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Abstract. In conventional functional magnetic resonance imaging (fMRI) 
analysis, activation is often inferred by examining only the intensity modulation 
of blood-oxygen-level dependent (BOLD) signal of each voxel in isolation or in 
small, local clusters. However, as has been recently demonstrated, activation 
can in fact be detected by examining the spatial modulation of the BOLD 
distribution within a region of interest (ROI). In this paper, we propose and 
demonstrate with real fMRI data that analyzing such spatial changes can 
enhance the effect size of fMRI response detection over using intensity 
information alone. Furthermore, we show that such spatial changes consistently 
and significantly antecede mean intensity changes in multiple ROIs. We hence 
foresee spatial analysis of BOLD distribution to be a promising direction to 
explore in complementing pure intensity-based approaches. 

Keywords: functional MRI, spatio-temporal fMRI analysis, region of interest 
(ROI) analysis, fMRI response latency, effect size, 3D moments. 

1   Introduction 

Inferring brain activation from functional magnetic resonance imaging (fMRI) data is 
often performed by examining the intensity modulation of each voxel in isolation or 
in small, local clusters. Such voxel-based approach neglects information encoded by 
the spatial pattern of activation, which has been shown to pertain to the representation 
of different cognitive states [1]. Moreover, to make group inference under this 
approach requires spatial normalization to create an assumed voxel correspondence, 
which is prone to mis-registration [2]. An alternative group analysis approach to 
circumvent some of the stated limitations is to specify regions of interest (ROIs) for 
each subject and examine statistical properties of regional activation. This ROI-based 
approach, though not directly comparable to voxel-based analysis, addresses a more 
hypothesis-driven question of whether a certain brain region is activated. 

A standard way of summarizing the response of an ROI is to simply calculate the 
mean intensity [3]. Yet, in our previous work [4], we demonstrated that activation can 
be inferred from the spatial modulation of the blood-oxygen-level dependent (BOLD) 
distribution within an ROI. To further explore the benefits of such spatial analysis, we 
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investigate whether analyzing the spatial distribution changes in BOLD signals can 
increase the effect size of activation detection over using intensity information alone. 
Moreover, since the temporal profile of spatial changes is governed by the response 
onsets of the voxels as explained in Section 3, we propose that spatial changes would 
exhibit reduced detection latency compared to the sluggish hemodynamic response 
(HDR) with a typical delay of 6 s [5]. 

To measure the fMRI response delay, numerous methods have previously been 
proposed. [5-10]. For instance, Liao et al. [5], Friston et al. [6], and Henson et al. [7] 
model the response delay by incorporating the temporal derivative of the expected 
response into the general linear model (GLM). Similarly, Lange and Zeger [8] use 
GLM but in the Fourier domain, to estimate response delay and dispersion. 
Alternatively, Saad et al. [9,10] estimate the response delay by determining the 
amount of shift applied to an expected response that maximizes the correlation 
between a voxel intensity time course and that expected response. In this paper, a 
similar method is used to measure the delay in the spatial response. We demonstrate 
with real fMRI data that certain spatial features of the BOLD distribution, 
characterized using three dimensional (3D) moment descriptors, consistently and 
significantly antecede mean intensity changes in BOLD signals, in addition to 
increasing the effect size of activation detection. 

2   fMRI Data Acquisition and Preprocessing 

After obtaining informed consent, fMRI data were collected from 10 healthy subjects 
(3 men, 7 women, mean age 57.4 � 14 years) performing a right-handed motor task 
which involved squeezing a bulb with sufficient pressure such that a black horizontal 
bar shown on a screen was kept within an undulating pathway. The pathway remained 
straight during rest and became sinusoidal (at 0.25 Hz, 0.5Hz, or 0.75Hz presented in 
pseudo-random order) at the time of stimulus. Each run consisted of six 20 s stimuli 
with a 20 s rest period between the stimuli and at the start and end of each run. 

