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Abstract We propose to detect brain activation from

fMR time-series of a group study by modeling fuzzy

features. Five discriminating features are automatically

extracted from fMRI data by a sequence of temporal-slid-

ing-windows. A fuzzy model based on these features is first

derived by a gradient method on a set of initial training

data and then incrementally enhanced. The resulting fuzzy

activation maps of all subjects are then combined to pro-

vide a measure of strength of activation of each voxel,

based on the group of subjects. A two-way thresholding

scheme is introduced to determine true activated voxels.

The method is tested on both synthetic and real fMRI

datasets. The method is less vulnerable to correlated noise

and able to capture the key activation from a group of

subjects by adapting to hemodynamic variability across

subjects.

1 Introduction

Functional magnetic resonance imaging (fMRI) is a non-

invasive technique measuring functional activity of the

brain in vivo, both spatially and temporally. The signal is

based on the blood-oxygenation-level-dependent (BOLD)

contrast, derived from the increase in blood oxygenation

followed by neuronal activity, resulting in a change of

magnetic resonance (MR) signal. The detection of fMRI

signal is not trivial as BOLD signal change due to a typical

experimental stimulation of the brain is very subtle, rang-

ing from 1 to 5% on a 1.5 T scanner [14]. Furthermore,

various noise and artifacts such as motion, electronic,

physical, and physiological processes significantly con-

found the fMRI signal. Therefore, techniques for fMRI

analysis should be insensitive to the uncertainties and

fuzziness introduced by these interference signals.

Two groups of methods have been used to detect acti-

vated voxels in fMRI data: hypothesis-driven and data-

driven. Statistical parametric mapping (SPM) is the most

widely used hypothesis-driven method for fMRI analysis,

which assumes a linear regression model for the fMR

signal with a specific noise structure. It is voxel-based and

tests the hypothesis about fMR time-series by construction

and assessment of spatially extended statistical processes

based on Gaussian random fields (GRF) [6]. Markov ran-

dom fields (MRF) [19] and Conditional random fields

(CRF) [24] have been attempted to account for contextual

dependencies among activated voxels or data, respectively.

However, it has become clear that there is a nonlinear

relationship between the variation in the fMRI signal and

the stimulus presentation [21]; and the hemodynamic

response function (HRF) varies spatially and between

subjects [22]. Moreover, the structure of noise in fMRI is

not well understood and remains a contentious subject [3].

Thus, the validity of the statistical models depends on the

extent to which the data satisfies the underlying

assumptions.

In contrast, data-driven methods do not assume any prior

knowledge of hemodynamic behaviors and are considered

more powerful and relevant for fMRI studies in which
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unknown or complex differential responses are expected

[12]. Generally, these data-driven methods can be divided

into two groups: transformation-based and clustering-

based. Principle component analysis (PCA) [1] and inde-

pendent component analysis (ICA) [8, 9, 11] belongs to the

first group, which transform the original high-dimensional

input space in order to separate functional responses and

various noise sources from each other. ICA is an infor-

mation theoretic approach which enables recovery of

underlying signals or independent components from linear

data mixtures. It has been applied to fMRI analysis both

spatially [11] and temporally [4], as well as with con-

straints [8]. The second clustering group consists of fuzzy

clustering [5] and self-organizing map [13], attempting to

classify time signals of the brain into several patterns

according to temporal similarity. For these data-driven

methods, usually the contents of one class or component

are interpreted as activations but how the signal is divided

into classes is difficult to ascertain or comprehend. Certain

class with a particular activation pattern has physiological

interpretation but others are still unknown. Other fMRI

analysis methods include specified-resolution wavelet

analysis [7] and Bayesian modelling [22].

