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Abstract

Functional magnetic resonance imaging (fMRI) based on blood—oxygen level dependent (BOLD)
contrast today is an established brain research method and quickly gains acceptance for comple-
mentary clinical diagnosis. However, neither the basic mechanisms like coupling between neuronal
activation and haemodynamic response are known exactly, nor can the various artifacts be predicted
or controlled. Thus, modeling functional signal changes is non-trivial and exploratory data analysis
(EDA) may be rather useful. In particular, identification and separation of artifacts as well as
quantification of expected, i.e. stimulus correlated, and novel information on brain activity is
important for both, new insights in neuroscience and future developments in functional MRI of
the human brain. After an introduction on fuzzy clustering and very high-field fMRI we present
several examples where fuzzy cluster analysis (FCA) of fMRI time series helps to identify and locally
separate various artifacts. We also present and discuss applications and limitations of fuzzy cluster
analysis in very high-field functional MRI: differentiate temporal patterns in MRI using (a) a test
object with static and dynamic parts, (b) artifacts due to gross head motion artifacts. Using a synthetic
fMRI data set we quantitatively examine the influences of relevant FCA parameters on clustering
results in terms of receiver—operator characteristics (ROC) and compare them with a commonly used
model-based correlation analysis (CA) approach. The application of FCA in analyzing in vivo fMRI
data is shown for (a) a motor paradigm, (b) data from multi-echo imaging, and (c) a fMRI study using
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mental rotation of three-dimensional cubes. We found that differentiation of true “neural” from false
“vascular” activation is possible based on echo time dependence and specific activation levels, as
well as based on their signal time-course. Exploratory data analysis methods in general and fuzzy
cluster analysis in particular may help to identify artifacts and add novel and unexpected information
valuable for interpretation, classification and characterization of functional MRI data which can be
used to design new data acquisition schemes, stimulus presentations, neuro(physio)logical para-
digms, as well as to improve quantitative biophysical models.

© 2002 Elsevier B.V. All rights reserved.
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1. Introduction

Compared to other in vivo brain mapping modalities like positron emission tomography
(PET), single photon emission computed tomography (SPECT), electro-encephalography
(EEG), magneto-encephalography (MEG), or near-infrared spectroscopy (NIRS), func-
tional magnetic resonance imaging (fMRI) uniquely combines the acquisition of both
anatomical and functional information with the best combination of spatial and temporal
resolution currently available. However, as fMRI measures the haemodynamic responses
to neuronal stimuli rather than the actual neuronal activation, special procedures during
data acquisition and post-processing are required to ensure that fMRI activation maps show
activation as close as possible to the site of neurons being activated during stimulus
presentation. High signal changes in draining veins distant from the site of neuronal
activity or stimulus correlated head motions may mask neuronal activation and, therefore,
have to be identified and separated. Apart from the proper choice of acquisition parameters,
as well as MR scanner performance, image analysis is, thus, a major issue in fMRI.

Most fMRI studies so far have been performed at 1.5 T field strength. Signal-to-noise
ratio (SNR), at first glance, seems sufficient for a whole range of brain mapping studies
based on the BOLD-effect [28]. Nonetheless, the original work was performed on rat brain
at 7 T [35] and at 4 T in human brain [36]. Mainly the wide spread availability of clinical
scanners operating at 1.5 T has driven fMRI research. Recently, very high-field (i.e.
By =3 T) fMRI has been introduced and has shown several advantages over standard
fMRI at 1.5 T, including higher SNR, functional contrast and increased specificity towards
microvasculature [19,41,49,50].

In a typical fMRI session, a number of slices is acquired repetitively, i.e. up to thousand
times, while a stimulus paradigm is applied (e.g. finger tapping in a simple motor study).
These (often huge) data sets are analyzed in a pixel-by-pixel fashion, using either model-
based statistical methods or data-driven, exploratory approaches (exploratory data analysis
(EDA)). The first group of methods includes univariate [3] or multivariate techniques, like
(rotated) principal component analysis (PCA) [2,48], as well as techniques based on the
general linear model [17,18]. As the major part of the analysis, the time-course of every
pixel is compared to a predefined model of the expected haemodynamic response. Most
often, this model function is derived by convolving the stimulus paradigm with a ““typical”
haemodynamic response function. Furthermore, unrealistic assumptions about noise
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distribution in time and space are made, leading to partly invalid or inefficient statistical
tests [39,40].

