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Model-Free Functional MRI Analysis
Using Kohonen Clustering Neural
Network and Fuzzy(C'-Means
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Abstract— Conventional model-based or statistical analysis categories depending on whether they require prior knowledge
methods for functional MRI (fMRI) suffer from the limitation of about activation patterns: model based and model free.
the assumed paradigm and biased results. Temporal clustering In model-based approaches, brain mapping is formed either
methods, such as fuzzy clustering, can eliminate these problems . . L )
but are difficult to find activation occupying a small area, by correlating with the _estlmat_ed functional response, such
sensitive to noise and initial values, and computationally @s @ boxcar waveform, in the time or frequency domain [8],
demanding. To overcome these adversities, a cascade clusterind9] or by comparing mean differences between the control
method combining a Kohonen clustering network and fuzzyc and the activated states statistically [10], [11]. Since they
means is_developed. Receiver operating characteristic (ROC) ,4\ide some statistical inference and are easy to implement,

analysis is used to compare this method with correlation th thod t widel d H th tual
coefficient analysis andt test on a series of testing phantoms. €S€ MEN0as ale Most widely' LISed. FOWEVEr, e actlia

Results show that this method can efficiently and stably identify functional response, which differs from subject to subject
the actual functional response with typical signal change to noise and from condition to condition even under simple visual
ratio, from a small activation area occupying only 0.2% of head or motor tasks, is far more complicated than the usually
size, with phase delay, and from other noise sources such asyggmed boxcar waveform or more sophisticated response
head motion. With the ability of finding activities of small sizes - -
stably, this method can not only identify the functional responses models [12], [13]. .Analy5|s methods ba.sed on any §|mple
and the active regions more precisely, but also discriminate response model will become less effective as experimental
responses from different signal sources, such as large venousconditions become more complex or when applied to data
vessels or different types of activation patterns in human studies of different subjects. This problem is crucial when analyzing
involving motor cortex activation. Even when the experimental - inq16 trial data, where the actual responses are complex
paradigm is unknown in a blind test such that model-based - . )
methods are inapplicable, this method can identify the activation and unknown and the exact period of activated state is hard
patterns and regions Correcﬂy_ to define [14], [15] In faCt, even when the exact temporal
response is not so crucial in analysis, the activation map
produced by a model-based method only reveals the areas
with the activities we anticipated, i.e., it is a biased activation
map rather than the actual one and the averaged functional
. INTRODUCTION response in such regions is also biased. This fallacy could
UNCTIONAL magnetic resonance imaging (fMRI) withlead to incorrect conclusions when investigating characteristics
high temporal and spatial resolution is a potential methaéd functional response under different modalities, stimulating
to map rapid and fine activation patterns of the human brdiates, stimulation intensities, etc.
[1]-[5]. According to both theoretical estimations and exper- To study dynamic properties of actual response, one strategy
imental results [1], [6], [7], activated signal variation is verys to use the averaged waveform in a region of interest
low on a clinical scanner. Thus, analysis methods are requifd®l) as a reference for correlation. The other is to study the
to find the response waveforms and the associated activategponses in some ROI's only [16]. The previous approach
regions. Generally these methods can be divided into tAiglits our scope to the region with activity resembling the
one in the selected ROI. The latter limits our ability to
find activation in previously unexpected regions. Besides,
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complicated experimental conditions, analysis methods that
do not rely on any assumed model of functional response
are necessary. There are two kinds of model-free methods. ;
One, such as principal component analysis (PCA) [17], [18] or Buckg'm““d
independent component analysis (ICA) [19], [20], transforms Elimination
original data into high-dimensional vector space to separate E
functional response and various noise sources from each
other. The major problem of PCA is that it only diminishes
second-order dependency between each component. ICA can

Image
Data

v Preprocessing

Normalization

reduce higher order dependency but it is still limited by v
stationary distribution and the linear mixture assumption [20]. (‘i‘:‘t‘:f:;’l“‘“ First-pass
In addition, both methods require much more memory and Network (KCN) Classification
processing time than other methods and therefore can not :
provide real-time analysis. M

The other method, sugh. as the fuzzy clustering analysis Fun.\;:galeum Reorganization
(FCA) [21] or self-organizing map (SOM) [22], attempts oMy

to classify time signals of the brain into several patterns

according to temporal similarity among these signals. In FCA,

similarity is determined by a fuzzy membership function “fT“f‘;"" Wf‘““?" Choosing

between each input waveform and cluster centroid [23]. With avelorm - Mapping Feature

a proper selection of the fuzzy factor and cluster number,

FCA is shown to be able to identify various patterns, sughy 1. pata flow of the model-free fMRI analysis method cascading Koho-

as artifact-related activities, venous contribution, different agen clustering neural network and FCM. See text for detailed description.

tivation levels, etc., from the brain [24]-[26]. However, the

i ot dependenton e smclon of fvon (<N, is sed i the st siage 1 ciassy R
i L : - e signals into many clusters to avoid misclassification.

features of small sizes. Since functional activation are

compared to the brain are very small. this problem beco en fuzzyc means (FCM) is used to reorganize and merge
P ) In are very s p ; OMER identified features into primary ones in the second stage.
crucial when finer activation structures are to be dlfferentlateg. combining both clustering methods, analysis power can

Ifl Wte tried lt)o ert1rr]1ance tr:e _?ete]?ttar\]plhtyl by.tlhncrea}ﬁlng lt(hr?e improved without sacrificing efficiency. Receiver operating
cluster number, the complexity of this aigorithm Wil Make, 5 cteristic (ROC) analysis [32], [33] was performed on a
the analysis very inefficient. Furthermore, FCA is sensitive

