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SPHARM-Based Spatial fMRI Characterization With
Intersubject Anatomical Variability Reduction
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Abstract—It has been recently shown that spatial patterns of
activation within regions of interest (ROIs) in functional mag-
netic resonance imaging (fMRI) data can be used as sensitive
markers of brain activation differences. In this paper, we propose
novel invariant features for characterizing such spatial activation
patterns based on spherical harmonic (SPHARM) data represen-
tations. The proposed three dimensional (3-D) spatial features are
novel in that; first, they provide a unique representation of any
ROI’s functional data; second, they simultaneously account for
inherent inter-subject anatomical variability that may influence
any spatial characterization; third, they are invariant to similarity
transformations and hence allow for direct comparisons between
ROIs without any requirement for normalization to an atlas.
We present quantitative validation demonstrating our method’s
improved sensitivity in performing group analysis when com-
pared to traditional spatial normalization using synthetic data
at the ROI level. We also use the proposed technique along with
traditional normalization approach on real fMRI data collected
from PD patients and normal subjects. The proposed features
provide a powerful means to sensitively detect group-wise changes
in ROI-based fMRI activation patterns even in the presence of
anatomical variability.

Index Terms—Functional magnetic resonance imaging (fMRI),
group analysis, invariant features, ROI-based activation analysis,
spatial activation analysis, spherical harmonics (SPHARM).

I. INTRODUCTION

F UNCTIONAL magnetic resonance imaging (fMRI) is
increasingly being used to noninvasively study changes

in brain physiology caused by neurological disorders. A basic
fMRI experiment consists of a subject performing a motor or
cognitive task with brain scans being continuously acquired
using three dimensional (3-D) magnetic resonance imagining
(MRI) which yields a time series of image volumes. Based on
the seminal work on blood oxygen level dependent (BOLD)
MR signals by Ogawa et al. [1], researchers have developed
sophisticated ways to infer patterns of brain activity in response
to presented stimulus from image series. Typically, fMRI data
is analyzed by reducing an observed 3-D time course to a single
volume of representative parameters, such as statistics of the
likelihood that a given voxel was modulated by the behavioral
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task. A statistical parameter map (SPM) it thus typically de-
rived using variants of the general linear models (GLM) and
used to characterize the observed response based on the known
experimental design [2].

One of the key challenges in functional neuroimaging has
been in meaningfully combining results across subjects with the
typically present variations in brain anatomy (e.g., shape, size).
A common practice is to warp each subject’s (whole) brain to
a common template, i.e., normalize the brain to an atlas stero-
tactically and obtain SPMs in the atlas space. Individual SPMs
are then assumed to be perfectly aligned in 3-D space, voxel
by voxel, across subjects. Such a normalization-based approach,
however, poses challenges due to a number of complicating fac-
tors that may, to a large extent, affect the validity and accuracy
of subsequent statistical inferences [6]. Such factors include the
accuracy of the atlas used with respect to the subject population
[3], the accuracy of the spatial normalization process [4], and the
validity of the underlying assumption that anatomical registra-
tion equates with functional registration. An interesting article
by Brett et al. [5] explores the problems with spatial normaliza-
tion while inferring functional localization in an fMRI study.

Current spatial normalization methods frequently give imper-
fect registration results [7], especially around small subcortical
structures. This often results in signals from functionally distinct
areas being inappropriately combined [8], which is of partic-
ular concern when examining diseases affecting these structures
such as Parkinson’s disease (PD) [9]. Spatial normalization may
therefore lead to poor sensitivity in fMRI data analysis due to
reduced functional overlap across subjects. Spatial smoothing is
commonly performed to increase the functional overlap across
misaligned subjects but typically results in further degradation
in overall spatial resolution [10]. More localized approaches to
spatial alignment that align subject data at the ROI level, as op-
posed to the whole brain level, have been reported [6], [11], [12],
however, problems inherent with warping the data to a common
space prior to performing extensive statistical analyses to infer
task activation still persist. Examples include errors caused by
the interpolation itself that can be significant [13] as the opti-
mization criterion for interpolation of an image may have un-
intended statistical consequences on the final time series of the
voxels [14]. It is therefore desirable to perform analyses of the
fMRI time series in the original, spatially unwarped space.