May be the most serious problem is caused by physiological noise (i.e. signal fluctua-
tions due to respiration and cardiac action), more or less unrelated to the paradigm and
strongly influenced by the details of the data sampling method applied [12-30,33]. In order
to reduce problems resulting from unknown noise sources, statistical approaches like
statistical parametric mapping (SPM') rely on heavy smoothing of the data, which
certainly affects both, sensitivity and specificity of the fMRI methods. Smoothing seems
particularly inappropriate in fMRI research as it may degrade the inherently good spatial
resolution. A more detailed discussion may be found in Raz and Turetzky [40]. These
authors, similar to others [1,42,54], use wavelet shrinkage methods and combine it with
established statistical procedures in order to relax the unrealistic assumptions on the noise
distributions. Purely data driven approaches do not require exact knowledge of the
stimulation paradigm or the noise distribution, they rather search for various “interesting”
time-courses. Among the methods in this group are hierarchical k-means clustering
[15,23], fuzzy C-means clustering [7,9,21,30,31,43], or neural network techniques
[16,34]. These techniques can increase reproducibility and specificity of fMRI results
[5,7,31]. This approach will gain even more power in combination with very high-field
fMRI as SNR is increasing and scanner noise may be separated from physiologic noise and
paradigm-related signal changes more easily.

In our data-driven, exploratory analysis approach, we apply a fuzzy cluster analysis
(FCA) technique [9,27,43,45], that takes advantage of fuzzy logic algorithms to enhance
clustering performance and to improve fMRI results. This “fuzziness”, of course, does not
reduce the significance of the final results but helps separating voxel time-courses on a finer
scale (i.e. all membership values between O and 1 are acceptable). “Crisp” clustering
accepts 0 or 1 only, which is not particularly appropriate in biological systems.

In this paper, we describe the basic fuzzy cluster procedure applied as well as details of
the actual preprocessing performed. After a short description of fMRI methods used we
will demonstrate the potential of FCA to differentiate temporal patterns in MRI using a test
object with static and dynamic parts. Examples will be given on how FCA helps to
recognize artifacts due to gross head motion artifacts. Using a synthetic fMRI data set [2]
we will quantitatively examine the influences of relevant FCA parameters on clustering
results in terms of receiver—operator characteristics (ROC) and compare them with a
commonly used model-based correlation analysis (CA) approach. Additionally, the
performance of FCA in analyzing in vivo fMRI data from a motor paradigm will be
shown and compared quantitatively to CA. Data from multi-echo imaging experiments
provide additional information by utilizing information from the echo time dependence of
the fMRI signal. We demonstrate how to integrate this ““fifth”> dimension (in addition to
three spatial and one temporal) into time series analysis and how an exploratory method
like FCA can be used to gain further biophysical information by classification of activated
areas based on the underlying vascular sources [4,5]. Finally, results from a fMRI study
using cognitive stimuli will emphasize the potential of FCA in exploring fMRI data to find
initially unexpected information.

Uhttp://www.fil.ion.ac.uk/spm.
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2. Materials and methods
2.1. Cluster analysis

The most important feature of all EDA methods is that they are data-driven and, thus, in
principle bias- and model-free. The first clustering approach of brain fMRI data was a
“hard” or “crisp” k-means (temporal) clustering proposed by Ding et al. [14]. It was
further described and compared with hierarchical clustering by Goutte et al. [23], and a
hybrid of hierarchical and k-means clustering was first applied to fMRI by Filzmoser et al.
[15]. A fuzzy C-means variant was introduced by Scarth et al. [43], which has the
advantage over the hard (crisp) variant that it is less prone to converge to a local minimum
too early [46]. This method was implemented in the software package EvIdent™ (EVent
IDENTification) developed at the Institute of Biodiagnostics (NRC, Winnipeg, Canada).”
For all FCA results shown in this paper Evident™, Version 5.2 was used.

Consider N voxels with P time points each and a fixed number of C clusters. The
following function [11] is minimized during the procedure (a modified version is used in
EvIdentTM):

c
Im = ZZ(ﬂik)mdiZk (D

N
k=1 i=1

L 1s the n X ¢ matrix of fuzzy membership functions, m is the factor which controls the
“fuzziness’. The variable d;; can be any distance metric, i.e. the distance between the kth
time-course xX; = [x1, X2, - - - ,xkp}T and the ith cluster centroid v; = [vi1, Va2, . . ., V,‘P]T
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Matrix A is a positive definite (P x P) matrix chosen to optimize the shape of the
clusters. Here, A is chosen to be the identity matrix so that Euclidean distance is used and
hyperspherical clusters are formed [45]. After cluster centers are initialized using either
maximum dispersion or random distribution [46], the cluster membership map ;. is
calculated for each cluster i from the relationship

