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Spatial Characterization of fMRI Activation Maps
Using Invariant 3-D Moment Descriptors
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Abstract—A novel approach is proposed for quantitatively char-
acterizing the spatial patterns of activation statistics in functional
magnetic resonance imaging (fMRI) activation maps. Specifically,
we propose using 3-D invariant moment descriptors, as opposed to
the traditionally-employed magnitude-based features such as mean
voxel statistics or percentage of activated voxels, to characterize
the task-specific spatial distribution of activation statistics within
a given region of interest (ROI). The proposed method is applied
to real fMRI data collected from 21 healthy subjects performing
previously-learned right-handed finger tapping sequences that
are either externally guided (EG) by a cue or internally guided
(IG)—tasks expected to incur subtle differences in motor-related
cortical and subcortical ROIs. Voxel-based activation statistics
contrasting EG versus rest and IG versus rest are examined in
multiple manually-drawn ROIs on unwarped brain images. Ana-
lyzing the activation statistics within each ROI using the proposed
3-D invariant moment descriptors detected significant group dif-
ferences between the two tasks, thus quantitatively demonstrating
that the spatial distribution of activation statistics within an ROI
represent an important task-related attribute of brain activation.
In contrast, conventional methods that solely rely on activation
statistic magnitudes and disregard spatial information showed
reduced discriminability. Normally, incorporating spatial infor-
mation would merely increase inter-subject variability partly due
to differences in brain size and subject’s orientation in the scanner.
Yet, our results suggest that the proposed spatial features, which
are invariant to similarity transformations, can effectively account
for such inter-subject variability, while enhancing the sensitivity
in detecting task-specific activation. Thus, we argue that this novel
quantitative description of the “3-D texture” of activation maps
provides new directions to explore for ROI-based fMRI analysis.

Index Terms—Brain imaging, functional magnetic resonance
imaging (fMRI) ROI characterization, spatial fMRI analysis,
three-dimensional (3-D) invariant moment descriptors.

I. INTRODUCTION

T HE main application of functional magnetic resonance
imaging (fMRI) is to map different brain regions to var-

ious human brain functions. This mapping typically entails cal-
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culating a statistic for each voxel related to its probability of
being activated during the performance of certain tasks and as-
sembling all voxel statistics into an activation statistics map.
The individually-derived activation maps are then either com-
pared across subject groups or across different tasks to draw
statistical inferences about brain activations. Due to anatom-
ical and functional intersubject variability, combining fMRI sta-
tistics across subjects to make group inferences is not trivial.
To this end, two broad approaches are traditionally employed.
The most common approach involves anatomically warping the
brain of each individual subject onto a common exemplar tem-
plate [1] to generate a voxel correspondence across subjects.
However, such an approach does not fully account for the spa-
tial variability in functional neuroanatomy. Moreover, in ad-
dition to the functional variability, the substantial anatomical
variability across individuals makes existing whole brain level
spatial normalization methods prone to misregistration errors
[2], [3], which greatly reduces the amount of functional overlap
across subjects. This issue is especially problematic for small,
subcortical regions and patients with disease-related brain de-
formations. To increase the amount of functional overlap (and
to choose a threshold for isolating the activated voxels [4]),
spatial smoothing is often performed at the expense of poten-
tially pooling responses from functionally dissimilar regions
[5], which degrades important spatial information. To reduce the
amount of misregistration, spatial normalization at the brain re-
gion level, which is more sensitive to local features, has been
proposed [6]–[8]. However, these approaches still would not
account for functional variability across subjects or patholog-
ically-induced brain deformations. Hence, spatial smoothing is
still required to increase functional overlap across subjects and
any residual registration errors potentially produced by these ap-
proaches will propagate into the functional analysis.

