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ABSTRACT activity activity activity
A correlation framework for detecting brain activity in func-
tional MRI data is presented. In this framework, a novel rest rest rest
method based on canonical correlation analysis follows as time

a natural extension of established analysis methods. The

new method shows very good detection performance. This  Fig. 1. A typical reference timecourse used in fMRI.
is demonstrated by localizing brain areas which control fin-

ger movements and areas which are involved in numerical

mental calculation. a reference timecourse is specified, where rest and task per-

formance are alternated, see Fig. 1. A volunteer performs
a task, such as flexing a finger, inside the MR-scanner ac-
1. INTRODUCTION cording to the reference timecourse and brain images are

acquired simultaneously. The resulting data is a number of
The functional processes of the human brain are still poorly jmage slices of the brain where a timecourse of intensity
understood although much effort has been focussed on reyajyes is obtained in each pixel, see Fig. 2. In active brain
vealing its secrets. A relatively new and promising tool regions the intensity timecourses have a component that fol-
for this purpose is functional magnetic resonance imaging jows the reference timecourse due to the BOLD effect. The
(fMRI). The purpose of fMRI is to map sensor, motor and problem is to detect such pixels in the MR images. It is es-
cognitive functions to specific areas in the brain. For exam- sential to capture the state of the brain at a certain timepoint,
ple, one mlght be interested in which brain areas that are aCand therefore a very fast |mag|ng sequence called echo p|a_
tivated by a simple motor task such as flexing the fingers, ornar imaging (EPI) is used. Unfortunately the EPI images
in higher cognitive functions such as areas for language pro-syfer from low signal to noise ratio which makes the detec-
cessing or mental mathematical calculations. The physicaltion of active brain areas difficult. In order to obtain useful
basis of the method is that oxygenated and deoxygenatedmages it is not possible to have a sampling period less than
blood have different magnetic properties, a difference that s with a typical number of acquisitions 200, the effective
can be measured in an MR-scanner. More SpeCifically, thenme for an experiment becomes about 7 minutes_
signal intensity in a T2weighted MR image of the brain In this paper a correlation analysis framework for this
depends slightly on the local oxygenation level of the blood. particular detection problem is described. As a starting point
This is called the blood oxygenation level dependent signal,\ye use amrdinary correlationmethod in order to detect ac-
commonly referred to as the BOLD signal. When neurons tjve pixels. Then a method based multiple correlationis

in the brain are active they consume oxygen. Blood with introduced, and finally a newly developednonical corre-
a higher level of oxygenation is supplied to the neurons to |ation method [4] is presented.

compensate for the increased oxygen consumption. How-
ever, the neurons can not utilize all supplied oxygen which
results in an excess of oxygen in the venous vessels. Since
T2*-w_eigr_1t§-d MR_ images partially reflect the blood oxy- 2.1. Ordinary correlation analysis
genation itis possible to analyze such images to detect areas
of brain activity indirectly by localizing areas of elevated We begin by describing an ordinary correlation analysis ap-
oxygen levels. To determine where elevations in oxygena- proach. At present time this is the most widely used method
tion level occur during task performance baseline imagesto detect active pixels in fMRI images. Assume thiac-
acquired at a resting state are also required. For this reasonuisitions of each image slice are taken at subsequent time-

2. THEORY



Fig. 2. Upper left: A number of image slices of a human braifpper right: An example of an EPIl imagé.ower: Repeated
acquisitions of an image slice over time. The intensity in an activated pixel follows the reference timecourse due to the BOLD
effect while a nonactivated pixel is not affected of the task performance.

points. First we define a model timecoungg) which is

believed to represent the true BOLD response well, i.e. the {
oxygenation changes in the blood due to the task perfor- /\
4 . o OCA
mance. One possible choice yt) is simply the square-
wave used as reference timecourse, Fig. 2. In each pixel a X y
timecourse of intensity valuest) is obtained and we calcu- ,
late the sample correlatighbetween our model timecourse P
y(t) andx(t), Fig. 3. For zero mean random variableand
y, Pearson’s correlation coefficient is defined as Fig. 3. An ordinary correlation analysis between an exper-
imental pixel timecourse(t) and a model timecoursgt)
E[xy] (1)  forthe BOLD response.