1
S (di /)Y

for each voxel k and for the fuzzy index m. After the calculation of all cluster membership
maps, in a second step, the centroids v;; are updated:

N m
L Zk:](.uik) Xkj
gy N m

> =1 (14ix)
Clustering is performed via this two-stage iterative process [46] and is repeated until

intra-cluster distances are minimized and inter-cluster distances are maximized, or a
predefined number of iterations (maximum 50) has been reached. To speed up computation

Ly = V1<i<C,1<k<N (3)

VI<i<C 1<j<P “4)

2 http://www.ibd.nrc.ca/informatics/evident.html.
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and to improve specificity of fuzzy cluster analysis, additional features have been added to
the program package. During preprocessing, pixel time-courses are examined with respect
to auto-correlation and drifts as well as frequency and phase components. Only those pixels
that pass the specific preprocessing criteria enter the clustering process and are iterated as
described above. All other pixels are not simply rejected but are added before the last
iteration in order to recover initially missed pixel time-courses. An additional feature of
this fuzzy clustering algorithm is the so-called merging factor. It is a threshold for z-scores
calculated between two clusters at the end of each iteration. If their mutual z-scores are
below the merging factor, these clusters are combined [27]. Further, to test the clusters for
significance, a resampling technique [8] or other methods may be applied.

Depending on technical details of the fMRI experiment performed, these preprocessing
and merging features allow to enhance clustering performance in two ways: (a) the number
of pixels clustered as well as the number of clusters is largely reduced, thus, cutting
computation time, and (b) it is possible to “‘sensitize” the clustering procedure towards
certain temporal features (e.g. if one would be interested in studying cardiac artifacts, a
frequency range corresponding to the heartbeat can be chosen). With this implementation
of fuzzy clustering temporal centroids or cluster centers ( average time-courses per cluster)
and spatial membership maps are obtained. All time-courses of a cluster are then correlated
to the corresponding cluster centroid and a color-coded correlation coefficient map is
overlaid to the image data. For more details see [46].

2.2. Subjects and MR scanners

Subjects examined in our studies are recruited either from the academic environment of the
University of Vienna (studies III-V at 3 T) or University of Pennsylvania (study I at 4 T).
None of them had known neurological disorders, and all gave written informed consent prior
to the examination after extensive information on the nature of the experiment.

Measurements were performed at high-field either on a Medspec S 300 whole-body
scanner (Bruker Medical, Ettlingen, Germany) operating at 3 T, or on a Signa Horizon
(General Electric, Milwaukee, Wisconsin, USA) with a magnetic field strength of 4 T, both
equipped with their manufacturers whole-body gradient system and the standard birdcage-
type head coil for excitation and reception. To reduce motion artifacts, subjects’ heads were
comfortably fixed with anatomically formed cushions and/or a strap around the forehead.

2.3. Study I: Temporal patterns of physiological fluctuations and motion artifacts

In this experiment, we tried to evaluate the performance of FCA to differentiate temporal
patterns in fMRI time series data. We used a test object consisting of two components: a
bottle of doped water representing the static part and a flexible tube wrapped around this
bottle. Water was pumped through that tube leading to pulsatile flow. This setup was
designed to simulate in vivo conditions were the brains rests within pulsating vasculature.
We acquired 300 images of one slice with a repetition time TR of 200 ms and an echo time
TE of 84 ms. In addition to demonstrate the potential of FCA to differentiate temporal
patterns in vivo we analyzed a fMRI data set measured at 4 T where human faces showing
different emotions were used as stimuli [44].
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Fig. 1. The synthetic data set represents a single axial brain slice (matrix size 128 x 128), with a time invariant
anatomy (a) over the 35 time points with signal variations at the location of three activation spots across the slice
(b). The number of “activated” pixels in the three white spots is N, = 49. The background ‘““anatomy”” consists
of a checkered pattern with lower and higher signal intensity components, simulating gray and white matter with
cerebro-spinal fluid filled ventricles, respectively.