An alternative approach to fMRI data analysis that circum-
vents the complications associated with normalization in order
to enhance sensitivity in detecting activation and associated dif-
ferences is to employ a direct feature based region of interest
(ROI) analysis (i.e., with no normalization to any atlas) [15],
[16]. Most current ROI-based analysis methods use simplified
measures such as mean voxel statistics or percentage of active
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voxels within the ROI as features [15]. Though such measures
have the advantages of being simple and invariant to subject po-
sitioning in the scanner, they ignore information encoded in the
spatial distribution of activation statistics within the ROI as they
are insensitive to the spatial relationships between region voxels
which were recently shown to be an important attribute of ac-
tivation. For example, examining the sum of activation statis-
tics within spheres of increasing radii was shown to sensitively
detect task-related differences in [17], however, such features
can only capture changes in the radial direction. A more sensi-
tive approach that employs three dimensional moment invariant
features (3DMI) of activation maps was proposed in [18], [19].
An interesting, positively counterintuitive result of the 3DMI
approach was that certain features (e.g., spatial variance) were
found to be sensitive to the actual task performed while being
relatively insensitive to anatomical variability across subjects.
However, 3DMI features do not explicitly account for struc-
tural intersubject variability present in the ROI masks or its ef-
fect on functional analysis. Thirion et al. [20] have proposed an
interesting alternative to fMRI data analysis that also requires
no spatial normalization for performing group analysis, instead
functional regions of interest are localized by segmenting the
SPMs themselves [20]. However, in many cases, specific brain
regions of interest are known to be involved in a disease process
(e.g., caudate, thalamus, putamen) and one would expect that
utilizing this prior anatomical knowledge would be more de-
sirable in these cases than detecting regions by segmenting the
activation maps. For example, in the study of neurological dis-
orders like PD, specific anatomical areas of the brain are known
to be affected [21], [22] therefore a localized functional anal-
ysis within these regions may be better suited to understand the
pathophysiology of the disease.

Another approach in characterizing spatial patterns of acti-
vation within an anatomically-defined, unwarped ROI would
be to use spherical-harmonic (SPHARM)-based representation.
Spherical harmonics [23] are a set of 3-D orthogonal func-
tions specified in the spherical coordinate system. Invariant
SPHARM based features, defined along concentric shells of
volumetric image data, have previously been used for data rep-
resentations in the context of 3-D shape retrieval systems in [24]
and [25]. That type of representation however suffered from the
inability to detect independent rotations of parts of the shape
along a subset of shells hence resulting in a region representa-
tion that is not unique to the ROI [24]. In [26] we investigated
the use of such invariant SPHARM descriptors for analyzing
anatomical structures (represented as binary 3-D shapes) in
structural MRI data. The shape parameterization employed
in [26] was limited to convex topologies which significantly
limited its applicability. In [27], we proposed an enhanced
more powerful version of that earlier SPHARM-based feature
representation which had the ability of handling arbitrarily
complex ROI shapes including those with disjoint topologies.
These enhanced features simultaneously overcame the topology
limitation of our original work in [26] as well as addressed
the non-unique representation problem by employing a radial
transform across the SPHARM features that were derived for
each of the concentric spheres within the 3-D structural MR
volume [27]. In this current paper, we extend our work and

present two novel contributions; first, we derive similar unique
invariant SPHARM-based features for full 3-D real valued data
(as opposed to our earlier work on binary ROI masks only) and
then employ these new features for representing 3-D functional
information in fMRI data. Second, we propose a novel subspace
projection technique that accounts for and mitigates the effects
of underlying structural (anatomical) inter-subject variability
in the ROIs, which is reflected in their binary shape masks. We
validate our proposed technique initially on synthetic data and
demonstrate its improved sensitivity compared to traditional
normalization based fMRI analysis methods. Furthermore, we
present results on real fMRI data from a bulb squeezing task
experiment performed by normal subjects and PD patients and
demonstrate that our proposed SPHARM based features are ca-
pable of detecting additional task related activation differences
than traditional normalization-based methods.

II. METHODS

We first describe the proposed SPHARM-based invariant spa-
tial features then present the principal component subspace ap-
proach we employ for reducing the effects of structural ROI
variability on the functional analysis. We then summarize our
statistical analysis approach used in the validation studies.

