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ABSTRACT

Understanding the visual system is a real interest since it contributes to one of the
most important sense for human: the vision. To achieve this goal and with a focus on
neuronal responses, spike sorting is generally applied on electrophysiological recordings
of neural activity evoked by light stimuli. In this process, Principal Component Analysis
(PCA) represents the tool commonly utilized for the feature extraction step. However,
results are not perfect and knowledge on the phenomenon is not taken into account in
this technique. Based on that, this work proposes a set of features directly extracted
from the spike waveforms on which feature subset selection algorithms are applied. It
shows moreover that these embedded methods, using the best of filter and wrapper tools,
lead at least to similar results than PCA, and sometimes to better performance levels.
Furthermore, a new technique for the selection of relevant features is proposed. This
combination could give rise to a decrease of the time required to apply spike sorting due

to the dimension reduction it allows...






ACKNOWLEDGEMENTS

First and foremost, I would like to express my gratitude towards my supervisor Karl
Farrow for his follow-up, proximity, pertinent remarks and interest about the ideas I

have proposed throughout this research.

I am also thankful to my supervisor Michel Verleysen for his guidance and the struc-

ture he brought me in the creation of this work.

Finally, I am highly grateful to the imec company for its welcome and the infrastruc-

ture it makes available to me to complete successfully this document

1il






TABLE OF CONTENTS

Page

List of Tables ix
List of Figures xii
I Introduction 1
1 Introduction 3
1.1 Motivation . . . . . . . . . ... 4

1.2 Workstatement . ... ........ ... ... ... . . ... ... . ..., 4

1.3 OVErVIEW . . . o o it i e e e e e e e e e e e e e e e e e e e e e 5

IT Review and methods 7
2 Background 9
2.1 Spike SOrting process . . . . . . . v v it i e e e e e e e e e e e 9
2.1.1 Filtering . . . . . . . . . e 11

2.1.2 SpikeDetection . . . . ... ... ... ... .. ... 11

2.1.3 Feature Extraction. . ... .. ... .. ... ... ........... 12

214 Clustering . . . . . . . . i e e e e e 13

2.2 Feature subset selection process . . . ... ... ... ............. 13
2.2.1 SubsetGeneration . . .. ... ........ .. ... ... ...... 15

2.2.2 Subsetevaluation . ................ .. ... ....... 16

2.2.2.1 Independent criteria - filters . . . ... ... ... ..... 16

2.2.2.2 Dependent criteria - wrappers . . ... ........... 17

2.2.3 Stoppingecriteria . . . . . .. ... ... 18

2.2.4 Validation criteria/criterion . . ... ... .. ... ... .. ..... 19



TABLE OF CONTENTS

2.3 Interaction between the techniques . . .. ... ... ............. 19
3 State-of-the-art 21
3.1 Spikedetection ... ... ... ... ... 21
3.2 Featureextraction ... ... ... ... . ... ... e 22
3.3 Feature subsetselection . . ... ... ... ... ... ... . ... .. ..., 23
3.3.1  Filtersolution. . .. ... ...... ... .. .. .. ... .. .. ... 24
3.3.2 Wrappersolution. . . .. ... ... ................... 26
3.3.3 Hybridsolution . . . . ... ... ... ... ... .. 26

3.4 Clustering process and evaluation . . . . ... ................. 27
3.4.1 Clustering Algorithms . . . . . . ... ... ... ... ......... 27
3.4.2 Evaluationcriteria. . . . . ... ... ... ... ... ... ... ... 28
3.4.21 Generalcriteria . . ... .... .. ... ... . .. ... .. 28

3.4.2.2 Particularcriteria . ........ ... ... .. ..., 29

3.4.3 Validationcriteria . . .. ... ... ... ... ... . .. . ..., 29

3.5 Notetothereader . .. ... ... ... ... ... ... . . ... . . ... ... 30
4 Proposed methodology 33
4.1 Investigated approach and intuition . . . . . ... ... ... ... ...... 33
4.2 Database . . . . . . ... 34
4.3 Different available features . . . . . ... ... ... ... ... ... ..., 36
4.3.1 Peak-to-Peak Amplitude ... ... .. .. ... ... ...... ... 36
4.3.2 Relative amplitudes . . . .. ... ... ..., ... ... ....... 37
4.3.3 Relative Peak-to-Peak duration . .. .................. 39
4.3.4 Relative integral/area and relative average values. . . . . .. ... 40
4.3.5 Relative averageenergy . ... ... ...... ... ... ...... 42
4.3.6 RetainedFeatures ... ......... ... ... .. ......... 42

4.4 Selected feature selection algorithms . . . ... ... ... .......... 45
4.4.1 Contribution to entropy on a leave-one-out-basis. . . . . ... ... 45
4.4.2 Features Density Similarity - Kernel Density Estimation . . . .. 48
443 FeatureDispersion. . . . ... ... ... ... ... . ... ... 49

4.5 Clustering algorithm, evaluation and validation criteria . . . . .. ... .. 51
4.5.1 Clustering algorithm - K —means ... ... ... ... ....... 51
452 Evaluationecriteria. . . . .. ... ... ... ... . ... ... ..., 52
4521 Lygtio « « « o v v e e e e e e e e e e e 52

4.5.2.2 Riorrelation « « « + + + v v e e e e e e e e 53

vi



TABLE OF CONTENTS

453 Validationcriteria . . .. ... ... ... ... ... ... .. .. ... 55

4531 RandIndex ........................... 56

4.5.3.2 Waverform representation . ................. 57

4.6 General Procedure ... ... ... ... .. ... ... ... . 57
IIIResults and reflection 59
5 Analysis of the results 61
5.1 Starting points and difficulty of thetask . ... ... ... .......... 62
5.1.1 Spikes . . . . . . e 62

5.1.2 Clusteringtask . . . ... ... ... .. ... . . . . . 64

5.2 First investigation of the featurespace . . . . ... ... ........... 65
5.3 FeatureRanking . ... ... ... ... ... ... 67
5.4 Selection of the relevant features . ... .. ... ... ... ......... 69
54.1 Selection via L gtjo - « « « « v v v v e e e e e e e e e e 70

5.4.2  Selection Via Rcorrelation - « « + « = « + v v v v e 71

5.4.3 Proposed selection technique . . . . . ... ... ............ 72

55 Performances .. ... ... . . ... 73
56 Awordaboutnoise ... ... ... ... ... 75
5.6.1 ImpactonRanking . ... ... ... ... .. .............. 76

5.6.2 Impacton Performances . . . ... ... ... .............. 76

5.7 Waveform Representation . . . . ... ... ................... 78
IV Conclusion 81
6 Discussion 83
7 Conclusion 85
Bibliography 87
A Ranking Results 97
A.1 Results of the ranking for Backward Ranking . . . ... ... ........ 97
A.2 Results of the ranking for Feature Dispersion Ranking . . . . ... ... .. 101
A.3 Results of the ranking for Forwardl Ranking . ... ............. 105
A.4 Results of the ranking for Forward2 Ranking . . ... ... ......... 109

vii



TABLE OF CONTENTS

A.5 Results of the ranking for KDE Ranking . ... ... ............. 113
A.6 Results of the ranking for Simple Ranking . . . ... ... ... ....... 117
B Performances Results 121
B.1 Comparison in Performances . . .. ... ... .. ... .. .......... 122
B.2 Impact of noise on Algorithm Performances . ... ... ........... 124
B.3 Impact of noise on Comparison of Algorithm Performances . ... ... .. 128
C Selection of the Relevant Features 131

viil



TABLE

3.1

Al

A2

A3

A4

A5

LIST OF TABLES

Synthetic table summarizing the different publications and introducing al-
gorithms dealing with the problem of unsupervised learning (clustering).

Inspired from [58]. . . . . . . . . . .

Representation of the feature ranking for Backward Elimination, for a 0.05
noise leEel and for the databases related to 1 to 9 clusters. ID represents an
empirical number giEen to each feature and characterizing its position in the

feature set. . . . . . . . e,

Representation of the feature ranking for Backward Elimination, for a 0.15
noise leEel and for the databases related to 1 to 9 clusters. ID represents an
empirical number giEen to each feature and characterizing its position in the

feature set. . . . . . . e e e e

Representation of the feature ranking for Backward Elimination, for a 0.30
noise leEel and for the databases related to 1 to 9 clusters. ID represents an
empirical number giEen to each feature and characterizing its position in the

feature set. . . . . . . . e,

Representation of the feature ranking for Feature Dispersion, for a 0.05
noise leEel and for the databases related to 1 to 9 clusters. ID represents an
empirical number giEen to each feature and characterizing its position in the

feature set. . . . . . . e e e e

Representation of the feature ranking for Feature Dispersion, for a 0.15
noise leEel and for the databases related to 1 to 9 clusters. ID represents an
empirical number giEen to each feature and characterizing its position in the

feature set. . . . . . . . e,

1X

Page



L1ST OF TABLES

A.6 Representation of the feature ranking for Feature Dispersion, for a 0.30
noise leEel and for the databases related to 1 to 9 clusters. ID represents an
empirical number giEen to each feature and characterizing its position in the

feature set. . . . . . . e

A.7 Representation of the feature ranking for Forward Selection 1, for a 0.05
noise leEel and for the databases related to 1 to 9 clusters. ID represents an
empirical number giEen to each feature and characterizing its position in the

feature set. . . . . . . . e

A.8 Representation of the feature ranking for Forward Selection 1, for a 0.15
noise leEel and for the databases related to 1 to 9 clusters. ID represents an
empirical number giEen to each feature and characterizing its position in the

feature set. . . . . . . L

A.9 Representation of the feature ranking for Forward Selection 1, for a 0.30
noise leEel and for the databases related to 1 to 9 clusters. ID represents an
empirical number giEen to each feature and characterizing its position in the

feature set. . . . . . .. e,

A.10 Representation of the feature ranking for Forward Selection 2, for a 0.05
noise leEel and for the databases related to 1 to 9 clusters. ID represents an
empirical number giEen to each feature and characterizing its position in the

feature set. . . . . . .. e

A.11 Representation of the feature ranking for Forward Selection 2, for a 0.15
noise leEel and for the databases related to 1 to 9 clusters. ID represents an
empirical number giEen to each feature and characterizing its position in the

feature set. . . . . . . . e

A.12 Representation of the feature ranking for Forward Selection 2, for a 0.30
noise leEel and for the databases related to 1 to 9 clusters. ID represents an
empirical number giEen to each feature and characterizing its position in the

feature set. . . . . . . L

A.13 Representation of the feature ranking for Kernel Density Estimation, for a
0.05 noise leEel and for the databases related to 1 to 9 clusters. ID represents
an empirical number giEen to each feature and characterizing its position in

the feature set. . . . . . . . . . L e

114



L1sST OF TABLES

A.14 Representation of the feature ranking for Kernel Density Estimation, for a
0.15 noise leEel and for the databases related to 1 to 9 clusters. ID represents

an empirical number giEen to each feature and characterizing its position in

the feature set. . . . . . . . . . e e

A.15 Representation of the feature ranking for Kernel Density Estimation, for a
0.30 noise leEel and for the databases related to 1 to 9 clusters. ID represents

an empirical number giEen to each feature and characterizing its position in

the feature set. . . . . . . . . . e e

A.16 Representation of the feature ranking for Simple Ranking, for a 0.05 noise
leEel and for the databases related to 1 to 9 clusters. ID represents an em-
pirical number giEen to each feature and characterizing its position in the
feature set. . . . . . . e

A.17 Representation of the feature ranking for Simple Ranking, for a 0.15 noise
leEel and for the databases related to 1 to 9 clusters. ID represents an em-
pirical number giEen to each feature and characterizing its position in the
featureset. . . . . . . L

A.18 Representation of the feature ranking for Simple Ranking, for a 0.30 noise
leEel and for the databases related to 1 to 9 clusters. ID represents an em-
pirical number giEen to each feature and characterizing its position in the

feature set.

X1

115

116



FIGURE

2.1

2.2

2.3

24

4.1

4.2

4.3

4.4

LIST OF FIGURES

General spike sorting process. A) Extraction and superposition of the spikes
coming from the raw data. B) Feature extraction. C) Clustering of the spikes

from the extracted features to obtain the sorted spikes. Figure adapted from

General feature selection process. Figure from [58]. . . . . ... ... ......

Representation of the filter method for the selection of features. Figures from

Representation of the wrapper method for the selection of features. Figures
from [91]. . . . . e e

Typical spike shapes representations. . . . ... ... ... ............

Synthetic signal sample generated from 4 different spikes and for a 0.15 noise
level. Down arrows indicate localization of the spikes and numbers identify
the membership of a spike to a cluster. First number 2 means that this first
spike belongs to the same clusters as the second spike, also referred with a 2.

Database coming from [93]. . . . . . ... ... ... ... ... ... ... ...,

Spike (in blue) and its associated Peak-to-Peak Amplitude (double arrow in
orange). Vertical black dashed lines represent respectively maximum (upper)

and minimum (lower) amplitudes. . . . ... ... ... ... ...........

Spikes (in blue) presented on figure 4.1 and normalized by their Peak-to-Peak
Amplitude (as defined in expression 4.2). On each figure, the positive (left)
and negative (right) relative amplitudes are drawn in orange. Vertical black
dashed lines represent respectively maximum (upper), zero (middle) and

minimum (lower) amplitudes. . . . ... ... ... ... .. ... .........

x11

Page

34

39



L1ST OF FIGURES

4.5

4.6

4.7

4.8

4.9

4.10
4.11

5.1
5.2

5.3

5.4

5.5

Spike (in blue), whose amplitude is normalized as explained in subsection
4.3.2. Peak-to-Peak duration is represented by the double arrow in orange.
Vertical dashed lines represent respectively the indexes for the maximum
(left) and minimum (right) amplitudes of the spike. . . . . ... ... ... ... 40
Spikes (in blue) presented on figure 4.1 normalized by their Peak-to-Peak
Amplitude (as defined in expression 4.2) and with, on the left figure, the area
under the curve of the spike is exposed in orange and, on the right figure,
the average value (as defined in expression 4.7) is presented as a orange
continuousline.. . . . . . . ... 41
Spike (in blue) and its associated variance measure (as defined in expression
4.9) in orange continuous line. . . . . . ... ... ... ... .. ... ... ..., 42
Representation of a spike (blue) with its associated first (green) and second
derivatives (red). Each signal is normalized. . ... ... ............. 43

Representation of the general process of feature selection on the base of their

pdf’s and similarities. Figure from [2]. . . . .. ... ... ... .......... 49
Spikes superimposed to see the proximity between shapes. . . ... ... ... 54
Synthetic general process. Illustrations adapted from [12,89]. . ... ... .. 58
Synthetic general process. Illustrations adapted from [12,89]. . ... ... .. 61

Sample of a recording (left) containing 4 different spikes with annotations con-
cerning the localization of spikes and the plot of the corresponding extracted
spikes (right), for a 0.15 noise level. The correspondences are the following:
green = 2, blue = 4 and red = 1. The third type of spike is not present in this

Superposition of the 2849 spikes extracted for a database with 4 different
types of spikes and 0.15 noiselevel. . ... ... ... ... ... ... ...... 63
Representation of the same spike points, first versus second PCA components
(left) and third versus fourth PCA components (right) for 777 spikes extracted
from a database containing 3 types of spikes and a 0.05 noise level. Each color
represents one type of spike. The clustering process performs good results for

the representation on the left and poor results for the representation on the

Histograms (75 bins) of the 15 meaningful features. From left to right and
in descending order: A™ (first left), Amp™ (second left), AVG (middle), D ,eqz
(first right) and E (second right) applied on spike (first row), first (second row)

and second (third row) derivative of the spike. . . . .. ... ... ... ... .. 66

xiii



L1sT OF FIGURES

5.6

5.7

5.8

5.9

5.10

5.11

5.12

2-dimensional space engendered by the pairs of the Amp™, A*, E, E and
Am p+ features for a database containing 3 types of spikes and a 0.05 noise

level. . . . . e,

Different cases of ranking situations with their associated causes. . . . . . . .