P VERIER
and the sample correlation is calculated by . . .
The result is an image or a map of sample correlation
N coefficients, see Fig. 4. A large sample correlation coef-
le(t)Y(t) ficient indicates that the pixel timecoursg) is similar to
— (2)  the modelled timecoursgt), thus this pixel can be declared

p=—r
N N :
3 X(1)? 3 y(t)? active.
t=1 t=1 To define a correlation threshold above which we con-

sider a pixel as being active we turn to statistical theory.




Fig. 4. Left: A map of sample correlation coefficients resulting from an ordinary correlation analysis. Bright areas correspond
to activity. Right: The distribution of a sample correlation coefficient between two uncorrelated random variables. Note that
the distribution only depends on the number of observatidng threshold for the correlation map to the left is found by
determining the correlation value for which the right tail area equals some predefined small probability.

Suppose that a pixel is not activated by the task, i.e. for this
pixel x(t) andy(t) are uncorrelated. What is the probability
that these two timecourses still by pure chance give a sample
correlation above a chosen threshold and the pixel thereby
falsely is declared as active? Of course we would like this y
probability to be small, e.g. 18. If the noise in the pixel m !
timecoursex(t) is considered to be white and Gaussian dis- MCA b
tributed, Fig. 4 shows the probability density function for y
the sample correlation coefficient for a nonactivated pixel. X n
From this distribution function it is possible to determine a
correlation threshold for which the right tail area is equal to P W
e.g. 10°. . . . . .
A simple way to find such a threshold is to transform the Fig- 5. A multiple correlation analysis between an experi-
sample correlation coefficient to a t-value [1], which follows Mental fMRI timecourse and a set of basis functions.
Student’s t-distribution wittN — 2 degrees of freedom,
p which are able to represent the possible variations believed
VN — Zﬁ €t(N-2). (3)  to occur. For each pixel a specific model timecourse can be
—P constructed by a linear combination of these basis functions
Tables of t-values are found in most elementary books in
statistics and we can easily find a threshold which fulfils the y(t) =Wy y(t) = Wy, Ya(t) + ...+ WY (t). (5)
desired low probability for declaring a pixel as active when
in fact it is not.

—+

An example of a set of basis functions is pairs of sine and
cosine functions. The frequencies are chosen to the funda-
mental frequency of the specified reference timecourse and

2.2. Multiple correlation analysis a few harmonics, i.e.

There are some deficiencies in the ordinary correlation anal- sin(at)

ysis method described above. One drawback is that we cogox)

model the BOLD response by a single timecow@¢. The . 2mn

BOLD response has been shown to vary both between per- y(t) = : W= T t=1..N, (6
sons and between brain regions. For example, there is a sin(kwt)

delay in the BOLD response which varies between 3 to 8 cogkat)

seconds. Clearly, a single timecourse cannot model such

variations. Therefore we try to find a set of basis functions whereT is the period of the reference timecourse. In Fig. 6

four such sine/cosine pairs are shown. An advantage of this
y(t) = [yi(t),y2(t),... ,yn(t)]T 4) set of basis functions is that we can construct a signal with
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I Fig. 7. A canonical correlation analysis between a set of
=~ fMRI timecourses and a set of basis functions.
™ Hence, the unit vectofty andp are found as the direction
;”c and length respectively of the vector at the right hand side
in Eq. (8). The sample multiple correlation coefficignis
then given by the length of an estimate of this vector,
<~ N
! Y tgly(t)X(t) o
Wy = — ——.
WYy vN [N )
Fig. 6. Sine/cosine pairs which are used as basis functions tzlx(t)

instead of the reference timecourse in the top panel.
As in the ordinary correlation case, for each image slice a
map of sample multiple correlation coefficients is obtained

arbitrary phase, i.e. it is able to model a BOLD response g e apply a transformation in order to find a threshold
with any delay. For each pixel, the problem is to find the ;, a simple manner

coefficientswy,,...,wy, in Eq. (5) so that the constructed

timecoursey(t) correlates the most with the experimental N-n-1 p? eF(MN—n—1) (10)
pixel timecourse(t). This is achieved by a multiple corre- n 1-p? ’
lation analysis, Fig. 5. As aboveN is the number of observations i.e. the length of