2.4. Study II: Synthetic fMRI data (block design)

This study was performed to quantitatively test the sensitivity of relevant FCA
parameters on clustering results. We used a synthetic fMRI data set calculated specifically
to evaluate the performance of fMRI evaluation algorithms [2,9,15,31]. This data set
represents a single axial brain slice (matrix size 128 x 128), with a time invariant anatomy
over the 35 time points (see. Fig. 1) with signal variations at the location of activated areas
(i.e. three spots across the slice; block design: CECECEC (C: control, E: experimental
task), five images each). The number of pixels in area A was Np = 35 and in area B it was
Np = 14, thus, N, = 49). The background “anatomy” consists of the following struc-
tures: a checkered pattern representing lower signal intensity (SI), SI = 204 (N = 2268)
and higher signal intensity components, SI = 241 (N = 2268), simulating gray and white
matter, respectively. Cerebro-spinal fluid filled ventricles are also represented by a
checkered pattern with lower and higher intensity components, SI = 156 (N = 145)
and SI = 192 (N = 145), respectively. Signal enhancement in activation areas A and B
ranged from 4 to 10%. The data sets were corrupted by white noise (mean 3%), resulting in
contrast-to-noise ratios (CNR) in the range of 1.33-3.33 between ‘‘non-activated brain”
and ‘““activated” regions A and B. In addition, a random baseline shift simulating thermal
shifts in a temporal image series was introduced, not exceeding 1% of the baseline level.
All together, at least ten different clusters may be obtained.

Receiver—operator characteristics analyses were performed according to [13]. ROC-curves
were created for both FCA and CA by varying both membership threshold (MTH; for those
clusters showing the expected temporal activation pattern) and correlation threshold (CTH)
between 0.4 and 0.99 (step size of 0.005) and calculating the corresponding true-positive (TP)
and false-positive (FP) fraction. Using this procedure the influence of the fuzzy index (FI,;
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varied between 1.0 and 1.4), initial number of clusters (INC; varied between 15 and 50),
which is not known a priori and must be chosen in advance, and merging factor (M; varied
between 0 and 10) on the clustering performance was investigated.

2.5. Study III: In vivo fMRI data of human motor cortex activity (block design)

This study consisted of a block-design paradigm with three consecutive ‘““off—on”
periods and an additional baseline block at the end (10 images per block). During the “on”
periods of 20 s subjects performed a finger-tapping task, paced by the acoustic pattern of
the sequence. A three-dimensional set of T,-weighted images of the head, including
exactly the same slices as the fMRI measurements, were obtained for anatomical details
from every subject. To avoid gross motion artifacts subjects’ heads were comfortably fixed
using a vacuum pillow and ear-pads. In order to compare FCA with a model-based analysis
technique, we also used a standard cross-correlation method [3] with a box—car reference
function shifted by three time points (i.e. 6 s) to account for delays in the haemodynamic
response. In addition, we selected clusters from the first FCA step and performed a second
analysis to separate high and low activation amplitudes [9,30].

2.6. Study IV: Multi-echo spiral imaging of sequential finger tapping at 3 T
(block design)

Ten healthy young subjects were examined using a multiple echo, single-shot spiral imaging
sequence implemented on the 3 T scanner [4]. Five slices covering the motor cortex were
acquired at eight different echo times (echo time TE = 5—180 ms, echo spacing of 25 ms,
repetition time TR = 3 s, spatial resolution = 4 mm x 4 mm x 4 mm). One task period for
functional imaging consisted of a right-hand self-paced finger to thumb movement performed
during 30 s. Three task periods were each preceded by a resting period without a task. This
block was followed by an additional resting period at the end resulting in a total of 70 time
instances. For further details about the sequence design and image reconstruction refer to [4].

The first four time instances were excluded to assure equilibrium state images. All echo
times instances were normalized to the first echo and integrated in a single data set with a
total of 528 time instances, in this case ‘‘time’” meaning a combination of time and echo
time (refer to [5] for processing of multi-echo data). This procedure allows the clustering
process to minimize the Euclidean distance between pixel time-courses including infor-
mation on echo time dependence which is inherently influenced by physiological proper-
ties (e.g. blood volume, vessel geometry, blood—oxygen saturation). After the first
clustering step, it is possible to further split the regions-of-interest (ROIs) from the first
pass in several (sub-)clusters in a second step (see study III). A qualitative estimation of
tissue blood volume was used to classify the resulting clusters.

2.7. Study V: BOLD-EPI of mental rotation at 3 T (event-related)
We examined seven young healthy male subjects and used a so-called event-related

paradigm design, where single stimuli (items) are presented sequentially, rather than
alternating blocks of stimuli with rest. Each task item consisted of two three-dimensional
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Fig. 2. Sample stimuli for study V. Subjects had to decide whether both cubes could be identical by viewing
only three out of six sides of the three-dimensional cube. This task requires the ““mental” rotation of one of the
two cubes.

views of cubes [20] with simple geometric patterns on their sides (lines, triangle, arrows;
see Fig. 2a). The subjects had to decide whether the two cubes could be identical, given the
fact that every pattern occurs only once on each cube. This required the mental rotation of
one cube into the orientation of the other. Items were presented through MR-compatible
goggles (Resonance Technologies, USA), and subjects had a button panel on their right
thigh for answering. Between item presentations the stimulus switched backed to a
baseline image (Fig. 2b), consisting of the ‘““shadows’ of the two cubes, as well as a
central cross for eye fixation to reduce motion artifacts.