The alternative approach to brain warping is to specify re-
gions of interest (ROI) for each individual subject and to ex-
amine the statistical properties of regional activations across
subjects within these ROIs. The main advantage of this ROI-
based approach is that exact voxel correspondence across sub-
jects, and hence spatial normalization, is not required. This al-
lows the original information in the activation maps, which is
typically altered during spatial normalization, to be retained.
The drawback is that defining the ROIs and a metric to rigor-
ously characterize and compare ROI activation maps across sub-
jects without merely amplifying intersubject variability is very
challenging. ROIs are typically defined anatomically [5], [9],
[10], by relying on prior knowledge of neuroanatomy. Such ROI
definition, however, may include nonactivated voxels into the
analysis, which could result in reduced sensitivity in detecting
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task-related effects depending on the metric used. Yet, despite
this potential drawback, Castanon et al. demonstrated that the
ROI-based approach can offer finer localization and in fact in-
creases sensitivity to task-related effects compared to whole
brain warping [5]. Thus, an ROI-based approach is adopted in
this paper with a central focus on defining a metric sensitive to
task-related effects.

By far, mean activation statistics, percentage of activated
voxels, and variants of these metrics are the most often used
features in ROI-based analysis [9], [10]. For example, Buck et
al. used the mean activation statistics of different proportions of
voxels within an ROI to examine the reproducibility of results
for various cognitive tasks [10]. Allen and Courchesne used
the percentage of activated voxels and mean percent signal
changes to study the activation differences between subjects
with and without autism [11]. Similarly, Aizenstin et al. used
the percentage of voxels with negative t-values to compare
activation distributions of young and elderly subjects [12]. All
these features are essentially based on measuring the magni-
tudes of the activation statistics with the underlying assumption
that the spatial distribution of voxel activation statistics within
an ROI is immaterial. For clarity, these features will hereafter
be referred to as “magnitude-based” features in the remainder
of this paper.

Characterizing ROI activation statistics using magni-
tude-based features provides a simple means for comparing
activation maps across different subjects, since these methods
are insensitive to variability in brain shape, brain size, subjects’
orientation inside the MR scanner, and location of the acti-
vated voxels. However, we have previously demonstrated that
exploiting the spatial information encoded by the spatial distri-
bution of activation statistics within an ROI can significantly
increase discriminative power [13]. We note an interesting
parallel between magnitude-based features and neural coding
methods in the brain. At the neuronal level, the mean firing rate
(known as “rate coding”) is only one of the many possible ways
in which a particular brain response may be encoded. Other
models, such as “population coding,” suggest that the brain
response can be inferred from the overall pattern of activity
in a set of (spatially-disparate) neurons [14], and Haxby et al.
have demonstrated that this population coding concept may
also be present at the macroscopic scale of neuroimaging [15].
Similarly, instead of only looking at mean magnitude changes
in the activation statistics averaged over an ROI, exploring
the spatial distribution changes of activation statistics during
different task performances may also be beneficial.

In this paper, we propose a novel approach to quantitatively
characterize the spatial distribution of fMRI activation statistics
within an ROI by using 3-D moment invariants (3DMIs). Nor-
mally, incorporating spatial information would increase inter-
subject variability partly due to differences in brain size and sub-
ject’s orientation in the scanner and would not necessarily in-
crease discriminability across groups. Yet, the invariance prop-
erties of our proposed descriptors to similarity transformations
ensures that the extracted spatial features are independent of the
subject’s orientation in the MR scanner and brain size differ-
ences, which reduces the effects of such intersubject variability.
A recent study by Mangin et al. demonstrated the discriminative

power of 3DMIs on structural MRI data [16]. In this paper, we
extend the use of 3DMIs to functional MRI data.

Our proposed method is applied to real fMRI data recorded
from 21 healthy subjects performing externally and internally-
guided motor tasks. The motor task in both cases is the same
(Section II), but the brain processes involved are different de-
pending on whether the subject is mimicking a visual cue or
recalling the movement from memory. This relatively minor
but nonetheless crucial distinction makes such a task ideal for
testing the sensitivity of different activation discriminant anal-
ysis methods. Using 3DMIs, we demonstrate significant task-re-
lated activation differences in multiple ROIs that were unde-
tected with magnitude-based features. The results suggest that
different tasks might be encoded differently by the 3-D “spatial
texture” of the activation statistics within an ROI in addition to
the magnitude of activation.

