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Regional homogeneity approach to fMRI data analysis
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Kendall’s coefficient concordance (KCC) can measure the similarity of
a number of time series. It has been used for purifying a given cluster
in functional MRI (fMRI). In the present study, a new method was
developed based on the regional homogeneity (ReHo), in which KCC
was used to measure the similarity of the time series of a given voxel to
those of its nearest neighbors in a voxel-wise way. Six healthy subjects
performed left and right finger movement tasks in event-related design;
five of them were additionally scanned in a rest condition. KCC was
compared among the three conditions (left finger movement, right
finger movement, and the rest). Results show that bilateral primary
motor cortex (M1) had higher KCC in either left or right finger
movement condition than in rest condition. Contrary to prediction and
to activation pattern, KCC of ipsilateral M1 is significantly higher than
contralateral M1 in unilateral finger movement conditions. These
results support the previous electrophysiologic findings of increasing
ipsilateral M1 excitation during unilateral movement. ReHo can
consider as a complementary method to model-driven method, and it
could help reveal the complexity of the human brain function. More
work is needed to understand the neural mechanism underlying ReHo.
D 2004 Elsevier Inc. All rights reserved.
Keywords: fMRI; Kendall’s coefficient concordance; Motor cortex; General
linear model

Introduction
Deoxyhemoglobin in venous blood is a natural contrast agent,
which underlies functional MRI (fMRI) in vivo brain (Ogawa et
al., 1990). Task-related hemodynamic response is taken as the basis
of many analytical techniques. Some simple and effective modeldriven methods were developed at the early stage of fMRI
(Bandettini et al., 1993; Friston, 1996). Model-driven methods
are based on a priori models; for example, a square wave or its
convolution with hemodynamic response function (HRF), as
typically implemented in the Statistical Parametric Mapping
(SPM) (Friston, 1996). One problem with model-driven analysis
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is that hemodynamic response may vary from region to region
(Moritz et al., 2000) and even from trial to trial (Duann et al., 2002;
Richter et al., 1997). General linear model with deconvolution
(GLM-De) method (see Cox, 1996; in section Deconvolution
Analysis of fMRI Time Series Data by B. Douglas Ward in AFNI.
Version 2.12c) allows HRF to vary from voxel to voxel. However,
it also takes variability across trials as noise. In spite of these
shortcomings, these model-driven methods are still very popular
among researchers due to their easy implementation and physiologically meaningful a priori hypothesis.
Many data-driven methods have also been developed. Some
typical examples include clustering analysis (Baumgartner et al.,
1997; Filzmoser et al., 1999), principal component analysis (PCA)
(Hansen et al., 1999; Lai and Fang, 1999), independent component
analysis (ICA) (Calhoun et al., 2001; Duann et al., 2002;
McKeown et al., 1998), and self-organizing maps (SOMs) (Ngan
and Hu, 1999). Without any a priori assumption on hemodynamic
model, data-driven methods can gather more information than
model-driven ones. Powers of data-driven methods are that they
can identify nonanticipated or transient task-related components.
However, there exist some inherent drawbacks with the abovementioned data-driven methods. For instance, clustering methods
have to face the ‘‘cluster validity’’ problem; PCA needs orthogonal
patterns assumption, and ICA needs statistically independent
assumption. Moreover, few studies have compared data-driven
method with the popular model-driven method, GLM-De, at
group-subjects level.
Clusters identified with most data-driven methods have no
information of how good the intracluster homogeneity is (Goutte
et al., 1999). Even if for the clusters identified with model-driven
methods, time courses highly correlated with the model may not
correlate well with each other (Baumgartner et al., 1999). Baumgartner et al. (1999) used Kendall’s coefficient of concordance
(KCC) for purification of the activated clusters. Based on their
purification work and our previous region growing method (Lu et
al., in press), we here propose a regional homogeneity (ReHo)
method. Similar to our region growing method, ReHo assumes that
a given voxel is temporally similar to that of its neighbors. We also
hypothesize that ReHo could be modulated in pertinent cognitive
tasks. KCC (Kendall and Gibbons, 1990) was used to measure
ReHo of the time series of a given voxel with those of its nearest
neighbors in a voxel-wise way. Then, the KCC value was given to
this voxel, and individual KCC map was obtained. Considering that
either the magnitude used for spatial smoothing during preprocess-
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ing stage or the size of cluster to be measured might affect KCC
value, we used three sorts of spatial smoothing (0, 4, and 8 mm,
respectively; see Data preprocessing in Materials and methods) and
three sorts of cluster size (7, 19, and 27 voxels, respectively. See
Regional homogeneity in Materials and methods). A second-level
statistical analysis was used to draw inference from population. The
statistical results of ReHo were compared with a typical modeldriven method, GLM-De (Cox, 1996; Version 2.52c).

