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1. IMRIOIA ICAS| J& i
AnbA Ql Alael& Fig 13 o] A= o
EALE g5 (AE Ee oty B8 BeAe $iht &
Askar, o1 okellA] 7ZF 42 (source) B o] Al
@J%i dele] mbol= Xi(t)ell A=A "t @, o]& source
o] Fo]Al A 7bell A 7t source AT 5] HjAdo] BAE T,
V\E”% AYAE A8k, A7kl weh A 25 49 ub-g-o)
stationarydtehd o] & source &S ¥ 3] ¥ 4 9t o]
2] & o] &3l ¥4-2 Blind Source Separation (BSS)
¥ Independent Component Analysis (ICA)&2} &t}
o] & Al o7 AelshH ohg et

X(t)=AS(t) or {x,} =A{s;} (1]
where, X(t) recieved data, {x; x5 )
S(t):source data, {s; sy sy!T
Almixing matrix, NxM
x;recieved row vector, 1XM

8§y source row vector, I XM

% olzgt A2l sourced] o4 AT EE w7k A7k
A&7 A Ao Aol v Fel S o v e} gk,

Independent Component Analysisi 0|23 fMRIAS 84

o 4 vhebitiz Al o) oA <l o] A1 wb-g-a} A
grelo] FAE I ol 5 A1 F 9 sources o] rfeld vt
& W= A&7 © shd 4l RF coilolth, wef RF
ofe} 7 FAloll dAe]of ofchdl 1 /S whF A }ﬂ
5 A doldl =)Ao AR agR] o
W& aloto} g}
gl MRI systemolld ICAE A48 4 Q)+ data setS

HE7] Sl M HE 28 A A Al AE o) stationaryﬁ}ﬁ}h
744 5ol *ﬂﬂ RF receiver) & 7§ Z 7142 NH¥ 9% & &
7hd A A EE b el 5 o] gshd "o 28y JAEAE

b $1 Aol 5314 RF coil ¥
3l Al 2age 3] ofgich

ale) 2 Wheko|u} 9 2] o] &
o] o =] N7 RF coil

& Abgak Aol Thsetehd A e Ao R A4t
MMRIAY 9, & 4715 dr17h 4 o2 s o
F el 28804 & Holth. ¥, RF coile $499 4

=AM AlEE Qoo & tLH sourcet} detectors J_ﬂ
AL A Al Elg wistel g Al s g whs Abehe Azbs) v
detectors oe] 7| A3t 7§-°r9} Zet = detector?t o2
el 7% source*\li o] 2 A8l & A3l o E S
712} ZHdetector7hAl E%Uh’}‘.!-. 7H 8| o] sourceAl s
7 ebE Al2E S AR A 2HE detectorell Rt A} E
A3tar, o= [CAd 44 woll= F4& AatsE e}
fMRI®] -5 shte] 2h=to) el shvte] Al e g HEdo w
gk o5 A 2dlelgta M e A& tlEA E o o= PHE:
Fg-& vhebdiv), & A g o) 2ol dlaliA] ¥o] ofw ¢
‘%301 ol & wpehztehd | ¥ o] A Adle wlp gk Hd 4 glr}.

PN S )

Fig. 1. System with M sources’ signal and N detectors
surrounded by a boundary. Signals of detector xi are
composed of M Si signals. The response of the system
must be the sum of the source signals.
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x(p) s1(p)
x9(p) so(p)
x;(p) —A si(p) 2
xn{p) svip)

x;(p) :detected whole brain image data
s;(p):independent whole brain image data
A’Brain system

— "= Stimulation pattern

Fig. 2. Comparison of cross correlation and ICA analysis
in fMRI data obtained by word generation task.

Map images(a,b} obtained by ICA analysis show activat-
ed signals in both sensorimotor areas{a} and prefrontal
cortex(b). These activated regions have different neural
response functions(yellow and blue basis vectors) that
are effectively separated by ICA analysis. Map image(c)
obtained by simple cross-correlation with a box-car ref-
erence function(red function curve) shows similar acti-
vated areas that can not be separated by cross-correla-
tion analysis with a priori reference function. Map im-
ages{d) by cross correlation with each basis vector(yel-
low or blue) also shows similar activated signals as com-
pared with ICA map images. One of advantages of ICA
analysis is that ICA analysis is able to separate indepen-
dent components of signals that have small difference in
hemodynamic response. The separated basis vectors by
ICA analysis may also provide useful reference data for
a correlation analysis.
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s Al Ee] M2 5714
ZTEY EGE AH 5, A¥Aal | (linear
system, sca]ed sum-out)e] e °] = AlZe BSSHyow
)" 4 9lth(8-9). Bell & Sejnowskizt Alakst ICAY
2] &L aofy| E’_“{ AZET | Abjuke] AR E o= A& 7}
2 gled o] & #H4dst= $A & informax principled
o] g-sfe] Fahglrt. 1 &2 oh&a Aok 7 Alw Xek Y7k 9l

