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Dane neurobiologiczne
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Analiza danych

—

W zmierzonym kanale:

e amplituda

 obecnos¢ pewnych struktur

» sktad czestotliwosciowy (widmo)
 parametr €2



Wigcej niz jeden kanatl

na przyktad dwa kanaty:
W kanale 1: W kanale 2:
e amplituda e amplituda
* obecnos¢ pewnych struktur ¢ obecnos¢ pewnych struktur
» sktad cze¢stotliwosciowy » sktad cze¢stotliwosciowy
(w1dmo) (w1dmo)
 parametr €2  parametr €2



Ale to nie wszystko
Uktad dwukanatowy to nie tylko kanat 1 1 kanat 2!

rd
To rowniez zaleznosci migdzy nimi:
* widmo wzajemne
* korelacje wzajemne

* koherencje

A

h—

* kierunek wptywu jednego na drugi



Channel 1 Channel 2
— amplitude — amplitude
— spectrum — spectrum
and
(crossjcorrelation

(cross)spectrum — spectrum is now a matrix with off-diagonal

elements S, and S,
IS.T.T Is.'ﬂ'
S’I'.'I' S'I'I-'

describes common power

(ordinary) coherence
2 |S!'j|l
v 8.8

describes how much of common signal is in given pair of
channels at given frequency




Historia okreslania kierunku
wplywu jednego sygnatu na drugi
(krotka kurs)

e pierwsze proby — lata 50 (nauki spoteczne 1 ekonomiczne)
» faza koherencji

* koherencje skierowane

* przyczynowos¢ Grangera

e petle sprzezen zwrotnych

e INne

* miary wielokanatowe: DTF, PDC



There is no information about the direction of the influence
What can we do?

Let us first take a closer look at the correlation.

The correlation can be calculated for ime shifted signals (for

certain lag)
N-ls
R - L3 Xy,
,i"l,f—|;|,;|1 i ;

and
may show a peak at certain nonzero lag!
(cross-spectrum/coherence may have certain nonzero phase)

Problems — in real brutal life the common situation is:

— maximum of cross-corelation is at (or very close to) lag 0
— there 1s no clear maximum at all

In the spectral domain the typical problem is the ambiguity of
the phase (modulo 2x) which makes clear direction description
impossible



People started thinking about that problems long time ago.
The first insights came from social sciences about 1950's.
These theories are a basis for methods called today "structural
equations modelling". The idea is as follows: we have several
signals, iterdependent between each other.

We must first have certain knowledge about the investigated
variables and relations between them.

Using a priori knowledge we attribute some directions for
connections between them and then we test our assumptions.
By for instance regressing one signal against another we see
dependency then we assume that the direction is as attributed
before.

This is not an objective method and results depend on our
previous assumptions. In many cases these methods do not use
time (temporal order) in calculations making interpretation of
the results very difficult.

For neurobilogists such an approach has no value but some
people try to use them anyway.



The importance of temporal ordering in the objective inference
of causal relations was first recognized by Wiener

Wiener N. The theory of prediction Modern Mathematics for Engineers, Series 1,
E. F. Beckenback ed., Chapter 8 (1956)

He introduced the notion of causality in a following way:

For two simultaneously measured signals — if we can better
predict the first signal using the past information from the
second one than using the information without it then we call the
second signal causal to the first one.

This very general definition was adopted by Granger

Granger C. W. I Investigating causal relations by econometric models and cross-
spectral methods Econometrica 37, 907-915 (1969)

He restricted the general Wiener definition to the form of linear
models of time series relations.

He also defined basic terms like causality, instantaneous
causality, causality lag, causality coherence.



Econometrica, Vol. 37, No. 3 (July, 1969)

INVESTIGATING CAUSAL RELATIONS BY ECONOMETRIC MODELS
AND CROSS-SPECTRAL METHODS

By C. W. J. GRANGER
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418 C. W_ ], GRARNGER

4, CAUSALITY

Cross-apeciral metheds provide o useful way of describing the relationship
betwoen iwe [or more) variables when one is causing the athers). In many realistic
economss silunlions, lowever, one suspects that feedback is occurring. In these
sitzations the coberence amd phase diagrams become difficult or impossable to
interpret, particularly the phase diagram, The problem is how (o devise definilions
of causality and feedback which permit tests for thelr existence, Such o definition
was proposed in earlier papers [4, Chapter 7; 3], In this sectbon, some of these
definitions will be discussed and extended. Although later sections of thas paper will
use this definition of causality they will net completely depend upon it. Previous
papers concered wilh causality in economic systems [1.6, T, 8] have been particu-
larly coneerned with the proben of determining a cassal mterpretatson of samul-
tneous equation systems, wsanlly with mstanianeous caosality. Feedback is not
explicitly discussed. This earfier work has comcentrated on the form that ihe param-
eters of the equations should ke in order to discern definite cawsal refationships.
The stochastic elemenis and the natural time ordering of the vanables play relative-
by minoT rolesin the theary. la the aliersative tseory 1o be discussed here, the stoch-
astic mature of the varables and the direction of the Aow of time will be central
features. The theory is m fact, not relevant for senstockasiic vanables and will rely
entirely on the assamption that the latwre cannot cause the past, This theory will met,
of course. be contradictory be previous work but there appenrs to be litle common
ground. Tis origins may be found in a suggestion by Wiener [91 The relationship be-
tween the definition discussed hereand the work of Good [2] has yet to be deter mined.