Materials and methods
Subjects
Six right-handed subjects (aged 23 – 40 years; mean, 23.7 years;
two males and four females) served as subjects. Normal or
corrected-to-normal vision and no history of neurologic and
psychiatric disorder were needed. Informed written consent was
obtained from all subjects. The experiments were approved by the
Research Board of Institute of Automation, Chinese Academy of
Sciences.
Tasks
Six subjects performed a finger movement task. Five of them
(four females and one male) had additional scanning session in a
rest condition before movement task. During the rest condition
session, subjects were instructed to close their eyes and to not think
of anything particular. This session lasted 7 min. The finger
movement task was generated in PC by free software PRESENTATION (http://www.neurobehavioralsystems.com) and was projected to the mirror above subjects via a video projecting system.
The visual angle was 5j. The background was white, and the
foreground was black. A vertical line existed as fixation stimulus at
the center of the screen all along the movement task scanning
session. At the beginning of each trial, a circle flashed at a
frequency of 2 Hz for four times on the left or right to the fixation
line in pseudorandom order. There was a key box in each of left
and right hand of the subject. The subject was instructed to press
the key with left or right thumb for four times, corresponding to the
left or right stimuli, respectively, as soon as the flashing circle
disappeared. After finger movement, the subjects were instructed
to keep stationary and to keep attention to the onset of next
stimulus. This period lasted 10 – 18 s in a pseudorandom way
across trials. There were totally 28 trials during the finger movement scanning session, 14 for left hand and 14 for right hand. The
finger movement scanning session lasted 7 min. Investigators in
the operating room could visually monitor the subjects’ responses,
and no behavioral error was found. Before scanning, each subject
had practiced the tasks.
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spin echo sequence (thickness/gap = 3.0/0.75 mm, in-plane resolution = 256  256, FOV = 200  200 mm, TR = 4000 ms, TE = 29
ms) were acquired. Finally, 192 T1 sagittal images (TR = 1730 ms,
TE = 3.93 ms, thickness = 1.0 mm, no gap, in-plane resolution =
256  256, FOV = 240  240 mm, flip angle = 15j) covering
the whole brain were obtained.
Data preprocessing
We used AFNI (Cox, 1996; Version 2.52c) for preprocessing
and GLM-De analysis. For the rest condition data, the first 10 time
points were discarded for scanner calibration and for subjects to get
used to the circumstance. Redundant (relative to finger movement
conditions) 122 time points of the latter part were also discarded.
Thus, 78 time points from the rest condition time series were kept
for ReHo analysis (see Regional homogeneity section). For finger
movement data, the first two trials (28 time points) were discarded.
Thus, 192 time points, 13 trials for each of left and right hand, were
kept. No visible head movement was found by cinematic viewing
at EPI images of all subjects. Further preprocessing procedures
included motion correction, within-subject registration, time aligning across slices, time series linear detrending, voxels resampling
to 3  3  3 mm3, spatially smoothing [FWHM = 0 (i.e., no
spatially smoothing), 4, and 8 mm, respectively] and spatially
normalizing (Talairach and Tournoux, 1988). Individual mask was
created from the three-dimensional data by setting the value of
voxels out of brain to zero by Brain Extraction Tool (Smith, 2002).
After averaging all the individual masks, any voxel’s value would
be set to zero if this voxel was not scanned from all six subjects.
For the data of either finger movement conditions or rest conditions, only the voxels within the averaged mask was taken into
further analysis.
GLM with deconvolution
Individual activation maps were generated by deconvolution
program in AFNI (Cox, 1996; Version 2.12c, section Deconvolution Analysis of fMRI Time Series Data by B. Douglas Ward)
voxel by voxel. First, the impulse response functions (IRF) were
estimated based on the input stimulus functions and the observed fMRI time series. The impulse response functions were
then convolved with the stimulus functions to yield the estimated response. Finally, the F statistics was calculated for each
voxel to test the ‘‘goodness’’ of the fit between the observed
time series and the estimated response. Selected parameters are
minimum lag = 0, maximum lag = 5, that is, hemodynamic
response duration being assumed to be six time points (12 s). The
individual F maps for left and right finger movement conditions
were converted to normal distribution Z maps. Individual IRFs for
each left and right finger movement task were also obtained from
GLM-De.