S df 0] 57+ joint entropys tHe-3t 7o) A 9| ¥},

Jii
ﬂg\l

HX.Y)=HX) +H(Y)-I(X.Y) (3]

714 I(X, V) =H(X)-H(X | V)& mutual information
olt} dlEg] H(X)E v} 7ol 3 2] wlr}.
H(X) :—Zpk log p,, entropy (4)

1714, py= KA Abzde] dofd ggolct, Mutual in-
formation, I(X,Y)+= dle]& X2} Y7+9] redundancy 2 ¢]

o] #H A3l T odlo|e] 7k H¥AlE Fdistel whioch. 1
B2 joint entropy, H(XY)2] #v|gslo] v A5 Ae
il

C=WX, (5)

XS:2<XXI> 172

AW:*E(MWW):E(H;?C"’)W )

A 3 ( 3 -

Yj*:(i'i‘ln Tci—(l*Z}’i)

y=g(C)

«(C) 1 (7)

C1te

o]714, C,W X Xs, T+ 7t7t de-mixed data, de-mixing
matrix, mixed source data, sphered data 18] trans-
pose matrix transformelcl. Eq.(5-7)2] 97 = de-mix-
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Fig. 3. Principal Component Analysis basis vector & eigenvalue
a. Basis vectors of PCA b. Eigenvalues of PCA. The most of energy is limited to several low frequency basis vectors
and the DC basis vector does not have any important information. The dotted components should be removed for the

reduction of degree of freedom of data.
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Aol ICAE A 8-3fef MR ello]e
wHztel Ael, 2w ICAi
& stolet ICA9] 7
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SHx e AlsEe] 28 AR FolA o, e Az
£ aa o Rl 4 ddddvhs Aolrt. o] Axge) 5
ahrte] Apel waf o AA R A el At o] o
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s AR Az daiMe 2 AT o Frige A
Aol A9 ghadolej g} Fofal Alzete) o Ao FEH |
Mol sz ofl Nt 7o) 7] Lol 2 oA A H ¥ FY

Fig. 4. ICA analysis and the effect of preprocessing with P-
CA threshold

a. A map image for the boxed basis vector of ICA without
PCA thresholding. b. A map image for the boxed basis
vector of ICA with PCA thresholding. ¢. Another map im-
age for the boxed basis vector of ICA with PCA threshold-
ing. The ICA analysis with PCA thresholding may give a
more detail information of response function such as de-
layed response. A basis vector of ICA without PCA
thresholding (a) can be separated into more than two vec-
tors {b,c}. The activated signals are brighter and more evi-
dent on the image analyzed by ICA with PCA threshold
{b, ¢) than those by ICA without PCA threshold (a).
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o) ke Aol Houkg Hefo] 2 2ol Qe AEE FEL  HH R vAgh kg o Aol F T = gloH, o T
% ch(Fig. 2). olol whsl [CA% ojeigh Azl e vl & ol d AR o def Wb Heh &S W3] Fshe w4

Fig. 5. a. Map images by ICA analysis of whole functional data. b. Map images by ICA analysis of a portion of data.
The activated signals obtained by ICA analysis of a portion of whole data seems to be more consistent and more sensi-
tive {arrows) (a, b). In two methods, the number of ICA basis vector is same, but the number of components of neural
activation can be different according to the number of images included in the ICA analysis. Therefore, the result of
analysis can be different according to the numbers of data included in the ICA analysis.
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Analysis of fMRI Signal Using Independent Component Analysis
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?Department of Electrical Engineering, Korea Advanced Institute of Science and Technology

The fMRI signals are composed of many various signals. It is very difficult to find the accurate parame-
ter for the model of fMRI signal containing only neural activity, though we may estimating the signal pat-
terns by the modeling of several signal components. Besides the nose by the physiologic motion, the mo-
tion of object and noise of MR instruments make it more difficult to analyze signals of fMRI. Therefore, it
is not easy to select an accurate reference data that can accurately reflect neural activity, and the method
of an analysis of various signal patterns containing the information of neural activity is an issue of the
post-processing methods for fMRI. In the present study, fMRI data was analyzed with the Independent
Component Analysis{ICA) method that doesn’ t need a priori-knowledge or reference data. ICA can be
more effective over the analytic method using cross-correlation analysis and can separate the signal pat-
terns of the signals with delayed response or motion related components. The Principal Component
Analysis (PCA) threshold, wavelet spatial filtering and analysis of a part of whole images can be used for
the reduction of the freedom of data before ICA analysis, and these preceding analyses may be useful for
a more effective analysis. As a result, ICA method will be effective for the analysis of signal patterns in
fMRI and the pre-filtering may be necessary for the reduction of the degree of freedom of the data.

Index words : Functional MRI, Independent Component Analysis (ICA),
Principal Component Analysis(PCA}, wavelet spatial filtering.
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