results; in that case the representation of angles will be given by the tuple (sinθ, cosθ),

to represent their circular nature. Finally, the strange behavior of mouse 5 in stimulus di-

rection prediction has to be studied and attributed to either ”anomalies” in the experimental

collection of data or poor quality prediction.
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Appendix A

Degree of Connectivity

The following appendix describes how (Normalized) Degree of Connectivity is intro-

duced in a study such as this one. We included it in the context of a preliminary analysis of

our data, but most results seemed rather unfruitful. In this appendix, we will briefly present

the tools we used to include Degree of Connectivity into our analysis. The appandix refers

to how we related it to neuron impact, but paints the picture of how it should be calculated

independently, too.

A tool usually employed in computational neuroscience to model neuron networks is

Graph Theory. Thus, looking ourselves at our data with a graph theoretical approach, we

included metrics such as the degree of connectivity of a neuron in our analysis. In Graph

Theory, the degree, or degree of connectivity of a directed graph’s vertex is defined as the

number of incoming edges connected to the vertex. In the scope of this thesis, the neuron’s

network is a directed graph. The edges are assigned a certain statistical significance so that

they can be separated into significant and non significant ones. To quantify statistical sig-

nificance, we first need to find a measure of temporal correlation between the firings of two

neurons participating in an edge. A correlation index robust to various firing rates of the two

neurons is the Spike Time Tiling Coefficient (STTC) [39]. Considering two neurons A,B,

”traditional” STTC introduces TA as the fraction of the total recording time which lies within

a time window±∆t far from any spike of A. TB is defined accordingly. Also, it incorporates

PA (PB, accordingly) as the proportion of A’s (B’s) firings that lie within ∆t before or after
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each firing of B (A), to the total firings of A (B), and is defined as:

STTC =
PA − TB

1− PATB

+
PB − TA

1− PBTA

We chose to use a slightly modified version of STTC [19] that maintains a directional char-

acter and yields different coefficients for the edges (A → B) and (B → A). Hence, to define

STTCAB , we first define the proportion of A’s firings that lie within∆t before each firing of

B, to the total firings of A as PB−
A . With the same rationale, PA+

B is the proportion of B’s fir-

ings within∆t after each firing of A, to the total firings of B. In this metric, TA, TB naturally

correspond to TA+, TB− when talking about STTCAB . This way we express the modified

coefficient as:

STTCAB =
PB−
A − TB−

1− PB−
A TB−

+
PA+
B − TA+

1− PA+
B TA+

All quantities calculated express the STTC for the edge (A → B). The reader can now

understand how STTCBA would be calculated. With this metric, we have achieved to find

a measure the correlation of the two neurons in terms of firing, this way quantifying their

synchrony. Now, intuitively, to quantify the significance of edge (A → B) we have to create

a control to which STTCAB will be compared to. This is achieved by shifting the events of

the neurons independently by random numbers drawn from a uniform distribution, creating

a random distribution of STTCs, called the null STTC distribution. The only thing left to

calculate statistical significance for edge (A → B), or any edge really, is to measure the

difference between the observed distribution of STTCs and the null distribution of STTCs.

This is achieved for every individual edge through the calculation of its z-score:

z =
STTC − µnull

σnull

where STTC is the STTC of the edge in question and µnull, σnull the mean and standard

deviation of the null distribution. Now that we have quantified statistical significance for all

the edges through their z-score, we are able to define the neurons’ Degree of Connectivity.

For our purposes wewill be using the Normalized Degree of Connectivity (NDoC), which

is calculated as follows: for each reference neuron r, we take the number of neurons that have
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statistically significant incoming edge to r (i.e. z-score > 4) and divide it with the number of

all the neurons of the layer where the edge is coming from (for inter − layer computation)

or with all the neurons minus 1 (for intra− layer computation).

Let us define the NDoC mathematically. Let r be the neuron of interest in our network,

EL the set of all connections within a layer and Z(e) the z-score of an edge e ∈ EL, then

Ein(r) = {(u, r) | (u, r) ∈ EL, Z((u, r)) > 4} will be the set of statistically significant

incoming edges to r, u denoting an neighboring neuron and (u, r) its connection to r. Thus,

the normalized degree of connectivity will be:

D(r) =
|Ein(r)|
|EL| − 1

,

where |.| denotes the cardinality of a set. Note that this formula performs an intra-layer com-

putation, since that is the one we will be using.

To investigate if there is any relationship between a neuron’s impact in prediction and its

normalized degree of connectivity, we worked on each layer and mouse separately: similarly

with before, for each mouse, we trained a linear SVR on its calcium events using k-fold cross

validation. We used 12 folds, without shuffling, and calculated the mean impact (coefficient)

of each neuron across all folds for every mouse, and plotted the results in scatterplots. Note

again, that by the term impact we mean the coefficient that is assigned to a neuron after an

algorithm is fit on the eventograms and more specifically, in this case, the average coefficient

across all folds.

Neuronal connectivity is an important higher-order statistic that can be connected to the

importance of neurons. Intuitively, one would expect NDoC to be proportional to a neuron’s

impact; highly connected neurons are expected to have bigger power over the regulation of

the cortical state, behavioral characteristics and thus our prediction, and this would be the

case in a simple graph model, but the aforementioned relationships are far more intricate.

The lack of a crystal-clear pattern in the preliminary analysis does not indicate the failure

of NDoC as a metric to study neuronal impacts, but suggests that, for the impacts to be related

to other metrics, more complex, non-linear methods have to be used - methods that capture

nonlinearities in data can assign more representative coefficients to neurons so that we can

quantify their impact better. Even then, one might find disappointing results, if they adopt

a connectivity-implies-importance rationale, since this might not be the case. Regardless,
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the information the NDoC provides might be indirect at cases, however it classifies neurons

according to graph theoretical and cytoarchitectural properties in a way that makes cortical

networks easier to study, and, if combinedwith other neuron properties, can lead to interesting

conclusions and theories, such as the existence of hub neurons [40].
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