Scanning procedures
Regional homogeneity
Scans were acquired on a SIEMENS TRIO 3-Tesla scanner in the
Institute of Biophysics, Chinese Academy of Sciences. Subjects lay
supine in the scanner, and their head was snugly fixed with foam
pads and a belt. For each resting and finger movement scanning
session, 32 axial slices with echo-planar images (EPI) pulse sequence (thickness/gap = 3.0/0.75 mm, in-plane resolution = 64  64,
TR = 2000 ms, TE = 30 ms, flip angle = 90j, FOV = 220  220 mm),
and 210 volumes were obtained. At the same position, 32 slices by

As described above, the length of IRF for each trial of finger
movement was assumed to be six time points (12 s). Then, 13
trials, totally 78 time points, were picked out, and new time series
was acquired for each left and right finger movement conditions.
The rest condition data also consisted 78 time points. Thus, three
new kinds of time series were obtained for five subjects. The other
subject had only two new kinds of movement time series. All the
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Table 1
The number of masses (MN) showing significant difference and the total
number of voxels (TV, in mm3) meeting the given criteria
FWHM

KCC

Z

7

0
4
8

19

27

MN

MN

TV

MN

TV

MN

TV

1
5
18

1259
8536
31,874

7
8
22

9054
12,312
46,457

8
22
28

11,573
32,914
59,152

TV

Paired t test statistical inference
1
14
27

2349
19,683
117,450

FWHM: 0 (no spatial smoothing), 4, and 8 mm, respectively. Value under
KCC: cluster size = 7, 19, and 27 voxels, respectively. Z: t test results from
Z maps of GLM-De.

new time series were taken into ReHo calculation. A KCC
(Kendall and Gibbons, 1990) was assigned to a given voxel by
calculating the KCC of time series of this voxel with those of its
nearest neighbors (6, 18, and 26, respectively):
W ¼

RðRi Þ2  nðRÞ2
1 2 3
K ðn  nÞ
12

the number of its neighbors); n is the number of ranks (here n =
78). The KCC program was coded in MATLAB (The MathWorks,
Inc., Natick, MA). Thus, an individual ReHo map was generated
for each dataset.

ð1Þ

where W is the KCC among given voxels, ranged from 0 to 1; Ri is
the sum rank of the ith time point; where R ¼ ððn þ 1ÞKÞ=2 is the
mean of the Ri’s; K is the number of time series within a measured
cluster (here, K = 7, 19, and 27, respectively; one given voxel plus

As Fig. 1 shows, it is more difficult to get direct meaningful
results from individual KCC maps than from Z maps, although
higher KCC could be seen at ipsilateral primary motor cortex
(M1) than contralateral M1 (Figs. 1c and d). Hence, paired t test
was done to compare different conditions. Such paired t test is a
second-level analysis corresponding to random effects across
subject, which has been performed elsewhere (e.g., Doyon et
al., 2002; Greicius et al., 2003). For left and right finger
movement conditions, six subjects were included. Paired t test
was done between the two groups on Z maps obtained by GLMDe method and on KCC maps obtained by ReHo method,
respectively. Voxel’s t value of >2.571 ( P < 0.05; n = 6) and
mass volume of >540 mm3 were considered as significantly
different between left and right hand movement conditions. There
were totally nine parameter combinations for ReHo: three sorts of
spatial smoothing multiplying three sorts of cluster size. However, for GLM-De, there were only three sorts of spatial smoothing.
Therefore, 12 paired t tests were done to get difference between
left and right finger movements. The number of masses and the
total number of voxels above the given threshold were illustrated

Table 2
Detailed information about difference between left and right finger movements by methods ReHo (magnitude of spatial smoothing FWHM = 4 mm and size of
cluster = 27 voxels) and GLM-De (magnitude of spatial smoothing FWHM = 4 mm)
KCC

Z

MV

x

y

z

9084
3748
2161
1778
1477
1341
1149
1122
1122
1067
1040
985
848
821
766
711
684
657
629
602
575
547

