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Osy vyzkumu funkce mozku

» Lokalizace vs. integrace
» Exogenni vs. endogenni
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Uvod

Funkéni
konektivita

Efektivni
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Obrazek: Funkéni konektivita organizovana do velkych siti.
(Fox et al, 2005, PNAS)

» Funkeni konektivita: statisticka souvislost mezi
aktivitou riznych mozkovych oblasti

» Typicky mérfena korelaci mezi aktivitou oblasti v Case

» Lze mérit béhem Ukolu, ale i b&éhem klidového stavu

» U fMRI je odvisla od pomalych fluktuaci signalu
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Jak vylepsit metody kvantifikace funkéni
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Jak vylepsit metody kvantifikace funkéni
konektivity?

» konektivita “all-to-all”?
» prili§ mnoho signald
» nutno redukovat dimenzionalitu (anatomické oblasti
zajmu, shlukovaci metody, analyza nezavislych
komponent)

» rlizné miry zavislosti
cov(X,Y) _ E[(X—pux)(Y—py)]

» korelacni koeficient px y = o v

» poradové korelaéni miry (Spearman, Kendalovo
tau,...)

» informaéné-teoretické miry:
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Jak vylepsit metody kvantifikace funkeni Ph';'n‘?

kO n ektIVIty f) Jaroslav Hlinka

» konektivita “all-to-all”? Funkn
» pfili§ mnoho signall konekiivita
» nutno redukovat dimenzionalitu (anatomické oblasti
zajmu, shlukovaci metody, analyza nezavislych
komponent)
» rlizné miry zavislosti
» korelaéni koeficient px vy = °°;(X)§’YY) = E[(X_’;’X()U(VY_“V)]
» poradové korelaéni miry (Spearman, Kendalovo
tau,...)
» informacéné-teoretické miry: vzajemna informace
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Vzéjemné informace e

p(x7 y) ) hnizdem
p(x,y Iog( Jaroslav Hiinka
Z}X; p(x) p(y) o
souvisi s entropi: H(X) = - p(x) log p(x
xeX

I(X; Y) = H(X)+ H(Y) — H(X, Y)
HXIY) = HX,Y) = H(Y)  I(X;Y) = H(X) — H(X]Y)

H(X) ] H(Y)

omezeni: 0 < I(X;Y) < max(H(X),H(Y)); jednotky;
invariance vuci bijekcim: I(X; Y) = I(f(X); g(Y));

I(X;Y) = Dk(p(x, y)llp(x)P(y))




Prakticky problém

» linearni korelace

» Siroce pouzivana, jednoduchy koncept
» obecné efektivni
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Prakticky problém

» linearni korelace
» Siroce pouzivana, jednoduchy koncept
» obecné efektivni

» ALE ... neuronalni i hemodynamické procesy jsou
nelinearni!

= nelinearni metody navrzeny pro fMRI funkéni
konektivitu
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Prakticky problém

» linearni korelace
» Siroce pouzivana, jednoduchy koncept
» obecné efektivni
» ALE ... neuronalni i hemodynamické procesy jsou
nelinearni!
= nelinearni metody navrzeny pro fMRI funkéni
konektivitu
» JENZE ... nelinearni metody maji také své problémy:
» robustnost

» implementace
» interpretace

= Je linearni korelace dostatec¢na pro fMRI FC?

[1]
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» pro bivariatni normalni rozdéleni (“linearni
zavislost”):
» linearni korelace px,y plné vystihuje zavislost Siategie
» vzajemna informace:
I(X;Y) = lgauss(px,v) = —3l0g(1 = p% v)
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» pro bivariatni normalni rozdéleni (“linearni
zavislost”):
» linearni korelace px,y plné vystihuje zavislost stategie
» vzajemna informace:
I(X; Y) = lgauss(px,v) = —310g(1 = p v)
» pro obecné bivariatni rozdéleni:
» linearni korelace nemusi byt dostate¢na
» vzajemna informace: (pfi normalité marginalu):
I(X;Y) > lgauss(px.v)
» = extra informace nezachycena korelacnim
koeficientem: Ineglected = (X Y) — lgauss(px,v)




Vizualizace strategie

\/
W Marginal

Normalization

Full Normalization
(preserving correlation)
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Implementation details e

hnizdem

» 24 fMRI sessions (3T, TR=2000 ms, 3 x 3 x 3.5 Jaroslavihilinka
mm?, 300 volumes), standard data processing

» AAL based parcellation to 90 regions

» each region represented by average activity time
series

» 90-by-90 matrices of linear and nonlinear
connectivity

» difference between linear and nonlinear
connectivity
» quantified
» tested

» mutual information estimated using the equiquantal method

Strategie

> lcauss(px,v) is estimated by computing mutual information on
linearized version of the data (Fast Fourier Transform surrogates)
as finite sample estimates of linear correlation and mutual
information have different properties (such as bias and variance)
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Strategie - pripomenuti

» pro bivariatni normalni rozdéleni (“linearni
zavislost”):
» linearni korelace px,y plné vystihuje zavislost
» vzajemna informace:
I(X; Y) = lgauss(px,v) = —310g(1 = p v)
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Pro¢ I(X, Y) > —%log(1 — p& y)?