: d initial val Thi ke it eith bl t§’eries of computer generated testing phantoms to evaluate the
noise and Initial values. This may make it either unable El)_r‘operties and to compare the performance of this method
w

converge or cause it converge to an erroneous result in so two of the most popular model-based analysis methods,

conditions [27]. Methods have been proposed to address SOMG alation coefficient analysis (CCA) [8] and studentest
of these problems. For example, merging redundant clust 6]. Human studies with regular and arbitrary paradigm

during iteration can improve processing speed [28]. Modifyin esigns were conducted to evaluate its effectiveness under

the original Euclidean-based distance definition by correlati tual conditions. A blind test with unknown-paradigm data
can reduce the sensitiveness to noise and initial values [2%%J )

but feat t diff tsi | ch | | hich m a remote MR institute is also demonstrated. Under a
ut Tealures ot dilterent signal change [evels, which May,jarate noise level, this method can efficiently and stably

have |r;1port_ant ﬂ?ywzlo?lcal meaning [29], could be hard tract functional responses with different signal change lev-
seEaLae u§|ngO'\/|ls gsora eﬁ)"h q the di els, temporal delays, complex activation patterns, etc., from
_rohonenss .[ ], whic attgmpts to reduce the 'mer?égions occupying only 0.2% brain area. With the ability to
sion while preserving the topological structure of a data S§ entify features of small sizes, activation can be localized

can also be used in clustering. Based on competitive Iearnnaime precisely. Other noise sources, such as head motion, or

|t_|s not as computer mt_e_nswe as FCA Thu_s, features of sm tivation from different signal sources can be discriminated.
sizes can be more efficiently identified using more clusters.

The problem of this algorithm is that it is not based on
optimization of any object function, hence, it does not ensure
convergence to optimal results and still will be sensitive to )
noise level and initial value [31]. A. Analysis Method

Using one-step processing to identify fine structures from aAnalysis begins by eliminating undesired signals in the
large noisy data set such as functional MR images is difficidickground and normalizing fMRI time signals (Fig. 1). Then,
for all clustering methods. In this paper, we propose a cascagteprocessed time signals are clustered by two cascaded clus-
classification scheme to overcome the problems: difficulty tering methods. The purpose of the first stage clustering is
finding activation of small area, sensitivity to noise and initiglb diminish the size of fMRI data to some extent, but not
values, long processing time and large memory demand. A fa@d much, to avoid misclassification of ambiguous features
and robust clustering neural network, the Kohonen clusteriagd features of small sizes. Thus, we need a fast and robust

Il. MATERIALS AND METHODS
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clustering method to handle the large amount of fMRI data. iy, belongs to theith cluster featurey;. To determine this
this study, an optimization-based Kohonen clustering neuraembership matrix, the basic concept is that if fie input
network is used. The purpose of the second clustering methodtches one cluster feature perfectly, the probability belonging
is to reorganize and merge the similar features identified tio that clustery, should be oné.,,; = 1) and the probability

the first stage into primary ones. Because FCM, based on tiedonging to other clusters should be zég; = 0 for i # n).

the fuzzy membership function, is good at separating similHrthere is no perfectly matching cluster, the more an input
and ambiguous features, it is used in the second stage. Aftector resembles a cluster feature, the higher their membership
finishing classification, all patterns and their associated regigss The equation is of the form

are displayed for choosing patterns of interest. (1/||w; — wi]2)/ ™1
1) Preprocessing:This stage is composed of background Hij = & ! ’ (1)
elimination and normalization: i (1/|Jw; — up||2)1/m—1
] 4

a) Background elimination:To increase analysis ef-
ficiency, only signals in the brain are processed. Pixels _ _ )
with values lower than a certain threshold are regarded wherem is the fuzzy factor that determines the degree of fuzzi-

background. Empirically, we set the threshold value to B¥SS of the membership function. After finding the membership
1/10 of the highest intensity in the input image. matrix, each cluster feature is updated according to all input

b) Normalization: Because we are only interested in th&€ctors and the membership between them. This procedure

signal variation of functional MR images rather than thelfll iterate until the membership function converges. Then
baseline signal intensities, the signal of each pixel will b¥& assign each input vector to the cluster with the highest
subtracted by its mean value over the entire image sequeREgPability between them or to the cluster with not only the
to eliminate the dependency of baseline intensity level. NBtghest probability but also above a threshold value.
doing this will make the subsequent clustering procedures4) Choosing FeaturesAfter the cl<'_;135|f|cat|on procedure is
classify signals according to their baseline levels, leading t"@Mpleted, one or more clusters will be selected to form the
result such as that of image segmentation. This is especid§fivation map. This can be done by manually or automatically
important when signals are acquired using surface coils. €omparing the_ temporal properties of the_ identified patterns.
2) Kohonen Clustering NetworkAlthough the algorithm For_ new st_udles where the response _of interest may not be
of SOM is not computer intensive, it is not guaranteed to cofiStimated in advance, manual selection can be performed
verge to the optimal result due to its nonoptimization propertgerad,'ve'y using a GUI tool developed in our laboratory.
This property may also lead to erroneous classification undeferwise, clusters having high correlation coefficiefts”)
improper initial values or high noise levels. To reduce th&ith respect to the paradigm are selected automatically.