Consider a zero mean random variabéd a zeromean  he timecourses andis the number of basis functions. For

T . .
random vectoly = [y1,...,yn] . The multiple correlation 5 honactivated voxel the statistic in Eq. (10) followsFan
coefficient is defined as distribution withn andN — n— 1 degrees of freedom, under

E [WTyx] the assumption of Gaussian white noise in the timecourses.

p =max Y =
Wy 2
EJE {(WJY) } 2.3. Canonical correlation analysis
w Cyx The previous section described how the ordinary correlation
max ————— @ i i ; :
Wy TC analysis method can be generalized into a multiple correla-
Oxy /Wy CyyWy tion method by increasing the dimensionality of the right

hand side in Fig. 5. A question that naturally arises is how
to generalize further by introducing multidimensional vari-
ables on both sides. In 1936 H. Hotelling developed a gen-
eral solution to this problem which is called canonical cor-
relation analysis [5]. Figure 7 shows how it can be applied

wherecyy is a vector containing the covariances between the
pixel timecourse and the basis functiol@, is the covari-
ance matrix between the basis functions. It is not difficult
to solve this maximization problem [1]. However, we can

simplify further by observing that our basis functions in Eg. in the context of functional MRI. Instead of analyzing sin-

(6) are uncorrelated for a whole number of periods of the le pixel telv at the left hand sid )  pixel
reference timecourse and that they all have the same variJ'€ Pixels separat€ly at the left hand side, a region of pixels

anceo)z, = % Thus, for this case the covariance matrix is IS consm_jered. Herelwe choose a3 region. Analogous to
the multiple correlation approach we now wish to construct

?lagtc:]natlj,cy.y _t 2! IPgOdL;C'ngtrt]h's smp;hflctatlon anq e ywo timecourses as linear combinations of pixel timecourses
ing the derivative of Eq. (7) with respectig, to zero gives and basis functions respectively,

the following equation, :
) 1 Y X(t) = Wy X(t) = Wy, Xa (1) + . .. + Wy, Xm(t), (11)

pWy = ¥y Cpx = 5~ e (8) y(t) =wy y(t) =Wy, ya(t) + ...+ Wy yn(t). (12)



Just as in the previous sectioy(t) is a timecourse con- 3. RESULTS & DISCUSSION

structed using the basis functions. The timecoutsecan

be viewed as the output from a linear filter applied to the We use two different fMRI experiments to demonstrate the
3 x 3 region chosen in the image. The canonical correlation performance of the three correlation methods. In the first
analysis finds the linear combination coefficiemgs, ..., wy,  €xperiment the task was simply to flex the index finger of
andw,,..., Wy, so thatx(t) andy(t) correlates the most. the right hand. A volunteer flexed his finger inside the MR-
Thus the canonical correlation analysis will for each region scanner while image slices of the brain were acquired. The
adaptively find a filter which reduces the noise and extractsreference timecourse was: 20 s rest, 20 s flexing, 20 s rest,

a signal in the region to obtain good correlation. etc. Totally 200 acquisitions of each slice were obtained.
To find the sample canonical correlation, first consider In the second experiment we attempted to locate areas acti-

two zero mean random vectoxrs= [xl,...,xm]T andy = vated in mental calculation. The task was to sum two digit
y1,... ,yn}T_ The canonical correlation is defined by numbers which were projected onto a screen in the scanner
room. In this experiment 180 acquisitions of each slice were

E [W;(r xyT Wy] obtained.
p=max o In the ordinary correlation method a delayed (4 s) ref-
- \/E [(WIX)Z] E {(W}y) } erence timecourse was used as a model timecoutsén
T order to account for the delay in the BOLD response. In the
max Wy CxyWy (13) multiple and canonical correlation methods the sine/cosine