The motivation behind the present work is to develop

a technique for brain activation detection from fMRI

data that is less vulnerable to noise and hemodynamic

variability than hypothesis-driven methods and more

interpretable than previous data-driven methods. Because

of the complex, nonlinear, and imprecise nature of signal

and noise, modeling fMRI signal accurately by a conven-

tional nonlinear mathematical approach is a difficult task,

especially in this case with limited prior knowledge. In

contrast, fuzzy modeling is a plausible way to model

uncertainty of fMRI data using limited available informa-

tion. Moreover, methods based on raw fMRI data are often

computational complex and vulnerable to noise. The pro-

posed feature extraction from time-series is able to lower

the computational complexity and enhance system ability

in handling noise. In order to account for HRF variability

across subjects, incremental learning is used so that the

fuzzy model could adapt to individual subject in order to

better identify common activated regions. Here, we pro-

pose a novel approach of fuzzy feature modelling (FFM) to

detect activated voxels in human brain, which consists of

(1) extracting features based on temporal-sliding-windows

(TSW) from fMR time-series; (2) fuzzy feature modeling

by incremental learning; and (3) thresholding on fuzzy

activation map. In addition, we have extended our previous

work [26] to group study of fMR time-series where fusion

of fuzzy activation maps of the subjects is performed

before thresholding. The details of our approach is

described in next section. In Sect. 7 the performance of this

approach is illustrated with functional activation detection

for individual and group study on both synthetic and real

fMRI data.

2 Method

2.1 Extracting features

Different voxels have different hemodynamic character-

istics, for example, the signal magnitude at activated or

non-activated states and hemodynamic response time to

reach its peak could differ. The principle behind our

feature extraction is a sequence of TSW shifting over a

time-series, from which consistent discriminating features

for the activated and non-activated voxels of each con-

dition could be derived regardless of different shape,

magnitude, or delay of hemodynamic response function.

Let W : X�H! Y be a functional time-series where

X � N3 denotes the three-dimensional spatial domain

of image voxels, H ¼ f1; 2; . . .; ng indexes n number

of 3D scans taken during the experiment. Let

Y ¼ fyi;t : i 2 X; t 2 H; yi;t 2 Qg be a 4D data where Q

denotes the range of image intensities and yi,t represents

the intensity of voxel i at time t. Let XB denote the set

of brain voxels.

Here, we consider an experiment with one condition

denoted by X for notational simplicity; the algorithm is also

applicable for fMR time-series with a number of conditions

[26]. The condition X is presented together with resting

state alternatively or randomly for P times in a single run

while n 3D brain scans are taken, so each block of condi-

tion X is denoted by Bp, p = 1,2,...,P. Block Bp lasts for a

duration of length lp and the beginning of block Bp is

denoted as bp where p = 1,2,...,P. The above represents a

general paradigm design which applies to both block and

event-related designs. Then, a sequence of TSW for the

condition X is constructed from fMR time-series as

follows:

1. Create a sequence of P number of windows denoted by

W = {Wp : p = 1,2,...,P}; in other words, one window

Wp for each condition block Bp. The length of window

Wp is denoted by wp and wp = lp, i.e., equals to the

duration lp of each block Bp. The initial starting point

of window Wp is thus given by bp.

2. Shift the sequence of windows W temporally forward

by a sliding time interval s simultaneously, resulting in

a new sequence of windows denoted by W(s) = {Wp(s):

s = 0,1,...,S, p = 1,2,...,P}. Depending on different

inter-scan time, the maximum sliding time interval

S varies: S = 32/RT (seconds) based on the fact that the

total length of hemodynamic response function is

approximately 32 s. Thus, the starting and ending time
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of window Wp(s) is bp + s and bp + s + wp–1, denoted

by Tp,1(s) and Tp,2(s) respectively for simplicity reason.