Functional MRI data were collected using a Philips Gyroscan Intera 3.0 T scanner 
(Philips, Best, Netherlands) equipped with a head-coil. T2*-weighted images with 
BOLD contrast were acquired using an echo-planar (EPI) sequence with an echo time 
of 3.7 ms, a repetition time of 1985 ms, a flip angle of 90°, an in plane resolution of 
128�128 pixels, and a pixel size of 1.9�1.9 mm. Each volume consisted of 36 axial 
slices of 3 mm thickness with a 1 mm gap. A 3D T1-weighted image consisting of 
170 axial slices was acquired to facilitate anatomical localization of activation. 

Each subject’s fMRI data were preprocessed using Brain Voyager’s (Brain 
Innovation B.V.) sinc interpolation for slice time correction and trilinear interpolation 
for 3D motion correction. Motion corrected independent component analysis 
(MCICA) [11] was then performed to further correct for motion. To account for 
temporal autocorrelations, each voxel’s intensity time course was high-pass filtered at 
0.02 Hz (paradigm frequency being 0.025 Hz) and whitened using an autoregressive 
AR(1) model as in SPM2 [12]. No spatial warping or smoothing was performed. 

Fourteen motor-related ROIs were manually drawn by an expert on each subject’s  
structural scan in their native space based upon anatomical landmarks and guided by a 
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neurological atlas [13] using the Amira software (Mercury Computer Systems, San 
Diego, USA). ROIs included the putamen, caudate, thalamus, cerebellum, primary 
motor cortex (M1), supplementary motor area (SMA), and prefrontal cortex (PFC). 
The segmented ROIs were resliced at the fMRI resolution and raw time courses of the 
voxels within each ROI were extracted for subsequent analysis. 

3   Methods 

The objective of this paper is to demonstrate that analyzing changes in the spatial 
distribution of BOLD signals increases the effect size of activation detection and 
facilitates earlier detection of brain response. Our approach, summarized in Fig. 1, 
consists of the following steps: ROI feature extraction, response delay analysis, and 
activation detection which we detail next. 

3.1   Spatial Feature Time Course Extraction 

To characterize spatial changes in BOLD signal distributions within an ROI, we use 
spatial features based on centralized 3D moments similar to those proposed in [4]:  
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where n = p + q + r is the order of the moment, �(x,y,z,t) is the intensity of a voxel 
located at (x,y,z) inside a given ROI at time t, and x , y , and z  are the time-
averaged centroid coordinates of �(x,y,z,t). To decouple the effect of overall ROI 
amplitude changes so that the detected modulations in the spatial feature can be 
purely attributed to spatial changes in the BOLD signal distribution, �(x,y,z,t), is 
normalized using a sigmoid function: 
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where �max(t) is the 99th percentile of the intensity magnitude of voxels within the 
given ROI at time t, and � is chosen such that outlier voxels with |�(x,y,z,t)| > �max(t) 
are saturated to 1 (or to 0 if �(x,y,z,t) < 0). � is set to 6 in this paper, but varying � 
from 5 to 7 at 0.25 increments did not affect the results. We emphasize that applying 
(2) to map �(x,y,z,t) to the same range of (0,1) at every time point t, ensures that any 
overall ROI amplitude changes will not affect the spatial feature values.  

To obtain results that can be easily interpreted physically, we restrict our analysis 
to 2nd and 3rd order 3D moment descriptors, which characterize spatial variance and 
skewness, respectively: 
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Fig. 1. fMRI response and latency estimation. (a) BOLD distribution of the left M1 of an 
arbitrary subject 4 s before to 4 s after stimulus onset (i.e. the time window (dashed box) in 
(b)). Intensity normalized between 0 and 1 is plotted. Intensity of voxels located in the negative 
z-direction (highlighted by red ellipses) increased upon stimulus. (b) z-normalized sample ROI 
feature time courses averaged over 10 subjects. The red solid curve corresponds to skewness of 
the BOLD distribution in the z direction and the blue dashed curve corresponds to mean ROI 
intensity. The solid green box-car curve corresponds to the timing of the stimulus. Changes in 
the skewness feature appear to lead changes in mean intensity. (c) GLM applied to estimate the 
response latency �* (for each feature time course) at which the stimulus effect �(�) is 
maximized for a boxcar shifted by � = 0 to 12 s at 2 s increments. 
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We note that J1(t) is invariant to rotation and translation, which accounts for pose 
inter-subject variability at the cost of losing directional information. To decipher the 
dominant direction of the spatial distribution changes, we separately analyze 
skewness in the x, y, and z directions, instead of summing Sx(t), Sy(t), and Sz(t). Also, 
to compare with the spatial features, the traditionally used mean intensity time course, 
I(t), for each ROI of a given subject is calculated by averaging the un-normalized 
intensity values over the ROI at every time point. 
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3.2 Activation Detection and Response Delay Analysis 