A. Proposed Invariant SPHARM-Based Spatial Features

Let a 3-D object (an ROI in our context) be described by
a function in the Cartesian coordinate system. This
function could be binary valued, like an ROI binary mask as in
(1), or real valued like an fMRI activation statistics map within
an ROI as in (2), where is the real valued activation statistic
obtained at the voxel position from the SPM. Note that
this definition does not place any restrictions on the topology of
the object, nor make any assumptions on the nature of the real
values within the ROI

(1)

(2)

One can expand such functions into the orthogonal basis of
a spherical harmonic representation [23], [30] such that they
are represented in a spherical coordinate system as ,
where is the distance from the origin, is the zenithal angle
and is the azimuthal angle

(3)

where are the spherical harmonic coefficients, while
is the spherical harmonic basis function of degree ,

order , given by

(4)
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Fig. 1. Example visualization of a 3-D function represented by a collection of its intersections with spherical shells of increasing radii. Real fMRI data from the
right cerebellar hemisphere of a normal subject performing the maximum frequency task (Section III-B) is depicted (only � values greater than a 2 are shown for
clarity). The two shells shown were obtained using a bandwidth of � � ���.

where is expressed in terms of the associated Le-
gendre polynomials as

(5)

If is the complex conjugate of , then the
spherical harmonic coefficients are given by [28]

(6)

Burel and Henocq [28] proposed the use of these spherical har-
monic expansion coefficients , to obtain features that are ro-
tationally invariant. However, the process of obtaining these co-
efficients by direct computation of the triple integral is not ef-
ficient and would be computationally very expensive for larger
ROIs. An alternate practical approach for computing (6) is to use
multiple concentric spherical shells [27]. We first define , the
spherical harmonic expansion of the function
for a specific value of as

(7)

The individual function , can be visualized as
the intersection between the function and a spher-
ical shell of radius (see Fig. 1). A number of such shells are
used at regular intervals to completely encompass .
The spherical harmonic expansion (7) is computed using an ef-
ficient implementation described by Healey et al. [29].

In order for the SPHARM representation to be invariant to
translational effects of the entire ROI, the origin of the spher-
ical shells are placed at the centre of mass, assuming a binary
mask for the spatial extent of the ROI. To create a scale invariant
representation (i.e., across ROIs of different sizes), a common
number of shells, , is used for computing (7) for all ROIs.
Although this is similar to scaling all ROIs volumetrically to fit
inside a unit radius sphere, it does not require resampling of the
data. For MRI data utilizing a cubic voxel grid, adequate sam-
pling dictates that the spacing between shells be voxels
wide. Thus, if is the largest extent of the ROI in question
across a group of subjects, is set at .

Surface sampling along each shell is performed on an equian-
gular spherical grid of dimensions [29], where
is the anticipated bandwidth of the function. A common band-
width, , is chosen for all shells, and is determined by the sur-
face area of the largest shell required for the ROI in question
across all subjects. Thus, since , we obtain

.
Earlier work on SPHARM features that utilize shells in the

manner described above derive the invariant shape features di-
rectly from (7), [24], [24], but this derived representation is
not unique [24], possibly resulting in two very distinct shapes
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having the exact same feature vectors. To address this problem,
we incorporate a radial transform [27]

(8)

Since this transform operates along the radial dimension, it re-
tains the relative orientation information of the shells, ensuring
a unique spherical harmonic representation to every ROI. Rota-
tionally invariant features can be then be derived as [28]

(9)

Note that we reshape into a single row vector, henceforth
termed the “feature vector”, of dimension for
later analysis (Section II.B). Our implementation ties together
the full 3-D unique SPHARM representation proposed by Burel
and Henocq [28] along with the efficient, but non-unique repre-
sentation of Kazhdan et al. [24] to obtain efficiently computed
and unique representation of full 3-D ROIs.

B. Reducing Effects of Intersubject Variability on Functional
Analysis

An important goal of our work in this paper is to minimize the
effects of anatomical variability on the assessment of the spatial
distribution of activation statistics in ROIs. We note that we are
not attempting to derive any general model of ROI anatomy for
a given population; rather our aim is to specifically minimize
the effects of anatomical variability within the group of subjects
being analyzed. Similar methods have in fact been used in a face
recognition application, where weighted PCA subspaces were
employed to reduce effects of different facial expressions within
the same subject [31].

Consider an fMRI experiment involving two groups indexed
by , where the groups and are defined as an
aggregation of subjects with a common factor. For example,
normal subjects could be considered to be in one group, while
subjects with a disease state could be part of the other group. Let

and denote the individual binary 3-D mask and the
corresponding fMRI activation statistics, respectively, within a
particular anatomical region for the th subject of the th group.
To perform our group analysis, our proposed SPHARM feature
vectors are derived as in (9) on each type of ROI separately (Left
Putamen, Right Putamen, Left Thalamus, etc). is set to a
value that takes into account all subjects from both groups, thus
ensuring that all derived feature vectors are of the same size .