3. For each window Wp(s) as s = 0,1,...,S, calculate the

average intensity Ap(i,s) of each voxel i as:

Apði; sÞ ¼
P ~Tp;2ðsÞ

t¼Tp;1ðsÞ yi;t

~Tp;2ðsÞ � Tp;1ðsÞ
ð1Þ

where ~Tp;2ðsÞ ¼ minfn; Tp;2ðsÞg:

Thus, we can observe a curve Ap(i) = {Ap(i,s): s = 0,1,...,S}

for each voxel i in each condition block Bp, whose shape is

highly discriminating between activated and non-activated

voxels. We call it Quasi-hemodynamic curve (QHC) since

it is similar to HRF in general sense. Five discriminating

features Fk
p(i), k = 1,2,...,5, are extracted from this QHC for

each voxel i in each condition block Bp as follows:

1. Area under curve ratio for QHC:

Fp
1ðiÞ ¼

P~wp

s¼0 Apði; sÞ
ðmaxs Apði; sÞ �mins Apði; sÞÞ � ~wp

ð2Þ

where ~wp ¼ minfwp; Sg:
2. Area difference ratio for QHC:

Fp
2ðiÞ ¼

P~wp

s¼0 Apði; sÞ
PS

s¼~wpþ1 Apði; sÞ
ð3Þ

3. Correlation between QHC Ap(i) and the standard QHC,

SAp:

Fp
3ðiÞ ¼

P~wp

s¼0ðApði; sÞ � Apði; sÞÞðSAp � SApÞ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
P~wp

s¼0ðApði; sÞ � Apði; sÞÞ2
P~wp

s¼0ðSAp � SApÞ2
q

ð4Þ

where SAp ¼ fSApðsÞ ¼ �ðs� ~wp=2Þ2 : s ¼ 0; 1; . . .; ~wpg:
4. Time ratio at peak amplitudes of QHC:

Fp
4ðiÞ ¼ args2 ½0;~wp�max

s
Apði; sÞ=~wp ð5Þ

5. Time ratio at lowest amplitude for QHC:

Fp
5ðiÞ ¼ args2 ½0;~wp�min

s
Apði; sÞ=~wp ð6Þ

Two curves have been normalized to [0,1] before correla-

tion computation in feature 3 for easy comparison among

voxels. Since the shapes of QHC of an activated and non-

activated voxel are usually different as seen later, the above

five features could be significantly discriminating.

The above five features of each block are sum up over

all blocks as in Eq. 7, leading to a robust 5D feature space as

fuzzy features are less vulnerable to noise or changes in

HRFs. Note that we assume the duration of each block lp £ S

in the above definitions. For cases like lp [ S, we should

apply the opposite settings, i.e., use window length wp = 32/

RT and the maximum sliding time for each window Sp = lp.

The properties of the resulting curve is similar to QHC and

same features could be extracted.

FkðiÞ ¼
XP

p¼1

Fp
k ðiÞ=P ð7Þ

2.2 Learning fuzzy activation maps

Based on the feature space developed in the previous sec-

tion, we use a gradient technique to derive a fuzzy feature

model. A new incremental learning scheme is proposed to

extract useful knowledge not only from a set of standard

HRFs with various parameters but also from fMRI data of

each subject itself. This scheme is able to adapt to the he-

modynamic variability across subjects by building one

fuzzy model for each subject. The resulting fuzzy model is

able to (1) calculate the strength of activation of each voxel

to each condition and (2) provide a rule-base for interpre-

tation of activation patterns. For each condition X, one

five-input F(i) = {Fk(i) : k = 1,2,...,5}, single-output Z(i)

(activation strength), fuzzy model M is developed for all

voxels i 2 XB: The proposed incremental learning scheme

to derive model M is as follows:

1. Building initial training data: For the class of activated

voxels, randomly select parameters of the canonical

HRF within a certain range to create a set of time-

series, consisting of H different variations of original

HRF, e.g., time and dispersion derivatives. Add all

these time-series to the initial training set with the

desired output D as 1. For initial training time-series of

the class of non-activated voxels, time-series of con-

stant amplitude in the range [0,1] are added to the initial

training set with the desired output D as 0. The initial

test set is the time-series of all brain voxels in the target

subject, denoted by Y ¼ fyi;t : i 2 XB; t 2 Hg:
2. Extracting features: For incremental learning iteration

r, extract features from training data as described in

Sect. 2.1.