To detect ROI activation, we first model each ROI feature time course (J1(t), Sx(t), 
Sy(t), Sz(t) or I(t)) of a subject using GLM: 

���� �	 )()(XY  , (5) 

where Y is a feature time course, �(�) is the stimulus effect, and X(�) is the regressor 
matrix consisting of a column of ones and a box-car time-locked to stimulus with a 
delay of �. We did not convolve the box-car with a HDR function since spatial 
changes are expected to exhibit a different temporal profile than that of the HDR, as 
illustrated in Fig. 2. Consider an ROI BOLD distribution (sphere in Fig. 2-a) with the 
intensity of voxels closer to the activation centroid (e.g. shell A in Fig. 2-a) beginning 
to increase at time of stimulus followed by voxels farther away from the centroid (e.g. 
shell B in Fig. 2-b). The rate of this spatial change is governed by the different 
response onset times of the voxels, which is different from the rate at which the HDR 
reaches its peak (Fig. 2-c). Thus, spatial distribution changes are theoretically 
expected to have a different temporal profile than that of the HDR. 

 

B

tA

A B

time-to-peak

tB

In
te

ns
ity

time

A

BOLD Spatial 
distribution at tA

(a) (c)

A
B

BOLD Spatial 
distribution at tB

(b)

B

tA

A B

time-to-peak

tB

In
te

ns
ity

time

A

BOLD Spatial 
distribution at tA

(a)

A

BOLD Spatial 
distribution at tA

(a) (c)

A
B

BOLD Spatial 
distribution at tB

(b)

A
B

BOLD Spatial 
distribution at tB

(b)  
Fig. 2. Schematic diagram illustrating the timing difference between spatial distribution 
changes and the HDR. (a) The sphere represents a hypothetical ROI BOLD distribution 
spatially changing upon stimulus. At time tA (near stimulus onset), the intensity of the voxels 
inside shell A begins to increase, followed by (b) voxels between shells A and B at a later time 
tB. (c) The HDR temporal profiles of voxels residing on shell A and shell B. The rate at which 
the BOLD distribution spatially changes is governed by the different response onset times of 
the voxels, which is not directly related to the rate at which HDR reaches its peak. 

To estimate �(�), we apply least squares to (5) for � ranging from 0 to 12 s at 2 s 
delay increments. We interpolate the resulting �(�)’s using cubic splines to obtain a 
temporal resolution of 0.5 s. The � at which �(�) is maximized, denoted as �*, is then 
defined as the delay of the ROI feature under consideration [9,10]. Applying this 
procedure for every combination of feature and ROI results in 70 �(�*)’s (5 features 
and 14 ROIs) for each subject. To test for significant ROI activation, we apply a t-test 
to the �(�*)’s of all subjects for each combination of feature and ROI (e.g. Sz(t), Left 
M1), and declare significance at a critical t-value of 2.69, corresponding to a family-
wise p-value of 0.05 with FDR correction. To demonstrate reduced latency, we 
calculate the phase difference, �, between each spatial feature and mean intensity:  

� = �*(mean intensity) - �*(spatial feature). (6) 

A t-test is then applied to the �’s for each combination of feature and ROI (e.g. I(t) 
vs. Sz(t), Left M1) with significance declared at a p-value of 0.05 corrected with FDR. 
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4   Results and Discussion 