sensitivity to noise and initial values, while preserving the )
fast computation property, an optimization-based modificatiéh Phantom Design
proposed by Patt al. [31] is used in this study. Since KCN is the core of information extraction in this
The clustering procedure begins by selecting the desirafalysis method, the result will largely depend upon it. To un-
cluster numberCy. After initializing Cy cluster feature derstand the performance and the characteristics of KCN, five
vectors, preprocessed time course signals are compared Witftls of testing conditions were investigated using computer-
each feature in the pixel-by-pixel manner to find their begjenerated phantoms. These conditions included noise level,
matching feature, the winner. Each pixel is assigned to beloagtivation area size, response phase delay, complex response,
to its winner cluster. Euclidean distance is used to determiand head motion. Each phantom image consisted of several
the similarity between input vector and cluster features. Theilipses with different baseline intensities. Gaussian random
every cluster features, not just the winner, are modified ageise was added in real and imaginary parts of Fourier domain
cording to their distance between the input vector. The neater emulate actual noise distribution. The fMRI time series
the cluster feature is to the input, the more it modifies itselfas composed of 36 images with an exponentially rising
toward that input vector. After matching and learning thand falling functional activation waveform modulated by the
characteristics of every input vector, this process iterates unékting condition added to a specific region. Two model-based
cluster features do not change very much. methods, CCA and test, were also compared using the same
3) Fuzzy C-MeansFuzzy clustering, different from hard phantoms. The boxcar reference waveform was used in CCA.
clustering, does not make clear-cut classification of a data setThe usual functional signal change to noise rafia
Instead, it only evaluates the probability to each cluster th&NR) on conventional 1.5-T scanners could be as low as
the input belongs, just as a human does. So it is more suitablé or even lower. Therefore, phantoms with SNR =
in classifying ambiguous data. Because many cluster featuile®, 1.25,1.5,1.75, and 2.0, respectively, were studied.
identified by KCN resemble each other, we use FCM [23] tBxamples of activation waveforms from two pixels with
reorganize and merge them into fewer features. A SNR = 1.0 and 2.0 are shown in Fig. 2 (A1) and (B1),
This clustering also begins by selecting the desired clusteispectively. The activation area sizes were fixed at 0.2% of
number Cr and randomly initializingC'r cluster features. head size in this condition.
In our study,CF is roughly /5 of Cx. The goal of FCM Because the learning algorithms of KCN and FCM update
is to create a fuzzy membership matrix in which each cluster features by all input vectors iteratively, the more a type
elementy,;; describes the probability that theh input vector, of input feature is presented the more probable this feature

k=1
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like response and poststimulus undershoot by an exponential
function with a time constant of 2 min. Th& SNR was set
at 1.5 and the activation area was 0.2% of head size.

Gross head motion is one of the major artifacts in fMRI [34].
It will produce large signal variations on the edge of different
parenchyma, especially between the cortex and cerebrospinal
fluid (CSF), thus decreasing analysis power and leading to
erroneous interpretation of analysis results. Since this kind
of variation is different from other signal sources, model-free
analysis methods could be able to identify this signal pattern.
Effects of head motion on analysis methods were studied using
a phantom with a sudden rotation from 0.1 to “0i& the
middle of the image sequence. Their activation areas were
fixed at 0.2% of head size anl SNR’s were 2.0.

C. Evaluation—ROC Analysis

To evaluate the properties of this method and to compare
its performance with CCA antdtest, ROC analysis was per-
formed. There are two parameters in ROC analysis: sensitivity
and specificity. In our study, sensitivity is the proportion

1 6 11 16 21 26 31 36 16 11 16 21 26 31 36 Lo Lo e
Image Number Image Number of the activation site identified correctly, and specificity is

[——actual =~ KCN - CCA —otest —*—actual —KCN ~—CCA ~=—ttestt  the proportion of the inactive region identified correctly.

Fig. 2. (A) and (B) show the activation maps formed by the analysis metho(d:sonventlona"y’ the trajectory of both parameters are pIOttEd

underA SNR= 1.0 and 2.0, respectively. The designed activation region atdnder different thresholds by taking 1 specificity, also known

a S;lr(npli of r:eSponse waveform f;0m a pixel in thiz region are Srf:own in ((Aé}; the false positive fraction, as itsaxis and sensitivity, also
and (B1). The activation maps of KCN, CCA, and t-test are shown in . : ; :

(3), and (4), respectively. (C1) and (C2) are the averaged waveforms inzpﬁgown as the_true pos_|t|ve fraction, as gjr&j;l)fls to form an .
activation regions identified by the three analysis methods undeNR = ROC curve. Since the ideal value of sensitivity and specificity

1.0 and 2.0, respectively. It should be noted that although CCAtatedt s one, any curve corresponding to a certain method closest to

performed better than KCN whef SNR was 1.0, the averaged waveform : :
were biased toward the boxcar paradigm. When the noise level was Iov?lg,e ideal upper left corner of a ROC p|0t will be the method

KCN surpassed both model-based methods and the averaged waveform Qlaghoice.
closer to the actual one. To plot the ROC curve for both model-based analysis

methods we varied the threshold of CCA from G£0.10,

will be identified. This means that a feature of a very smaf-12: "~ 10 0.50, and the threshold oftest from¢ value =
population could be concealed. This is very critical for fmrP->: 1.0,---, t0 4.0. For our proposed method, f[he threshold
analysis because the functioning area is typically very sm¥ps chosen to be the output. cluster number. This was because
compared with the whole brain. To test the ability to fin ore clusters, SUCh_ as a higher threshold, te”def’_ tp have a
features of a very small population, we designed six sets ghervalue of specificity and a lower value of sensitivity. The

phantoms with activation regions occupying 0.087%, 0.205.USter number of KCN was varied from 5, 10, 15;, to 80.

0.33%, 0.5%, 0.67%, and 0.83% of the designed head arbg{ger cluster number was also studied in smaller activation

The SNR's were set at 2.0 and other noise levels were a%rga size condition. For FCM, the procedure is similar despite

studied for phantoms with larger activation area sizes. the fact that the cluster number only varied from 5.-6,,

In different sensory fMRI studies, phase lags of responsté)s 10. The sensitivity and specificity of KCN or FCM under

may be different for different subjects and processing systerﬁul%Ch cluster number were determined from the cluster with

involved. Since the underlying mechanism is not fully un. e highest correlation with respect to the paradigm. Then we

derstood, this delay cannot be estimated under all conditiocgmpared the activation maps and the averaged waveforms in

Hence, the analysis power of model-based methods wouIdFE'ese regions, with all methods, under optimal threshold or

€ . . . o
degraded while model-free methods, on the contrary, could %gssﬁymg conditions, i.e., the conditions closest to the left
) . . . upper corner of ROC curves.

able to find the response pattern without being biased by al
assumed model. To test the influences of delayed response,
phantoms with phase delay between simulated response Ehd>€rformance Test
the paradigm ranging from/6,7/3,--- to = were inspected.  In addition to the analysis power, two other important prop-
Their activation areas were fixed at 0.2% of head size asdties of our proposed method are computation time efficiency
SNR’s were fixed at 2.0. and insensitivity to initial values. The required computation