L,4:i0 values according to the number of features in the feature subset for
Forward Selection 2, 5 clusters and a 0.15 noise level. The size of the data

points are proportional to the number of spikes in the represented cluster. . .

R .orrelation Values according to the number of features in the feature subset
for Forward Selection 2, 5 clusters and a 0.15 noise level. The size of the data

points are proportional to the number of spikes in the represented cluster. . .

Representation of Rand Index (upper graph), L,4:i, (graph in the middle)
and R ,rreiation (lower graph) values according to the number of features in
the feature subset for Forward Selection 2, 5 clusters and a 0.15 noise level.
The size of the data point are proportional to the number of spikes in the

represented cluster for L,4:;0 and Rorrelation raphs. . . . . . .. . . ... ...

For the clustering of 4 clusters, representation of the Rand Index for an in-
creasing number of features, for each algorithm and for a noise level equal
to 0.15. The maximum number of features is equal to 15 for each algorithm
except PCA since the database does not count more than 15 features. For PCA,
this stop level has been arbitrarily set. The concordance is the following: Back-
ward = Backward Elimination; Forwardl = Forward Selection 1; Forward2
= Forward Selection 2; Simple = Simple Ranking (for them, see subsection
4.4.1); KDE = Kernel Density Estimation of the Feature Density Similarity
(see subsection 4.4.2); PCA = Principal Component Analysis. . ... ... ...

Representation of the Rand Index value for the Kernel Density Estimation
(KDE) algorithm according to an increasing number of features, for 5 clusters
and a noise levels being respectively equal to 0.05 (asterisk), 0.10 (star), 0.15
(circle), 0.20 (square) or 0.30 (hexagonal star). . . ... ... ... ........

Xiv

70

71

77



L1ST OF FIGURES

5.13 Waveforms representation (left and right in gray), average waveform (left

B.1

B.2

B.3

and right in cyan) with the associated spikes (middle in black) for Feature
Dispersion algorithm, a 0.15 noise level, a database containing 3 clusters and
for 1 (left with poor performance) and 12 (right with higher performance)
selected features. The selection of the 12 features are realized on the basis of
the technique presented in section 5.4 while the first feature by examination
of the Rand Index representation. The average waveform is obtained by

averaging all the waveforms of the spikes present in the cluster. . . . . . . ..

Representation of the rand index for an increasing number of features, for each
algorithm and for a noise level equal to 0.15. The maximum number of features
is equal to 15 for each algorithm except PCA since the database does not count
more than 15 features. For PCA, this stop level has been arbitrarily set to
15 too. The concordance is the following: Backward = Backward Elimination;
Forwardl = Forward Selection 1; Forward2 = Forward Selection 2; Simple
= Simple Ranking (for them, see subsection 4.4.1; KDE = Kernel Density
Estimation of the Feature Density Similarity (see subsection 4.4.2); PCA =
Principal Component Analysis. The disposition is the following: upper left
= 2 clusters; upper right = 3 clusters; upper middle left = 4 clusters; upper
middle right = 5 clusters; lower middle left = 6 clusters; lower middle right =
7 clusters; lower left = 8 clusters; lower right =9 clusters. . . ... ... .. ..
Representation of the Rand Index value for the algorithms according to
an increasing number of features, for 3 clusters and a noise levels being
respectively equal to 0.05 (asterisk), 0.10 (star), 0.15 (circle), 0.20 (square) or
0.30 (hexagon). The concordance is the following: blue = Backward Ranking
(Backward); green = Feature Dispersion (FD); red = Forward Selection 1
(Forward 1); orange = Forward Selection 2 (Forward 2); dark magenta =
Kernel Density Estimation (KDE); pink = Principal Component Analysis
(PCA); brown = Simple Ranking (Simple) . . ... ... ... ...........
Representation of the Rand Index value for the algorithms according to
an increasing number of features, for 5 clusters and a noise levels being
respectively equal to 0.05 (asterisk), 0.10 (star), 0.15 (circle), 0.20 (square) or
0.30 (hexagon). The concordance is the following: blue = Backward Ranking
(Backward); green = Feature Dispersion (FD); red = Forward Selection 1
(Forward 1); orange = Forward Selection 2 (Forward 2); pink = Principal

Component Analysis (PCA); brown = Simple Ranking (Simple) . . . . ... ..

. 4%

78

123



L1sT OF FIGURES

B.4 Representation of the Rand Index value for the algorithms according to

B.5

B.6

an increasing number of features, for 9 clusters and a noise levels being
respectively equal to 0.05 (asterisk), 0.10 (star), 0.15 (circle), 0.20 (square) or
0.30 (hexagon). The concordance is the following: blue = Backward Ranking
(Backward); green = Feature Dispersion (FD); red = Forward Selection 1
(Forward 1); orange = Forward Selection 2 (Forward 2); dark magenta =
Kernel Density Estimation (KDE); pink = Principal Component Analysis
(PCA); brown = Simple Ranking (Simple) . . ... ... .. ... .........

Representation of the rand index for an increasing number of features, for each
algorithm and for a noise level equal to 0.05. The maximum number of features
is equal to 15 for each algorithm except PCA since the database does not count
more than 15 features. For PCA, this stop level has been arbitrarily set to
15 too. The concordance is the following: Backward = Backward Elimination;
Forwardl = Forward Selection 1; Forward2 = Forward Selection 2; Simple
= Simple Ranking (for them, see subsection 4.4.1; KDE = Kernel Density
Estimation of the Feature Density Similarity (see subsection 4.4.2); PCA =
Principal Component Analysis. The disposition is the following: upper left
= 2 clusters; upper right = 3 clusters; upper middle left = 4 clusters; upper

middle right = 5 clusters; lower middle left = 6 clusters; lower middle right =

7 clusters; lower left = 8 clusters; lower right =9 clusters. . . ... ... .. .. 129

Representation of the rand index for an increasing number of features, for each
algorithm and for a noise level equal to 0.30. The maximum number of features
is equal to 15 for each algorithm except PCA since the database does not count
more than 15 features. For PCA, this stop level has been arbitrarily set to
15 too. The concordance is the following: Backward = Backward Elimination;
Forwardl = Forward Selection 1; Forward2 = Forward Selection 2; Simple
= Simple Ranking (for them, see subsection 4.4.1; KDE = Kernel Density
Estimation of the Feature Density Similarity (see subsection 4.4.2); PCA =
Principal Component Analysis. The disposition is the following: upper left
= 2 clusters; upper right = 3 clusters; upper middle left = 4 clusters; upper

middle right = 5 clusters; lower middle left = 6 clusters; lower middle right =

7 clusters; lower left = 8 clusters; lower right =9 clusters. . . . ... ... ... 130

XV1i



L1ST OF FIGURES

C.1

C.2

C.3

Representation of Rand Index (upper graph), L,,:;, (graph in the middle) and
R (lower graph) values according to the number of features in the feature
subset for Backward Elimination (left in blue) and Feature Dispersion (right
in green), for 5 clusters and a 0.15 noiselevel. . . . . .. ... ... ... .... 132
Representation of Rand Index (upper graph), L,4:i, (graph in the middle) and
R (lower graph) values according to the number of features in the feature
subset for Principal Component Analysis (left in pink) and Forward Selection
1 (right in red), for 5 clusters and a 0.15 noise level. . . . . . . .. .. ... ... 133
Representation of Rand Index (upper graph), L,4:;, (graph in the middle) and
R (lower graph) values according to the number of features in the feature
subset for Kernel Density Estimation (left in dark magenta) and Simple

Ranking (right in brown), for 5 clusters and a 0.15 noise level. . ... ... .. 134

XVil






Part 1

Introduction






CHAPTER

INTRODUCTION

One of the particularities of the human being is its ability to move in its environment.
The combination of vision and proprioception informaition contributes to the realization
of this action. Proprioception can be defined as the perception, conscious or not, of the
relative position of the different parts of the body. Besides that, vision represents the
ability to sense light rays. Together, they are indispensable to movement, because they
allow the individual to determine and estimate the distance to cover between the starting

and ending points of the displacement.

With a focus on the human vision, a well-structured network processing the infor-
mation can be identified. The eye captures light rays. At the level of the retina, the
back-end of the eye, photoreceptors, which are nothing other than nervous cells, ensure
the transduction/transformation of the visual flux in an electrical flux under the form
of nervous impulses, which can be seen as electrical discharges. The optical nerve con-
veys the nerve flux through the chiasma, a physical localization where the nerve fibers,
which are trapped in the optical nerve until this point and now uncovered, cross each
other. Their expansions form the optical tracts which decompose into optical radiations
that project themselves on the visual cortex, the part of the brain processing the visual

information (more information available in [73]).

To form this visual network, small pieces are linked together to integrate and trans-

mit the nervous signal between the periphery, represented by the eye, and the kernel,
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CHAPTER 1. INTRODUCTION

represented by the brain: the neuron. The activity that can be recorded from them
is named action potential, if related to the internal event, or spikes, if related to the

waveform captured extracellularly [30].

1.1 Motivation

It has been shown that certain neurons or neuron populations respond specifically to
stimuli. In other words, these neurons discharge in presence of a certain pattern in the
stimulus, while others do not show such a behavior [50]. Hence, it is normal to think that
each of these neuron populations gives rise to responses with their own characteristics
[71].

The study of these particularities is of main interest in the understanding of the
brain functioning. Among all techniques allowing the identification and characterization
of neurons, electrophysiology studies the bioelectrical activity of living tissues, recorded

via intracellular or extracellular implanted electrodes [30, 69].

1.2 Work statement

Building from this, the aim of this work is to bring a contribution to the understanding

of the visual system with a focus on neuronal responses.

As previously said, to achieve this goal, electrophysiology is used. To analyze the
data coming from the recordings of this technique, spike sorting is applied. Briefly, this
procedure tends to extract the individual responses of neurons from the recorded general

neuronal activity (see section 2.1 for a detailed explanation).

In the beginning, neuroscientists performed manually spike sorting based on their
knowledge and the observation of the recorded signals. However, due to the limited
space in which data can be observed, which leads to human biases [36, 58] and with
the increasing quantity of information that is possible to record and store, this task
became rapidly time-consuming [76] and intractable for neuroscientists. That is why

machine learning algorithms, algorithms improving automatically their performance
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1.3. OVERVIEW

with experience, have emerged to help them in the automation of this process.

However, in most of these algorithms, the insight/knowledge of the neuroscientists is
not included and strong data processing tools are often preferred. This work proposes to
approach the spike sorting problem in a different way. Indeed, the ultimate goal of spike
sorting is to obtain, at the end of the process, the individual spike responses. The latter
ones give then rise to an analysis of their specificities/particularities. Why not combine a
part of this step within the spike sorting technique with an identification of important

characteristics?

With this insight and trying to think as a neuroscientist, this work proposes to extract
some particular features from the spikes identified in the spike sorting procedure instead
of applying strong technical tools. However, due to the lack of knowledge for the field
of neurosciences, it is obvious that some of the chosen features may be uninteresting.
To alleviate this problem, feature subset selection tools are applied to select the most
relevant ones for trying at the end to give rise to better results than Principal Component

Analysis (PCA), a machine learning tool commonly applied for spike sorting.

1.3 Overview

Chapter 2 defines the terms and provides an overview of the general process of spike
sorting and feature subset selection, explaining the different steps of the procedure for
each of their application. That allows to introduce the following terms: filtering, spike
detection, feature extraction, clustering, filters, wrappers, etc. Its goal is to initiate the
reader to the foundations of the work idea and to provide the basic knowledge required

to understand the next chapters.

Chapter 3 surveys the literature for the spike sorting process, including feature
subset selection, defined in chapter 2. Furthermore, it allows the reader to become aware
of the main limitations of the techniques used for now and explains the necessity of a

novel approach for this problem.

Chapter 4 proposes the new methodology investigated in this work to enhance the re-

sults of spike sorting. It starts with an explanation of the approach, details the database
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CHAPTER 1. INTRODUCTION

that is used and defines the different features which are extracted from the spikes and
considered as reflecting the neuroscientist’s insight used during the manual spike sorting.
Then, it describes the feature subset selection algorithms selected to rank the features
by degree of relevance. Finally, the clustering algorithm and the evaluation criteria

employed to assess the quality of this choice are defined.

Chapter 5 discusses the results got from the database and proposes a new method for

selecting the relevant features.

Chapter 6 and 7 provide a discussion based on the obtained results, conclude and

suggest future work.
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CHAPTER

BACKGROUND

This chapter describes the general processes of spike sorting and feature subset selection.
Its goal is to introduce and to describe these techniques so that the reader can under-
stand the next chapters developing the ideas and general objectives of this work. At the
end, a small section explains the interest the interactions between these techniques can

bring to the problem to solve.

2.1 Spike sorting process

The brain involves a huge quantity of neurons, firing or not, depending on the context
and the different stimuli presented to them [30]. To study this aptitude, experiments are
performed and generally conducted as follows. For a certain time, a trial is performed
and recorded. After this period, data acquisition stops and a new trial is carried out until
obtaining the desired number of trials. It is then possible to build a database, called A
(for acquisition) and within which the recordings are stored, each row representing a
trial and noted A;. Each column of A, noted A/, represents an acquisition instant. Hence,

if M acquisition instants and N trials are considered, the data matrix can be written as:
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2.1) A<M = =[Al AZ ... AM

Based on these recordings and hence data, the pretension of spike sorting is to identify
populations of neurons with similar responses to stimuli. Spike sorting is then defined
as the process of setting spikes into groups, based on the similarity of their shapes or
waveforms [74, 80]. The general procedure guiding spike sorting is presented on figure
2.1.

raw data

A) spike detection

B) feature extraction

coeff. 3
*

Coeff 1i &

C) clustering

sorted spikes

-

Figure 2.1: General spike sorting process. A) Extraction and superposition of the spikes
coming from the raw data. B) Feature extraction. C) Clustering of the spikes from the
extracted features to obtain the sorted spikes. Figure adapted from [76].
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Shortly, spike sorting carries out as follows. After data acquisition, a filter is applied
on the raw data to try to extract the most interesting information, the data of interest,
from the recorded signal containing background noise. The second step of the process
is to identify the firing instants and extract the different parts of the signal associated
to them. These parts represent spikes and the technique to obtain them is called spike
detection. The third step consists in the definition of features from the isolated spikes.
Finally, based on the similarity of their features, the different spikes are clustered, are
put into different groups. To do it, clustering algorithms are used. At the end of the

procedure, the spike groups are returned and characterize the firing neurons.