Fifteen axial slices with a matrix size of 64 x 64 pixels were imaged every 1.5 sata TE
of 23 ms using a single-shot blipped gradient-recalled EPI sequence. The field-of-view
(FOV) was 190 by 190 mm resulting in an in-plane resolution better than 3 mm. We
acquired two runs of 15 min (600 image slabs) each. Prior to data analysis, fMRI data sets
were realigned in two-dimensional using automated image registration (AIR) [51] to
compensate for gross head motion effects.

Similar to study III we used a two-step FCA approach. The computation times were less
than 2 min for both clustering steps in this study on a Pentium II 500 MHz PC running
SuSE Linux. The cluster centers corresponding to the mental rotation paradigm are of
much higher frequency than in the block-design stimulus of the previous study, i.e. closer to
frequencies of physiology-related fluctuations (e.g. respiration). The two subsequent
15 min studies were analyzed separately. To improve FCA performance, we chose a
frequency range close to the number of items presented per study in order to preselect pixel
time-courses for cluster initialization.

3. Results
3.1. Study I: Temporal patterns of physiological and motion artifacts

Stability measurements on a test object consisting of a static part (i.e. a bottle of doped
water) and dynamic structures (i.e. tubes with pulsating flow), analyzed by fuzzy
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Fig. 3. Separation of pixel time-courses by fuzzy cluster analysis of test object data. Average time-courses
(right) and corresponding membership maps (left) are shown, where pixels, which are cluster members, are
overlaid on a standard grey-scale MR-image in red. (a) Cluster 1 displays the high signal stability within the
static part of the test object, and (b) cluster 2 represents the pulsatile flow in the outer tubes (green arrows), the
signal changes perfectly matching the pulsation frequency of the pump.

clustering, revealed the high stability and reproducibility of the hardware performance
and the single-shot gradient-recalled echo-planar-imaging (EPI) sequence applied
(rms intensity variations £ 0.1% over 300 time points within the static part). Two
clusters and their corresponding time-courses are shown in Fig. 3: (a) cluster 1
representing the static part and (b) cluster 2 consisting of pixels within the areas of
pulsating flow (arrows). Note the perfect separation of static water (Fig. 3a) from
pulsatile flow (Fig. 3b) and even the detection of static components in the tubes. The
discrimination of slow and fast signal changes is of great importance in fMRI as it may
help to separate brain activation patterns from physiological artifacts, e.g. respiration
and cardiac action.

Apart from scanner-induced artifacts (e.g. image distortion due to very fast acquisition),
gross head motion as well as physiological movements are a common nuisance in fMRI
data sets and decrease sensitivity of fMRI results. Fig. 4 shows examples for head motion:
in-plane motion (red) and through-plane motion (green) from the same data set.
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Fig. 4. Demonstration of artifacts caused by in-plane (red) and trough-plane (green) motion in BOLD-EPI at
4 T. Signal changes are enhanced by susceptibility differences near tissue—CSF or tissue—air interfaces (a). Note
also the characteristic signal intensity drift (b) and pixel distribution.

Also note the strong susceptibility-based artifact (dark region in the frontal part of the
brain) from the distant sinuses.

3.2. Study II: Synthetic fMRI data

For CNR > 1.66, the ROC curves were almost identical for FCA and CA and showed no
false-positives (FP) for any threshold applied. Differences between the two methods can be
seen with CNR < 1.66 (Figs. 5 and 6). ROC curves for different initial number of clusters
(INC = 15, 25, 50) and merging factors (M = 0, 1, 2, 4, 6, 8-10) are displayed in Fig. 5. It
can be seen that the overall performance clearly increases with higher INC, almost
independent of M. If INC is chosen too low, i.e. <15 in our case, results are getting less
optimal as too many FP are assigned to the activation cluster. However, due to the short
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Fig. 5. ROC analysis with image CNR < 1.66 for different initial number of clusters. INC = 15 is shown in (a),
INC = 25 in (b), INC = 50 in (c). Merging factors were varied between 0O (solid line) and 10 (dashed—dotted
line) for each INC. It can be seen that the overall performance clearly increases with higher INC, almost
independent of M. FCA performs best with INC = 50 and M = 1.
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Fig. 6. ROC curves for FCA with INC =50 and M =1 varying the fuzzy index FI from 1.0 (i.e. crisp
clustering) to 1.4 (upper curves). The plot reveals that CA (dashed line) and FCA with a fuzzy index of 1.1 (solid
line) perform equally well. Changing FI to a lower (1.0) or higher value (up to 1.4) still shows a good stability of
FCA. However, in contrast to FCA, CA performance drops rapidly when the reference time-course is shifted by
one time instant only (dotted line).