In addition to hemodynamic delay, the actual responsiene for a clustering algorithm to converge depends on many
pattern may be very complex under different stimulation dactors, such as the complexity of the algorithm itself, the error
incorporated cortical region. We simulated the response undelerance, the size of input data, the cluster number, the speed
sustained visual stimulation [13] with fatigue- or adaptatioref the computer, etc. The processing time of CCA anefst is
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very short due to the noniterative property of their algorithms. ASNR=1.0 ASNR=1.5
KCN and FCM, on the contrary, require much more time 1 - goam==ma - 1 ST
to converge. We compared the performance of CEAest, 0.9 ! 0.9

KCN, FCM, and our cascade method (KCN FCM) using 08

g

i 0.8 |
: . : 7 RﬁF x0T i
the same testing phantom. Since the cluster number will affec, ¢ : §0_5

computation time, we also studied the converging time of KCN’E 0.5 | ’éo.s
and FCM under different cluster numbers. All algorithms wereg 04 * o go4 ) ‘
written in C and compiled by a GNU C compiler (version %2& TTKCN | gz 1 |—*—KCN
2.7.2, Free Software Foundation, MA, USA) with optimization 4, : CCA © o4 ; =TCCA L
running on a Sun SPARCstation 20 (Sun Microsystems, CA, o | ttest, 0 ST test,
USA). In addition, to test the sensitiveness to initial values, 0 01 02 03 04 0 01 02 03 04
KCN was run ten times to evaluate the variation in sensitivity. 1-specificity 1-specificity
Results under differenfA SNR were also studied. (@) (b)
1-specificity 1-specificity
E. Human Experiment Design ASNR=1.75 ASNR=2.0
. . T o SO e VA GO - 1
1) Regular Versus Arbitrary Paradigm Desigmotor cor- 0; EE=STTT
tex activation experiments were conducted using two kinds ;g 0.8
of paradigm designs. One was the traditional regular par- 0.7 % Co07
adigm, which was composed of three repeated cycles 006 ‘s 50-6 '
resting-stimulating states with 12 images in each state. During g-i ‘ gg:i ] ?
stiml_JIating states, the subject was instructed to tap his 0$o:3 - KCN‘ “o3 i (e TKeN
her fingers with self-paced complex finger movement patterns, o.2 eme oA | 0.2 L@ CCA
such as 1-3-2-4-4-2-3-1 (1 represents the index finger, 2 theo.1 ¢ —t—test 0.1 —E—ttest
middle finger, and so on). 0 o 0‘2 s o4 0 . 0‘1 2 oa 0‘4
To test the ability to do blind analysis, we performed 1-specificity 1-specificity

an arbitrary paradigm experiment on the same subject after

the regular paradigm. In this experiment, a functional MR © @

image series was divided into six blocks as in the regulbe- 3-e rf?r%gncclgvci‘sKlglﬂev%ai,?Inieio(fzolgé,&bl\;d%s(tcevﬁéﬁ aSnl\? R(C:,)vazs-o-
paradigm experiment, but the Stiml'”ating. b'OCks _Were selgc FI)ow. But it reached nearly the same level as both model-based methods
voluntarily by the MRI operator. In addition, this paradignwhen the SNR was higher than 1.75. Furthermore, it surpassed CCA and
was concealed from the person who analyzed the resultiiggf @& SNR = 2.0.

data. The analysis method in this case did not have any given

pattern to correlate with.

Four healthy subjects were investigated (three males
one female, ages 24-33). All experiments were performed on
a standard 1.5-T GE Signa MR imager at National Taiwan
University Hospital. Images were acquired using dual 3-in
TMJ array coils positioned on the lateral sides of the parietal )
lobe by the desired motor cortex. Before each experimefir, Phantom Studies
temporal stability was tested using a standard calibrationl) Dependence on Signal Change to Noise Raftyg. 2
phantom and the same fMRI imaging sequence stated bel®ows the activation maps and the averaged time-course
If maximum temporal signal variation was below 1%, fMRWwaveform in the activation regions identified by KCN, CCA,
experiments proceeded. Sagittal T1-weighted images wensd¢ test underA SNR= 1.0 [Fig. 2(A)] and 2.0 [Fig. 2(B)].
acquired to localize the desired slice. The oblique axial sli¢¢nder the noisiest conditiofA SNR = 1.0), none of the
crossing the primary motor cortex was selected. The fMRiethods could identify the actual activation region very well.
series were acquired using the standard FLASH pulse sequeBgen though CCA and test, based on their assumed model,
with first-order flow compensation. Imaging parameters weperformed better than KCN, their averaged responses were
TR = 100 ms, TE= 40 ms, flip angle= 20°, FOV = 24 x  biased by the boxcar paradigm [Fig. 2(C1)]. At the higker
24 cm, matrix size= 256 x 128, slice thickness= 4 mm, SNR condition, the activation pattern identified by KCN
NEX = 1. more resembled the designed response [Fig. 2(C2)] and the

2) Blind Test: The power of model-free analysis is to idenactivation region is more precise. The ROC analysis (Fig. 3)
tify actual functional response and other activity in the braishowed that agd SNR increased, KCN with its sensitivity
without any prior knowledge or assumption. To verify thishoosted quite quickly began to surpass both model-based
a fMRI data set from Kaohsiung Veterans General Hospitalethods. The performance of KCN became comparable to
(KVGH), about 300 km away from our department, wa€CA andt¢ test when theA SNR was higher than 1.75.
analyzed without any knowledge about the actual paradigm.In addition to the general trend, the relation between the
Then identified patterns and associated brain regions wekeSNR and cluster number could be elucidated by plotting

sent back for verification. The actual paradigm and imaging
ameters were not provided until analysis was finished.