II. MATERIALS

A. Study Subjects and Experimentalconditions

All research was approved by the appropriate Institutional
and Ethics Review Boards. After obtaining informed consent,
21 healthy subjects were asked to perform two motor tasks in
20 s blocks with their right hand while in the fMRI scanner. In
the first task, subjects were externally guided (EG), following
a finger tapping sequence displayed as a movie of a hand on
a screen. In the second task, subjects were internally guided
(IG), performing a finger tapping sequence they had seen on
a screen earlier during the first task, but recalling the sequence
from memory.

B. Data Acquisition

Images were acquired on a 3.0 T Siemens scanner (Siemens,
Erlangen, Germany) with a birdcage-type standard quadrature
head coil and an advanced nuclear magnetic resonance echo-
planar system. The participant’s head was positioned along the
canthomeatal line. Foam padding was used to limit head motion
within the coil. High-resolution T1-weighted anatomical images
(3-D SPGR, ms, ms, flip angle ,
voxel dimensions 1.0 1.0 1.0 mm, 176 256 voxels, 160
slices) were acquired for coregistration with the functional im-
ages. Co-planar T2-weighted functional images were acquired
at each time point using a gradient echoplanar sequence (

ms, , flip angle , , voxel di-
mensions 3.0 3.0 3.0 mm, imaging matrix 64 64 voxels,
49 slices). Each functional run consisted of 128 time points, and
two RF excitations were performed prior to image acquisition to
achieve steady-state transverse relaxation.

C. fMRI Preprocessing and Statistical Map Generation

The raw fMRI data were preprocessed for each subject inde-
pendently for slice timing and motion correction using the SPM
2 software [17]. Spatial filtering of functional time series was
performed by convolving each EPI image using a 2-D Gaussian
smoothing kernel with full-width half-maximum (FWHM) of
2.8 mm 2.8 mm. Temporal drifts were removed by linearly de-
trending each voxel’s intensity time course. A coloring scheme
[18] was then applied to account for temporal autocorrelations
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by smoothening each voxel’s time course temporally using a
1-D Gaussian filter with a FWHM of 6 s. No spatial normaliza-
tion (brain warping) was performed.

After preprocessing, each time point in all runs was coded
as a particular type of task [such as rest, right hand EG finger
sequence movements (FSM)]. To emphasize the proposed spa-
tial analysis, we chose to use the simplest method in generating
the statistical parametric maps: a simple t-test applied to each
voxel based on the BOLD signal changes in all runs between
two tasks: 1) right hand EG FSM versus rest and 2) right hand
IG FSM versus rest. The resulting voxel activation statistics
were then mapped onto the anatomical ROIs, which were man-
ually drawn by a trained observer according to standard atlases
[19]. Regions examined included bilateral caudate, lentiform
nucleus, thalamus, supplementary motor area (SMA), primary
motor cortex (PMC), prefrontal cortex (PFC), and cerebellar
hemisphere. We note that the rater reliability of the drawn ROIs
was demonstrated in an earlier publication [20] by the high de-
gree of correlation between the segmentations of
the same ROIs extracted twice, once predrug and once postdrug
administration on a pair of twins, one of whom has Parkinson’s
disease (PD).

III. METHODS

A. fMRI Discriminant Analysis Framework

The overarching goal of the proposed method is to provide
sensitive discriminant analysis of fMRI ROI activation statis-
tics by incorporating spatial information that has so far been ig-
nored in ROI-based fMRI analysis. The analysis may either be
across subjects, where the same ROI is compared across sub-
jects belonging to different groups (e.g., right cerebellar hemi-
sphere, all subjects in a disease group compared to all subjects
in a control group), or may be within the same group of subjects
across different tasks (e.g., right cerebellar hemisphere, activa-
tions statistics for the IG task compared to those of the EG task
for all subjects). For simplicity, in the remainder of this paper,
we will simply refer to both situations as comparing “Group A”
to “Group B.” To discriminate the activation statistics maps of
Group A from that of Group B’s, features characterizing the ac-
tivation statistics within an ROI are first extracted for each sub-
ject and collected into two groups. A permutation test is then
applied to each ROI feature separately to estimate the proba-
bility ( -value) of the null hypothesis that the activation maps
of the two groups are drawn from the same distribution.