computation times for this algorithm (a few seconds only for each run) there is no practical
limitation to use large INC, even for very large data sets. No overall rule can be given for M,
but as long as the INC is sufficiently large the influence of M is very small, although
excessive merging (M = 10) can cause a significant increase in FP (cf. Fig. 5c).

From the results above it can be seen that FCA with INC = 50 and M = 1 performs very
well. Using these parameters the analysis was repeated varying the fuzzy index FI from 1.0
(i.e. crisp clustering) to 1.4. The plots in Fig. 6 show that CA and FCA with a fuzzy index of
1.1 perform equally well. Changing FI to a lower (1.0) or higher value (up to 1.4) still shows a
good stability of FCA, however, achieving slightly less optimal activation separation. For this
data set, the exact time-course is known and used for CA. For in vivo data sets the time-course
varies from subject to subject even for block-design paradigms due to variations of the
haemodynamic response (e.g. onset, delay, . . .). To account for such a haemodynamic delay,
which can range from 4 to 10s [22], time-course shifting is regularly applied in correlation
analysis of fMRI data. If the estimate for this delay is wrong and the reference function is
shifted too much, CA performance drops rapidly as shown by the dotted ROC curve in Fig. 6
where the reference time-course shifted by one time instant only.

3.3. Study III: Motor cortex activation

We found significant activation in all subjects, located in areas that represent parts of
the human sensorimotor system, i.e. contralateral primary motor region and supple-
mentary motor areas (SMA), as well as ipsilateral activation along the central sulcus.
Fig. 7 shows typical activation maps in a single subject: (a) FCA and (b) CA results.
The corresponding time-courses are shown in Fig. 7c. Through the Euclidean distance as
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Signal Change [%]

(c) Image Number

Fig. 7. Membership maps (a) and corresponding signal time-courses (c) from a representative subject (5
different slices out of 15) of study III, showing large vessel contributions (green) and microvasculature related
brain activation (red) in the human motor cortex. For comparison, results of a standard correlation analysis of the
same data set are given in blue (b). Note the strong bias towards high-amplitude signal changes (shown in c)
which does not allow any differentiation between macro- and microvessels (b) and hampers detection of
activation in SMA.

a similarity measure in FCA, it was possible to separate different activation amplitudes:
low activation amplitude cluster (red pixels, signal enhancement approximately 4%)
and high amplitude cluster (green pixels, approximately 10%). From the localization
of activated pixel in the slices shown it can be seen that the low-amplitude pixels
represent “‘true’’ cortical activation in very small veins, whereas high amplitudes corre-
spond to larger draining veins distant from the site of neuronal activity. For comparison,
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green) blood volume fractions. Bottom: the time-courses (cluster centers) corresponding to these clusters are shown. Maximum signal enhancement (%) reflects
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Fig. 9. fMRI of mental rotation (study V): activation maps for a single subject and the corresponding time-
courses (only 100 time points out of 600 are displayed) of the high-amplitude (green) and the low-amplitude
cluster (red). The five peaks reflect five subsequent mental rotation tasks (different pair of cubes).

Localization of green voxels suggest draining veins, while red voxels indicate expected spatio-temporal
processing.
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model-based cross-correlation analysis results in a mixture of low- and high-amplitude
pixels (blue) and, therefore, activation maps which do not allow differentiation (Fig. 7b).

3.4. Study 1V: Multi-echo spiral imaging of sequential finger tapping at 3 T

The resulting images using the evaluation method described in Section 2 are presented in
Fig. 8, which shows the extracted three activation clusters of a single subject color coded
red, blue, and green with their corresponding cluster centers. Consistent activation was
found in the primary motor cortex (M1) and supplementary motor area (SMA) for all
subjects. The signal oscillation is caused by alternation of deactivation and activation
periods (three per echo time) during all echo times (8 x) and can be seen easily (24 peaks
resulting). The amplitude as well as the shape of the curves differ from cluster to cluster. In
Fig. 8 (top), all five slices measured are displayed with the three clusters colored
accordingly (red, blue, green). It can be seen that the activated pixels of the red cluster
are found in the center of the activated area, that the second cluster is enclosing the first, and
that the third is distributed more diffuse over the brain. The time-course characteristics of
the first (Fig. 8, red) cluster can be interpreted with a high blood volume fraction within a
voxel which indicates large vessel contributions, the other (blue and green) cluster centers
exhibit a dependence which indicate a much smaller blood volume fraction and might,
therefore, be interpreted as smaller vessels or microvasculature.