For an easier understanding of the general process of spike sorting, the next subsec-

tions explain more precisely the different steps of the procedure.

2.1.1 Filtering

During electrophysiology, recorded data are most of the time noisy, due to different
artifacts such as movements, outside electrical and magnetic devices, etc [30]. Hence,
after data acquisition, filtering is used (not explicitly represented on figure 2.1). This
first step consists in the application of a filter on the raw data to enhance the Signal to
Noise Ratio (SNR), what measures of the quality of the signal. If the SNR is too low, that
means that the signal is highly noisy. In the other hand, if the SNR is high, the signal is

clean and not noisy.

To accomplish this step, the choice of the filter is really important, because some
filters have the particularity to distort the signal [75], what is not desirable in this
case since the spike shapes have to be conserved. In addition to that and since the
recorded signal contains a large range of frequencies, parasitic or not, the filter must be
band-passing, allowing hence some chosen frequencies [80]. At the end of this process,

the matrix A, presented at equation 2.1, is modified in a matrix A.

2.1.2 Spike Detection

The actual first step of the spike sorting process is spike detection, in other words, the

detection and the extraction of spikes within the filtered signal (corresponding to step A

11
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on figure 2.1). This process bases itself on the fact that spikes have an amplitude higher
than the surrounding noise. Once their position is localized, they are extracted out of the
signal and the sequence of the process can continue. Hence, a new matrix X is defined,

constructed from A and for which each row contains a single spike (noted S;):

(2.2) X =

It must be noted that the number of points representing S;’s is smaller than M.
Furthermore, K, the number of spikes, is usually higher than N, since it is reasonable
to think that several spikes are extracted from each recording. M and N are to refer to

equation 2.1 of section 2.1.

2.1.3 Feature Extraction

Depending on the current filter and the frequency at which the original data are recorded,
each extracted spike can be represented by a large number of points, each point being a

measure instant, as described in section 2.1.

It can be interesting to reduce the size the database X (see equation 2.2), since
working with a large amount of data is computationally expensive, can lead to overfitting
(a property of algorithms that model really well data but are not able to generalize their
results to other data) when models have to be built from them and can show a tendency
to the curse of dimensionality (the fact that algorithm cannot utilize low dimensional
metrics in high dimensional spaces) [6, 8]. To avoid these problems, feature extraction is
utilized as second step of the spike sorting process [2] (corresponding to step B on figure
2.1).

The goal here is to find new features that most represent the spikes and which can
retain as much information as possible from the database. That is based on the fact that

a neuron may generate spikes with unique extracellular signal features [30, 71, 74]. This
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step gives rise to an easier application of the clustering algorithm [19, 33].

2.1.4 Clustering

Once the features are extracted, the clustering or unsupervised classification step (corre-
sponding to step C on figure 2.1) can be performed. It consists in the creation of groups
by using a measure of the similarity between features [19]. This similarity can take
several definitions and, depending on them, some algorithms are preferred or not. The
ultimate goal of this process phase is to distribute the spikes into different clusters,
to finally identify populations of neurons with equivalent activities or at least similar

stimuli related responses.

2.2 Feature subset selection process

Practical machine learning algorithms are known to degrade in performance when the

number of irrelevant features for predicting the output is too high [49].

Feature subset selection, also called selection of variables, attribute selection or
selection of a subset of variables [63], is a process of selecting a feature subset of interest
in the creation of a model [48]. Coupled with unsupervised learning, characterized by the
absence of class labels, it is a difficult task whose the goal is to find the feature subset
that best discovers "natural" groupings from data [26]. It has the particularity to choose
features from the original features, and does not construct new ones [49, 57, 58, 72].
To do this, the algorithms targeting this problem must withdraw/cancel features which
are not of interest or which are redundant, on the basis of an evaluation criterion (see
subsection 2.2.2 for more details) [2, 58]. Interactions between features must hence be
taken into account in the process. These techniques are utilized to simplify models in
eradicating inappropriate and unnecessary features, to make them easier to interpret, to
reduce the learning time of the algorithms, to enhance model generalization, to increase
their accuracy rate and to reduce overfitting [2, 26, 34, 55, 58, 91].

An optimal feature subset need not be unique because it may be possible to achieve

the same accuracy using different sets of features (e.g., when two features are perfectly

13
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correlated, one can be replaced by the other) - R. Kohavi & G. H. John ([49], the problem)

Feature selection technique is different from feature extraction or feature construc-
tion technique [79]. The latter aims to construct features of interest from the original
features, either using visual analysis or by applying algorithms allowing the projection
of the starting space to a new space [2, 9]. Definition 1 provides a mathematical frame
for the comprehension of these two terms. Sometimes, in literature, these two notions
are considered identical, resulting in difficulties for the understanding. In this document,
they are considered as opposite, since the comparison is based on the conservation or not

of a part of the original features.

Definition 1. Feature subset selection or extraction is a process of selecting a map of the
form x' = f(x) by which a sample x(x1,x2,-* ,X, is a n-dimensional measurement space
(R") is transformed into a point x'(x,xy,+- ,x,, in a n'-dimensional (n' < n) feature space
(R™). For feature extraction, there is no restriction on the function f. In the case of feature

subset selection, the function f must be so that x' is a subset of x [5].

The general process of feature selection is exposed on figure 2.2. Subset generation is
a procedure that produces subsets of variables, candidates for an evaluation, on the basis
of a research strategy. Each candidate subset is assessed and compared with the other
candidates via a certain evaluation criterion. If the new subset turns out to be better, it
replaces the last best subset [51]. The generation and evaluation processes are repeated
until a stopping criterion is verified. Afterwards, the best subset is usually validated
by prior knowledge of the phenomenon or on the basis of different tests performed on

synthetic or real databases. These four steps[18] are described in the following sections.

Original Subset Subset Subset
Set Generation Evaluation
Goodness
of subset
No K(u))pjng Result

Criterio Validation

Figure 2.2: General feature selection process. Figure from [58].
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2.2.1 Subset Generation

The generation of subsets is essentially a process of heuristic search [52, 54] for which
each state in the research space specifies a candidate subset for evaluation. The nature
of this process is determined by two basic problems: the starting point and the search

strategy.

First of all, the initial point for the start of the research must be determined, what
already influences the research process. The research can start with an empty set to
which features are successively added, what is called forward search. A second possibility
is to start with the full feature set and successively cancel some of the features, what
is called backward elimination [22, 58, 63]. Finally, an alternative method can be used,
for which the process starts with an empty set and a full set and continues in removing
and adding simultaneously features to both sets. This last method is called bi-directional
search [54]. The research can also start with a feature set randomly selected among all

possible sets. The goal here is to avoid to fall in a local optimum [24].

The second problem is to decide the research strategy to follow: complete, sequential
or random. Complete search guarantees to find the optimal result according to the evalu-
ation criterion [48]. The exhaustive search is complete. However, a complete search is
not necessarily an exhaustive search [58]. Different heuristic functions may be utilized
to reduce search space without compromising the chances to find the optimal result.
Therefore, even if the search space is O(2), a smaller number of subsets is evaluated
[24, 66].

Besides that, sequential search renounces to entirety and can hence lead to non-
optimal subsets [58]. This is called greedy search. The algorithms with sequential search

are simple to implement and rapid in the production of results [48].

The final possibility is the random search, which starts with a randomly selected
subset and proceeds in different ways. The first way is to follow a sequential search, what
is nothing different than injecting randomness within the classical sequential approaches
described previously [24]. The second way is to make evolve the initial subset by random
modifications (addition or cancellation of features) [10]. For all these approaches, the
utilization of randomness helps to avoid local optima in the search space. The optimality

of subset selection relies on the available resources.
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2.2.2 Subset evaluation

As previously mentioned, each new subset needs that its quality be assessed by an
evaluation criterion. If the new one is superior than the one before, the new subset then
replaces the previous subset. The main objective of evaluation is to compute the selective
capability of feature or subset to make out the class label - S. Vasalakshi & V. Radha
([91], evaluation criterion methods). It must be precised that an optimal subset, selected
via one criterion, may be non-optimal, according to another. The evaluation criteria
can be roughly categorized in two groups according to their type: filters and wrappers

[22, 57, 72]. They are described in the following two sub-sections.

2.2.2.1 Independent criteria - filters

In this case, for a database X, the algorithm starts the research from a given subset
So, that can be empty or not, and searches through the feature space on the base of the
research strategy. An independent measure, a measure that does not take into account
the clustering and using intrinsic properties of the data, is computed on each subset S.
If it is found to be better than the previous one, it is conserved as the new best one. The
research iterates until the predefined stopping criteria is reached. The algorithm returns
the last best subset Sp,.s; as final result. It turns out that the results of the research are

both dependent of the research strategy and of the evaluation criterion [58].

The criteria utilized to rank the subsets are called filter criteria or more simply filters
[17, 35, 56, 97]. The process of subset selection via filter methods is summarized on
figure 2.3. They measure the quality of a feature or the functionality of a subset by
the exploitation of intrinsic characteristics of the data [97]. The clustering algorithm
is ultimately applied in a next step [2, 25]. The most popular independent criteria for

unsupervised learning problems are the distance and information measures.

Dependency measures are also known as correlation measures or similarity measures.
They assess the ability of a first variable to predict the value of another variable. In

feature selection for clustering, the association between two random features measures
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the similarity between the two.

Space of feature subset

Optimizing using
algorithms
[
= @ -
o W o= =
8 2 2235
A gad
v
Evaluation  (without including Learning using
characteristics of ML algorithm) ML algorithm

Figure 2.3: Representation of the filter method for the selection of features. Figures from
[91].

Information measures typically determine the information gain from a feature I.
It consists in computing the difference of information contained in the database (prior
knowledge) with and without the feature I (posterior knowledge). Feature I is preferred

to feature o/ if the information gain from I is higher than the one from o/ [58].

The advantages of filter methods are that they are easily scalable with high dimen-
sional datasets, computationally simple, fast in process and independent of data mining
algorithm [72]. Their main disadvantages are that they ignore the interaction between
the classifier and the features and that most of them consider each feature separately
than as a set, what leads in a degradation of the classification performance, in compari-

son with wrappers [91].

2.2.2.2 Dependent criteria - wrappers

For a database X, the algorithm starts the research from a subset S¢, that can be empty
or not, and searches through the feature space on the base of the strategy search. The
clustering algorithm is then applied on each subset S. A dependent measure, a measure
that takes into account the clustering algorithm, is then computed on the results of
the clustering algorithm applied on each subset S. If it is found to be the better that
the previous one, it is conserved as the new best one. The algorithms iterates until the

predefined stopping criterion is reached and returns the final best subset Sp,s; as final
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result. Therefore, the results of the research are dependent of the research strategy, the

clustering algorithm and the evaluation criterion [58].

The criteria utilized to rank the subsets are called wrapper criteria or more simply
wrappers [13, 25, 46, 49]. The process of subset selection via wrapper methods is sum-
marized on figure 2.4. Hence, wrappers necessitate a predefined research algorithm,
utilize its performance and consider the clustering algorithm as a black box [2, 33, 49] to
determine the ranking of the subsets according to their predictive power [58], a measure
of the cluster quality based on heuristic criteria. The feature subset selection algorithm
conducts the induction algorithm itself as part of the evaluation function - G. H. John, R.
Kohavi & K. Pfleger ([42], The wrapper model)

Space of feature subset

v

[ Optimizing using

algorithms

Selected
Features

Quality

Features
Subset

Evaluation using ML Learning using
algorithm ML algorithm
=

Figure 2.4: Representation of the wrapper method for the selection of features. Figures
from [91].

Due to these interactions, wrappers generally provide better results than filter models
as they find the features which correspond the best to the predefined research algorithm
[2, 49, 52]. However, their disadvantages are the high risk of overfitting, due to the
reduction of independent evaluation criteria, in comparison with filters, and their com-

putational demand since clustering is integrated [2, 91].

2.2.3 Stopping criteria

The stopping criteria determines when the feature selection process should stop. Dif-
ferent possibilities exist. The easiest one is in the case of the complete search. Indeed,

the feature selection process stops when the feature subset space has been completely
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investigated.

Another stopping criterion can be associated to a predefined limit. The first possibility
is the exceeding of a certain number of features, a certain number of iterations of the
search process or even a certain level of quality (according to the evaluation criterion). A
second possibility of stopping the research can occur when the last action (addition or
cancellation of a feature) does not produce a better subset (according to the evaluation

criterion) [58].

2.2.4 Validation criteria/criterion

Finally, it is important to validate the results obtained by the subset generation, subset
evaluation and stopping criterion steps. One of the most easiest validation criterion is
the prior knowledge on data [58]. Comparing them with the results provided by the
process can already show the efficiency, or not, of the feature selection process. However

this prior knowledge is rarely available.

To overcome this problem, data for which results are known in advance are generally
used. It is often synthetic data, but that can also be real data. In this case, the perfor-
mance of the process can be assessed visually or on the basis of a criterion taking into

account the desired results and the one provided by the process.

2.3 Interaction between the techniques

Spike sorting is the technique that is commonly used to extract individual responses of
neurons from neuronal activity recordings. After filtering, spike detection and feature

extraction, clustering is performed (see section 2.1 for more details).

However, among the features generated in feature extraction, some of them may
not be interesting and can be seen as noise on data. To alleviate this problem, feature
subset selection is applied on the feature sets to select the most relevant one, according
to a search strategy (through subset generation), some evaluation criteria/criterion as

filters and wrappers and a stopping criteria, often linked to the search strategy. The
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selection is then assessed by validation criteria/criterion (see section 2.2 for more details).

Because of the interest of feature subset selection, this work takes advantage of it to
perform spike sorting. In this context, spike sorting is considered here, as described on
figure 2.1, to which a step of feature subset selection is added between step B (feature

extraction) and step C (clustering).
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This chapter explores the literature related to spike sorting, including feature subset
selection. It precises what already exists to approach these problems and the actual
limitations of these procedures. Its ends by a small remark addressed to the reader and

justifying the need of a novel approach.

3.1 Spike detection

To detect the localization of action potentials from the recorded and filtered signal, a
threshold is usually used, if the Signal to Noise Ration (SNR) is good [71, 87]. In this
case, each time the signal crosses this threshold, its is assumed that an action potential

has occurred [53].

However, since the threshold level determines the trade-off between the action poten-
tials and the background noise, missed classifications may occur. If the threshold is set
too high, then it may be expected that the noise is not taken as an action potential. But,
some actual action potentials may not be considered, what leads to false negative (Type
I error). Conversely, if the threshold is fixed too low, then it may be expected that each
action potential is detected. But, in this case, some noise artifacts may be considered as

action potentials, what gives rise false positives (Type II error) [53].
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In most of the applications, the threshold is related to the variance of the noise
contained within the signal or at least an estimation of this variance [71]. A compromise
between Type I and Type II errors, fixing the threshold at 4 to 5 times the estimator of

the variance, is proposed in [76].

Other techniques are used to try to enhance the performance of this task. Among
them it can be cited the application of energy operators (detection in changes in local
energy signal) [7, 44, 65, 81], Continuous and Discrete Wavelets Transform (CWT or
DWT) [11, 41, 45, 67], Independent Component Analysis (ICA, blind source seperation)
[88] or fuzzy and probability theories [4].