B. Proposed ROI Spatial Features

The proposed 3-D spatial features (3DMIs) are calculated
based on 3-D moments, defined as

(1)

where is the order of the 3-D moment, are
the coordinates of a voxel, and is the t-value of a voxel
located at within an ROI. In this paper, we have re-
stricted our analysis to only positive t-values due to the presently
unclear interpretations of negative t-values [21], but our pro-
posed method can easily incorporate negative t-values by per-

forming the same analysis on the entire t-map. One may argue
that using all positive t-values will include nonactive voxels into
the analysis. However, the focus of spatial analysis is on how
voxels with relatively higher t-values are distributed within an
ROI in a task-specific manner as compared to voxels with lower
t-values. If certain voxels residing at particular locations within
an ROI are truly active but attained relatively low t-values due
to noise (false negatives), the spatial pattern of activation sta-
tistics imparted by these voxels will likely persist across sub-
jects. Thus, these voxels should be retained in the analysis. If
a high t-threshold is set, these voxels will be excluded from the
analysis. Conversely, if certain voxels are nonactive but attained
relatively high t-values (false positives), the spatial pattern im-
parted by these voxels in one subject will tend not to persist
across all subjects. Hence, inclusion of these voxels will only
reduce the discriminability of our spatial features. Therefore,
we opted not to set a hard t-threshold and contend that using
all positive t-values provides a more conservative estimate of
activation differences while retaining most of the original in-
formation of the ROIs, and is thus appropriate for our spatial
activation statistics analysis. We emphasize that the t-maps are
treated as grayscale images as opposed to setting voxels above
a certain t-threshold to one and the remaining voxels to zero.

To decouple the effect of any overall magnitude changes in
t-values in our spatial analysis and to account for intersubject
variability in the maximum t-value magnitudes (i.e., variability
in maximum activation levels), we normalize the t-values as
follows:

(2)

(3)

where is upper-bounded at a certain chosen percentile
to mitigate the effect of potential outlier t-values, is the
minimum t-value within the ROI (i.e., in this paper,
but if a t-threshold is applied, then will be equal to the
chosen t-threshold or if negative t-values are considered, then

will be equal to the minimum t-value of the ROI t-map),
and is the maximum within the ROI. In this
paper, the results presented correspond to upper-bounding the
t-values at the 99th percentile, but varying the percentile at
which we upper-bound from 98th percentile to 100th percentile
(i.e., maximum t-value) at 0.5 increments did not significantly
affect the results. Also, we emphasize that applying (2) and (3)
to map to the range [0,1] ensures that only relative
t-value magnitudes are being analyzed, which is critical in
spatial analysis since any overall magnitude changes in the
unnormalized t-values can alter the spatial feature values albeit
no spatial changes occurred. Also, normalizing the t-values by
their maximum within the given ROI ensures that all subjects
will have a normalized maximum t-value of 1, which accounts
for the intersubject variability in maximum activation level that
is often observed in fMRI studies.

Naively applying 3-D moments to characterize the spatial dis-
tribution of activation statistics can be problematic, since brain
size differences and spatial misalignments of the t-maps across
subjects would be inappropriately interpreted as spatial changes,
which greatly amplifies functionally-irrelevant intersubject vari-
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ability. Therefore, metrics invariant to similarity transforma-
tions (rotation, translation, and scaling) are needed to account
for these intersubject variability. In this study, 3DMIs are used
to ensure that the detected spatial differences in activation sta-
tistics are independent of the subjects’ orientation in the MR
scanner and brain size. Translational invariance can be obtained
by using central moments defined as

(4)

where , , and are the centroid coordinates of , cal-
culated as

(5)

Scale invariance can be obtained by normalizing the moments
as follows:

(6)

To obtain rotational invariance, the 3-D moments need to be
combined in specific ways. Five 3DMIs are examined in this
study. Three of which are based on second-order moments de-
rived by Sadjadi and Hall [22]

(7)

(8)

(9)

The other two 3DMIs, B3 (10) and B4 (11), based on third- and
fourth-order moments, are derived using moment tensor con-
traction similar to the approach by Reiss [23].