Rozdéleni s maximalni entropii:
» (0,1): rovhomérné rozdeleni
» R, 0(X) =c: N(u, 0?)
» R2, Cov(X) =X : N(u, X)

Prelet nad
neuralnim
hnizdem

Jaroslav Hlinka

Vysledky




Pro¢ I(X, Y) > —%log(1 — p& y)?

Rozdéleni s maximalni entropii:

v

v

v

v

(0, 1): rovnomérné rozdéleni

R, o(X) =c: N(u, 0?)

R?, Cov(X) =X : N(u, X)

Co tedy rozdéleni s minimalni informaci?
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Pro¢ I(X, Y) > —%log(1 — p& y)?

Rozdéleni s maximalni entropii:

v

v

v

v

(0, 1): rovnomérné rozdéleni

R, o(X) =c: N(u, 0?)

R?, Cov(X) =X : N(u, X)

Co tedy rozdéleni s minimalni informaci?
> I(X;Y) = H(X) + H(Y) — H(X,Y)
> arngin I(X) < N(p, ¥)
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Pro¢ I(X, Y) > —%log(1 — p& y)?

Rozdéleni s maximalni entropii:

v

v

v

v

(0, 1): rovnomérné rozdéleni
R, o(X) =c: N(u, 0?)
R?, Cov(X) =X : N(u, X)
Co tedy rozdéleni s minimalni informaci?
» I(X;Y)=H(X)+H(Y)—-H(X,Y)
» argmin /(X) L N(p, X)
> An())(, pokud zafixujeme H(X) a H(Y) marginalni

normalizaci...
» Je to tieba?
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It is well known that Gaussian distributions maximize
the Shannon entropy for given first and second moments.
This implies that the Shannon entropy of any distribu-
tion is bounded from above by (1/2)logdet C where C
is the covariance matrixz. For MI one can prove a sim-
ilar result: For any multivariate distribution with joint Vysledky
covariance matrix C and variances o; = Cj; for the indi-
vidual (scalar) random variables X;, the redundancy is
bounded from below,
det C

1
Xy, X)) 2 zlog—— . (48]
W '*_?Dgcrl,..crm \=2)

Obrazek: Kraskov, 2004 [2].
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It is well known that Gaussian distributions maximize
the Shannon entropy for given first and second moments.
This implies that the Shannon entropy of any distribu-
tion is bounded from above by (1/2)logdet C where C
is the covariance matrixz. For MI one can prove a sim-
ilar result: For any multivariate distribution with joint Vysledky
covariance matrix C and variances o; = Cj; for the indi-
vidual (scalar) random variables X;, the redundancy is
bounded from below,

1 det C
Xy, X)) 2 zlog—— . (48]
W '*_?Dgcrl,..crm \=2)

Obrazek: Kraskov, 2004 [2].

In the following we sketch only the proof for the case

» Takze: je marginalizace nutna?
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R(X,Y) =1
I(X,Y) = H(X) = 1bit I(X,Y) = H(X) = 0.011

» I(X,Y) Ize stladit k nule pfi zachovani libovolné
vysoké korelace

» Kraskov ma v dikaze chybu, marginalizace nutna!
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R(X,Y) =1
I(X,Y) = H(X) = 1bit I(X,Y) = H(X) = 0.011

» I(X,Y) Ize stladit k nule pfi zachovani libovolné
vysoké korelace

» Kraskov ma v dikaze chybu, marginalizace nutna!
» Kazdopadné, korelace pro fMRI staci. Nebo ne?
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» Granger causality: X ‘Granger causes’ Y iff including
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» Different approaches to causality detection from time
series
» Granger causality: X ‘Granger causes’ Y iff including
the past of Y in a (linear) model of X significantly ekt
improves the model fit konektivita
|X(&)|
] ¥ pr— ] -
Frexz = {5y
» Transfer entropy: the difference between entropies of
the variable X conditioned (or not) on Y:

Tyyz=HXIX" ®Z) - HXIX &Y~ &Z"),




» for stationary linear Gaussian processes linear GC
index and TE equivalent
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» for stationary linear Gaussian processes linear GC
index and TE equivalent

» up to factor 2
F Y—X|z = ET}'—.HE

» Recall I(X,Y) > —%log(1 - p%Y) for general
distribution with normal marginals
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v

v

for stationary linear Gaussian processes linear GC
index and TE equivalent

up to factor 2
F Y—X|z = ET}'—.HE

Recall I(X,Y) > —%log(1 - p%Y) for general
distribution with normal marginals

Is there a similar inequality for causality indices?
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Co kdyz mne zajima struktura interakci mezi
mnoha oblastmi?

grafové-teoreticka analyza
» konektivity jsou pfevedeny na (ne)orientovany graf
» zkoumame vlastnosti grafu:

| 4

vV vy vy VvVYy

hustota

priimérna délka cest

shlukovitost

modularita

malosvétskost (small-world property)
existence centralnich uzll

» interpretovany jsou ziskané hodnoty, nebo rozdily v
téchto vlastnostech mezi zkoumanymi skupinami
subjektl
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Formalizace grafovych vlastnosti
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Formalizace grafovych vlastnosti Prelet nad
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Graf: G= (V, E); V mnoZina uzl(; buno V =1,...,n

E C V2 mnozina hran. d;; je délka nejkrat$i cesty mezi
uzly i a j. Reprezentace (binarni) matici A:

Ai,j =1& (I,]) € E.