3.2 Feature extraction

As a reminder, the goal of the feature extraction step is to treat each individual action
potential coming from the spike detection step on the basis of its intrinsic properties or

the features that can be extracted from them (see 2.1.3 for more details).

To complete this objective, the first types of algorithms bases itself on the amplitude
of the peaks. However, this approach is unsuccessful since it is quite sensitive to noise as

well as to intrinsic properties of the spike shapes [53].

An alternative consists in the capture of different characteristics of the signal that
may be used in the clustering algorithm later. The features that are the most often
employed are peak amplitude, width and energy. However, Wheeler and Heetderksl have
shown that such features are not optimal for differentiating spike shapes in general in
[92].

Finally, detected action potentials can also be perceived as a collection of M data. In
this view, each action potential is symbolized by a point in a M-dimensional space [74].
Based on that, applications of dimensionality reduction algorithms can be considered.
Principal Component Analysis (PCA) stands for being the most popular one. It provides
an ordered set of orthogonal vectors depicting the directions for which the data possesses
the higher variance. It assumes that each action potential can be acquired by a linear
combination of principal components. Considering only the first K principal components,

it is hence possible to find a K-dimensional space from the initial M-dimensional space.
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This technique is applied in [1, 31, 53]. In addition to this, non-linear PCA (non linear
combination) and linear discriminant analysis (best representation in the subspace) are

also employed [22].

The most common alternative to PCA is wavelet transform. The wavelet functions
derive from shifted and dilated versions of a predefined mother wavelet. The convolution
between the signal and the functions leads to the creation of coefficients, representing a
time-frequency decomposition of the signal. In this way, really small variations of the
action potential are detected with few coefficients. Depending on the retained coefficients,
wavelet transform can bring better results than PCA [40, 76]. However, due to the com-

plexity of wavelet transform, PCA is often preferred.

Other techniques are also used for this process [14, 23, 29]: superparamagnetic clus-

tering, laplacian eigenmaps, discriminant analysis.

3.3 Feature subset selection

Besides feature extraction, if the starting features mean something of interest on the
signal, feature selection can be considered. Indeed, its most advantage is to conserve the
meaningful features from the initial set of features for the problem of interest and that,

based on their intrinsic properties (see 2.2 for more details).

It appears in literature that research strategies are mainly sequential and can be
either filters, wrappers (see 2.2.2 for more details) or an hybrid solution. What is called
hybrid solution is also often referred as embedded methods. They take advantage of
filters and wrappers. Generally, in embedded methods, features are ranked according to
a certain criterion. The sets with the best rankings and with an increasing number of
features are provided to the clustering algorithm. The final results is evaluated according
to a second criterion. At the end of the process, the subset with the best assessment
is returned. It relies both on the prior ranking (characteristic to the filters) and the
clustering algorithm (characteristic to the wrappers). That is why these algorithms are

considered as hybrid solutions.

This section mainly focuses on feature subset selection for the problem of unsuper-
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vised learning. In [58], the authors create a tabular containing references from various
publications talking about feature subset selection for both classification (supervised
learning) and clustering (unsupervised learning). An updated copy is presented on table
3.1. The following subsections describe the main idea behind certain algorithms present
in this table.

Table 3.1: Synthetic table summarizing the different publications and introducing algo-
rithms dealing with the problem of unsupervised learning (clustering). Inspired from
[58].

Clustering . Filter
algorithms Hybrid Wrapper
. Predictive Accuracy
Filter + .
Type or Cluster Good- Information Dependency
Wrapper
ness
AICCI21],
Dash. FSSEM[25], Dash’s[17], Mitra’s[64],
Paper Liws[19] Visual-FSSEM[26], SBUD[20], PDF’s[2],
ae ELSA[46], CE[90] FD[27]
EM&K-ELSA[47]

3.3.1 Filter solution

Filters possess the particularities to be easily scalable for large dimensional datasets,
computationally simple, with a fast processing, but they do not take into account the
clustering algorithm. Among them, filters based on dependency and information can be

distinguished (see subsubsection 2.2.2.1 for more details).

Dependency

Among filter methods for unsupervised learning, M. Alibeigi, S. Hashemin and A. Hamzeh
present in [2] an unsupervised feature selection technique using feature density func-
tions. Their idea is to suggest a filter method in which an estimation of the probability
density function (pdf) is performed, a dependency measure. The features are then rank-

ing according to similarity between these statistical distributions. This proximity is
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computed by the Mean Square Error (MSE), in other words, the sum of the squared
difference. The algorithm returns the feature for which the MSE is lower than a value

determined by the user.

Another algorithm using dependency measure is introduced by P. Mitra, C.A. Murthy
and S.K. Pal in [64]. They define a new feature similarity measure between two features,
called maximum information compression index, that they describe as nothing but the
eigenvalue for the direction normal to the principle component direction of the feature
pair. The features are selected via a threshold and the computation of the distances
between a certain number of features, this number varying with the iterations on the

process.

Information

Besides the algorithm utilizing dependency measure, M. Dash, K. Choi, P. Scheuermann
and H. Liu advance a filter solution using an information measure, the entropy. The
method comes from the observation that data with clusters has very different point-to-
point distance histogram than data without clusters. To do that, a distance-histogram is
computed between the features and the entropy is calculated so that its value is low if
data has distinct clusters and high otherwise. The subset to return is selected by forward

selection research of the best value of this entropy.

M. Dash, H. Liu and J. Yao in [20] define an entropy based on a similarity measure.
The latter is computed from the distances between features so that closer features have
higher similarity and far apart features have low similarity. To find the most important
variables, they use a Sequential backward selection algorithm for Unsupervised Data

(SUD). Finally, the algorithm returns the subset for which the entropy value is maximum.

In [90], R. Varshavsky, A. Gottlieb, M. Linial and D. Horn choose to compute a Con-
tribution to Entropy (CE). In this paper, the entropy is calculated from the squared
eigenvalues, as developed in [3]. This kind of entropy is minimal for an ultra-ordered
dataset and maximum for a disordered dataset. The CE value is then determined as
the difference between the entropy of the matrix and the entropy of the matrix to which
one feature is canceled. The set of features to return is selected as the set of features for

which the CE value is higher than the mean CE values, plus the standard deviation of
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these latter ones.

3.3.2 Wrapper solution

Wrappers have the particularity to take into account the clustering algorithm and due to
this interaction they often provide better results than filters (see subsubsection 2.2.2.2

for more details).

J. D. Dy and C. E. Brodley use Feature Subset Selection wrapped around Expectation-
Maximization algorithm (FSSEM) with scatter separability and maximum likelihood
as evaluation criteria [25]. The EM algorithm represents the expectation-maximization
algorithm applied to estimating the maximum likelihood parameters of a finite Gaussian

mixture. To generate the subsets to assess, the authors use sequential forward search.

Y. Kim, W. K. Street and F. Menczer, in [46], present ELSA, an Evolutionary Local
Selection Algorithm that provides the optimal subset according to multi-objective or

Pareto optimization, using the K — means clustering algorithm.

3.3.3 Hybrid solution

Hybrid algorithms take advantage of the ability of filters to rank the subsets accord-
ing to each other and the interaction of the wrappers with the clustering algorithm

[16, 58, 68, 96]. They can be understood as a combination of filters and wrappers.

M. Dash and H. Liu propose in [19] such an hybrid solution. A similarity-based
entropy measure is computed (exactly as in [20]). In their approach, the features are first
ranked according to these values and a subset of important features is then selected,
based on the quality, evaluated by scatter separability, of the clusters provided by the

k —means algorithm.
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3.4 Clustering process and evaluation

In a final step of the spike sorting process, it is necessary to identify the type of clustering
algorithm which is used, as well as the evaluation criteria for the representation quality

of the clusters. These two elements are detailed in the next two subsections.

3.4.1 Clustering Algorithms

The final step of the spike sorting process, clustering, consists in grouping together the
points of the feature space in several clusters. It exists different techniques leading to

the desired results.

The first one defines manually the boundaries on a representation of the data in a

subspace. That implies an analysis of the feature projections in 2 or 3-dimensional spaces.

To alleviate this problem, window discriminators have been introduced. The process
is the following. A manually size-defined window slides along the signals. According to
an increasing size of this window, action potentials comprised within it are assumed to
belong to a same group and can then be classified [77]. The main limitations related
to this technique are that it needs the human intervention and a recalibration of the

window during the experiment.

Another idea that can be investigated is to attempt to realize action potential tem-
plates to superpose on the signal. Action potentials are extracted by correspondence,
what is called template matching [62, 82, 85]. Each template represents a particular class
or group. However, this approach necessitates manual interventions and readjustments.

Furthermore, it is not proved that all possibles templates are available.

Besides that, statistical distributions of points in the feature space can be considered.
This process is referred as Bayesian clustering. In this context, Expectation Maximiza-
tion (EM) [94] is a first possibility. Next to that, Infinite Mixture Modeling (IMM) can
integrate prior knowledge about the problem [95]. The hypothesis consists in considering
that each cluster is modeled as a Gaussian distribution. Hence, the set of points can

be represented as a sum of Gaussians to which a Gaussian stationary noise is added.
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However, the hypothesis here is often violated in practice.

Non parametric algorithms can also be investigated. They base themselves on in-
teractions between nearest neighbors. Among them, the most popular one is certainly
k —means algorithm or Lloyd method [60, 61]. In this one, from the number of clusters
k, the points of the feature space are attributed to different groups according to their
proximity in terms of distances. If similarity is distance-based, then, for a pair of data
points in a cluster, there exist at least a few features on which the points are close to
each other - M. Dash & H. Liu ([19], introduction). To do this, what is called centroids
is defined, one for each of the cluster. In this case, since k clusters are considered, &
centroids are defined. Each centroid represents then a group. Afterwards, each point is
attributed to the collection of points for which the distance between the point and the
centroid of the considered group is the smallest, in comparison with the centroids of the
other groups [23, 86]. Hence, the sum of the square Euclidian distances of each point to

its nearest cluster center is minimized [9].

3.4.2 Evaluation criteria

An important part of clustering is the evaluation of the resulting clusters [38, 43]. Eval-
uation criteria represent criteria that are used to assess the representation quality of
the clusters at the exit of the clustering algorithm. They can be seen as tools answering
the question: "How well represented are the clusters?". There exists a lot of different
techniques and some of them are cited hereafter, classified on whether they are particular

to spike sorting or general.

3.4.2.1 General criteria

The first assessment that can be performed is the visual evaluation of the features
vectors. To do so, the clusters are plotted in different colors. The goal for the user consists
in inspecting the partition of the points in the space [85]. However, the visual representa-
tion can only be realized in a 3-dimensional space whereas the number of features often

exceeds this value.
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Scatter separability invariant is another possibility [22]. It is often used since it
is invariant under any nonsingular linear transformation [28]. This intuition behind
this criterion is that a good clustering result is the one for which the points within the

clusters are close to each other and the distance between the clusters is large.

Besides that, Maximum Likelihood (ML) represents a measure of how likely the data
are, given the parameters and the model. In this context, a statistical distribution is
associated to each cluster. Expectation Maximization (EM) algorithm is then applied and

this measure is computed from the result.

3.4.2.2 Particular criteria

Another natural way to evaluate the quality of the clustering is to represent the wave-
form representation. The goal here is to assess whether the spikes in a cluster have
similar shapes in plotting them on a single graph [85]. It has the advantage of clearly

indicating any outlier event [38].

In [83], N. Schmitzer-Torbert, J. Jackson, D. Henze, K. Harris and A. Redish propose
L,4ti0, based on the L quantity, as a new quantitative cluster separation metric. The
L value is computed for each cluster and represents a measure of the isolation of the
cluster. The more the cluster is isolated from the other data, the higher is its value. L,4¢i,

is obtained as the L quantity, normalized by the number of spikes contained in the cluster.

K. D. Harris, H. Hirase, X. Leinekugel, D. A. Henze and G. Buzsaki introduce in [37]
Isolation Distance of a cluster C, which estimates how distant the cluster spikes are

from the other spikes.

3.4.3 Validation criteria

Validation criteria represent tools that can be used to assess the final quality of the
results provided by the process. In other words, the application of a certain criterion,
different than the evaluation criteria, allows to evaluate if the outputs of the process
seems correct or not. In the case where artificial data or labeled data are at disposal,

the criterion gives a value of the clustering efficiency. It calculates how close are the
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results provided by the process to the labeled data. In the case where neither artificial
nor labeled data are available, this criterion provides an insight of the quality of the

results (see 2.2.4 for more details).

One of the most used index for the comparison of the clustering results is the Rand
Index (RI) defined in [78]. Its goal is to compare the clustering results of two clustering
algorithms or to confront such a result to a known partitioning solution. For each pair of
points, it counts how many are in a same cluster in both partitions, how many are in
separate clusters in both partitions, how many are in a same cluster in the first partition
and in different clusters in the second partition, and the reverse. Finally, the Rand Index
is computed in the range between 0 and 1, 0 meaning that the partitions are totally

different and 1 meaning the opposite.

At the end of the spike sorting process, it is possible to generate the entire response
of each neuron by placing each spike, considered as coming from this neuron, at the
corresponding temporal localization. Since a neuron presents a refractory period [39],
an interval histogram plotting the distribution between the spike temporal locations is
realized. With a typical refractory period of 1 ms [32], if there is no centered gap in the
interval histogram, it means that there exist at least one spike of another neuron that
has been supposed belonging to this neuron. In practice, a small fraction of violation of
the refractory period is tolerated (around 0.5%) [85], since noise artifacts are also present

in clusters.

It is to remark that the validation can also be applied by using the tools related to

the evaluation criteria (see 3.4.2).

3.5 Note to the reader

Throughout this chapter, available machine learning techniques have been exposed to
treat spike detection, feature extraction, feature subset selection, clustering process and
its evaluation. However, none of them is actually the best. Depending on the situation,
one will be preferred to another, regarding to a compromise between its performance and
its facility to be implemented. Challenging these problem by another side can then be

envisaged and could bring surprising results. Chapter 4 details the approach investi-
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gated in this work: smart, visual and geometric spike features can enhance spike sorting
process or, at least, match the performance of PCA, the common technique used in this
task.

However as written in section 3.2, one may think that such an approach has already
been investigated in other publications. Concerning the approach of the problem via
visual and intelligent spike feature, the answer is yes. However, these authors only
utilized the amplitude and the width of the peaks and their energy. This vision is quite
limited because the representation of a spike cannot be realized on their own basis. That
is why chapter 4 tends to show that a multitude of features are needed to characterize a
spike. The approach of this work resides hence in two points: the extraction of intelligent
features from the spikes and the utilization of feature subset selection on them to select

the ones that are able to provide the best results in the spike sorting process.
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CHAPTER

PROPOSED METHODOLOGY

In this chapter, the protocol allowing us to realize the experiments on the data. In other
terms is established, the following lines define the parameters and techniques/algorithms
used in the computation, with a view of solving the basic problem. For each feature, the
general idea of its choice is also presented. The structure of the chapter follows the one
of the general process of spike sorting to end with the general process that is used to

obtain the desired results.