The ROI activation detection results obtained by applying a t-test to the stimulus 
effect across subjects for each feature/ROI combination are summarized in Fig. 3. 
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Fig. 3. ROI activation effect size comparison. The dotted, gridded, vertically, horizontally, and 
diagonally hatched bars correspond to mean intensity, spatial variance, and skewness is the x, 
y, and z directions, respectively. L = left, R = right, PUT = putamen, CAU = caudate, THA = 
thalamus, and CER = cerebellum. Both mean intensity and spatial variance detected the LCER 
and LSMA, but the effect size of spatial variance appears to be double that of mean intensity on 
average. Also, the spatial features additionally detected the LCAU, RTHA, RCER, LM1, RM1, 
RSMA, LPFC, and RPFC, thus demonstrating increased sensitivity. 

Both I(t) and J1(t) detected the left cerebellum and left SMA to be activated, but the 
effect sizes (i.e. the magnitude of the t-value) of J1(t) is double that of I(t) on average. 
In addition, J1(t) detected the left caudate, right cerebellum, left M1, right SMA, and 
right PFC, and skewness detected the right thalamus, right M1, and left PFC, thus 
demonstrating a substantial increase in sensitivity. We note that all examined ROIs 
are motor-related, hence detecting activation in the stated ROIs during performance of 
a motor task conforms to prior neuroscience knowledge. For instance, the thalamus 
has been shown to be associated with the scaling of movement [14]. Regarding 
possible ROI misspecifications, the significant group activation detection results in 
Fig. 3 suggest that the proposed spatial descriptors appear to be relatively robust to 
such potential misspecifications in detecting consistent spatial changes across 
subjects. Also, although skewness is prone to pose variability across subjects (which 
can be accounted for by rigidly pre-aligning the subject’s ROIs), the observed 
directional changes in BOLD concentration as measured with skewness, seems to 
have outweighted such inter-subject variability.   
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The results of the phase analysis obtained by subtracting the delay of the spatial 
feature from that of the mean intensity time course are summarized in Fig. 4. 
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Fig. 4. Phase difference between spatial feature and mean intensity averaged over subjects. The 
dotted, vertically, horizontally, and diagonally hatched bars correspond to average phase 
difference between mean intensity and skewness in the x, y, z directions and spatial variance. 
Significant phase differences are marked by a star with the corresponding p-value indicated. 
Skewness appears to lead mean intensity in the larger cortical regions. 

Significant phase differences were detected between I(t) and Sx(t), Sy(t), and Sz(t) in 
the larger cortical areas such as bilateral M1 and right SMA. In particular, changes in 
skewness of the BOLD distribution within these ROIs appeared to lead mean intensity 
changes by as much as 4 to 6 s. A plausible explanation can be gleaned from Fig. 1. 
Although the mean (unnormalized) ROI intensity did not ramp up significantly upon 
stimulus onset (Fig. 1-b, blue dashed curve), the intensity of the voxels located more 
towards the negative z-direction (voxels circled in red in Fig. 1-a) did increase, which 
would result in a marked shift in where the BOLD signals concentrate as detected by 
the proposed skewness features. Hence, the underlying idea is that even if the voxels 
within an ROI do not increase substantially upon stimulus due to the sluggish HDR, 
mild intensity increases in voxels residing at task-specific locations (while the 
intensity of other task-irrelevant voxels remain similar) would result in an amount of 
spatial shift in the BOLD distribution that appears sufficient to be detected by the 
proposed spatial features. Thus, earlier response detection is enabled. 

5   Conclusions 

We proposed and demonstrated with real fMRI data that analyzing spatial changes in 
the BOLD distribution provides larger activation effect size than examining intensity 
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alone. We also showed that spatial response significantly antecedes mean ROI 
intensity changes. Based on the results, the detection of task-related spatial changes 
appeared to be minimally affected by the HDR delay. Thus, we foresee that 
substantial benefits can be gained by incorporating spatial information into BOLD 
response detection, in complementing traditional intensity-based fMRI analysis. A 
direct extension of this work would be to deconvolve the spatial feature time courses 
and compare the temporal profile of the spatial response with that of the HDR. 
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