Wy, Wy \/WICXXWXW;/FnyWy functions in Fig. 6 were used to model the response. Fig-

ure 8 shows two adjacent image slices from each experi-

whereCyy, Cyy andCyy are the within and between sets co- ment where the o!etected activation |s_0verlayed_on anatorn-
variance matrices. It can be shown [1, 2], that the solution ical background images. Reversed right/left orientation is

can be obtained from the following eigenvalue problems & well established convention in Radiology, and therefore
also adopted here. In order to detect activation, thresholds

C1C, ColCyit — P2 for the ordinary and multiple correlation maps were selected
{ XY T (14)  at a significance level of 1. For the maps of canoni-
Cyy CyxCio Cxylly = p“Wy cal correlations, thresholds which approximately detect the

) . . . . same area of activation were selected. The legends in Fig.
The eigenvalues di; CxyCyy Cyx andCyy"CyxCy Cxy €O g show the ranges of correlation coefficients which indicate
incide and are called (squared) canonical correlations. Thegctive pixels in each method. The lower bound of this range

square root of the largest eigenvalpg referred to as the s given by the threshold and the upper bound of the most
largest canonical correlation, is the solution to the maxi- activated pixel.

mization problemin Eq. (13). In practice, the sample canon-  |n the finger flexing experiment, strong activation is de-
ical correlations are found by substituti@gx, CxyandCyx  tected in the left hemisphere in areas known to control mo-
with the estimates tor tasks. The mental calculation experiment results in a
1N number of activated areas, which is expected due to the

Sy = — x(t)xT (t) (15) higher complexity of the task. The next step in the analysis

N & is to identify these areas.

1 N In these experiments, the multiple correlation method

Sy=1y x(t)y" (t) (16)  does not perform significantly better than the ordinary cor-

= relation method. However, note that the multiple correlation
Sx = SIy (17) for the most activated pixel has increased compared to the

ordinary correlation. This indicates that the square-wave

and due to our choice of basis function, = Gf,l = 3l. reference timecourse is not optimal for detecting activation.

The sample canonical correlation coefficient is assigned toAnother advantage of the multiple correlation method is that
the center pixel and thex33 region is slided over the image no delay in the BOLD response needs to be specified. A
to produce a map of sample canonical correlations. characteristic for both these methods is the large number
The distribution of the sample canonical correlations for of spurious activated pixels, which is clearly seen in Fig.
two independent sets of data is given in [3], but this dis- 8. In contrast, the canonical correlation method detects ho-
tribution is very complex. An approximation based on a mogeneous areas of activity and few spurious activations.
sum of incomplete beta functions [6], offers a possible way The lower panels of Fig. 8 show timecourses for an acti-
to find a sample canonical correlation threshold. However, vated pixel using the ordinary correlation method and the
the adaptive filtering procedure enlarges the detected activecanonical correlation method respectively. For the ordinary
areas and more sophisticated methods for finding a propercorrelation analysis, the blue timecourse shows the experi-
threshold are required. Such methods are currently undemental intensity values and the red is the square-wave model
investigation. of the BOLD response. The correlation coefficient between
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Fig. 8. The result of the three correlation methods applied to the finger flexing and mental calculation experiments. See the
text for details.



these timecourses is3B. The lower timecourses were ob-
tained using the canonical correlation method. The blue
timecourse shows the signal that is extracted from the33
region, i.e. a linear combination of the 9 timecourses consti-
tuting the region. The red timecourse shows the combina-
tion of the sine/cosine functions which is found to model the
BOLD response most adequately in this region. The cor-
relation coefficient between these two timecourses.8 0

a significant increase compared t@® from the ordinary
correlation method. The price we have to pay for the in-
creased sensitivity and robustness of the canonical correla-
tion method is spatial resolution due to the filtering of the
data.

It should be stressed that the ordinary correlation method
and the multiple correlation method are established meth-
ods for fMRI analysis, though they are generally presented
as a t-test and an F-test. The canonical correlation method
is novel and a natural extension of the established meth-
ods when they are presented in a correlation analysis frame-
work.
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