3.5. Study V: BOLD-EPI of mental rotation at 3 T

FCA was able to extract activation patterns in all subjects, without exact information
about the stimulus paradigm. Fig. 9 shows the resulting clusters from the second clustering
step for a single subject. Note that for clarity only 100 time points (out of 600) are plotted in
Fig. 9 (bottom). The five peaks correspond to five successive but different stimuli. Cluster 1
(green) consists of pixels with very high activation amplitudes of 10-15%. From the
activation maps in Fig. 9 (top) it can be concluded that the corresponding pixels represent
larger veins, distant from the site of neuronal activity. In contrast, the red pixels of cluster 2
are located in areas known to be essential for visuo-spatial processing like the parietal
cortex, premotor areas, dorso-lateral prefrontal cortex, as well as supplementary motor
areas.

4. Discussion

In this paper we attempt to evaluate the performance of FCA in terms of: (a) the ability to
differentiate between different signal time-courses (study I), (b) the influence of clustering
parameter selection on FCA results in terms of ROC using synthetic data (study II), (c) a
comparison of FCA to a widely used model-based correlation analysis approach both using
synthetic (study II) and in vivo fMRI data (study III), (d) the differentiation of vascular
signal sources based on either signal enhancement (studies III-V) or echo-time depen-
dence (study IV). The data sets examined also cover the two most often used paradigm
designs: blocked (studies II-1V) and event-related stimulus presentation (study V).
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From the results of study I, it can be seen that FCA performed almost perfect in
separating static from pulsating pixel time-courses in the test object data (Fig. 1). Similar,
motion artifacts in fMRI data from the human head are easily detected. The corresponding
time-courses are typical for such artifacts and easily identified based on both the cluster
centroids and the distribution of the corresponding pixels. A more problematic variant is
stimulus-correlated motion, which shows the same temporal behavior as functional
activation and, therefore, may not be separated that easily. fMRI data sets are often
contaminated by a variety of artifacts, ranging from low-frequency fluctuation (*‘functional
connectivity’’, scanner drifts, head motion) to respiration-related signal changes, and up to
high frequency pulsation due to cardiac action. All of these sources of artifacts need to be
considered in fMRI analysis, especially if a brain region is examined that is particularly
susceptible (e.g. the brain stem). In this way, FCA can be used to examine the performance
of methods for motion correction or techniques for the reduction of physiological
fluctuations [12-30].

Using a synthetic fMRI data set enables a quantitative comparison between different
statistical and exploratory post-processing methods. As shown from the analysis of the
synthetic fMRI data, FCA performs robust provided that INC is not to small (>20) and
moderate merging is applied. ROC analysis from FCA results with different levels of
fuzziness also shows that the choice of FI does not influence FCA performance sig-
nificantly if it is kept within reasonable limits. For the synthetic data used a FI of 1.1 is
optimal in terms of ROC, but it should be kept in mind that the tests were performed with
simulated single-slice fMRI data using a block design and a random noise distribution.
This setup would definitely favor standard correlation analysis. For in vivo fMRI data,
however, with different sources of noise and expected and unexpected activation patterns,
FCA has advantages over model-based analysis approaches like CA, as a major problem in
fMRI analysis using model-based methods is the construction of a reference function. This
function should represent the haemodynamic response, i.e. the time-course of activated
pixels. Even in block-design studies where long (compared to the image repetition time)
stimulation periods are used it is not always possible to accurately predict the haemo-
dynamic response delay [22]. If this delay is estimated too short or too long, in general all
model-based analysis methods will perform sub-optimal. We showed (see Fig. 6) that even
slight errors in estimating the haemodynamic response (i.e. shifting by one time point only)
can lead to a severe decrease of CA performance. Data-driven methods like FCA do not
require the expected response delay as an input and, therefore, are not biased towards short
or long haemodynamic delays.