32.1
3.6
0.7
0.8
52.9
31.5
35.6
45.3
40.7
12.3
28.2
16.6
6.1
26.8
50.4
5.3
50.3
32.6
32.4
39.5
25.8
9.5

20
53.8
49.3
45.2
6.2
41.6
60.3
61.2
22.4
4.8
34.8
81.6
39.6
23.6
27.4
19.4
8.9
40.1
6.1
51
48.3
67.1

56.6
19.3
20.2
4.4
5.1
14.2
18.7
26.5
52.8
10.3
5.7
1.7
65.7
47.7
3.8
48.7
13.5
35.6
25.6
0.7
63.2
19

R
R
B
B
L
L
R
L
L
L
R
L
R
L
L
R
R
L
L
R
R
R

Location, BA

MV

x

y

z

M1, 4
PCC, 23, 30
MdFG, 9
MdFG, 32
STG, 21
MiFG, 46
FG, 37
AG, 39
M1, 4
Tha
IFG, 47
LG, 18
PCL, 5
MiFG, 8
STG, 22
SMA, 6
STG, 38
SMG, 40
PHG, 35
MiTG, 21
SPL, 7
Cerebellum

8883
1512
1215
1161
972
810
783
729
675
675
594
567
567
540

38.2
40
12.1
3.7
23.9
36.7
8.7
45.6
50.9
12.3
49.1
43.5
3.7
22.7

24.1
21.2
17.5
0.1
62.7
49.5
40
32.4
13.1
17.3
36.9
66.6
77.8
66.8

52.6
49.8
10.7
42.9
44.4
49.2
67.5
13.7
13.8
67.7
18
1.1
36.5
8.8

Location, BA
R
L
R
R
L
L
R
R
R
R
L
R
R
R

M1, 4
M1, 4
Tha
SMA, 6
PPC, 7
SPL, 7
PCL, 5
MiTG, 22
TTG, 42
MdFG, 6
STG, 22
ITG, 19
PCu, 7
LG, 18

Left part: results based on KCC maps from ReHo. Right part: results based on Z maps from GLM-De. MV denotes mass volume (in mm3); x, y, z, coordinates
(in mm3) of the mass center in normalized atlas; BA, Broadmann area; L, left; R, right; B, bilateral.
Nomenclature abbreviations. AG denotes angular gyrus; FG, fusiform gyrus; IFG, inferior frontal gyrus; ITG, inferior temporal gyrus; LG, lingual gyrus; PCL,
paracentral lobulus; M1, primary motor cortex; MdFG, medial frontal gyrus; MiFG, middle frontal gyrus; MiTG, middle temporal gyrus; PCC, posterior
cingulate cortex; PCu, precuneus; PHG, parahippocampal gyrus; PPC, posterior parietal cortex; SMA, supplementary motor area; SMG, supramarginal gyrus;
SPL, superior parietal lobulus; STG, superior temporal gyrus; Tha, thalamus; TTG, transversal temporal gyrus.
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Fig. 1. The Z maps (a, b, with spatial smoothing FWHM = 4 mm) and KCC
maps (c, d, with parameters combination of spatial smoothing FWHM = 4
mm and cluster size = 27 voxels) from the selected subject. (a, c) Left finger
movement. (b, d) Right finger movement. L denotes left; R, right. Note that
the threshold 0.5 of KCC (W) is an arbitrary value between 0 and 1.

Fig. 3. Paired t test between left and right hand movement conditions based
on Z maps (with FWHM = 4 mm) by GLM-De (a) and KCC maps (with
FWHM = 4 mm and cluster size = 27 voxels) by ReHo (b). Bright color: left
hand > right hand; dark color: right hand > left hand. L denotes left; R, right.

Fig. 4. Paired t test on KCC value between movement condition and rest
condition. (a) Right finger movement versus rest. (b) Left finger movement
versus rest. Dark color: hand movement > rest; bright color: rest > hand
movement. L denotes left; R, right.