IF A, is o stationary sochastic process, let A, represent the set of post values
{4, = 1,2,..., @) and A, represent the set of pasr and presem vatues | A,
f=11,,, .. 00} Further let A{k) represent the set {4, 0= &k + ..., =]

[enote the cptimum, unhiased, leasl-squares predictor of A, using the set of
values 8, by B A1H), This, for instance, B X wall be the optimuwm predictor of X,
sang nul:.' past X,. The predictive error series will be demled by 6418 = 4, -
PiA|B) Let o'{AIB) be the variance of 4| H1

The initial delimitens of cassality, Eedhack, and so forih, will be very general in
nature. Testnhle forms will be introdeced Eaver, Let U be all the imformation in the
unbverse sccumulated since time + — [ asd let U, — ¥ denote all this informaticn
apart from the specified series ¥,. We then have the following dellnitions,

Dmanrrioms | Cmesdity. Mo XU < o™ X|0 — ¥), wesay that ¥ is causing X,
dended by ¥, = X, Wesay that ¥ is cousing X, il we are better able 1o predict X,
using all available information than if the information apart from ¥, had been used,

DEFImNTTIO 22 Feedback. 17
XU} < XU = F),
e ¥ = af YL = X),

we say that feedback {8 ogcurring. which is denoted ¥, == X, L2 feedback is suid
to occar when X, is causing ¥ and alse ¥ is causing X,



PRZYCZYNOWOSC GRANGERA' bazuje na przewidywalnosci sygnatow:

Jesli jeden sygnat X,(t) zawiera w swoich poprzednich prdobkach informacje,
ktora pomaga przewidzie¢ drugi sygnat X,(t), wtedy mowimy, ze X,(t) jest
sygnatem zZrodtowym dla X,(¢).

Jak widac jest to wielkos¢ oryginalnie zdefiniowana dla dwoch kanatow. Mozna
rozszerzy¢ to pojecie rowniez dla uktadow wielokanalowych?.

1 C. W. 1. Granger, Investigating causal relations by econometric models and cross-
spectral methods. Econometrica, 1969, 37:424-438.

2 M. Kaminski et al., Evaluating causal relations in neural systems: Granger
causality, directed transfer function and statistical assessment of significance. Biol.
Cybern. 2001, 85:145-157.



Let us assume the two signals measured simultaneously in
discrete time intervals

X(ry = i*“:]ij}ﬂf-j] + g1
j=1

X+ A 0)Y(0) = 3 A, (DX + 3 AL ()Y + &)
j=1 =

V) + 4, (OX(@) = 3 A, (DX + 3 Apy(DY—) + 1D
= i

If the variance of prediction error £(f) is reduced by including the
knowledge of past (and maybe present) values of ¥, to the
relation for X, then we say that ¥, Granger causes X,

In other words we may say that 4, are greater than (.



Rozne podejscia do obliczania
widma sygnatu

* Metody nieparametryczne
np. transformata Fouriera
* Metody parametryczne

np. model autoregresyjny (AR)



Model AR

Zakladamy, ze posiadany przez nas
sygnat mozemy opisa¢ wzorem

x(t) = Zp:aix(t —1)+e(t)

Wartos¢ sygnatu x w chwili ¢ zalezy od p jego wartosci
poprzednich z dodanym pewnym sktadnikiem losowym.



Jezell nasze dane dobrze pasuja do takiego
modelu, calag wiedz¢ o sygnale mozemy
czerpac tylko ze wspotczynnikOw modelu
(parametrow a,).

Okazuje sig, ze wiele sygnatow biologicznych dobrze
opisuje si¢ w taki sposob.

AP AAAAS NS p gl o 3 o

A NP PSS AN A i AP A



Jakie sa zalety uzycia modelu AR?

1
a =] TRUE
& PSD
Frequency
CORRELDGE &M
PsD
l - FERC—=
s l[hr ,l'ﬂ b All il 7
111 Ili[l'
Lag (b} Frequency
—DAMPED —= A
o o0 o " G oo o AR
TA“WW n PSD
o l‘ll
Lag () Frequency

Z: S. Marple Digital spectral analysis with applications



Model AR jako filtr liniowy

X(¢) = Zp:A(i)X(t —i)+E(1)

Zp:A(i)X(t ~i)=E(®)

A(HX(S) =E(f)

X()=AT(NHEW) =HNE)

H
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Ze wspolczynnikOw modelu AR mozemy obliczy¢
widmo

S(f)=X(NHX(f)=...=H(HIVH (/)

koherencje (zwyczajne)

Sy (f)
S (S, (f)

K;(f)=

Oraz wiele innych funkcji, na przyktad...