The comparison of CA and FCA applied to in vivo fMRI data (study III; finger tapping,
block design) also underlines the potential of FCA as the study design actually would favor
CA. It has also been shown that multivariate statistical approaches like principal component
analysis are inherently limited and biased towards large signal changes (e.g. motion or large
vessels; see, e.g. [6]). In comparison to other model independent approaches like self-
organizing maps [16,34] or independent component analysis [29], FCA as implemented in
EvIdent™ is superior in terms of speed (i.e. below 1min versus hours) and/or data
reduction, both important factors in (clinical) fMRI data analysis. Nevertheless, to validate
neurophysiological models of brain activation, established statistical procedures should be
used, potentially using improved hypotheses extracted via exploratory data processing [46].
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With more complex tasks, in particular single trial designs, FCA may be superior over
model dependent approaches. However, whether (significant) activation in the human brain
is detected may also depend on factors like preprocessing of the data sets (e.g. motion
correction and normalization), the actual algorithm (i.e. proximity measure, details of the
implementation and parameter settings), the reference function employed (if required), the
(varying) individual haemodynamic delay, the threshold(s) applied, and the (inherent)
assumptions concerning the noise distribution during both, resting and activation periods.

The potential of FCA in exploring fMRI data sets can also be demonstrated in the
analysis of complex multi-echo data (study IV). Here even more (at first unknown) features
of the haemodynamic response can be investigated, e.g. the changes of signal amplitude
versus echo time. These changes are dependent on a number of vascular properties such as
vessel orientation and size, most of them unknown as they differ significantly between
subjects and brain regions. FCA enables to obtain time-courses that are characteristic for
certain vascular properties. The results of this evaluation procedure may then provide the
basis for quantitative biophysical modeling where vascular and tissue properties must be
known and included [24,25,53]. Subsequently, from both the signal enhancement during
activation and echo time dependence it is possible to differentiate between activation in
small venules and larger draining veins. This strategy for characterization of activation
based on the behavior of different vessel environment on the acquisition parameter TE
might be very helpful for clinical applications of fMRI, e.g. distinct localization in
presurgical planning [10].

Finally, an application of FCA in cognitive fMRI has been presented (study V). Again,
the main advantage of a data-driven analysis is that there is no need for a particular
reference function. Generation of reference functions for model-based analysis methods is
not straight-forward, especially in cognitive tasks where verification of cognitive activity is
hardly possible. This study used long acquisition periods (2x 15 min), stimuli with rather
long processing times (up to 60 s) as well as a large number of stimuli (up to 60 for both
runs). Therefore, it is likely that not only drifts and motion artifacts will affect the data but
also “psychological instabilities” like decreased attention as it cannot be expected that
subject cooperation is constant throughout the scanning. There may possibly be some
stimuli that are not mentally rotated by the subject as desired but rather guessed. Therefore,
fMRI signal from brain regions which are truly involved in mental rotation might not be
enhanced during every single stimulus presentation. Consequently, a reference function
derived by simply convolving the stimulus presentation time-course with a ‘“‘typical”
haemodynamic response function might not be adequate, decreases sensitivity, and may
lead to sub-optimal fMRI results [22]. Additionally, FCA with the Euclidean distance as
similarity measure allows the separation of different activation amplitudes and leads to
increased specificity. Therefore, EDA seem to be ideal for analyzing event-related
cognitive fMRI studies.

5. Conclusion

A novel application of fuzzy logic in functional MRI has been introduced recently which
may serve as a useful analysis tool in neuroscience and medical imaging. An EDA method
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like FCA can serve as a very powerful data mining and first-pass data analysis tool in fMRI
and provides information unavailable to standard evaluation methods that inherently
require prior knowledge. The new information obtained with this data-driven approach
can help to identify technical or physiological artifacts and may also help to improve the
fMRI technique. In this paper, we have demonstrated the potential of FCA for exploratory
analysis of both synthetic and in vivo fMRI data. FCA performs at least equal in
reproducing the searched activation (i.e. TPs) compared to correlation analysis in cases
of properly known stimulus response functions. This may improve the answer to the most
commonly posed questions about brain activation: where did it occur (shown by the cluster
membership map) and what are the temporal characteristics (depicted by the cluster
centroid). As fuzzy cluster analysis is a paradigm independent approach for fMRI data
analysis, FCA is able to identify anticipated as well as unexpected haemodynamic
responses and artifact-related temporal patterns. The signal processing strategy used in
FCA helps to extract the full amount of information without distorting model bias. Data
presented here were restricted to oxygenation-contrast fMRI only, however, other potent
MR applications may include dynamic perfusion imaging [32] or classification of spectra
[37,38-52].
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