I1l. RESULTS
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ASNR=1.0 TABLE |
17 e OpTiMAL ROC AnALYsIs ResuLts oFKCN, CCA, AND ¢ TEST UNDER
0.9 f DIFFERENT ACTIVATION AREA SizES. THE FIRST NUMBER IN EACH
g-g RECTANGLE 1S SENSITIVITY AND THE SECOND IS SPECIFICITY
g'g 7 Areal g 019 | 0.2% 0.33% 0.5% 0.67 0
0.4 Method -087% 2% 33% 5% 1% | 08s%
0.3 1 1 0.99  0.977941 1 1
g'f KEN 0.991049|  0.999371]  0.999489|  0.999016] 0.998934|  0.999209
0 1 1 098] 0992647 I i
] 20 40 60 80
Cluster Number CCaA 0999136 0991823 0.992992| 0.993415  0.991981]  0.997663
@) 1 1 1| 0.992647] 0.994
i .994505 1
. 7 ASNR=15 ‘ ttest 0.999529  0.991352|  0.999803|  0.992903| 0.997511]  0.998099
0.9
08 -
0.7
06
05
g; i :;sens 3 E
0.2 —=—spec | E
0.1 z
0 ‘ e ; 2
0 20 40 60 80 240 e ke
Cluster Number o
b 0
() 0.00% 0.20% 0.40% 0.60% 0.80% 1.00%
ASNR =2.0 Activation Area Size
1 = oo ey ) ! . !
0.9 //g"s——q Fig. 5. The relation between the KCN cluster number with the optimal
08 sensitivity and specificity and activation area size. Notice that the optimal
0.7 cluster number decreased nearly linearly as area size increased.
0.6
0.5 o
g-g | |=sens | surpassed both model-based methods when area size was larger
. | i .
02 P22, than 0.2% of the head size.
°'; L ‘ - L i Furthermore, two other important properties were observed.
0 20 40 60 30 One was that when the activated area size decreased, the
Cluster Number cluster number needed to reach optimal sensitivity and speci-
(©) ficity increased nearly linearly (Fig 5). This suggested the use

Fig. 4. Trends of sensitivity (the lines marked as sens) and specific® more clusters when smaller activation regions were to be
(marked as spec) with respect to cluster number unMe8NR = (a) 1.0, djscriminated or when the size of input data was larger (e.g.,
(b) 1.5, and (c) 2.0. Specificity increased monotonically with cluster number . .o
regardless of noise level. Sensitivity did not have a clear trend under #ore slices). The other was that when the activation area
same noise level, but tended to oscillate randomly whenh&NR was Size was the same, specificity still increased monotonically
low. Sensitivity became stable &@s SNR increased. Thus. SNR was more - glong with cluster number, but sensitivity dropped dramatically
influential on sensitivity than cluster number. .
when the cluster number exceeded a certain value due to over
classification [Fig. 6(a)]. The use of FCM in the second stage
sensitivity and specificity versus cluster number (Fig. 4). loould bring back these over classified patterns and elevate its
general, specificity increased with cluster number monotorsensitivity [Fig. 6(b)].
cally, regardless of the noise level. Sensitivity, however, did 3) Effect of Phase DelayUnder the smallest phase lag
not have a clear trend with respect to cluster number but tend=zhdition (phase delay 7 /6) the performance of both model-
to oscillate randomly when thA SNR became lower. But for based methods dropped severely due to the bias of their false
moderate noise levels, e.g\ SNR > 1.5, sensitivity did not model (Fig. 7). KCN, on the other hand, was not affected
change very much with respect to cluster number. by any phase delay as we had expected. For a larger phase
2) Dependence on Activation Area Siz8ince CCA and: lag, both CCA andt test could not find any well matched
test analyze each pixel individually, they are not affected hyaveforms and became nearly a random guess (Table II).
the changes in activation area size (Table I). Under the smalles#t) Effect of Complex Respons&#hen the actual wave-
activation area size condition (0.087% of the head sizéyrm contained adaptation-like and undershoot properties,
both model-based methods identified the actual activatiboth model-based methods, due to their false assumptions,
region correctly with only a few misidentifications, as irtended to find the regions with responses acting as the boxcar
the case of highA SNR. KCN also identified the actualparadigm. Thus, this made their averaged waveforms relatively
activation region, but it misidentified more than both modeflat during and after the stimulating state. Only KCN could
based methods. However, as activation area size increasedntify the actual fatigue- or adaptation-like response and
KCN misidentifications decreased and the performance evaemdershoot precisely.
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(b)
. o . .. Fig. 8. (a) Two patterns related to a sudden head rotation 6f @c2urred
Fig. 6. The trends of sensitivity (the lines marked as sens) and specificiiyihe 19th image. The patterns of clusters 1 and 2 represented the motion
(marked as spec) with respect to the cluster number under the activaligl; occyurred at (b) one side of edge and (c) the other side, respectively. This

region occupying 0.67% of head area (@) before and (b) after using FCl{jqgested that KCN could be used to check the presence of slight head motion.
to reorganize the features identified by KCN. When we used KCN only,

increasing the cluster number too much decreased sensitivity due to over
classification of response features. After applying FCM, the over classified
features were rejoined and, hence, raised the sensitivity. TABLE 1l
CoMPARISON OF CoMPUTATION TIME EFFICIENCY. KCN AnD FCM
REPRESENTSUSING KCN AND FCM ALONE TO ANALYZE. KCN +
FCM Cascabpes BotH METHODS As DESCRIBED IN SECTION |l

|—e—actual ——KCN —e—CCA ~a—t-est ——paradigm} Tusier Number
5 10 | 15 7 20 | 25 | 30 | 35 | 40 | 45
Method
5 FCM 9180/ 20787| 329111 47638| 61191 NAl - NAL - NAL L NA
<
> <
% KCN 38 38 1250 190f 278 496] 559 796| 837
o
=
NAEY: 503
KCN+FCM 39 127) 192] 294] 503] 592|840 901

L L J
(Unit: second; N/A: not available)
1 6 11 16 21 26 31 36

Image Number

Fig. 7. When thedpha?eddf)'ay Wa$’6vdthe avefageg Wa‘ée“bOf"LS in the  5) Effect of Head Motion:For a rotation of less than 0.2

activation regions identified by CCA and t test were biased by the assu . . .

paradigm. On the contrary, KCN found the delayed response exactly. rq,?g motion could t_)e observed when d'SpI_ayed_ _|n the CINE
mode and no motion-related pattern was identified by KCN.