Fig. 2. Results from the 12 paired t tests in one slice (z coordinate = 52 mm in
normalized atlas). From top to bottom: FWHM = 0, 4, and 8 mm,
respectively. From left to right under KCC cluster size = 7, 19, and 27 voxels,
respectively. Z denotes results of t test on Z maps of GLM-De. Values under
each figure are t range of the t test. Note that t > 2.571. L denotes left; R, right.
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in Table 1. For display purposes, results from the 12 paired t tests
in one slice (z coordinate = 52 mm in normalized atlas) including
M1 and supplementary motor area (SMA) were presented in
Fig. 2.
For detailed information about difference between left and right
finger movements by ReHo and GLM-De methods, a parameter of
FWHM = 4 mm was selected for both method, and 27 voxels for
cluster size were chosen for ReHo. Choosing these parameters was
a bit arbitrary, because it was unknown which voxels are true
positive or true negative by the paired t test. Detailed information,
including mass size, location of mass center, and so on, was
illustrated in Table 2.
For rest condition, only five subjects were included. Only one
parameter combination (FWHM = 4 mm and cluster size = 27
voxels) was used. Paired t test was done between left hand
movement condition and rest condition (left vs. rest), and similarly,
between right hand movement condition and rest condition (right
vs. rest). Voxel’s t value of >2.776 ( P < 0.05; n = 5) and mass
volume of >540 mm3 were considered as significantly different
between movement and rest conditions.
As small number of subjects was included in this study,
correction for multiple comparisons was done neither across whole
brain voxels nor across the three conditions.
At bilateral M1, voxels with greatest t value obtained by paired
t test on Z maps (spatial smoothing magnitude FWHM = 4 mm)
were taken as peak voxels. These peak voxels’ Z value of
movement conditions and their KCC value (spatial smoothing
magnitude FWHM = 4 mm and cluster size = 27 voxels) in the
three conditions (two movement conditions and one rest condition)

were illustrated in Fig. 5. The peak voxels’ IRFs from one selected
subject were also illustrated.

Results
Effects of magnitude of spatial smoothing and size of cluster on
KCC
From Table 1, one can see that the magnitude of spatial
smoothing affects the results of either ReHo or GLM-De; that is,
large magnitude of spatial smoothing yielded more significant
difference between left and right finger movements. The size of
cluster (7, 19, or 27 voxels) to be measured had strong effect on
KCC; that is, large size yielded much difference between the two
tasks. However, for merely M1 and SMA (Fig. 2), the size of
cluster does not seem to significantly affect the difference between
the two tasks.
Paired t test on Z maps (Fig. 3a and Table 2)
As expected, contralateral M1 was more strongly activated than
ipsilateral one during unilateral finger movement. Compared
between left and right finger movements, left finger movement
activated larger mass volume in right M1 than right finger
movement did in left M1. Stronger activation by left finger
movement could also be seen in right supplementary motor area
(SMA), right thalamus, left posterior parietal cortex [Broadmann
area (BA) 7], and so on. Except for left M1, no other brain area was

Fig. 5. Mean and standard deviation of Z value, KCC value (W) and IRF of the peak voxels at bilateral M1 (see Materials and methods). The IRFs are from
the selected subject. The value on y-axis of IRF is the regression coefficient at a given time point (totally, in the current study, six time points,
corresponding to 12 s).
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found more strongly activated by right finger movement than left
one at the given threshold (Fig. 3a and Table 2).
Paired t test on KCC maps (Figs. 2 and 3b, and Table 2)
Very interestingly, results from paired t test on KCC maps
between left and right finger movement conditions seemed to be
contrary to that from GLM-De. KCC value in ipsilateral M1
during unilateral finger movement was higher than in contralateral M1. Moreover, right finger movement induced larger mass
volume in right M1 than left finger movement did in left M1.
Such higher KCC in ipsilateral M1 could be seen by any
parameter combination (Fig. 2). Besides right M1, higher KCC
by right than left finger movement could be seen in right SMA,
left middle frontal gyrus (BA 8), left posterior parietal cortex (BA
7) and so on. Besides left M1, higher KCC by left than right
hand finger movement could be seen at left thalamus, bilateral
medial frontal gyri (BA 10 and 32), bilateral posterior cingulate
cortices (PCC; BA 23 and 30), left middle temporal gyrus (BA
22), and so on.
KCC of bilateral M1 and bilateral SMA was higher in either left
or right finger movement condition than in rest condition (Figs. 4
and 5). Higher KCC in rest condition than in left or right finger
movement conditions could be seen at bilateral medial frontal gyri
(BA 9 and 32) and PCC, and so on.
IRF, Z value and KCC value in bilateral M1
Fig. 5 shows that IRF in contralateral M1 is much ‘‘better’’ than
that from ipsilateral M1 in unilateral finger movement. Accordingly,
larger Z value indicates less variability of the IRF from trial to trial in
contralateral M1. KCC in ipsilateral M1 is higher than that in
contralateral M1 during unilateral finger movement. KCC in bilateral M1 is higher in movement conditions than in rest condition.