Let a matrix be the collection of the SPHARM feature
vectors of a certain ROI (derived using (9)) for all of a
group , with each row corresponding to the feature vector of a
single subject. We name these features (struc-
tural) since they only capture the structural aspects of the ROI.
In this context, we emphasize that the term structure is used here
to describe the information contained in the binary ROI masks
of each subject. Similarly, let the matrix be the collection
of the SPHARM features obtained as in (9) but for all

for group . We term these features (function
structure). We note that these features represent the distri-

bution of real valued activation statistics within the anatomical
region and are influenced by two factors: the spatial pattern of
activation statistics within the ROI, and the shape (structure) of
the anatomically-defined ROIs. In functional studies this struc-
tural information mainly reflects inter-subject variability, which
adversely affects the primary aim of the analysis, namely re-
solving functional pattern changes across subject groups. Now
let and be the row-wise concatenated and

feature vector matrices, respectively, from both
groups bring analyzed. A principal component analysis (PCA)
of the pooled structural information in will determine direc-
tions of maximal structural variance. Hence, after the mean of
each column of is removed, a singular value decomposition
of yields a matrix and a diagonal matrix . The
columns of V (i.e., the eigenvectors ) represent the prin-
cipal components direction, while the diagonal elements of
(i.e., the eigenvalues ) reflect the variance of the corre-
sponding eigenvector. The directions of the eigenvectors with
larger magnitude of eigenvalues correspond to projections with
maximum inter-subject structural variations. We define as the
number of eigenvectors required to represent at least 95% of the
total variance observed in . This number was obtained empir-
ically and results remained robust with no significant changes
observed (Section IV) with changes from 86% to 97%,

Now in order to mitigate the effects of inter-subject vari-
ability, reflected in the binary ROI masks, on our functional
analysis, we first define a new set of projections (10) by re-
moving the first components from the original matrix . The
resulting subspace thus represents the set of projections min-
imally effected by the inter-subject variability in ROI shape ob-
served in the features across both groups being
compared.

(10)

If we define to be the mean centered collection of
features from all groups, then its projection on

the reduced subspace can now be obtained using

(11)

We term the features resulting from this projection, , as
features. is a matrix, with each row repre-

senting the feature vector for the corresponding
subject. These resultant features now have
reduced structural variation effects thus ensuring that subtle
functional pattern changes will not be obscured by structural
inter-subject variability. We note that since we pool data from
both groups to obtain our subspace projections, we ensure that
no systematic bias is introduced into subsequent analysis.

C. Statistical Group Analysis Approach Used

To efficiently discriminate two groups of 3-D fMRI distri-
butions, we first derive the features for each
subject’s ROI as per (12). To determine the level of statistical
significance of the difference between the groups, we employ a
nonparametric permutation test [32], [33], which generates the
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null distribution from the data itself and is well suited for anal-
ysis of long feature vectors where the underlying probability
distributions are typically not known.

Since each row of corresponds to the fea-
ture of one subject, we first separate the features into the two
groups indexed by as . This represents the observed distri-
bution of the feature vectors. Let represent the mean feature
vector for group . To obtain the null distribution of the hypoth-
esis, we randomly distribute the features in into two groups,

times. Let represent the mean feature vector of the group
at the nth instance of this random permutation procedure. We

define the Euclidean distance, , between the two mean feature
vectors, and as in (12)

(12)

where is an index of the feature vector elements. We now cal-
culate the level of significance, , based on the number of times
our random permutations yield a Euclidean distance greater than
the initial distance

(13)

The standard threshold of for the values is used
as an indication of significant differences between the popula-
tions being analyzed. We apply the same statistical group anal-
ysis procedure described above on the feature
vectors in .

D. The ROI Normalization Approach (ROI-N)

To demonstrate the advantages of our proposed fMRI anal-
ysis approach in terms of increased sensitivity to differences in
spatial functional patterns, we compare our results with those
obtained through a traditional normalization based approach.
To ensure fair comparison, we choose to use a modified ver-
sion of the ROI-AL method, first proposed by Stark and Okada
[6]. ROI-AL uses the same traditional normalization (warping)
to a common template approach but ensures better registration
by limiting the registration process to a specific region rather
than the whole brain. We term this method ROI-Normalization
or ROI-N.