3. Training: Apply gradient method (GM) to train the

fuzzy model M based on the extracted features until

the convergence criterion are met. The objective of

GM based training is to minimize the error between

the predicted output value Z(i) and the desired output

value D(i) for each voxel i in the training set:

� ¼ 1

2

�
ZðiÞ � DðiÞ

�2 ð8Þ

Gaussian fuzzy membership functions are presumed for

input features as in Eq. 9 and the mechanism of fuzzy
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model M employs a product t-norm for the input features

(premise of the rule base) and a product implication as in

Eq. 10. Delta output fuzzy membership function is used.

lkðiÞ ¼ exp �1

2

FkðiÞ � ak

rk

� �2
" #

ð9Þ

ZðiÞ ¼
P2

c¼1 bc

Q5
k¼1 lkðiÞ

P2
c¼1

Q5
k¼1 lkðiÞ

ð10Þ

where c = 1 and c = 2 denotes the classes of activated

and non-activated voxels for the condition of interests,

respectively. Therefore, parameters of the fuzzy model

include input center ak, input variance rk and output center

bc, where c [ {1,2} and k = 1,2,...,5. GM is able to tune

these parameters of the fuzzy model and detailed parameter

updating equations can be found in [15].

4. Testing: Feed the extracted features from testing data

at current round to the resulting fuzzy model M in step

3 to determine output.

5. Updating training data: Select the top m activated

voxels and non-activated voxels in terms of high or low

outputs and add into the training set of next round. The

desired output is again 1 for activated voxels and 0 for

non-activated voxels, respectively. Meanwhile, remove

these points from the testing set. Repeat steps 2–5 till

certain criteria is reached, e.g., maximum incremental

learning round is reached or no more suitable voxels

can be added into training set.

6. Final testing: Apply the whole fMRI data to the final

fuzzy model once more to obtain finalized output

Z ¼ fZðiÞ : i 2 XBg:

2.3 Detecting activation

In order to detect activation by thresholding, a half-trian-

gular fuzzy membership function is designed to convert

original activation strength map Z(i) to a fuzzy activation

map Z* = {Z*(i):i [ XB, Z*(i) [ [0,1]} as in Eq. 8 where 1

for activated voxels and 0 for non-activated voxels. This

map represents the activation strength of each voxel in

terms of fuzzy membership values, which enables a rather

consistent and effective performance across different data

by the following two-way thresholding method.

First, a simple thresholding is applied as in Eq. 12 based

on two parameters f1 and f2 (f1 [ f2) for adding high

confident voxels to the set of activated voxels � 1 and the

set of non-activated voxels � 2: Then, for undetermined

voxels i where Z*(i) \ f1 & Z*(i) [ f2, an ordered list is

formulated based on the value of Z*(i). A screen process

begins simultaneously from the two ends of this list and

assign voxels in the list to be activated or non-activated

according to Eq. 13.

Z�ðiÞ¼
1 if ZðiÞ[ ¼ b1

ðZðiÞ�b2Þ=ðb1�b2Þ if ZðiÞ\b1 andZðiÞ[b2

0 if ZðiÞ\¼ b2

8
<

:

ð11Þ

bðiÞ ¼ 1 if Z�ðiÞ[ ¼ f1

0 if Z�ðiÞ\ ¼ f2

�

ð12Þ

bðiÞ ¼ 1 if vð1; i; vÞ[ vð0; i; vÞ
0 if vð1; i; vÞ\vð0; i; vÞ

�

ð13Þ

where c ¼ f0; 1g; vðc; i; vÞ ¼
Q

j2uði;vÞ; j2 � c;bðjÞ¼c jZ�ðjÞ�
Z�ðiÞj � distance ði; jÞ; uði; vÞ is the neighborhood of voxel i

within a cube of size v3. Each voxel i is removed from list and

added into the set of activated voxels � 1 or the set of non-

activated voxels� 2 accordingly and the screen continues until

there is no more voxels in the list.