4.1 Investigated approach and intuition

The idea of the approach used in this work to treat spike sorting problem is to mimic
the neuroscientist’s decision making during spike classification. During this task, this
person is able to detect and/or interpret visual characteristics from the form of action
potentials. Furthermore, if it is asked to a neuroscientist to represent an action potential
or a spike, the shape of the curve he would draw would be really characteristic and could
look like the representations on figure 4.1. Typically, the spike shape presents at least

one positive peak and sometimes a second, negative, and a third, positive.

Since the waveforms are characteristic, it is normal to think that they have common
particularities and that they differ on other aspects. Hence, based on these representa-

tions it is possible to extract some features (presented in section 4.3) that are certainly
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more informative than the features build by the techniques evoked in chapter 3 (such as
PCA or Wavelet Transform).

However, even if lots of them can be computed on the basis of signals, the relative
relevance of one according to the others is not easy to evaluate and it is also possible
that some of them are totally uninteresting. Hence, if the goal is to exploit as much
as possible the information that can be extracted from the signal, it is essential to use

feature subset selection on the feature set that is generated.
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Figure 4.1: Typical spike shapes representations.

4.2 Database

Different kind of data can be used to achieve the goal of this work. The first one consists
in collecting recorded data on which a manual spike sorting has be applied. The second
possibility resides in the creating of an artificial database. To do so, artificial or real

spikes are displayed in time.

In this work, artificial data, publicly available, are used. They represent simulating
extracellular signals recorded using a single micro electrode, are generated for the pur-
pose of [93] and totally correspond to the need of this work. They are engendered by
superimposing real spikes randomly positioned onto a noise background and uniformly
scaled (75 —125%) in amplitude to mimic the different spatial distance from each neuron
to the electrode. A total of 9 real spikes are used and a refractory period of 3 ms is

maintained, for a total duration of 60 s and a 24000 Hz frequency.
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Different noise level (1), or amount of noise in comparison with spike signal, are

produced and defined as follows:

(4.1)

_ 1 _ ( RMSnoise )2
T=SNR ~ \RMS,;gna

Where SNR represents the signal-to-noise ratio, RMS;g,q; the root-mean-square
(RMS) amplitude calculated from the spikes extracted by applying spike detection, and
RMS,,,;se accounts for RMS computed from the rest of the signal.

The interest of such a database resides in the fact that expected outputs of the spike
sorting process are known. Hence, the performance of the techniques can be evaluated
by comparison with them. A sample of a signal generated with 4 different types of spikes

and a 0.15 noise level is presented on figure 4.2.
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Figure 4.2: Synthetic signal sample generated from 4 different spikes and for a 0.15
noise level. Down arrows indicate localization of the spikes and numbers identify the
membership of a spike to a cluster. First number 2 means that this first spike belongs to
the same clusters as the second spike, also referred with a 2. Database coming from [93].
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In this case, spike localization are used to extract spikes. Spike detection is then not

required (see subsection 2.1.2 for more details) and the process is applied from this step.

4.3 Different available features

In the following subsections are presented the characteristics it is decided to take into
account in order to mimic the decision making of a neuroscientist. These can be either
specific to the studied domain or general and applicable to any signal. It is to precise
that this list is empirical and not exhaustive. A summary of the selected features among

those proposed is presented in the end of the section.

4.3.1 Peak-to-Peak Amplitude

The first types of algorithms solving the spike sorting problem were based on the am-
plitude of the peaks, as explained in section 3.2. That seems logic because one of the
characteristics of a signal i, whatever it is form biological origin or not, is certainly its

total amplitude, denoted by M; and defined as follows:

4.2) M; =max(X;)—min(X;)

In this expression, X; represents the line vector characterizing the action potential,
max() and min() respectively the maximum positive amplitude of the action potential,
corresponding to the magnitude of the positive peak, and the maximum negative ampli-
tude of the action potential, corresponding to the magnitude of the negative peak. The
maximum value of the signal is also considered as being positive and the minimum value

of the signal as being negative.

In neurophysiology, the response of neurons generally includes a positive peak and a
negative peak. Therefore, the total amplitude of the signal is also called peak-to-peak
amplitude. This must be understood as the distance on the amplitude axis between the

positive and negative peaks (see figure 4.3).
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Figure 4.3: Spike (in blue) and its associated Peak-to-Peak Amplitude (double arrow
in orange). Vertical black dashed lines represent respectively maximum (upper) and

minimum (lower) amplitudes.

4.3.2 Relative amplitudes

Since authors demonstrate the inefficiency of the peak-to-peak amplitude to distinguish
spikes (see section 3.2), it would be normal to cancel it from the set of features. However,
the presence of peaks in the action potentials is a fundamental and intrinsic property

of the neural response and must be taken into account within the process, that is a

conviction.

Since the value of M; defined in expression 4.2 may change during a unique recording,
notably due to electrode drift (explained thereafter), this definition should be modified.
To do this, two types of amplitudes are considered, one related to the positive peak and
the other one related to the negative peak. They are named relative amplitudes. The

relative positive amplitude Amp;, associated to the positive peak of the action potential

i is defined as:

. max(X;) max(X;)
(4.3) Ampl - Mi N max(Xl)—mln(Xl)
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Similarly, the relative negative amplitude Amp; of the action potential i, related to

the negative peak, is defined as:

_ minXy) min(X;)
(4.4) Amp; = M,  max(X;)-min(X;)

In these expressions, max() and min() represent respectively the maximum positive
amplitude of the action potential, corresponding to the magnitude of the positive peak,
and the maximum negative amplitude of the action potential, corresponding to the
magnitude of the negative peak. The negative sign in expression 4.4 assures a positive
value for Amp;. Am p;’ and Amp; are naturally included in the interval [0, 1], since

they are both positive and their sum is equal to one.

The presence of a denominator representing a normalization factor may seem strange.
This idea comes from a tentative of reducing the impacts of electrode drift on the spike
sorting process. Suppose a neuron present at some distance from the recording elec-
trode at instant ¢y and that provides a total amplitude response Rj. If there happens
an electrode drift at instant ¢;, then a total amplitude R; can be recorded for this
same neuron in the same physiological conditions. If the drift gives rise to a greater
distance between the neuron and the electrode, then it is observed that Ry > R1. The
opposite situation, in which the drift engender a smaller distance between the neuron
and the electrode, leads to Ry < R1. Assuming that the response of the neuron differs
in total amplitude between these two moments, then normalizing all the signals by
their peak-to-peak magnitude can result in signals representing identical responses.
This explains the application of this denominator. In addition, this normalization is per-

formed several times and for the same reasons for the extraction of the following features.

Let’s take back the two spikes of figure 4.1 and see how these features differentiate
them. The representation is proposed on figure 4.4, for which the normalization has been

applied.
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Figure 4.4: Spikes (in blue) presented on figure 4.1 and normalized by their Peak-to-Peak
Amplitude (as defined in expression 4.2). On each figure, the positive (left) and negative
(right) relative amplitudes are drawn in orange. Vertical black dashed lines represent
respectively maximum (upper), zero (middle) and minimum (lower) amplitudes.

4.3.3 Relative Peak-to-Peak duration

Each action potential is considered as having at least two peaks, one positive and the
second negative. The relative peak-to-peak temporal distance/duration D ., for the

action potential i can be defined as follows:

lindexminx;) — indeXmaxx;)!
F,-Dg

(4.5) D pear, =

where max() and min() represent respectively the maximum positive amplitude
of the action potential and the maximum negative amplitude of the action potential,
F, is the sampling rate or the frequency of data acquisition during the experimental
recordings, index(x) represents a function that returns the position of the points of the
signal at which x is observed, within the set of points forming the action potentials.
Typically, index,,;n(x,;) returns the point at which the minimum amplitude is registered

in the series of points. Finally, Ds describes the total duration of the spike (1.5 ms).

Physiologically speaking, D p.qr; represents the percentage that corresponds to the
time gap between the positive and negative peaks versus the spike duration (see figure

4.5). In a general way, the positive peak is expected to be first and then the negative
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peak, whence the order (maximum after minimum). However, in some cases, the peaks

can be reversed. To counter this problem, the absolute value is added.
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Figure 4.5: Spike (in blue), whose amplitude is normalized as explained in subsection
4.3.2. Peak-to-Peak duration is represented by the double arrow in orange. Vertical
dashed lines represent respectively the indexes for the maximum (left) and minimum
(right) amplitudes of the spike.

4.3.4 Relative integral/area and relative average values

One of the particularities of the responses of neurons to stimuli is the material form
it takes. To characterize it, the area under the curve can be taken into account. This
may represent a form of information contained in the signal. In the case of discrete time

signals, the relative area A; of the action potential i defined as:

1 H 1 H
(4.6) Ai:ﬁ-ZXij

ioj=1

- max(X;)—min(X;) .j=1

In this expression, M represents the number of points in the set of points making up
the action potential i. Again, the normalization factor is present so that different areas

of the action potential are not different because of their magnitude, but well due to the
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shape of the response to stimuli. From this one, the relative area A™ can be deduced as

the ratio of the area between the curve and the 0-amplitude axis and the total area.

It is to note that there would also have been able to define the average value of the

normalized response AV G; of the action potential i as:

H Xij
Ml- ; max(X;) - an(X)

H
(4.7) AVG; = - >

This can be easily deduced from the previous expression. The relation between 4.6
and 4.7 is then:

(4.8) AVG; = T ‘A

A visualization of the area under the curve and relative average value, respectively

defined in expressions 4.6 and 4.7 are presented on figure 4.6.

0.5r

Amplitude [—]

Amplitude [

= 0.5 1 15 = 0.5 1 15

Time [s] %107 Time [s] -3

Figure 4.6: Spikes (in blue) presented on figure 4.1 normalized by their Peak-to-Peak
Amplitude (as defined in expression 4.2) and with, on the left figure, the area under the
curve of the spike is exposed in orange and, on the right figure, the average value (as
defined in expression 4.7) is presented as a orange continuous line.
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4.3.5 Relative average energy

In the same general orientation of the analysis of signals, the energy of the neuronal
response can be studied, in the discrete format. Again, in order to not suffer from varia-
tions due to amplitude fluctuations, the average energy of the normalized response E;

(including H points) of the neuron i can be defined as:

X 2

H ij 2 H
4.9) iZI—{J;( L) :I_{J:Zl(max(X) min(X;)

A visualization of the energy of the signal is presented on figure 4.7.
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Figure 4.7: Spike (in blue) and its associated variance measure (as defined in expression
4.9) in orange continuous line.

4.3.6 Retained Features

Among the variables defined in the preceding subsections, only those that seem of in-
terest are kept during this pre-selection process. Between the three amplitude values,
only the positive relative amplitude is retained to avoid to encounter problems due to

electrode drift and the relevance problem due to the linear relation between Amp* and
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Amp~, as explained in subsection 4.3.2. Relative peak-to-peak duration is also conserved,
because it is the only time information established and, because it is strongly related
to the characterization of the action potential. Instead of keeping the relative area, the
average negative value is retained, because this second feature is commonly defined

when signals are discussed. The relative energy and positive area values are finally kept,

they strongly define spikes.

Furthermore, during the study of a signal with peaks, it may be interesting to study
the first and second derivatives of the signal. In this case, this is of particular significance.
Indeed, both the gradient and the concavity of the responses allow the neuroscientist to
characterize the action potentials (see figure 4.8 for a representation of them). To include
this in the set of features, the conserved characteristics of the above signals are applied

on the normalized first and second derivatives.
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Figure 4.8: Representation of a spike (blue) with its associated first (green) and second
derivatives (red). Each signal is normalized.

Moreover, the majority of the algorithms involved in spike sorting utilizes PCA that
can create new variables based on linear combinations of the original variables (see
section 3.2). To try to demonstrate the superiority of the newly created set of variables,

another set is build with the principal components proposed by PCA.
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The set of the retained features F' can then be defined as:

— F; —
— Fy —
(4.10) F= .
— Fp —
for which:
(4.11) F,=|SF; SF; SF|]
(4.12) SF;=[AMP; A* Dyea; AVG; Ei

In expression 4.11, the single and double dots over the names of the features repre-
sent respectively the first and second derivatives of the detected action potential related
to the selected features. It must be understood here that the set of the defined features

is applied on the first and second derivatives of the signal.
Hence, the matrix F, defined in 4.10 possesses a dimension D x 15, D representing
the number of action potentials detected in the database and 15 representing the number

of features included in this stage of extraction and preselection.

Finally, the matrix SPCA; containing the different components provided by PCA for

the action potential i can be defined as:

(4.13) SPCA;=|PCA;y; --- PCAy;
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where PCA is the j*"component provided by the PCA. It is to precise that the PCA

is not applied on the first and second derivatives of the action potentials.

4.4 Selected feature selection algorithms

In this section, the different selected algorithms used to make the feature selection are
explained/detailed. The goal is to select multiple techniques and evaluate the results they
provide on test sets at the end of spike sorting. To do this, filter and wrapper techniques
are utilized. It is to specify that it is not possible to investigate all of the feature space.
Indeed, 2% opportunities, the number of combinations that is possible to create with 15

features, should be considered which is not tractable from a computation time standpoint.

Different techniques are proposed in the following subsections. The presented al-
gorithms are all hybrids, i.e. they combine the filter and wrapper approaches. Taking
into account the clustering algorithm, the wrapper approaches provide generally better
results than the filter approaches. However, because of the time required in the explo-
ration of the feature space, filter techniques are most often used. Willing to achieve a
maximum of efficiency, hybrid techniques are preferred. They assist in generating a
ranking of the features according to their relative importance. The choice of the subset is
then determined by applying the clustering algorithm on feature sets of increasing size

depending on the importance of the features.

4.4.1 Contribution to entropy on a leave-one-out-basis

The first proposed technique is presented in [90]. The authors of this paper define both
filter and wrapper algorithms. It is based on the contribution brought by a feature to
the entropy of the database. They initially consider singular value decomposition of the
feature matrix F' constructed in Section 4.3. To do this, the eigenvalues s? of the FF! are

computed. The normalized relative values are then defined as:
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s>

(4.14) V.=—2
7 XS

It is then possible to generate an entropy based in the database [3] :

1

N
. Z leog(Vj)
j=1

This value E* stands between 0 and 1. A value of zero means that the database is
ultra-ordered and can be explained by a single eigenvalue, while a unit value means that
the spectrum is evenly distributed. The value E* does not have to be confused with the
true entropy E defined by Shannon and that is based on probabilities. It is also called

entropy as it measures a certain information based on the eigenvalues of the database.

Based on that, the authors then define the contribution of the ith feature to the

entropy CE; with comparison with the leave-one-out type:
(4.16) CE; =E (Finxm1) — E (Finx(n-11)

where, in the last matrix, the variable i is withdrawn. Features are then classified in
descending order of importance. The wrapper approach is included by using the cluster-

ing algorithm.

The authors also define a filter. To do this, they determine ¢, the average of all CE;,
previously computed, and d the associated standard deviation. They then establish the

following groups:

- All features for which CE > ¢ +d are considered as high contribution variables and

must then be retained.
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- All features for which ¢ +d > CE > ¢ —d are considered as average contribution
variables. These features are not kept, but only the ones with high contribution

are of real interest.

- All features for which CE < ¢ —d are considered as low contribution variables and

are hence not retained.