Discussions
In this study, results with GLM-De show that contralateral M1
is more significantly activated with unilateral finger movement
than ipsilateral M1. However, the results of ReHo seem, to some
extent, contrary to that by GLM-De; that is, KCC of ipsilateral M1
is higher than that of contralateral M1.
Electrophysiologic studies (Salmelin et al., 1995; Urbano et al.,
1998; Ziemann and Hallett, 2001) have shown that ipsilateral M1
is also activated during ipsilateral hand movement. The neural
basis of such ipsilateral activation remains unclear. Due to the
nature that fMRI signal is a relative hemodynamic change, some
results from fMRI studies on ipsilateral M1 activation have been
quite inconsistent to each other. For example, some results showed
activation, that is, increased hemodynamic response (Bernard et al.,
2002; Cramer et al., 1999) in ipsilateral M1 while some showed
deactivation, that is, decreased hemodynamic response (Allison et
al., 2000; Hamzei et al., 2002) during ipsilateral hand movements.
In this study, activation by GLM-De showed no much difference
between left and right M1 in ipsilateral movement condition (see Z
value in Fig. 5; right-hand – right-M1 vs. left-hand – left-M1 =
1.2928 F 0.7401 vs. 1.3631 F 1.7527). This result by GLM-De
does not support previous fMRI findings of activation or deactivation in ipsilateral M1. However, the KCC of ipsilateral M1 is
significantly higher than contralateral M1. This result partly sup-
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ports ipsilateral activation found by electrophysiologic studies.
GLM-De is a model-driven method. It requires a hypothesis that
there should be event-related hemodynamic response and that the
hemodynamic response is constant across events (trials or stimuli).
With so many constraints, GLM-De might not have demonstrated
hemodynamic changes in ipsilateral M1 during unilateral hand
movement. However, the data-driven method ReHo has no any a
priori stimulus – response model. We believe that changed KCC
implies changed hemodynamic response, but the character of such
hemodynamic response needs to be further investigated in future.
Another interesting finding in the present study is higher KCC
in PCC in rest condition than in movement conditions. A few
studies have revealed a network of cortical areas, including PCC,
activated during conscious rest state as compared to other cognitive
states (Mazoyer et al., 2001; Raichle et al., 1997; Shulman et al.,
1997). PCC has been considered as a critical node in this network
(Greicius et al., 2003). The presented ReHo method successfully
detected PCC in resting state as compared to finger movement
conditions.
Some parameters can significantly affect the results of ReHo.
The current results show that the magnitude of spatial smoothing
affects the result of either ReHo or GLM-De; that is, larger
magnitude of spatial smoothing yielded more significant difference between left and right finger movements. The size of cluster
(7, 19, or 27 voxels, respectively) to be measured had strong
effect on KCC; that is, larger size yielded more difference
between the two tasks. Similarly, the magnitude of spatial
smoothing also significantly affects the result of GLM-De.
Although it seems difficult to optimize these parameters from
the current study, higher KCC in ipsilateral M1 was confirmed by
any parameter combination (Fig. 2). Moreover, this result is
consistent to previous electrophysiologic findings (Salmelin et
al., 1995; Urbano et al., 1998; Ziemann and Hallett, 2001).
Compared to GLM-De, ReHo is not efficient to detect changes
in contralateral M1. Therefore, ReHo and GLM-De should be
complementary to each other.
In addition to the parameters like magnitude of spatial smoothing and cluster size to be measured, other factors, for example, the
volume of a specific brain area to be studied, might also affect the
results. It should also be noted that ReHo method could be used for
blocked design, slow event-related design, and the resting state.
However, it is not suitable for rapid event-related design, because
the hemodynamic response of more than one kind of tasks overlapped on each other.
In summary, ReHo supposed that voxels within a functional
brain area were more temporally homogeneous when this area is
involved in a specific condition. Compared to model-driven
method like GLM-De, ReHo seems to be less sensitive to constant
event-related hemodynamic responses. However, its major advantage is the ability to detect unpredicted hemodynamic responses
that model-driven method failed to find out. Such unpredicted
hemodynamic responses could help us understand the high complexity of the human brain function.
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