Neurociencia de Sistemas

Clase 1. Introduccién

Clase 3. Procesado de informacién visual.

Clase 4. Percepcién y memoria.

Clase 5. Decodificacién - Teoria de la informacién.

Clase 6. Electroencefalografia - Andlisis de tiempo-frecuencia y Wavelets.
Clase 7. Potenciales evocados - Andlisis de ensayo tnico.

Clase 8. Dindmica no-lineal - Sincronizacién.

Extracellular recordings
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Simulation of extracellular recordings
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Generation of extracellular potentials

Dendritic surface ten to
twenty times that of the
soma

Only a small portion of the
current flows across the
soma

The neuron branching has
an effect on the
extracellular potential

Rall 1962

Line source approximation

Pains A Dendeie bennching diagrams
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Electrode design

“Despite this prevalence [of the use of
microelectrodes for single cell recordings]
there remains a good deal of mystery about
how best to make these electrodes and how
to interpret the extracellular potentials that
they record. The attitude of many practical
users is the sensibly pragmatic one of the
biological assay. When one finds some
method of making microelectrodes that
successfully isolate units in a given neuronal
structure, one ‘freezes the design’ and

attends to the more important task of

collecting neural data”

D. Robinson, 1968




Window discriminators

Scholarpedia, 2007

2
ol
s

Mumiber of single unis detected
2 &

Spike sorting

Cluster cutting

=
INDMREHEL S
[CaJg® ¢t FHBRD

s

2




Disadvantages:
- Supervised

* not practical for many channels, may need readjustment
- Hard to set if spike shapes overlap
- May miss sparsely firing neurons

Our goal

- Algorithm for automatic detection and sorting.

- Relatively fast.

- Improve both detection and sorting in comparison

with previous approaches.
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+ Use of offline noncausal filters
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I - Spike detection

* Set an automatic amplitude threshold

T=4'median{ ‘x‘ }
0.6745

* Spikes are aligned after interpolation
with cubic splines.
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IT - Feature extraction: wavelets

+ Wavelet Transform: is a time-frequency

decomposition of the signal with optimal resolution
both in time and frequency.

+ Key idea: a few wavelet coefficients

will be able to separate the different || SiERE3
spike classes.




Wavelet coefficients

IT a - Selection of wavelet coefficients:
KS test of Normality

IT a - Selection of wavelet coefficients:
KS test of Normality

Distribution of a given
Wavelet coefficient
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... and now with PCA
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ITT - Super-paramaghetic clustering

Automatic clustering algorithm based on
ideas from statistical mechanics.

It’s based on nearest-neighbor’s
interactions.

Clusters don't need to have a well-defined
center, low variance or a Gaussian
distribution.

Blatt et al. Phys. Rev. Lett. 76: 3251-3254; 1996.
Blatt et al. Neural Computation 9: 1805-1842; 1997.
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Simulated data
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Example # Nr.of SPC K- | means
[noise level] Spikes | Wavelets | PCA Spike shape | Feature set Wavelets | PCA
Ex. 1[0.05] 2729 1 1 0 863 0 0
10.10] 2753 s 17 0 833 0 0
1015 2693 s 19 0 20152) 0 0
1020] 2678 12 130 24 614 17 17
10.25) 2586 91l 266 1265 2) 69 68
10.30] 2629 276 1913 838 1699 (1) 177 220
1035 2702 483 1926 2) 14242) 1958 (1) 308 sis
10.40] 2645 741 1738 (1) 1738 (1) 1977 (1) 930 73
Ex. 2[0.05] 2619 3 4 2 502 0 0
10.10] 2694 10 704 59 1893 (1) 2 53
10.15) 2648 45 1732.(1) 1054 2) 2199 (1) 31 336
10.20) 2715 306 1791 (1) 253(1) 2199 (1) 154 740
Ex.3[0.05] 2616 0 7 3 619 0 1
[0.10] 2638 41 1781 794 1930 (1) 850 184
[0.15] 2660 81 1748 (1) 2131 (1) 2150 (1) 859 848
10.20] 2624 651 1711 (1) 2449(1) 2185 (1) 874 170
Ex.4[0.05] 2535 1 1310 24 1809 (1) 686 212
10.10] 2742 8 946 2) 970 2) 1987 (1) 27 579
[0.15) 2631 43 1716 2) 1709 (1) 2259(1) 546 746
1020) 2716 1462 2) 1732(1) 1732(1) 1867 (1) 872 1004
Average 2662 232 1092 873 1641 332 371

Quian Quiroga et al. Neural C:
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Do we need spike sorting?
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Rey et al. Journal of Anatomy 2014
Harris et al. Nature Neurocience 2016




How many neurons can we see?
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Clase 2. Registros extracelulares y Spike sorting.

A detailed and fast model of extracellular recordings
Luis Camunas-Mesa and Rodrigo Quian Quiroga.
Neural Computation, 25: 1191-1212, 2013

Unsupervised spike sorting with and super ic clustering.
Quian Quiroga R, Nadasdy Z and Ben-Shaul Y.
Neural Computation, 16: 1661-1687; 2004.

Spike Sorting.
Quian Quiroga R.
Scholarpedia 2 (12): 3583. 2007.

Quian Quiroga, R.
Current Biology 22. R45-R46, 2012.

P f f spi " .
Hernan Gonzalo Rey, Carlos Pedreira and Rodrigo Quian Quiroga.
Brain Research Bulletin, 119: 106-117, 2015.
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