On this basis, a filter-type algorithm can be defined, because there is no intervention
of the clustering algorithm in the feature selection process. The variables are chosen

before applying this algorithm.

Instead of keeping this filter technique, the wrapper method can also be considered
and is selected in this case. After having chosen the selection criterion, the authors

propose three types of research methods:

1. Simple ranking (SR) : The ranking is realized on the basis of the provided CE

values.

2. Forward Selection (F'S) with two ways of implementation:

a) FS1 : It chooses the first feature with the highest value of CE. Then, among
the remaining features, the one that provides the highest CE value with the
set of selected features is selected as the next most important feature. The

process runs until the initial set of features is empty .

b) FS2 : It chooses the first feature with the highest value of CE. Then, the
second best feature is selected with the same criterion but based on the set
of features without the first one. The CE values are then computed on a
decreasing set of features. The process runs until the initial set of features is

empty.

3. Backward Elimination (BE) : In this case, the process is reversed. From the original
set, the feature with the lowest CE value is canceled from this set and defined as
the less important feature. The CE values are then recomputed on the remaining
set and the selection of the second less important feature is realized on the ba-

sis of the lowest CE value. The process runs until the initial set of features is empty.
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4.4.2 Features Density Similarity - Kernel Density Estimation

The second technique is based on an estimate of the statistical density of the available
variables. It is referred to [2]. In a general way, this method removes redundant features

using their probability density functions.

To do this, distributions are modeled as a non-parametric estimation:

(4.17) p(x) = NV

where p(x) is the estimated probability density function (pdf) of the input x, V is
the volume surrounding x, N is the total number of instances and % is the number of

instancesin V.

To set the value of £ and to find the volume V corresponding to data, two approaches
can be considered. The first is the K Nearest Neighbor (KNN) method, where £ is fixed
and V is to determine. On an other side, when V is fixed and £ is to find, the problem of
Kernel Density Estimation (KDE) is investigated. In this case, the probability distribu-
tion functions are estimated with the KDE method with Gaussian kernels. So that the

pdf’s can be compared, the variables are scaled in the interval [0, 1].

Once the pdf’s are evaluated, the similarity between each pair of features is computed
by the Mean Square Error (MSE) computed from their pdf’s. If this value is under a
threshold value determined by the user, the features are considered similar. Thus, one
of the two features can be suppressed. Among the similar features, features that are
similar to several other within the feature space are canceled. A summary of the process

is presented in figure 4.9.

In this filter model, two items are to define. The first is the value of the similarity
threshold that is left free to the user. Then there is also the number of features to remove
that must be provided. In order to not choose empirically these values, the conversion of
this filter algorithm to an hybrid algorithm is carried out. Hence, the process presented

in figure 4.9 is followed until the definition of the threshold is required. At this time,
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Figure 4.9: Representation of the general process of feature selection on the base of their
pdf’s and similarities. Figure from [2].

MSE measurements allow us to make a ranking among the features. Scores can then
be attributed. The set of features is then build on the base of the computed scores of

similarity.

4.4.3 Feature Dispersion

The idea of the authors of the paper [27] is that a feature has an importance/relevance
proportional to its dispersion, as argued in [59]. Instead of attempting to compute the
statistical dispersion as in subsection 4.4.1, they focus on Arithmetic Mean (AM) and

Geometric Mean (GM), defined as follows for each feature F:

1

(4.18) AM/ ==Y F;;
nizi

(4.19) GM’ = (HFz‘j)
=1

The notations are modified in comparison to the original paper so that it corresponds
to the convention followed in this work. They define then the relevance criterion as
R/ = AM//GM/, with R’ €[1, +0c0]. However, the case where a single value in a feature
vector is zero leads to a zero-value for the GM value, making this criterion useless. To
alleviate this problem, the authors propose to apply the exponential function on each

feature, given rise to the relevance criterion:
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1
. n n
(4.20) R/ == exp(F;j)/|exp (Z Fij)
ni=1 i=1
S—— J
al M

Applying the natural logarithm of expression 4.20 does not modify the ranking since
0 < g < a. After some algebraic manipulation and dropping the constant terms (bringing

nothing more to the ranking objective), the Feature Dispersion (FD) criterion is obtained:

exp (Fij)
1

(4.21) FD’ =1log(a’/g’) = log(

n

S| =

n
: 1

1

14

If the features are normalized, their values are in the range [—1;1]. In this case, the
Taylor first degree polynomial approximation round 0 exp(x) =~ 1+ x can be applied on

expression 4.21. Using that and writing S/ = Y7, Fij, this previous expression leads to:

. N 1.
(4.22) FDJ ~log (n + SJ) _ =g/
n

This expression is quiet efficient to compute and bring an information on how spread
are the data, as claimed by the authors. The features can then be ranked according to
this criterion. Features with the smaller values of FD are supposed to be more relevant
than the one with higher values for this same criterion, meaning that the feature is

compactly distributed.
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4.5 Clustering algorithm, evaluation and validation

criteria

In this section, the type of clustering algorithm used in the process of spike sorting
is detailed. Subsequently, an assessment criterion of the quality representation of the
clusters is explained. It allows to determine the number of features to keep in the feature

selection step. Finally, validation criteria are presented.

4.5.1 Clustering algorithm - K — means

K-means algorithm is a clustering algorithm whose the goal is to partition n points into
k clusters according to centroids (see subsection 3.4.1 for more details). A mathematical
definition of the k-means problem is proposed at definition 2, coming from [9] and equiv-
alent to definition in [70].

Definition 2. Given a matrix A € R"*% (representing n points - rows - described with
respect to d features - columns) and a positive integer k denoting the number of clusters,

find the n x k indicator matrix X,p: such that:

(4.23) Xopt =arg min||A-XXT A%
Xe¥

The optimal value of the k-means clustering objective is:
opt

(4.24) F:?i§||A—XXTA||% = |A - Xop: XL All%
€

In the above & denotes the set of all n x k indicator matrices X.
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This algorithm runs as follows. In a first step, the initialization of the process is
realized by the selection of K points that are called centroids. The second step consists
in attributing each data points to the closest centroids by a distance measure. In a
third step, new centroids are then defined as being the data point which represents the
mean of the clusters the previous centroids represent. The process continues by applying

successively the second and third step until a stopping criterion is met.

4.5.2 Evaluation criteria

Once the feature selection algorithm has succeeded in forming the different set of fea-
tures, the clustering algorithm is applied on each of them. Hence, the clustering algorithm
is used on the sets containing an increasing number of features, their relevance being
assessed by the evaluation criteria. To assess the quality of the clusters of this process,

Lygtio and R .orrelation Criteria are chosen.

4.5.2.1 L,q4i0

L ,4ti0 is introduced in [84]. The goal of this measure is to evaluate if one cluster is well
separated from other spikes. A spike is represented by a point in a high-dimensional
space, the dimension corresponding to the number of features characterizing it. This
separation distance is computed from the Mahalanobis distance (noted D?) to measure
how far apart are the center of the clusters and the data points outside the cluster. This
Mahalanobis distance for spikes in a cluster is distributed as y? with degrees of freedom
(df) equal to the number of features [15] if the assumption is made that each spikes can

be represented by a multivariate normal distribution.

A L value, representing a measure of the number of data points that are outside of the
cluster and that should be inside. It is obtained by the inverse cumulative distribution
function for the y2 distribution, with the number of specified degrees of freedom. For

each cluster C:

_ _ 2
(4.25) LO= 3 (1-cDFy 0%0)
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In this expression, i ¢ C is the set of spikes that are not members of the cluster C,
CDFXZf is the cumulative distribution function of the y? distribution with df degrees
of freedom, and D? ¢ 1s the squared Mahalanobis distance of spike i from the center of

cluster C.

From 4.25, spikes close to the cluster have naturally high probabilities (approaching
1) to belong to the cluster. Spikes far from the center of the cluster C have low probabili-

ties to belong to the cluster. Hence, low values of L are researched.

The cluster quality measure L,4;i, is defined as L divided by the total number of

spikes in the cluster (n¢):

(4.26) Lratio(C) = ILC)
nc

This normalization allows to compare L values for clusters containing different num-

ber of spikes.

4.5.2.2 Rcorrelation

Linear correlation between two variables, also called Pearson’s correlation coefficient and
noted p, is a measure of the linear relationship between the variables. In other words,
its measures how well a first variable can be obtained via a linear relation including the
other variable. It is obtained by dividing the covariance between the two variables by

the product of their standard deviations:

cov(X,Y) E[(X-pux)Y —py)]

(4.27) pxy =corr(X,Y)=
Ox0y Ox0y
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where cov(X,Y) represents the covariance between X and Y, u the mean, o the stan-
dard deviation and E[¢] the mathematical expectation. Here, X and Y are considered as

random variables which are variables for which variations in their realization can occur

when the general process is repeated.

Let’s come back to the spike sorting process. At its output, clusters gathering spikes
are formed. It is expected that each group represents the response of a neuron, what
means that the spikes must be relatively similar. Let’s take again spikes represented at
figure 4.1 and plot on figure 4.10 and consider each spike as a time-dependent random
variable (X (¢) for spike on the left and Y (¢) for spike on the right.

0.5r

o

Amplitude [—]

|
o
3
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Time [s] %107

Figure 4.10: Spikes superimposed to see the proximity between shapes.

In this case, the Pearson’s correlation coefficient can be measured and it is observed

that:

(4.29) PY,Y =1
(4.30) px,y =0.7685
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The fact that px x = py y = 1 is perfectly normal since X can be exactly obtained
from X, and the same reasoning can be made of the relation between Y and Y. What is
more interesting is the relation between X and Y. px y value means there is a tendency
to have a linear relation between X and Y, but without being perfect. This is the idea

that is going to be used with the Pearson’s correlation coefficient.

To understand the intuition, let’s consider two situations with two clusters. In the
first situation, cluster 1 involves spikes with waveforms close to the left one and cluster
2 involves spikes with waveforms close to the right one (see figure 4.1 for the two spikes).
If pairs of spikes are taken separately in each cluster, then the values obtained are close
to 1, since spikes are similar. In the second situation, consider that some spikes of the
cluster 2 are included in cluster 1. In this case, depending on the situation, values vary

between 1 and a lower value.

To distinguish these situations, the average (R o reiation) Of all the correlation mea-

sures of pair of points is computed and that for each cluster C and defined as follows:

1
(4.31) R corretation(C) = — Z corr(Si,Sj)

i,jeC,i<j

where S; the spikes considered as time-dependent random variables, and N the
normalization factor. This latter is equal to (n¢ * n¢ — n¢)/2, where n¢ is the number
of spikes in cluster C. n¢ * n¢ represent all the possible pairs of spikes. n¢ is sub-
tracted since the corr(S;,S;) are not of interest. Finally the factor 2 is applied since
corr(S;,S;)=corr(S;,S;).

Based on that, good clusters have R .y, reiation Value close to 1 and bad clusters have

R.orrelation Value close to 0.

4.5.3 Validation criteria

The purpose of the validation criterion is to check if the results provided at the end of

the various stages of the process are valid and that, based on a reference database for
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which the desired results are known (see subsection 2.2.4 for more details). Among the
validation criteria in literature, Rand Index and Waverform reprentation are chosen and

detailed in the next subsubsections.

4.5.3.1 Rand Index

In our case, the Rand Index is considered, introduced for the first time in [78]. Again, it
is a dependent criterion for measuring similarity between two different clusters of the

same database.

The Rand Index is based on three observations. The first is that the clustering al-
gorithm provides a discreet result. In fact, an integer value is assigned to each point,
representing the membership of a group. Secondly, clusters are defined as much by the
points that are contained within them than by the points present in the other clusters.
Finally, the third observation is that all the points are of equal importance in the deter-

mination the clusters.

Let’s consider the database X and the results Y and Y’ of two clustering process
applied on it. The measure of similarity between the two clusterings can be determined
as ¢(Y,Y’) and represents the number of point-pairs with identical behaviors, normal-
ized by the total number of point-pairs that can be generated. Identical behavior are

characterized by the two following situations:

- If two points belong to a same cluster in Y, then they also belong to the same

cluster in Y’

- If two points are located in different clusters in Y, then they are also in two

different clusters within Y’

Rand Index is hence defined as:

a+b

4.32 YY)=——
( ) oY, Y7 a+b+c+d
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where a is the number of point-pairs of X that belong to a same cluster both in Y and
Y’, b is the number of point-pairs of X that belong to different clusters both in Y and
in Y’, ¢ is the number of point-pairs of X that belong to a same cluster in Y and to the
different clusters in Y’', and d is the number of point-pairs of X that belong to different

clusters in Y and to a same cluster in Y.

It can be noticed that ¢ € [0, 1], ¢ = 0 meaning the two clusterings have no similarity

and ¢ = 1 meaning the two clusterings are identical.

4.5.3.2 Waverform representation

Waveform representation is really simple in its application. Indeed, it consists in plotting
the waveforms belonging to the same cluster on a unique figure in addition to their
mean. If waveforms are almost the same, the mean of the waverforms is confounded with
the superposition of the waveforms. In this case, the clustering result is assumed to be

correct (see subsubsection 3.4.2.2 for more details).

4.6 General Procedure

The performance of the general process of spike sorting applied on those two sets will be
assessed to achieve the desired goal. The different levels of performance will be compared
and a analysis of the features to retain will be performed. That will be able to if the
defined features are helpful in the discrimination of neural clusters. The general process
followed in this work is presented on figure 4.11 and can be divided in four different

phases.

In the first one (see phase 1 on figure 4.11) and from the recording neural activity
stored in the databases, for which explanations are proposed in section 4.2, spike de-
tection is realized. It consists in the localization of the peaks (for this database, the
localization are given) and in the extraction of the spikes as a 1.5 ms frame centered
on them (0.5 ms before the maximum peak and 1 ms after). The process continues with
the extraction of the 15 features of interest (see section 4.3) from the scaled spikes and
first and second derivatives of the spikes, which are immediately rescaled in the [—1;1]

interval. Since the relative importance of each feature is not known in advance and that
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their amplitude ranges are different, this rescale tends to attribute no prior weight to a

feature in comparison to others.

Fedture 3 /2;1 “\ V/ Feature 3

— ﬂ 2
Feature 1 ¢ Featurel ’ & ‘_(
Feature2 _—
Qature// eature /\k i A

J«-YW[‘»MWLJW >
| (&
Spike Feature
detection extraction
and rescale q
ext?anc(:ion 2o (5] e s
interval

Figure 4.11: Synthetic general process. Illustrations adapted from [12, 89].
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The second phase (see phase 2 on figure 4.11) consists in the ranking of the features,
computed via the algorithms presented in section 4.4, what gives rise to the feature sets
ranked according to their relevance. This relevance should be different for each of the
considered algorithm, since each of them utilize different search technique and relevance

definition. This step represents subset generation (see 2.2.1 for more details).

Once this is done, the third phase (see phase 3 on figure 4.11) can start. It consists in
the application of the £ — means clustering algorithm (with 500 iterations to reach the
local optimum and 10 replicates of the process) for the subsets generated by increasing
the number of features. To better understand, let’s consider that the output of the previ-
ous phase is the following ranking R: R ={X,Y,Z}, where X, Y and Z are the features.
In this phase, the £ — means algorithm is applied on the following subsets R;: R = {X},
Ro={X,Y}and R3=1{X,Y,Z}. It is a classification task since the number of clusters is

known in advance for each recordings.