Kierunkowga Funkcj¢ Przejscia
(Directed Transfer Function)
DTF

opisujacq transmisj€¢ sygnatu z kanatu
i do kanalu j w dziedzinie cz¢stosci

wersja nienormalizowana eijz (f)=I|H i (f) |2

Hy (1)
wersja normalizowana do Vi? ( f) — k‘ i \J ‘
wplywow do kanatu i ’ Z ‘ 178 ( 7 )‘2

m=1



Biol. Cybern. 653, 203-210 (1991) Biﬂbglcaj
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A new method of the description of the information flow
in the brain structures

M. J. Kaminski and K. J. Blinowska
Medical Physics Laboratory, Institute of Experimental Physics, Warsaw University, ul. Hoia 69, P1-00-68] Warszawa, Poland
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DTF ma interpretacje¢ przyczynowosci Grangera rOwniez w
przypadku wielokanatowym.

W zwiazku z tym DTF opisuje transmisj¢ sygnatu tacznie
przez wszystkie mozliwe drogi przeptywu, a nie tylko
bezposrednie polaczenia migdzy kanatami.



Symulacje wykonat

mgr Rafal Kus



EEG 7 R gl e Tpaesrt g iy

SZUum

sygnal w
kan. 1

AU i eied

EEG — EEG czlowieka z elektrody P3, stan relaksu
A —opoznienie
szum — proces czysto losowy (szum bialy)

amplituda szumu/amplituda EEG = 3



EEG

O ©

1
‘ amplituda koherencji
a

T

faza koherencji
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Pierwsze kiopoty



A ja mam trzy kanaty...

Czy ta sytuacja rozni si¢ czymkolwiek od
uktadu dwukanatowego?

Zaskakujaco wielu badaczy nie zdaje sobie
sprawy z tego, ze roznica taka nie tylko jest,
ale jest rowniez bardzo istotna.



Analiza koherencji
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Nowe mozliwosci

Kiedy system sktada si¢ z wigcej niz dwoch
kanatow pojawiaja si¢ w nim nowe mozliwosci
zaleznosci migdzy kanatami.

Do 1ch opisu potrzebne sa nowe funkcje.



Koherencje czastkowe — opisuja tylko bezposrednie zwiazki
mi¢dzy kanatami (kiedy wplyw pozostatych kanalow jest
statystycznie pomini¢ty).

M (f)
M3 (IM ()

G, (/)=

Koherencje wielorakie — opisuja zwiazek danego kanatu ze
wszystkimi innymi kanatami w zestawie.
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koherencje zwyczajne, czastkowe 1 wielorakie

1

2

3




Analiza danych

* miary jednokanatowe (np. widmo) * miary jednokanatowe (np. widmo) * miary jednokanatowe (np. widmo)
* zalezno$ci migdzykanatowe (np. * zalezno$ci migdzykanatowe (np.
koherencje zwyczajne) koherencje zwyczajne)

* miary czastkowe (np. koherencje
czastkowe)



DTF




Symulacja

Koherencje (parami)
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Symulacja

DTF (parami)
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DTF
(wielokanatowo)
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Transmisja przez wiele kanatow
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koherencje zwyczajne
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dwukanalowa przyczynowos¢ Grangera
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dDTF — funkcja do opisu
przeplywow bezposrednich

dDTF = DTF x koherencja czastkowa

JOURNAL OF
NEUROSCIENGE
METHODS
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Determination of information flow direction among brain structures
by a modified directed transfer function (dDTF) method

Anna Korzeniewska ®, Malgorzata Manczak ”, Maciej Kaminski®,
Katarzvna J. Blinowska ", Stefan Kasicki®*
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koherencje czastkowe dDTF
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Surrogate data test

The "leak currents” indicating the accuracy of DTF are found from
surrogate data — signals with disturbed phases. Surrogate data are
obtained by transforming the data to the frquency domain, randomizing
their phases and transforming back to the time domain.

MVAR Granger

Surrogate of MVAR Granger

Causality Causality
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ELSEVIER Eleciroencephalography and clinical Mewrophysiology 102 (1987) 216-227

Topographic analysis of coherence and propagation of EEG activity during
sleep and wakefulness
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4, Bivariate Granger Causality

stan czuwania, oczy zamknigte






Zagadnienia pokrewne



Przesylanie wzajemne

spectrum of channe! 1 propagation from channel 2 to 1
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Directions of EEG activity propagation during sleep

sleep stage 3

wakefulness




Podsumowanie

Liczenie kierunku przeptywu miedzy parami
kanatéw moze prowadzi¢ do btednych wynikéw.

Nalezy stosowaé metody uwzgledniajace wszystkie
kanaty naraz.

Wielokanatowy model autoregresyjny (MVAR) spetnia
te wymagania — wszystkie kanaty sg przetwarzane
jednoczesnie.

Funkcja DTF bazujgca na modelu MVAR pozwala
prawidtowo wyznaczy¢ kierunki przeptywu sygnatu w funkcji
czestoscil.
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