When the rotation equaled 0.2two patterns related to head

TABLE Il motion were identified (Fig. 8). Both patterns showed that a
OpTIMAL ROC AnALysis ResuLTs oF KCN, CCA, AND step at the time rotation occurred and their associated regions
t TEST UNDER DIFFERENT PHASE DELAYS. THE FIRST NUMBER IN were located at the edges. This suggested that this analysis
EACH RECTANGLE |S SENSITIVITY AND THE SECOND |S SPECIFICITY X . .
method could be used to find minor head motion.
Mwhod”ﬁ’“)’; o | e 3 2 6) Computational Time EfficiencyAs we had expected,
‘ i ] 1 1 CCA andt test were extremely fast—both took just a few
KCN seconds in our test. For KCN and FCM the processing time
0.999371 0.993671 0.99226 0.994067 .
was much longer and was proportional to the cluster number
‘5 o 0916667 0.8 0.166667 (Table 1II). Comparing both methods, FCM was far slower
cca 0.991823  0.963755| 0811699  0.81559] than KCN, thus, choosing KCN as the first-stage classifier
1 5 e was much more efficient. Although FCM was less efficient,
st ' ' ’ cascading it in the second stage merely increased processing
-tes n . . . . .
0.991352)  0.974094]  0.841576]  0.843266 time a little for it only needed to process the features identified

by KCN.
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Fig. 9. Standard deviation of sensitivity of KCN using different initial values
versus cluster number und&rSNR= 1.25, 1.5, 1.75, and 2.0. The sensitivity

to initial values enlarged as noise level increased. This variation also increase:
with cluster number due to the increasing complexity of the local minimum.
For A SNR > 1.75, KCN performed very stably.

7) Sensitivity to Initial Values:Generally, the variation
(measured by the standard deviation) of sensitivity under
different initial values increased with the noise level. When E =
A SNR was higher than 1.75, KCN performed very stably ~ g5
(Fig. 9). In addition, the variation in sensitivity also tended to  _ s00 |
increase with the cluster number (although with one or two % 550 |
zigzags). This may be due to the increasing complexity of Eso0 |
the possible solutions to the optimization problem. Therefore, g 4s0
it was easier to converge to other local minimums and it ®ao0 |
increased the variability. 350

paradigm

1 11 21 31 4 51 61 71
: Image Number
B. Human Studies ¢

; ; Fig. 10. Activation maps formed by (a) CC& < 0.001) and by (b)t-test
1) Regular Versus Arbitrary Paradigmeor the  regular (p < 0.001, two tailed) overlaid on the firstimage of the fMRI sequence in the

paradigm experiment, analysis results of one subject W&Eguiar paradigm experiment. Both maps revealed the activation on the motor

shown in Fig. 10. Two out of seven patterns identified bgortex of the left hemisphere, but they also misidentified many unrelated

our proposed method corresponded to the paradigf. of regions as active, especially those on the opposite hemisphere. Act_lvat]on

. . egions found by our proposed method (c) and (d) also showed the activation

these patterns with respect to the paradigm all exceeded ér?the left motor cortex, but without any misidentification on the opposite

Comparing the activation regions of these clusters with thesrt. (e) Both features correlated very well with the paradigm—thair

of CCA (p <0.001 correspondingOC >0 358) and t test “ere 0.889 and 0.8932, respectively. The signal change in (d) (signal change
o - ) ’ = 27.4%), which may come from larger venous vessels, was much larger

(p <0.001, two tailed, correspondingrvalue > 3.21) results, than that in (c) (signal change 6.95%).

all methods identified the activation site on the primary motor

cortex of the left hemisphere successfully. However, CCA
and ¢ test misidentified many unrelated regions as activgl,USterS by FCM, responses of three of the clusters seemed to

especially those on the opposite hemisphere. represent some kind of functional activity patterns and their

One important thing worth noting was that after inspectingssociated regions were all arou_nd the motc_)r cortex (Fig. 11).
the activation regions found by CCA drtest more closely, ompared with the actual paradigm determined afterwards by

the large activation region on the left hemisphere actualﬁpe MRI operator, the responses of these clusters were exactly
contained at least two kinds of signal sources. One was fr&@incident with the actual paradigm [Fig. 11(d)]. All of their
the motor cortex (the actual functioning site) and the othé&rC' With respect to the actual paradigm were higher than 0.75.
from the outside region of the motor cortex (a possible locatidrerefore, by merely looking at these regions and patterns, one
of cortical venous vessels). While both model-based methdéfuld determine from the anatomy what kind of activation task
could not tell these different kinds of signals from each othef, was and determine its exact activation pattern using this
our proposed method discriminated them successfully af&ghnique.
found that the signal change from the cortical region was much2) Blind Test: Data was first classified into 50 clusters by
smaller than that from the cortical veins [Fig. 10(e)]. KCN, and then into fewer clusters by FCM. One pattern was
For the arbitrary paradigm experiment, both CCA and found to contain the functional activation pattern (Fig. 12).
test could not be used due to the lack of exact informatidis activation region and pattern both resembled the map and
about the paradigm. On the contrary, our proposed methaderaged waveform obtained using CGA'C >0.5) with
showed great success in this kind of experiment. After thélge actual paradigm transmitted from KVGH after this blind
were classified into 30 clusters by KCN and then into sevéest. The subject actually performed a signature-writing task
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Signal Change Percentage (%) )

1 10 19 28 37 46 55 64 73 82 91 100
Image Number

600 1 Fig. 12. (a) Activation map formed by clustering original images into 50
\ 1 clusters by KCN and then reorgnized into fewer clusters by FCM in blind test

.%“550 ‘ A IN | study. (b) Correlation coefficient map (C€ 0.5) overlaid on the first image
£ 500 [\ . AW AN of the fMRI series. It can be noted that CCA misidentified a small region on