In a final fourth phase (see phase 4 on figure 4.11), the partitioning result provided by
the clustering algorithm is assessed by the two evaluation criteria (L,4to and R orreiation,
see subsection 4.5.2 for more details) to select the relevant features. The process ends by
computing the performance of the selected number of features via Rand Index and by

representing waveforms to validate the results (see subsection 4.5.3 for more details).

58



Part 111
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CHAPTER

ANALYSIS OF THE RESULTS

As a reminder, the general process that has been followed to obtain results is presented
on figure 5.1. It starts with the detection and extraction of spikes from which features are
determined. On this basis, algorithms are applied to provide, from their own definition
of relevance, a ranking between them. In a third step, subsets generation is performed.
It consists in the creation of feature sets containing an increasing number of relevant
features, from which the &2 — means clustering algorithm is applied to generate the spike
groups. The process ends by the selection of the most discriminatory subset and the

validation of this selection is realized.
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Figure 5.1: Synthetic general process. Illustrations adapted from [12, 89].
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This chapter of the work is dedicated to the results. It proposes firstly a review of

the starting points of the work (spike extraction and clustering task), directly followed
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by a first investigation of the features extracted from the spikes. After, the way the
different feature selection algorithms rank the features according to their measure of
relevance is discussed. This is followed by the technique proposed for the selection of
the most relevant subsets for this task. A description of their individual performance
achievements and by a confrontation to the PCA results is then proposed. Finally, the

validation of the process is executed.

5.1 Starting points and difficulty of the task

This section describes the starting point of the process by illustrations of the extracted

waveforms and try to make understand the reader how difficult the clustering task can be.

5.1.1 Spikes

The first step of the procedure is to detect and extract spikes from the synthetic database,
what can be realized via the indexes localizing them and the creation of a single frame of

1.5 ms around the positive peak (0.5 ms before and 1 ms after).

On figure 5.2, a sample of a recording (left) containing 4 different spikes with anno-
tations concerning the localization of spikes is represented. A plot of the corresponding
extracted spikes (right) is proposed. From this last representation, the goal is to recover

the different types of spikes.

15 T S 15
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Figure 5.2: Sample of a recording (left) containing 4 different spikes with annotations
concerning the localization of spikes and the plot of the corresponding extracted spikes
(right), for a 0.15 noise level. The correspondences are the following: green = 2, blue = 4
and red = 1. The third type of spike is not present in this sample.
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In this small representation and with few experience in the domain, the task is not so
complicated and can be carried out quiet easily, and manually if needed. Now, consider
the entire signal, still containing these 4 spike types and locations. On figure 5.3, the

spikes present in this database are represented on a single graph.

Amplitude [—]

Time [s] %107

Figure 5.3: Superposition of the 2849 spikes extracted for a database with 4 different
types of spikes and 0.15 noise level.

The visual inspection makes immediately appear the difference. Whereas this group-
ing task was easy before, it becomes rapidly more complicated/intractable in this situa-
tion, as well as time consuming since there are 2849 spikes to classify in this represen-
tation. Some artifacts, due to noise certainly, are present, making this task even more
difficult.

To perform it automatically, machine learning tools are used. The most common one
is certainly PCA. This algorithm considers each spike as a point in a hyper-space where
coordinates/variables are the time points of the spike. Based on that, it creates new
coordinates for this point by linear combinations of the previous ones. The first variable
is build so that it be really different for each spike. The successive other coordinates
are created with the same process but without representing the information already
contained in the previous coordinates. The goal here is to be able to differentiate the

spikes only from a small number of first coordinates.

However, this technique does not take into account the knowledge and typical shapes
of spikes. The approach developed in this work tends to palliate this lack. It is similar to

PCA since it also creates new coordinates for the spikes, but the coordinates represent
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physical characteristics of the spikes, such as the percentage the positive amplitude

represents among the peak-to-peak amplitude, the energy contained in the signal, etc.

5.1.2 Clustering task

Once these new coordinates are created, the clustering task can be operated. It consists
in grouping together the spikes with similar coordinates. However, some coordinates are
not of interest in this context and their cancellation can either facilitate the process or

does not change anything.

] -2 -1 0 1 2 3 % -15 -1 0 05 1

-0.5
PCAy PCAy

Figure 5.4: Representation of the same spike points, first versus second PCA components
(left) and third versus fourth PCA components (right) for 777 spikes extracted from a
database containing 3 types of spikes and a 0.05 noise level. Each color represents one
type of spike. The clustering process performs good results for the representation on the
left and poor results for the representation on the right.

To understand that, on figure 5.4, let’s consider the representation of 3 spike types
according to their first and second PCA components (left) and third and fourth PCA
components (right). With a quick look at the black and white graphs (upper ones) and
knowing that there exist 3 populations in this representation, it is obvious than the
separation of data in 3 homogeneous sets is extremely easy in the left representation
and difficult in the right one, whereas the spikes are represented according to different
pairs of coordinates. Furthermore, the discrimination that is made here leads to good
results for the left representation and to poor results for the right representation. Indeed,

with the colors on the lower graphs that depict the belonging of each spike to a class
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(all points in red make a group, all points in blue form another one and all points in

red give rise to a third one), it is clear that the left representation is preferred in this task.

Consequently, this simple example demonstrates the importance of the selection of
the coordinates/variables from which spikes can be represented. From the four coordi-
nates of the above representations, it is clear that the third and fourth PCA components
are not of interest in this clustering task. Indeed, first and second PCA components are

sufficient to allow an easy visualization of the spike groups and lead to good results.

5.2 First investigation of the feature space

First PCA components often represent good discriminators for the detection of neuron
types. However, it is not easy to figure out what represents these components in terms of
physical characteristics of spikes. It is then interesting to build coordinates/variables
that are understandable at first. And, with a smart choice of some them, it could be

possible to have as clear representation like what PCA provides.

Targeting this objective, 15 meaningful features are created and rescaled in the
[-1;1] interval so that each of them have the same weight to avoid they impact the

process due to their range of values:

A" Positive relative area. Fraction of the area above the 0 amplitude.

Amp* Positive relative amplitude. Percentage the amplitude of the positive peak repre-

sents against the total amplitude of the signal.
AV G Average relative value. Average of the signal.

D eqr Relative Peak-to-Peak Duration. Fraction of the peak-to-peak amplitude against

the spike duration.
E Relative energy. Energy of the signal.
A* Positive relative area of the first derivate of the signal.
Am pJr Positive relative amplitude of the first derivate of the signal.
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AV G Average relative value of the first derivate of the signal.
D peak Relative Peak-to-Peak Duration of the first derivate of the signal.
E Relative energy of the first derivate of the signal.
A" Positive relative area of the second derivate of the signall.
Am pJr Positive relative amplitude of the second derivate of the signal.
AV G Average relative value of the second derivate of the signal.

D ,eqr Relative Peak-to-Peak Duration of the second derivate of the signal.

E Relative energy of the second derivate of the signal.

A representation of their distribution under the form of histograms are presented on
figure 5.5. It can be observed that each feature behaves differently. Some of them (A*

and AV G for example) seem to make already appear types of neurons (with peaks that

h I L

can be clearly identified).

ga
i
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Figure 5.5: Histograms (75 bins) of the 15 meaningful features. From left to right and in
descending order: A* (first left), Amp™ (second left), AVG (middle), D .qr (first right)
and E (second right) applied on spike (first row), first (second row) and second (third
row) derivative of the spike.

However, to distinguish at best the different neurons, combinations of features must
be considered. A representation of the 2-dimensional spaces engender by some of these

pairs is proposed on figure 5.6.

It can be already observed that, for some pairs of features, the discrimination is

possible, but that it is not the case for all of them and not specially in a 2-dimensional
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1 Amp]

Figure 5.6: 2-dimensional space engendered by the pairs of the Amp*, A", E, E and
Am p+ features for a database containing 3 types of spikes and a 0.05 noise level.

space. Indeed, some features may be irrelevant for this task when they are coupled with
another feature, but can reveal their interest when they are combined with multiple

ones, what is not possible to illustrate in 2 or 3-dimensional spaces.

5.3 Feature Ranking

With PCA, the relevance ranking is already known since the first component contains
the most of information, the second one a bit less, etc. The relevance of the new features,
extracted from the spike shapes, must then be assessed. This order among variables is
called feature ranking, what is essentially characteristic to filters, algorithms that do
not utilize the clustering process to achieve this task (see subsubsection 2.2.2.1 for more
details).

Let’s consider that the input of the feature subset selection algorithm is the following:
{X;Y;Z}, where X, Y and Z are features. If the output of the feature ranking process is
{Y;Z;X}, then its means that Y is more relevant than Z, which is itself more relevant

than X. This step establishes the relevance order of the variables.
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As results of this step, two types of rankings can be envisaged and summarized on
figure 5.7.

Figure 5.7: Different cases of ranking situations with their associated causes.

The first one is the one for which whatever the number of clusters in the database,
the features are always ranked in the same order ("consistent" path on figure). In this
case, the conclusion that some variables are really more relevant than others comes
naturally. Hence, according to the feature selection algorithm, the ranking and the
process of feature selection can lead to good results in the case the ranking is well done
("good algorithm" on figure) and to poor results if the ranking is actually not correct
("bad algorithm" on figure). More specifically, if the ranking is conserved whatever the
number of clusters in the database, it can be envisaged that the retained features are
almost always the same, what means that these variables represent features that must

be taken into account in the spike sorting process.

The second one is the one for which the feature rankings vary with the number of
clusters in the database ("variable" path on figure). It means that the relevant order
of the features depends on the given number of clusters. If poor performance level is
reached at the end of the process, the feature ranking algorithm is assumed to be bad
("bad algorithm" on figure). In the other hand, if a high performance level is realized,
then the algorithm possesses the ability to adapt to the database ("algorithm adapts"
on figure). In this case, the best performance results can be obtained if the number of
retained features also vary with the situation. More precisely, in such a situation, the

selected features are not the best for the spike sorting process.
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However, since there exist different feature algorithms and that the definition of rele-
vance and/or similarity between features are different for each of them, the information
contained in the extracted features may be understood differently. This leads to the fact
that the two previous types of rankings are not separated by strict and rigid boundaries

and must be considered with some flexibility.

This last remark is especially relevant in this case. In appendix A, tables containing
the ranking of the features according to the number of clusters in the data for a noise
level equal to 0.15 and for the Backward Elimination (table A.2), Feature Dispersion (ta-
ble A.5), Forward Selection 1 (table A.8), Forward Selection 2 (table A.11) Kernel Density
Estimation (table A.14) and Simple Ranking (table A.17) algorithms are provided.

Based on them, it can be observed that the ranking changes with the database, what
means that the ranking is sensitive to the number of clusters in the database, with some
relative constancy however (see Feature Dispersion, Forward Selection 2 and Simple
Ranking algorithms). In addition to that, it appears that each algorithm ranks the
features differently, with some similarities however for several of them (Backward Elimi-
nation, Forward Selection 1, Forward Selection 2 and Simple Ranking). Furthermore, it
seems that all the algorithm comes to the fact that the relative positive and negative am-
plitudes of the first and second derivatives of the signals show a low relevance according

to the feature set.

5.4 Selection of the relevant features

Let’s consider the output of subset generation step is the following set of ranked features:
{F1;F9;--- ;F14;F15}. Than, for the sets of increasing number of features ({F'1}, {F'1;F2},
{F1;F9;F3g}, ...), the k—means algorithm is applied, with the number of clusters contained
in the database that is known. Among all subsets, the one that provides the best discrim-
ination between the clusters must be selected. This step is called feature subset selection.
To perform that, L,.:io and Ry relation are used. In this section, it is shown that the
utilization of these two measures together contributes to a better choice of the most
discriminatory subset than them considered separately. Based on them, a technique for
this selection is proposed and allow the detection of high levels of performance, without

being especially the best ones.
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5.4.1 Selection via L,,;;,

As a reminder, L,,;;, measures if one cluster is well separated from the other data points.

The lower is its value, the better the separation is (see section 4.5.2.1 for more details).

If the L4, values of all clusters are plotted according to the number of features
belonging to the feature set, the decision of choosing a certain subset instead of another
can be made. But let’s imagine the situation in which the database contains 3 small well
separated clusters and 1 cluster with a poor result in terms of L,,;;, and representing a
lot of spikes. Such a representation cannot allow the user to be conscious of the exact
situation. To overcome this problem, the same representation is operated, but the size
of a plotted L4, value of a cluster is modified to be proportional to the percentage of

spikes that this cluster actually represents.

With such a representation, the choice of the subset to keep in the process is the
one for which the L,,;;, values are the minimum and for which the L,,;;, values of the
clusters representing the higher number of spikes are really small. A representation of
the scaled L,,+;, values are presented on figure 5.8 for Forward Selection 2 algorithm
and a database containing 5 clusters. Similar graphs are proposed in appendix C on
figures C.1, C.2 and C.3.

6 8 10
Number of Features in the Subset

Figure 5.8: L,4;i, values according to the number of features in the feature subset for
Forward Selection 2, 5 clusters and a 0.15 noise level. The size of the data points are
proportional to the number of spikes in the represented cluster.
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5.4. SELECTION OF THE RELEVANT FEATURES

On this figure, since 5 clusters are present, 5 values of L,4;;, are plotted for each
number of features in the subset. The size of each point shows qualitatively the quantity
of spikes it represents. It can be observed that the choice of the number of features to
retain is not trivial. Indeed, even with the size of the points, L,,:;, values are spread on
a large range. However, if a choice had to be made in this situation, the subsets with
2 and 9 features would be retained, because they possess similar values and configu-

rations. Hence, this graph cannot indicate easily by itself the number of features to retain.

5.4.2 Selection via R, rc1ation

The help in the choice of the number of features to retain, another possibility consists
in utilizing the average correlation value R ., relation As a reminder, its measures the
average of the Pearson’s correlation coefficients, what represents how linearly dependent
are two random variables, and this for each cluster (see subsubsection 4.5.2.2 for more
details). Just as for L,4;i,, these values are scaled in size to visually indicate how many
spikes the cluster represents, to facilitate the decision. Hence, the choice of the feature
subset to keep in the process is the one for which R ,reiation Values are the maximum
and R ;yrreiation Values of the clusters representing the higher number of spikes are really
high.
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Figure 5.9: R, relation Values according to the number of features in the feature subset
for Forward Selection 2, 5 clusters and a 0.15 noise level. The size of the data points are
proportional to the number of spikes in the represented cluster.

On figure 5.9 those values are plotted. Just as it was the case for L,qzi0, Rcorrelation

values representation does not directly allow the choice of the number of features to
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retain.

However, if a choice had to be made in this situation, the subsets with 9 to 12 features
would be retained, because they possess similar values and configurations. Hence, again,

this graph cannot indicate easily by itself the number of features to retain.

5.4.3 Proposed selection technique

Instead of taking these two evaluation measures individually, it may be interesting to
confront their information so that a general and unique solution emerges. To do so, their

representations are placed in parallel (see lower and middle graphs on figure 5.10).