(10)

(11)

The details of the derivation are provided in the Appendix of
this paper.

We note that other higher order invariants can be derived
using similar procedures to those described in the Appendix
and 3DMIs based on complex moments [24] may also be used.
However, to facilitate intuitive physical interpretation as well as
considering that higher order moments are less robust to noise
[25], we have restricted our analysis to 3DMIs that consist of
only second-, third-, and fourth-order 3-D moments, which cor-
respond to combinations of spatial variance, skewness, and kur-
tosis. For example, can be interpreted as the sum of spatial
variance along the three , , coordinate directions, and
can be interpreted as a nonlinear combination of skewness and
other spatial descriptive terms.

To compare with our proposed spatial features, two mag-
nitude-based features are examined. Specifically, we have
chosen to examine thresholded mean activation statistics and
percentage of activated voxels, which are widely-used in
ROI-based fMRI analysis [9], [10]. The thresholded mean
activation statistics are calculated by averaging the voxel ac-
tivation statistics (or t-statistics as used in this paper) greater
than a particular threshold, , over an ROI. The percentage of
activated voxels is defined as the number of voxels with t-values
above divided by the total number of voxels within the ROI.
A range of from 2 to 8 at 0.5 increments, corresponding to

-values of approximately 0.05 to , was tested for the
magnitude-based feature analysis to account for the different
possible multiple comparison corrected -value thresholds.

C. Permutation Test

To determine the probability that the features extracted from
the ROI activation maps of the two experimental groups are
drawn from the same distribution, we used a permutation test,
which does not require a priori assumptions about the data dis-
tribution, and is thus preferred over t-test and F-test [26].

The permutation test procedure is as follows [27].
1) Let and be the values of a particular ROI fea-

ture (e.g., or thresholded mean activation statistics) for
group A and group B, respectively. Calculate the Maha-
lanobis distances between and using (12), and de-
note it as

(12)

(13)

(14)

2) Pool all sample feature values and , stripped of their
group labels.

3) Randomly draw samples from the pool of feature values
( since there are 21 subjects in this study), label
these samples , and label the remaining samples .

4) If between and is , increment a
counter by 1.

5) Repeat steps 3 to times, e.g., let .
6) The -value representing the probability that and

are drawn from the same distribution is estimated with the
value .

IV. RESULTS

In this study, we are interested in comparing magnitude-based
features, namely thresholded mean activation statistics and per-
centage of activated voxels, against our proposed 3DMIs spatial
features in terms of their ability to effectively discriminate ac-
tivation statistics differences. To determine whether the differ-
ences in activation statistics during EG versus IG are significant,
a permutation test was applied to the described features with the
results summarized in Table I. As mentioned in the Section III,
for the magnitude-based features, a range of t-thresholds from
2 to 8 at 0.5 increments was tested. Using thresholded mean
activation statistics, results were very sensitive to the choice of
threshold, where significant activation differences were detected
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TABLE I
P-VALUES OF ACTIVATION DIFFERENCES DURING EXTERNAL VERSUS INTERNAL TASKS BASED ON POSITIVE T-STATISTICS

only with a specific threshold for some of the ROIs. There-
fore, only results generated with and 6, with which the
same ROIs were consistently detected across different thresh-
olds were included in Table I. Similar patterns were observed
in the results for the percentage of activated voxels. Thus again,
only results generated with and 6 were included.

The threshold mean activation statistics detected the left and
right SMAs at both t-thresholds and additionally detected the
left PMC at a t-threshold of 6. The percentage of activated
voxels similarly detected the left and right SMAs, and also
detected the left thalamus, but only at a t-threshold of 3. In com-
parison, the spatial variance dominant features, , , and ,
the skewness dominant feature, , and the kurtosis dominant
feature, , all detected significant activation differences in the
right thalamus, the right PMC, and the left thalamus, which
was also detected with the percentage of activated voxels. ,

, and all additionally detected the left SMA, which is
again consistent with the magnitude-based results. Moreover,

further detected the left cerebellum, and and both
detected the left PMC and right PFC.