E 450 the opposite hemisphere while our cascade method did not. (c) The identified
T 400 p_attern corr(_alate_d very well with the actual paradigm supplied by remote MR
2 site after this blind test.
350 p
300
1 1" 21 31 4 51 61 & identified response patterns and activation regions are biased
Image Number

by the assumed response and will certainly lead to inaccurate
Fig. 11. Activation regions of three clusters, (a), (b), and (c), respectivelgsults when the actual response waveform does not resemble

identified by our proposed method in the arbitrary paradigm experiment. {le estimated model. This is one of the important issues in
The patterns of these clusters not only correlated very well with respect to

the actual paradign((C' were 0.8826, 0.7576 and 0.8179, respectively), the@lyzing and interpreting sin_glle.—trial fMRI reSU|t_5 [35]- _
associated regions were all around the motor cortex. To overcome the low sensitivity under the noisy situation

we tested using a Gaussian filter in the spatial domain. With
using his right hand. In addition to obtaining nearly the sanfe? x 7 (pixels) window size and full-width at half-maximum
result as CCA, our proposed method could identify thrd&WHM) of 2 pixels, sensitivity could be elevated to near one
subclusters in this activation-related region (Fig. 13). T\/\Mlth very few misidentifications and with little blurring of the
were on the primary motor cortex, but with different signaictivation region (Fig. 14). In fact, in order to gain the benefit
change percentages. The other was on the premotor area @n@igh sensitivity while eliminating the disadvantage of the
with larger signal variation, perhaps due to the complex haggsumed response model in CCA, one could apply this model-
movement associated with signature writing. free method to get the actual response and take this waveform

as a reference for the further analysis of CCA¢dest.

IV. DISCUSSIONS
B. Influence of Activation Area Size

A. Effect of Noise When a certain feature occurred more frequently in the
From phantom studies, it was shown that the major liminput data, the more the output cluster related to this feature
tation of this analysis method was noise level. Model-basedhs trained. Thus, this feature could be identified more easily
methods, with the help of the functional response model, cand more precisely, even when using fewer clusters. In other
achieve acceptable results, even wieiSNR was as low as words, under the same noise level, a pattern of smaller area
one. Since a high noise level made the feature of functiorsze would be influenced by other patterns, making it harder to
response less clear, KCN could not converge to its optimurdentifiy. If one wanted to find an activation pattern of small
point easily, even when using many clusters. Although thésea size, he could use more clusters or apply spatial filtering
method suffered from high noise level, let us not forget thie elevate sensitivity and specificity. However, if the cluster
goal of fMRI is not only to find the known response buhumber exceeded a certain value, KCN could over classify
also the unknown activation pattern and the associated regtbe pattern of the larger area and make the pattern split into
through the analysis method. This is what this method focuges or more subpatterns as well as two or more subactivation
on. Even if CCA and test were less vulnerable to noise, theiregions, making the sensitivity decrease dramatically. This
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& 2 I\ ‘ [y ) h by a Gaussian filter with FWHM= 2 pixels. (b) There were very few
= V2, ‘ R misidentifications and little blurring of the activation region after smoothing.
2o o | A4 |
3?0 ' ‘
@ ; s ——rs—....—.. actually not equivalent to a threshold in ROC. Increasing this
T w0 19 2 s 4 ss e 7 s o1 10 threshold did increase specificity, but sensitivity did not show
Image Number an apparent decreasing trend. Under low noise level or a large

Fig. 13. The activation region identified by our cascade method in Fig. ﬁptlvatlon .area Condltllon’ SenSItIV.'t.y o_nly fluctuated slightly
actually contained three different KCN patterns. Two were from the prima@t @ certain level until over classification occurred. When a

motor area [(a) and (b)], and the other was from premotor area (c). (d) Frefignal became noisier, the variation in sensitivity enlarged
the averaged waveforms in these clusters it could be seen that (a) and (b)

similar temporal variation but signal changes in (a) (4.11%) and (c) (4.24#{3(iji tended to vary randor_nly. Th_ls meant that |ncre_asmg
were both larger than that in (b) (2.51%). the cluster number, unlike increasing the threshold, did not

necessarily decrease the sensitivity. Therefore, one should not
. . regard cluster number as a threshold in determining the optimal
problem was overcome by incorporating FCM to merge tkEefuster number, especially when the noise level was high or
over classified features. the activation area was small.

There are several possible ways to solve the problem
C. How Many Clusters Are Sufficient? of the unknown optimal cluster number. One is using a

The complexity of physiological activities and other artifactgIUSter discovery network, such as ad_aptlvg resonance thqory
during a functional experiment make it difficult to determing (_ART_ 1) [39], to add _clyster automatically if SOme pattern Is
the optimal cluster number in advance. The noise level ite different from existing cluster features. Using parameter
the acquired images and the activation area size of inter8SHimation techniques in image classification or segmentation
also affect the selection of the cluster number. Increasing tife eStimate the optimal cluster number is another approach
cluster number could elevate specificity and make the pattéﬁ(?]'
of the smaller area size easier to identify. When noise level ) ] o
is low, a lower cluster number is needed. However, too makyy Computation Time Efficiency
clusters will increase processing time and make the result hardilthough our method was more efficient than the FCM-
to analyze. There should be a tradeoff between effectivenéssed clustering method, it still required tens of minutes
and efficiency. Usually we choose 30 to 50 clusters for KChf computation time to process usual multislice echo-planar
and 5 to 10 clusters for FCM for FLASH fMRI studies. If theimaging (EPI) fMRI data. To further shorten the processing
activated region being investigated is very small compar¢iche there are two possible approaches. One is to reduce
with the brain area, more clusters are desirable. the cluster number by merging redundant clusters during the

One thing to be noted here is that although we treated tlearning process, as proposed by Jarneisd. [28]. The other
cluster number as the threshold value in ROC analysis, itissto decrease the size of the input data. Since most brain
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regions contained no stimulus-related activity and the variatidinus, this method would be very helpful in studying and
of the time-course signal in these regions was usually small, wemparing not only qualitative but also quantitative fMRI
could eliminate clustering these regions by setting a threshalalidies.

on temporal variation.