° ]
3 i~
= 3
T T

Rand gnd(‘x Value

.
6 8 10 12
Number of Features in the Subset

§
.
[ ]
35t
3 ° °
° °
L5 ° °
3
= . °
~ 2 . °
£ °
g °
=3 1.5 ° ° °
[ °
h °
°
osk  © s o
°
° e ©
0 2 6 . 10, 14
Number of Features in the Subset
07,
065 e o o o o
°
. s ° °
g0 g3 e . .
= o . e § 8 o ¢ s °
~_ 0sg s 8 o ® o ¢ . o o . e
g PR

Number of Features in the Subset

Figure 5.10: Representation of Rand Index (upper graph), L,,:i, (graph in the middle)
and R orrelation (lower graph) values according to the number of features in the feature
subset for Forward Selection 2, 5 clusters and a 0.15 noise level. The size of the data
point are proportional to the number of spikes in the represented cluster for L4, and

R orrelation graphs.
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The first element it can be interesting to notice is that L,,;i, proposes a different
choice (between 2 and 9) than R ,reiqation (9 to 12) for the selection of the number of
features to retain. However, with a quick look at those two graphs in parallel, it appears

that 9 represents a good trade-off between these two evaluation measures.

Once the choice of the number of features to retain is made, the associated perfor-
mance level must be examined. Indeed, if this selection leads to poor performance results,
then it means that the selection technique is uninteresting. If this number of features is
reported on the graph representing the Rand Index values (see upper graph on figure
5.10), it can be observed that the related Rand Index value is not the highest one, but

that it is one of the best, the Rand Index indicating the performance level.

Therefore, to summarize, the process of selecting the number of features is the fol-
lowing. In a first step, L,qtio and R orrelation Values are examined independently to see
if certain features show really good results, results above the mass. Then, the graphs
provided by those two evaluation measures are analyzed in parallel and a choice is made
from the best results of the two representations. Hence, this procedure uses well the
information brought by L4, and R.orrelation- Applying this technique on graphs of
figures C.1, C.2 and C.3, it can be observed that high level of performance can be detected,

without being the best every time.

5.5 Performances

To assess the quality of the feature subset selection step, a measure of performance is
computed: the Rand Index. It compares two sets of indexes representing the belonging of
points to clusters. The output value is the ratio between the number of point-pairs that
are well classified and the total number of point-pairs. This measure stands in the [0;1]
interval. The higher the ratio is, the better the process is (see subsubsection 4.5.3.1 for

more details).

This section illustrates that PCA is slightly superior to the other algorithms applied
on the extracted features, with however certain exceptions in which PCA is outperformed.
In addition to that, it shows that for the selected algorithms, there exists a number of

features above with the performance level does not increase or at least not that much,
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CHAPTER 5. ANALYSIS OF THE RESULTS

what means there is a kind of saturation in the performance level.

On figure 5.11, the Rand Index value obtained for each feature subset selection algo-
rithm and for the feature subsets generated from the ranking process are presented. The
number of clusters is equal to 5 and the noise level to 0.15. The results for the clusters 2

to 9 are presented in appendix B.1 on figure B.1.

[@ Backward @ FD @ Forward1 @) Forward2 4 KDE @ PCA @) Simple]

Rand Index Value

6 8 10 12 14
Number of Features in the Subset

Figure 5.11: For the clustering of 4 clusters, representation of the Rand Index for an
increasing number of features, for each algorithm and for a noise level equal to 0.15.
The maximum number of features is equal to 15 for each algorithm except PCA since
the database does not count more than 15 features. For PCA, this stop level has been
arbitrarily set. The concordance is the following: Backward = Backward Elimination;
Forwardl = Forward Selection 1; Forward2 = Forward Selection 2; Simple = Simple
Ranking (for them, see subsection 4.4.1); KDE = Kernel Density Estimation of the
Feature Density Similarity (see subsection 4.4.2); PCA = Principal Component Analysis.

The analysis of these results can be done of two ways. A first one consists in an
observation of each curve, algorithm by algorithm. For Backward Elimination, the curve
increases when the number of relevant features in the subset increases. It starts around
0.58 to increase fast until reaching 9 relevant features in the subset, from which its rise
reduces to finally attain approximately 0.78. Feature Dispersion behaves a bit differently
than the other curves since its performance level diminishes when the subset includes
the second most relevant feature, to finally reach roughly 0.78. Forward Selection 1 is
approximately constant (0.78) since more than 3 relevant features belong to the subset.
Forward Selection 2 shows a similar behavior than Backward Elimination with however

a sightlier increase. Kernel Density Estimation approximately follows Forward Selection
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2. PCA a constant behavior, notably when more than 4 features belong to the subset.
It shows in addition a high performance level (around 0.83). Finally, Simple Ranking
suffers from a decrease when the fourth most relevant features is added to the subset

and a reincrease more than 5 features are present in the subset.

If a general overview, based on figure B.1, is made, it can be observed that PCA curve
seems to be relatively constant with no increase for a number of features superior to 2-3
features. Furthermore, the general tendency of the other algorithm curves tends to show
a saturation of the performance value (Rand Index value) when the number of features
in the subset increases. In addition, Feature Dispersion often depicts a decrease in its

performance level when the second and/or the third feature are added.

A second analysis consists in a comparison between the curves. In this view, it can be
observed that, for 1 feature in the subset, PCA is better than Forward Selection 1 and 2
and Simple Ranking, that are themselves better than Kernel Density Estimation, that
is itself better than Feature Dispersion and Backward Elimination. When the second
feature is added, Kernel Density Estimation crosses the algorithm that had better perfor-
mance results, except PCA. When the third feature joins the subset, Feature Dispersion
outperforms Backward Elimination. Between 4 and 9 features, the algorithms cross
each other to finally reach a common performance level of approximately 0.77 when all

features are in the subset.

If a general overview, based on figure B.1, is made, it can be observed that PCA
provides the best results in 5 situations of the 8 ones. In the other cases, the PCA is
outperformed or equalized. It however appears that each algorithm tends to reach the
same performance level than the other ones when the number of features in the subset

increases. Forward Selection 1 tends to be the algorithm that levels off the most quickly.

5.6 A word about noise

Noise on data generally reduces the performance. This can be easily understood by the
fact that if noise impacts the spike representation, it also impacts feature extraction
which provides other outputs than if there is no noise. To evaluate its consequences,

the following two subsections discuss its impact on the feature ranking step and the
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performances and show that both ranking and performance are impacted.

5.6.1 Impact on Ranking

The first step the noise can impact in the process investigated in this work is feature
ranking. Since it is the preliminaries of the entire process, the consequences can spread

throughout the different phases and finally degrade the results.

In appendix A, tables showing the ranking of the features by each algorithm are
presented, for each database associated to each number of clusters and for 0.05, 0.015
and 0.30 noise levels. It turns out that the increase of the noise level dramatically modify
the ranking of the features. Algorithms for which a relative constancy in the feature

ranking was observed (see section 5.3) are also touched and loose it.

5.6.2 Impact on Performances

What really matters in the spike sorting process is the performance evaluated at the end.
Since noise can impact it, it must be discussed and its consequences on each individual

algorithm and the comparison between algorithm must be analyzed.

On figure 5.12, the Rand Index value obtained for Kernel Density Estimation (KDE)
algorithm and for an increasing number of features in the subset are presented. The
number of clusters is equal to 5 and the noise levels respectively equal to 0.05, 0.10,
0.15, 0.20 and 0.30. The results for the other algorithms and in the same situation are
presented in appendix B.2 on figure B.3.

It can be observed that all curves start at a certain level, perform a trajectory and
end at a higher level than the starting point. Furthermore, between 1 and 6 features,
the curves cross each other meaning that the grading of performance level moves in that
range. However, at the end, they do not and show that the higher performance levels are

attributed to low noise level and that the performance decreases when the noise increases.

Based on figure B.3, if a general overview is made, it can be observed that the ten-

dency evoked in the previous paragraph is still applicable. Indeed, it seems that until
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a certain number of features the curves representing the performance for each noise
level can cross each other, meaning that the noise does not specially influence their
performance. However, when the number of features is sufficiently high as well as the
performance level, there is a strict grading of the curves for which the higher perfor-
mance levels are reached by lower noise levels and the contrary for lower performance
levels. This is true for all algorithms, except for the Principal Component Analysis (PCA)
for which the strict grading is present from 1 feature. This is also true for the other
number of clusters. Some illustrations of this are proposed are proposed on figure B.2
and B.4 of the same appendix. This concludes to the fact that the noise degrades the

performance of the spike sorting process.

[9¥Noise level 0.05 3= Noise level 0.10 4 Noise level 0.15 il Noise level 0.20  Noise level 0.30

Validation Value
o o o o o o o
g - 3 2 b v

o
)

_—
~— 1 1 1 1

12 14

°‘ 3

|

6 8 10
Number of Features in the Subset

Figure 5.12: Representation of the Rand Index value for the Kernel Density Estimation
(KDE) algorithm according to an increasing number of features, for 5 clusters and a noise
levels being respectively equal to 0.05 (asterisk), 0.10 (star), 0.15 (circle), 0.20 (square)
or 0.30 (hexagonal star).

Furthermore, based on figures B.5 and B.6 and in comparison with figure B.1 repre-
senting the graph of Rand Index for the algorithms and for noise level respectively equal
to 0.05, 0.30 and 0.15, it can be observed that the explanations made on the comparison
between the algorithms in section 5.5 are still applicable. In other words, it means that
the behaviors of algorithms between each other are the same, whatever the noise level.

The curves seem indeed to be shifted along the Rand Index axis.
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5.7 Waveform Representation

Waveforms representation is another possible validation technique for spike sorting.
It consists in plotting the different spikes of a cluster on a single graph. Hence, if the
database contains n clusters, n graphs are created, one for each cluster (see subsubsec-
tion 4.5.3.2 for more details). The waveform representation strengthens the fact that the

technique proposed earlier provides good results.

To illustrate that, figure 5.13 shows waveform representation for a database with 3
clusters, a 0.15 noise level, and a number of features providing a low level of performance
(low value of Rand Index, graphs on the left) and for a number of features selected via the
technique explained in section 5.4 and providing high level of performance (high value
of Rand Index, graphs on the right). Here, since waveform representation is computed
for each cluster, there are three graphs in each case. The average waveform, in cyan, is

obtained by averaging the waveforms present in the cluster.

Amplitude |-]

Amplitude [-]
Amplitude

Amplitude [-]
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o

Figure 5.13: Waveforms representation (left and right in gray), average waveform (left
and right in cyan) with the associated spikes (middle in black) for Feature Dispersion
algorithm, a 0.15 noise level, a database containing 3 clusters and for 1 (left with poor
performance) and 12 (right with higher performance) selected features. The selection
of the 12 features are realized on the basis of the technique presented in section 5.4
while the first feature by examination of the Rand Index representation. The average
waveform is obtained by averaging all the waveforms of the spikes present in the cluster.
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5.7. WAVEFORM REPRESENTATION

It can be observed that the representations contain a high quantity of noise (char-
acterized by signal out of the band). Due to that, false positives and negatives can be
present, impacting the average waveform as well as the performance levels discussed in
the previous sections. However, it can be seen on this figure that the waveform represen-
tation for Feature Dispersion and for 12 features, number determined by the technique
presented in section 5.4, seems to provide a better average waveform. Indeed, it appears
that this latter is closer to the original signal than the average waveform of the others.

Waveform representation validates hence the proposed technique.
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Conclusion
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CHAPTER

DISCUSSION

Throughout this work, it has been shown that the "smart" selection of features extracted
from the spikes themselves provide similar performance results than Principal Compo-
nent Analysis, and sometimes better performance levels, if the feature subset selection
process is correctly realized. These features are positive relative area, positive relative
amplitude, average relative value, relative peak-to-peak duration and relative energy
applied on signal and first and second derivatives of the signal. The algorithms utilized to
produce such results are Backward Elimination, Feature Dispersion, Forward Selection

1, Forward Selection 2, Kernel Density Estimation and Simple Ranking.

Furthermore, a technique for visual selection of the relevant number of features that
must be conserved in the process has been proposed. It consists in making a pre-selection
of a range of features based on low values of L4, and R ;orreiqtionto finally select the
best number of features according the examination of their representations in parallel.
This technique achieves to reaching high level of performance, without finding system-
atically the optimal one. Moreover, a visual inspection of the waveform representation

confirms its efficiency.

In addition to that, it can be observed that Principal Component Analysis (PCA)
reaches a constant level of performance when the first three components are kept whereas
Feature Selection achieves its constant level for a higher number of components. This

could be explained by the fact that, for PCA, the majority of the information is contained
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in a few components while the information is spread on more variables for feature subset
selection, meaning probably that the spikes are really represented by the combination of

features.

Concerning the ranking, it has been shown that there was no strict agreement be-
tween the algorithms to grade the feature relevance, even if some tendency can be
observed, more precisely concerning the less relevant features. This is certainly due to
the different relevance definitions these algorithms use to determine this categorization.
In addition, the fact that noise does not modify the behaviors of the algorithms between
each other, even if it decreases the performance level, might indicate that the algorithms
adapt to the noise level or that the combination of the features leads to the success of the

process more than the features evaluated alone.

However, the performances of this process are related to the database that was used
and it is not proven here that the same level of performance can be achieved with other
data, even it should be. In addition, to create feature ranking, feature space has been
investigated through sequential search. Higher performance level could be found by
exhaustive search and leads to a constant outperforming of the algorithms regarding to
PCA.

Finally, this new approach gives rise to an help to spike sorting. Indeed, this tech-
niques provides a powerful tool for a dimensionality reduction in a 15 dimensional space,
leading to a decrease of the computation time. Furthermore, because the immediate
selection of physical features from spikes leads to high level of performance, this work
reopens this search field since it contradicts the statements of Wheeler and Heetderksl
in [92].
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CHAPTER

CONCLUSION

The goal of this work was to bring a contribution to the understanding of the visual
system with a focus on neuronal responses and more precisely in studying spike sorting
on electrophysiology recordings. To do so, smart features are extracted from spikes to
show that the performance results of spike sorting from them is at least equal to the one

of Principal Component Analysis (PCA), the most commonly used technique.

Chapter 2 provides the background on spike sorting and feature subset selection to
the reader to finally show the interest of using these techniques together. Chapter 3
proposes a review of the literature, ending with the observation that there was a need
for a new approach. Chapter 4 describes the material, methods and an explanation of

the general process used to achieve the goal of this work.

Finally, chapter 5 exposes the results of the investigation. It was shown that the new
approach often provided similar results than PCA, and sometimes better ones. To achieve
such performance levels, a visual technique for the selection of the relevant features is
also proposed and is able to detect high performance level. That gives rise to the fact that
the application of feature subset selection on meaningful features leads to promising

results for spike sorting.

Although the results presented here demonstrate the effectiveness of this approach, it

could be further developed in a number of ways. The first one could be the unsupervised
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CHAPTER 7. CONCLUSION

implementation of the feature selection technique, based on L4, and R orreiation, Since
it can be time-consuming for neuroscientists. A second possibility could be the utilization
of other feature subset selection algorithms that can reach better results and the study
of their sensitivity to noise in the ranking process. Finally, so that this technique be
officially recognized to provide high performance results, it could be interesting to use
other databases and other validation criteria, even if the results presented here are

convincing.
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