2.4 Group study

In order to detect common activated brain regions from a

group of subjects, the fusion of the fuzzy activation maps Z*

of each subject is required to form a combined fuzzy acti-

vation map Z*
group = {Z*

group(i): i [ XB, Z*
group(i) [ [0,1]} as:

Z�groupðiÞ ¼
YJ

j¼1

Z�j ðiÞ
 !1=J

ð14Þ

where J equals the number of subjects in the group. Note

that the activation map is normalized to [0,1] after fusion

and the same thresholding procedure in Sect. 2.3 can be

applied to this combined fuzzy activation map to identify

brain activation.

3 Experiments and results

All simulations were done in MATLAB. Both synthetic

and real fMRI data were used in experiments and a com-

parison between the results produced by our approach and

statistical parametric mapping (SPM2) is given.

3.1 Synthetic data

A 2D synthetic functional dataset consisting six cycles (8

ON and 8 OFF, TR = 2 s, n = 96) was simulated. The

response of the activated voxels was generated by con-

volving a box-car time-series with HRF, a mixture of two

gamma functions, while the non-activated voxels kept
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unchanged at zero amplitude. True activation pattern gen-

erated is shown in Fig. 1a. Since the noise in fMRI time-

series is often correlated, synthetic image with different

levels of spatially correlated noise (by averaging the

neighboring i.i.d. Gaussian noise) were tested. Five syn-

thetic time-series were simulated based on different HRF

by varying its parameters: the delay of response and

undershoot relative to onset, the dispersion of response and

undershoot, ratio of response to undershoot, and the total

length of HRF function. The purpose is to test the vul-

nerability of fuzzy feature modeling (FFM) and SPM to the

HRF variability across subjects.

The SPM analysis used the standard procedure imple-

mented in SPM2 [20]. A 6 mm 3D Gaussian filter was

applied to increase signal to noise ratio before statistical

analysis. Canonical hemodynamic response with time and

dispersion derivatives was used as basis function for statis-

tical modeling. Confounding effects of fluctuations in global

mean were removed by proportional scaling, and low fre-

quency noise was removed with a high pass filter (128 Hz)

applied to the fMRI time-series at each voxel. Specific effects

were tested by applying appropriate linear contrasts, and

t-statistical parametric maps were used to assess significant

hemodynamic changes. We report activations in voxels

below a threshold of p \ 0.05, which were corrected for

multiple comparisons using false discovery rate (FDR) [2].

To test the present FFM approach, 40 time-series (20 for

activated class and 20 for non-activated class, i.e., H = 20)

were used as initial training data set and m = 10 voxels

were selected from each class and added into training set at

each incremental learning round. This small value of m

recruits fewer confounding voxels for training purpose. It is

observed that as the incremental training in FFM approach

proceeds, the fuzzy model can adapt to the data to a large

extent at the expense of computational complexity but

overfitting and performance deterioration could occur

when confounding voxels are added to the training set.

Thus, we use ten iterations of incremental learning. For

step 3 in Sect. 2.2, initial conditions for fuzzy membership

parameters are set to same values: input center ak = Fk of

the first training sample; input variance rk = 1; output

center b1 = 1 for the class of activated voxels and b2 = 0

for the class of non-activated voxels. Parameters control-

ling the updating steps for a, r and b were all initialized

to 1. The GM training stops when the average error is less

than 10–3 or the absolute changes between consecutive

rounds is less than 10–5. In Sect. 2.3, the neighborhood size

for undetermined voxels is v = 5 and if no neighbors with

known class is found, searching continues after increasing

v by 1. However, the neighborhood was limited to 1/125 of

whole brain volume.

The performance of FFM on a single subject is com-

pared to SPM by plotting the ROC curves for functional

activation detection. Figure 1b and c shows the results by

thresholding on SPMs using different significance levels

and on the final fuzzy activation map Z* using various

f1 and f2 for both correlated noise level SNR = 2.0 and 1.2.