V. DISCUSSION

Our results illustrate that the proposed 3DMI-based spatial
analysis of fMRI data is a more sensitive approach for detecting
task-specific group changes in activation statistics within an ROI
compared to traditional magnitude-based features. The ROIs de-
tected with task-specific differences were also consistent with
previously-reported neurobiological knowledge, as briefly sum-
marized below.

A. Neurobiological Relevance of Task-Specific ROI Differences

Significant differences in activation statistics were detected
with 3DMIs in the left cerebellar hemisphere. Previous re-
search has also indicated that sequential (as opposed to single)
tasks often recruit the contralateral cerebellar hemisphere [28],
whereas the typical motor pathway involves the ipsilateral
cerebellar hemisphere [29]. It has been postulated that this
increased activity in the contralateral cerebellar hemisphere
may be related to the encoding of complex tasks [30].

Detecting significant differences in the SMA with all exam-
ined features can be explained by the fact that this neural region
is known to be preferentially invoked during internally guided
tasks [31]–[33]. This difference attributes to the increased con-
tralateral activity for right-hand tasks.

The thalamus is known to be involved in many motor and cog-
nitive functions including somatosensory integration. It is the
primary projection target for the basal ganglia and cerebellum
nucleus, as part of the basal ganglia and cerebello-thalamo-cor-
tical motor loops, which has been known to be differentially in-
volved in EG and IG tasks [34]. The significant differences in
the left thalamus may represent, at least in part, activity in loops
involving the basal ganglia and cerebellar nucleus.

Detecting significant differences between EG and IG tasks
in the left PMC is rather intriguing, since the PMC is the
final pathway for motor movements and the actual movements
performed during the EG and IG conditions were similar, thus
should require about the same level of activation. Significant
differences in the right PMC may be due to recruitment of
ipsilateral motor pathways as only about 85% of corticospinal
tract fibers decussate [35].

The dorsolateral prefrontal cortex (DLPFC) has been shown
to be involved in many cognitive-motor tasks, including
sequence learning [36], spatial working memory [37], and
movement planning and execution based on visual cues [38].
The finding of differential involvement in the DLPFC between
EG and IG movements supports the idea of task-related dif-
ferences in the spatial distribution of activation within this
relatively large anatomical area.

B. Spatial Analysis of fMRI Data

Our results suggest that although the magnitude of activation
might have been modulated by task, the changes in the spatial
distribution appear to be more discriminant. While it may be
possible to envisage a sensitive method that merely amplifies
intersubject variability, the proposed method based on invariant
spatial descriptors was able to capture task-modulated spatial
aspects of activation statistics that are consistent across sub-
jects, as shown in Fig. 1, where changes in and thresholded
mean of the left SMA during externally and internally guided
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Fig. 1. Distribution comparison between the proposed invariant spatial features and magnitude-based features. “x” and “o” correspond to � and thresholded mean
at � � �, respectively. Each “x”/“o” represents the difference in feature value of the left SMA during the externally and internally guided task for each subject.
The feature values were normalized by the standard deviation to bring the two features into the same scale. Examining the histograms, both features appear to
be roughly Gaussian, but the variance of � seems to be considerably smaller compared to the thresholded mean, which suggests that the amount of task-related
spatial changes is more consistent across subjects than magnitude changes. Similar trends were observed for the other proposed spatial features and ROIs. Also, �
(which corresponds to spatial variance) appears to be lower during the internally guided task, whereas the thresholded mean increased in magnitude. This suggests
that to perform the relatively more difficult internally guided task, the spatial extent of activation (i.e., the spread of activation from the centroid) actually decreases
in the left SMA (i.e., fewer voxels recruited) with voxels that are likely to be more task-specific activating at higher magnitudes on average, hence demonstrating
a task-related change in recruitment strategy.