Grafové metody
L= n-(n—1) Z dj
1 _ 2.0 AijA AL
C=n2 o o= m




Malosvétskost (Small-world property)
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Regular Small-world Random Jaroslav Hlinka
p=0 p=1

Increasing randomness
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Regular Small-world Random Jaroslav Hlinka

Increasing randomness
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Malosvétskost (Small-world property)

Regular Small-world Random

Increasing randomness

L= = R R T R R - aal
o8l ° C(p)/ C(0) © ]
06+ ’ 4
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Mozek je maly svét

M van den Heuvel et al./ Newolmage 43 (2008) 528-539
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Mozek je maly svét...
a nahodné propojeny AR proces taky...
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Mozek je maly svét... e
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a nahodné propojeny AR proces taky... [———
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Grafové metody
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Detailni vysledky
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Detailni vysledky

o > 1, ale zavisi na mnoha parametrech:
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McCulloch-Pitts model (1943):

z(i,t+1) = (ZW’/ (J, )

Hodgkin-Huxley model (1952):

[ [ [
‘ Inia & I = g &
o ; :
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Hodgkin-Huxley model e
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av
CE =—F+ls+1, (1) Jaroslav Hlinka
F(V,m,n, h) = Ix + Ing + I = @

= g (V — Vi) + gnam h(V — V) + gu(V — V).

dm

i am(V)(1 = m) — Bm(V)m, (3)

dn

i an(V)(1 = n) = Bn(V)n, (4)

dh Biologické
i ap(V)(1 = h) — Bp(V)h. (5) neuronové sité

C =1uFem=2, g; = 0.3mSem™—2, gy = 36mSem™—2, gy, = 120mSem =2, V, = —54.402mV,
Vg = =77mV, Vy, = 50mV

0.1(V + 40) B
an(V) = S o xviay Bim(V) = 400~ 0:055(69) ©
0.4(V +55 -
ap(V) = % Bn(V) = 0.125e 0.0125(V+65) @)
ap(V) = 0.07¢~0-05(V+65) BV = — ®

T 14 e 0.1(Vi3) "




Behaviour of HH neuron

V zavislosti na proudu / a jinych parametrech mdze mit
stabilni pevny bod, oscilace, ale i tteba chaoticky atraktor
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a vynasob modely synapse...

Prelet nad
neuralnim
hnizdem

Jaroslav Hlinka

Biologické
neuronové sité




o Prel d
Z00 modelu neurainim
hnizdem

modely neuronu:

Jaroslav Hlinka

“integrate-and-fire
. gintegrate-and-fire with adaptation
¢duadratic infegrate-and-fire

{poor)

'-..unleg rate-and-fire-or-burst .Filz Hugh-Nagumao
resonate-and-fire
. Morris-LEcar.

olzhikevich (2003) e PG ’ oo .

biclogical plausibility (# of features)

=

g 22 7

=] 5 13 72 Hodgkin-Huxley
(efficient) implementation cost (# of FLOPS) (prohibitive)

Biologické
neuronové sité

a vynasob modely synapse...
Podobné se schematicky modeluji celé neuronalni

populace:
Wilson-Cowan model (1972)
O0E
ol
Tigy = =1+ (ki = pi)Si(GsE — cal + Q). (10)

ot




Dynamika Wilsonova-Cowanova modelu
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Velka otazka ohledné X; = £(X;) + gi(X)
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Velka otazka ohledné X; = £(X;) + gi(X)
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Fazova redukce modelu

OE
Tegp = —E + (Ke = peE)Se(c1E — ol + P), (1)

ol
Tiiat =—/+ (k, — p,'I)S,'(CgE — 4l + Q) (12)

. 1 ,
gi:TJrezj:W,jH(aj_a,-), i=1,...,N.  (13)

Stabilita synchronizovaného feseni zavisina N x N
matici H

H;i = H'(0)

Wi —6ij ) Wik] , (14)
K

kde H'(¢) = dH(0)/df. Synchronizované feseni je stabilni
pokud realné ¢asti vSech vlastnich hodnot H jsou
negativni.
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Vztah struktury a funkeni konektivity Prelet nad
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Staci linearni korelace pro fMRI?

average mutual information (bits)

mutual information (bits)
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