As seen, the present FFM approach outperforms SPM

Truth

(a) (b)

SNR=1.2SNR=2

(c)Fig. 1 ROC curve for detecting

activation on synthetic

functional data. Triangular and

square curves represent results

for round1 and round 11 of our

FFM approach on original data,

respectively; asterisk curve

indicates results by SPM

Fig. 2 Detected activation for

synthetic data having correlated

noise by a SPM at SNR = 2.0,

b FFM at SNR = 2.0, c SPM at

SNR = 1.2, and d FFM at

SNR = 1.2. Row 1 are

unthresholded SPMs and fuzzy

activation maps while row 2 are

thresholded activation maps for

each case
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for data at both noise levels; it is important to note

that incremental training does improve the performance

(comparing ROC of round 1 and round 11). Statistical

parametric map and fuzzy activation map for this single

subject are compared in row 1 of Fig. 2. The thresholded

map produced by SPM (T-contrast with FDR p \ 0.05) is

compared to FFM (f1 = 0.95, f2 = 0.3) in row 2 of Fig. 2.

It is observed that our approach is able to discover more

important and detailed signal pattern than SPM, especially

in high correlated noise case.

Statistical parametric mapping and FFM were also

applied to detect activation from a group study of five syn-

thetic time-series. Figure 3 illustrates ROC curves of both

approaches on synthetic data with three levels of correlated

noise: SNR = {2.0, 1.2, 0.45}. At all levels of noise, the fuzzy

activation map obtained by FFM were more superior than

SPM. The advantage is more obvious at higher level of noise,

demonstrating the robustness of FFM to correlated noise.

This results on group study also show that FFM is better at

dealing with hemodynamic variability across subjects.

Figure 4 shows three different HRF for generation of

synthetic fMR time-series. Our feature extraction proce-

dure is able to capture the variability of HRF and to

automatically learn this knowledge by incremental train-

ing. This could be proved by the parameters (the center of

input features) in the three final fuzzy models, which were

built on each time-series, respectively, as indicated in table

in Fig. 4. By comparing to HRFs in Fig. 4, we can see that

since the delay of response and undershoot for HRF-1 and

–3 is smaller than HRF-2, the distance between the input

centers of feature F4 (time ratio at peak amplitude for

QHC) and feature F5 (time ratio at lowest amplitude for

QHC) in activated and non-activated class are smaller

in fuzzy model of HRF-1 and –3 than in fuzzy model of

HRF-2. Moreover, since HRF-2 has little undershoot than

the other two HRFs, the distance between input centers of

feature F2 (area difference ratio for QHC) in activated and

non-activated class are larger in fuzzy model of HRF-2

than the other two. Thus, the fuzzy feature model is able to

capture HRF properties accurately and incremental learn-

ing is able to build different fuzzy models to account for

HRF variability.

Fig. 3 ROC curve for detecting activation on a group study of five synthetic time-series with different HRFs. Square curve represents results by

FFM and asterisk curve indicates results by SPM

HRF F1 F2 F3 F4 F5

1 0.81 (0.10) 2.86 (0.86) 0.51 (-0.08) 0.49 (0.11) 0.65 (0.02)

2 0.81 (0.14) 3.10 (0.89) 0.50 (-0.02) 0.58 (0.10) 0.80 (0.06)

3 0.82 (0.10) 2.97 (0.86) 0.54 (-0.08) 0.53 (0.09) 0.66 (0.01)

Fig. 4 Correlation between HRF properties and parameters in the

developed fuzzy feature models. Top three HRFs for synthetic time-

series generation; Bottom the input centers of five features in the

developed fuzzy models. The numbers in the outside and inside the

brackets are the input center for activated and non-activated class

respectively

546 Neural Comput & Applic (2007) 16:541–549

123



3.2 Real data

3.2.1 Visual task

A set of real fMRI data obtained from experiments with a

visual task were analyzed, see [18] for further details about

this data set. For SPM analysis, all functional images were

first corrected for movement artifacts, resampled, and

smoothed with a 3D Gaussian filter having FWHM =

4.47 mm. F-contrast is used for statistical analysis in SPM2

based on canonical HRF plus time and dispersion deriva-

tives as basis function. Voxels with p \ 0.05 corrected

using family-wise-error (FWE) is determined to be acti-

vated. For FFM approach, same parameters were used as

for synthetic data.