tasks are plotted as an illustrative example. Notice that both fea-
tures are roughly Gaussian but the variance of is consider-
ably smaller, which demonstrates that the amount of task-related
spatial changes is more consistent across subjects than magni-
tude changes, and similar trends were observed for the other
proposed spatial features and ROIs. We also note an interesting
task-related pattern in the feature values. (which corresponds
to spatial variance) appears to be lower during the internally
guided task, whereas the thresholded mean increased in mag-
nitude. This suggests that to handle the relatively more difficult
internally guided task, the spatial extent of activation (i.e., the
spread of activation from the centroid) in the left SMA actually
decreases (i.e., fewer voxels recruited) with voxels that are likely
to be more task-specific activating at higher magnitudes on av-
erage. This task-related change in recruitment strategy would
have been missed if spatial information is ignored. Hence, be-
sides enhancing the sensitivity of activation discrimination anal-
ysis, incorporating spatial information has significant implica-
tions in furthering the understanding of human brain function at
macroscopic scales.

An important aspect of ROI-based fMRI analysis is the defi-
nition of the ROIs. In this paper, the ROIs were defined anatom-
ically with the aid of standard brain atlas, thus exploiting prior
neuroscience knowledge in defining the ROIs. An alternative ap-
proach would be to identify ROIs functionally as demonstrated
by Coulon et al. [39] and Thirion [40], where functional struc-
tures of interest are first extracted from each subject, and corre-
sponding structures across subjects are then matched to deter-
mine task-related active regions. Such an approach, we foresee,
can be used to identify functional subregions within our anatom-
ically defined ROIs (at least for larger cortical regions like the
PFC), whereby applying our proposed method to the identified

functional subregions can provide a more local spatial charac-
terization of the activation statistics.

A drawback of the proposed spatial features is that we cannot
easily state whether a given region is “more active” or “less ac-
tive,” just that activation patterns are similar or different. This
limitation is analogous to a population-coding perspective at the
neuronal level, where stating that a given region is more or less
active is very difficult when only the spatial distribution of acti-
vation changes. For cases where a significant spatial difference
is present, examining changes in the thresholded mean activa-
tion statistics may give some indication of which condition re-
sults in “more” activation, even if the changes in the thresholded
mean activation statistics does not reach statistical significance
due to, e.g., inappropriate threshold selection.

VI. CONCLUSION

In this paper, we presented a novel approach for fMRI data
analysis that incorporates spatial information in contrast to
traditional magnitude-based methods. The proposed technique
uses 3DMIs to characterize the spatial distribution of brain
activations within an ROI. Applying the proposed method to
real fMRI data quantitatively demonstrated that certain spatial
aspects of activation statistics appear to be significantly modu-
lated by task performance and are also well conserved across
subjects. Directly incorporating the spatial information would
normally worsen intersubject variability, but the invariance
properties of the proposed spatial descriptors account for vari-
ability in subject’s orientation in the scanner, while conserving
the task-related “textural” changes in brain activations. Our
results illustrated that incorporating spatial information can
greatly enhance the sensitivity in detecting changes in activation
statistics, as compared to using mean activation statistics and
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percentage of activated voxels as features. Hence, we believe
that this novel approach to fMRI data analysis provides very
promising directions to explore.

APPENDIX

3DMIs can be derived based on moment tensor contraction
[23] as follows.

Considering only rigid transformations, general tensors be-
come Cartesian tensors, thus covariant and contravariant tensors
are equal [41], meaning if is a Cartesian tensor, then

(15)

By contracting and , the third- and fourth-order
3DMIs, and , examined in this paper can be derived. For
the third-order case, let be a third-order moment tensor as
defined in [42], where each of the subscripts: , , and , goes
from 1 to 3 since 3DMIs are pursued. We then contract

(16)

(17)

and , , and can be calculated as follows:

(18)

(19)

(20)

where is the Kroneker’s delta function, is calculated by
counting the number of times the same pattern of
is generated by the above algorithm. For example, corre-
sponding to equals to 1 since only the case when ,

, and can the pattern be generated. Hence,
contracting using the above tensor contraction procedures re-
sults in

(21)

Similarly, contracting results in

(22)
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