E. Influence of Initial Values V. CONCLUSION

Although KCN is less sensitive to initial values, improper The analysis power and properties of an efficient model-free
initial values still affect the analysis ability of this methodanalysis method for fMRI has been demonstrated. Compared
especially under noisy condition. FCM also suffers from thi4ith current clustering methods, this method can efficiently
problem. Improper initial values would make both clusteringnd stably extract activities with different signal change levels,
processes hard to converge, taking longer processing tiRfease delays, etc., from very small regions under moderate
and converging to the local minimum, thus producing uriloise level and proper selection of the cluster number. More-
satisfactory results. Since we still lack the best criterion féver, activities coming from different signal sources or other
initialization, rerunning the clustering procedure seems to peise sources such as head motion can be identified. Thus, this
the only solution when the analysis result is not very good. [Rethod can provide a finer definition of the actual activation
our studies, we found that initializing KCN with zero vectoréegion and a new window to inspect the actual physiological

was a proper alternative. activities in the working brain. The blind studies also show the
potential of this method to find voluntary activation patterns

F. Ability to Discriminate Large Venous and cerebral areas with fMRI alone. Further efforts will

Vessels or Other Signal Sources be focused on improving the processing time, determining

the optimal cluster number, and statistical interpretation of

: der | h d | | Ifﬂjentified patterns. Quantitative fMRI is also being studied
easier even under lowex SNR. In other words, a lower leve at this moment.

of activation with a larger area or a higher level of activation
with a smaller area could be identified more accurately. This
could explain why the signal from larger draining veins, which ACKNOWLEDGMENT

has a larger signal change due to flow-related enhancementhe authors would like to thank Dr. K.-M. Huang and P.-J.
[36], [37], could be separated from the BOLD signal fronThiang of National Taiwan University Hospital for conducting
the cortical region in our study using a conventional gradietie experiment. We also thank Dr. M.-T. Wu of Kaohsiung

echo sequence. Even if images were acquired by ultra fggtterans General Hospital for providing blind test data and
pulse sequences, such as EPI or spiral, locations of larg@ipful discussion.

draining veins could also be identified, for they have longer
delay time than signal from gray matter [38]. So this method
could be helpful in separating the contribution from larger
venous vessels and could provide a finer definition of the actuélll K. K. Kwong, J. W. Belliveau, D. A. Chesler, I. E. Goldberg, R. M.

. . . L . . Weisskoff, B. P. Poncelet, D. N. Kennedy, B. E. Hoppel, M. S. Cohen, R.
activation region. In addition, since the temporal properties 3 " v dpen T, 5. Brady, and B, R. Rosen, “Dynamic magnetic

of physiological motion, such as respiration, induced signal resonance imaging of human brain activity during primary sensory
changes are different from stimulus-related activity, these  stimulation,”Proc. Natl. Acad. Sci. USAol. 89, pp. 5675-5679, 1992.

. . . 2] S. Ogawa, D. W. Tank, R. Menon, J. M. Ellermann, S.-G. Kim,
signals could be extracted using this model-free analys@Z H. Merkle, and K. Ugurbil, “Intrinsic signal changes accompanying

method. sensory stimulation: Functional brain mapping with magnetic resonance
imaging,” Proc. Natl. Acad. Sci. USAvol. 89, pp. 5951-5955, 1992.
. [3] P. A. Bandettini, E. C. Wong, R. S. Hinks, R. S. Tikofsky, and J. S.
G. Quantitative fMRI Hyde, “Time course EPI of human brain function during task activation,”
Since current fMRI methodology lacks quantitative analysis,, B‘/I'agrghRm‘?sf(’.r"M"gfgg’lg'ﬂ i?;dp\‘,)\',.?’ﬂgni?ze" . o MRI of human
abilities, how to extract quantitative parameters that can be" brain activation at high spatial resolutioritagn. Reson. Megvol. 29,

used to describe neuronal function is one of the most importang] Epklligv_o]r-%‘l’“ Fll?r?gt-ional magnetic resonance imaging with echo planar
topics in fMRI studies. Some of the parameters of fMRI™ 550G~ Magn. Reson. Quol. 11, no. 1, pp. 1-20.

results seem to relate to different levels of neuronal activitiegé] J. L. Boxerman, P. A. Bandettini, K. K. Kwong, J. R. Baker, T. L. Davis,

For instance, according to Pricet al. [41], the activated B. R. Rosen, and R. M. Weisskoff, “The intravascular contribution
. . . . to fMRI signal change: Monte Carlo modeling and diffusion-weighted
area size may be linked to the recruitment of active neurons  gy,giesin vivo,” Magn. Reson. Medvol. 34, pp. 4-10, 1995.

under a motor experiment with different complexity. Sincel7] S. Ogawa, T. M. Lee, and B. Barrere, “The sensitivity of magnetic

; _ ; ; resonance image signals of a rat brain to changes in the cerebral venous
this model-free analysis method could provide much more blood oxygenation Magn. Reson. Megvol. 29, pp. 205-210, 1993,

precise activation maps of different activation response pats] p. A. Bandettini, A. Jesmanowicz, E. C. Wong, and J. S. Hyde,
terns, counting and comparing the activation area size became “Processing strategies for time-course data sets in functional MRI of

. ‘o . the human brain,Magn. Reson. Megdvol. 30, pp. 161-173, 1993.
very easy. In addition, temporal characteristics of function 9] K. J. Friston, P. Jezgard, and R. Turner, “Ar?a’l)lysis of functional MRI

activities may also have a connection with quantitative studies™ time-series,"Human Brain Mappingvol. 1, pp. 153-171, 1994.

. - . Gore, “Functional brain imaging at 1.5 T using conventional gradient
response. The identified feature waveform produced by this ¢cno R imaging techniqueNagn. Reson. Imagvol. 11, pp. 451-459,

method would also be useful in examining these properties. 1993.
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