Data Analysis



Analysis of real neuronal data

Finding spikes in a intracellular
recording

Its nervous system:
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(a) Segmental body of the leech.



The experiment:

Mechanical stimulator

Recording
electrode

(a) Ventral side of leech ganglion.

(b) Mechanical Stimulation.



Analysis

1) Load data:

load(‘datos MAAN.mat')

You will find 3 columns:

voltage stimulus time
Bﬂ datos <30¥500x3 double, /
1 2 el
1 0,1172 0
2 -50 0.1904 0.2000
4 -43,9512 0.3369 0.4000
4 -49,9512 0.5515 0.6000
5 -49,9512 0.7861 0.8000
=] -50,0438 1.0303 1
7 -50.0977 1.2744 1.2000
8 -50,0977 1.4893 1.4000
9 -50.04533 1.6699 1.6000
10 -50 1.8164 1.8000
11 -50,0458 1,9238 2
12 -50.0458 1,9873 2.2000
13 -50.0977 2.0166 2.4000
14 -50,0977 2.0166 2.6000
15 -50.1465 22,0065 2.8000
16 -50.0977 1.9873 3
17 -50 1.9678 3.2000
13 -50.0438 1.9434 3.4000
19 -50,0488 1,9238 3.6000
20 -50,0977 1,909z 3.8000
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Valtage (mV)
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Calculate ISI (Interspike intervals) and create a vector with their values
(in ms).
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When time between a spike and the previous one is larger than the temporal
threshold, we can identify this spike as the first of one burst.



Finding the neuronal code

Simple code: Voltage

. . But we have spikes!
proportional to stimulus
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Possible codes with action
potentials

* Spike rate
* Temporal coding
* Burst size

Delay: The neuron does not respond immediately, so response Delay: 40 ms

comes some time after stimulus \ (200 datapoints)
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. Recording from the visual system of a fly
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At the lab:




Indifferent electrode ®
. Blm. R
Microelectrode ><-n“-*~‘wﬁ_ﬁ_

| 10 mV

100 ms

Peltier temperature control




Repeating WN stimulation

Voltage responses Voltage Noise
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Juusola & de Polavieja (2003)
Stimulus
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3. Testing hypothesis about neuronal firing
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HYPOTHESIS:
it is important for the nervous system to have high information rates
at a low cost

ma}x (I — [)’(Z p(sj)ej — E) — / (Z p(sj) — 1))
p(si J J

P (Ci, Sj)
1(C;S) =Y pleis)]
(C:5) ;p(c” si)log (p(C.e)P(Sj))

I = H(S) — H(S|C)
H(S) = —;P(Sj)l()gp(sj)
H(S|C) = —gp(Sj); Qrjlog Pi

Qxj = plcxls))
Pjx = p(sileck)  Pj = (p(s)Ox))/(Xi p(si) Qi)
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INPUT STATE OUTPUT STATE  COST

1
C; me—— S €,

€1 — €9, €3 > €9

== rab)=rlck=1-p

p(calsy) = p(cqlsz) = p and p(esfss) =1

(=]

H (S|C) = (p(sy) + p(s2))E = —plogp — (1 —p)log(l — p)

p(si2) = p(mi2) =Z texp(— fe; — &)

p(s3) = p(m3) = Z~ "exp( — Pes)



Algorithm 1 Optimal signal usage with noise and cost constraints

Initialize the signal usage to a random vector p'.
for t = 1.2, ... until convergence do

t pr(sj) ij

= r _, (3)
S WCHIO
pr+l(S- _ CXp _(ﬁr z Zk Qk;l()gplr ) (4)
T Xexp — (Be — X, Quilog Pi)’
where f' in eqn (4) has to be evaluated for each t from the cost constraint
Zj ejexp — (f'e; — Zk Qjxlog Piy) _ £ (5)

D exp — (Bej — ), Qjlog Py)

end for

de Polavieja (2002)



Back to neurons

In (p)

Assumptions
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(1) Output states are firing rates
(2) The cost is linearly proportional to firing rate
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p(rate) ~ Z~ ' exp (—frate — exp (—rate/a))

de Polavieja (2002)



3. Data adquisition in group behavior

- Existing software needs

manual corrections

when animals are not marked













Tracking individuals in groups




Tracking individuals in groups




Tracking individuals in groups




Tracking individuals in groups




Tracking individuals in groups




Tracking individuals in groups




Tracking individuals in groups










How does the automatic tracking work? Step 1: finding references

A. Find individual segments B. Find references (longest segments)

.

Fish 1 Fish 2 Fish 3 Fish 4 Fish 5 Fish 6 Fish 7 Fish 8



How does the automatic tracking work? Step 2: assigning frames

A. Transform each animal image (to have translational and rotational invariance)
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B. Assign each problem image to a reference animal

Fish 1 Fish 2 Fish 3 Fish 4 Fish 6 Fish 7 Fish 8

2333333

56.3 241 57.1 66.5 18.1 28.2 15.5 24.8

Problem
image



How does the automatic tracking work? Step 2: assigning frames

Fish 1 Fish 2 Fish 3 Fish 4 Fish 5 Fish 6 Fish 7 Fish 8

233

56.3 241 57.1 : 18.1 : : 24.8

Problem
image

C. Frame-by-frame identification j Final trajectories







How does the automatic tracking work? Validation

Comparison with a human
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Other advantages (that makes it even better than a human)

-Animals can dissapear from view
-Individuals can be followed through trials

-Animals with different treatments can
be followed in a group

-Works for all species tried so far
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v (1)
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Slow molion (=059
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Slow motion (x0.5)
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