Note that QHC is also variable across subjects, brain

regions and tasks and QHCs in other regions are not of the

exact same shape. Nevertheless, their characteristics of

QHCs often comprise of similar discriminating features.

This is illustrated by Fig. 5 showing typical Quasi-hemo-

dynamic curve (QHC) for activated voxel (top) and non-

activated voxel (bottom) in real fMRI data of visual (a) and

motor (b) task, respectively. Despite of the difference

between QHCs of these two tasks, it is evident that acti-

vated and non-activated voxel have quite different QHC

shapes in both brain regions and hence common discrimi-

nating features could still be discovered with lower degrees

of uncertainty. Figure 6 shows the detected activated

regions for visual task on a single slice of one subject by

both SPM and FFM approach. Since there are no ground

truth, it is rather difficult to compare the activation pat-

terns, but still expected activation was found in visual

cortex for both approaches.

3.2.2 Group study of silent reading task

Real fMRI data gathered on a silent reading task were used

to evaluate the performance of FFM on group study. The

Fig. 5 QHC extracted from

fMRI data of visual (a) and

motor (b) task for: activated

(top) and non-activated (bottom)

voxels, respectively

Fig. 6 Detected activation on selected axial slice by SPM (top) and

FFM (bottom) for visual task
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dataset consists of six subjects and the task is involved of

silent reading of words and pseudowords as soon as they

appear on the screen with the resting condition (fixating to

a cross in the middle of the screen). The data for each

subject contains 360 volume images (T = 360) and TR =

2 s; see [10] for more details. The objective is to identify

common brain regions for silent reading in all conditions

from fMRI time-series of six subjects.

Same parameter settings as in experiments with syn-

thetic data was applied to the group study of this set of real

fMRI data except the thresholds (f1 = 0.75, f2 = 0.3). SPM

analysis also followed the standard procedure and the

group study was performed using a fixed-effect analysis

(FFX). Significant hemodynamic changes for reading

effects were assessed using the t-statistical parametric

maps and Family-Wise-Error-Rate (FWER) correction

(p \ 0.05) [23] was performed for multiple comparison in

statistical inference. Figure 7 shows significant activated

brain regions detected by SPM and FFM. The results are

very similar with each other: the activations were found in

Fig. 7 Detected activation on

selected axial slices by SPM

(top) and FFM (bottom) for

silent reading task on a group

of six subjects
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bilateral extrastraite cortices, superior parietal lobes, mid-

dle temporal cortices, inferior frontal sulei, middle frontal

cortices and cerebellum, which are consistent with previous

literature [25].

4 Conclusion

By a novel fuzzy feature extraction method, we are able to

convert 4D fMRI datasets into a much simpler and robust

feature space to detect functional activation of the brain. A

fuzzy feature model (FFM) was first built on a limited prior

knowledge represented by a canonical initial training set and

thereafter enhanced by incremental learning taking into

account the variability of HRF across subjects. A general

two-way thresholding scheme was proposed to obtain true

activation regions effectively from resulting fuzzy activa-

tion maps. Experiments on both synthetic and real fMRI data

showed that our FFM approach is less vulnerable to corre-

lated noise and more sensitive to discover weak signals.

Activated and non-activated voxels for the condition of

interests are discovered simultaneously and explicitly.

Group study on both synthetic and real fMRI data further

illustrates that FFM can handle correlated noise and the

variability of HRF across subjects. Moreover, the resulting

parameters of the fuzzy model could give us meaningful

relationships between input features and the type of voxels.

As seen in the synthetic group study, the resulting para-

meters for activated and non-activated voxels in fuzzy

features of each subject correlate well with its own HRF

properties. Present algorithm can be easily extended to

handle and compare multiple conditions through fusion of

fuzzy activation maps. Our future work includes taking into

account the spatial variability of HRF within a single

subject, incorporating variability of brain structures [27]

and tissue classes [17] across subjects, and applying to

multi-modality imaging techniques [16].
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