The ROI-N approach proceeds by first obtaining the anatom-
ical (T1) image data for each of the subject. The anatomical
ROIs of all subjects except the first are then rigidly registered to
the first subject’s anatomical data and then averaged to obtain
the group template [6]. Non-rigid spatial normalization based on
spatial frequency basis functions [34] is then used to obtain the
parameters required to warp each subject’s anatomical scan to
the calculated image template. These parameters are then used
to normalize the corresponding functional SPM of each subject
to the common template space. Based on the traditionally ac-
cepted assumption that the voxels in the normalized space line
up across subjects and groups, a test for differences in the means
across the two groups of SPMs is then performed at each voxel
location yielding a group level t-statistic map. We note that the

traditional approach is more geared towards providing visual re-
sults and does not readily yield a “number” signifying the na-
ture or strength of difference in activation patterns between two
groups of subjects. To enable a fair comparison with our ap-
proach attempt to covert this visual result cue into a binary deci-
sion of whether a difference in activation was found between the
two groups. To do so, we apply a height threshold on the abso-
lute values of the t-statistics to retain only those voxels that have
significantly different means between the two groups. Since the
height threshold can be set using various factors like correction
for multiple comparisons, control of false positive rates (FPR)
etc, we use a range of thresholds in our example. We then apply a
cluster size threshold to further retain only those clusters which
have a voxel size equal to or greater than a minimum expected
cluster size [35]. We finally consider the existence of at least one
surviving cluster after the two threshold steps as an indication
that the groups being analyzed have a significant difference be-
tween them.

III. SIMULATED DATA AND REAL FUNCTIONAL

MR IMAGE ACQUISITION

We first describe our simulated fMRI data generation proce-
dure, which we use to validate the proposed fMRI SPHARM
based spatial analysis technique. We then outline the imaging
setup used to capture real fMRI data of PD patients and control
subjects which we employ in our real data tests of the presented
analysis method.

A. Synthetic fMRI Data Simulation

For validation purposes, we generated synthetic fMRI data
sets based on binary ROI masks obtained from real structural
MR data. This ensures that our synthetic examples have real
world structural variability as well as pose variability due to
variable subject positioning in the scanner. Ten binary ROI
masks of the right cerebellar hemisphere were obtained from
the control subject group of our fMRI study (explained in
Section III-B). Given this set of masks, denoted by , we
injected synthetic fMRI activation patterns into the ROIs to
obtain the corresponding set for this specific
example set was found to be 19 voxels, corresponding to 57
mm at 3 mm voxel resolution. The synthetic patterns injected
into the ROIs mimicked the activation response in an fMRI
experiment and were similar to the simulations reported in the
literature [17], [20]. To generate the patterns, we first obtain a
functional centroid by randomly jittering the centroid of each
binary mask in by up to three voxels in all three spatial
directions which corresponded to a maximum displacement
of 15.58 mm. We then generate a synthetic pattern by set-
ting all voxels within a distance of 5 voxels from the chosen
centroid to a value delta. Voxels at a distance between 5–10
voxels are set to —delta. Next, for each element of we
independently generate a spatial noise pattern with normally
distributed values with zero mean and unit variance. The mag-
nitude of delta can thus be varied to obtain the desired SNR.
Furthermore, to mimic the intrinsic spatial correlation of fMRI
data, we spatially smooth the injected signal values using a
Gaussian kernel ( mm) [20]. A cross section of
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Fig. 2. Comparison of simulated and real fMRI data showing realism of synthetic data generated for validation tests. (a) Example cross section of a synthetic
pattern injected into the binary mask of a real right cerebellar hemisphere at ��� � ����� dB. (b) Example cross section of a real fMRI activation statistic map
mapped to the same color map. The Z value indicates the slice number with the image volume.

an example dataset is shown in Fig. 2. Note the close
correspondence with real data shown alongside.

B. Real FMRI Data

Ten volunteers with clinically diagnosed PD participated in
our study which was approved by the appropriate Ethics Board.
Ten healthy, age-matched control subjects without active neu-
rological disorders were also recruited.

Experimental Design: Subjects lay on their back in the MR
scanner while viewing a computer screen via a projection-mirror
system. All subjects used an in-house designed response device
in their right hand; a custom-built MR-compatible water-filled
rubber squeeze-bulb connected to a pressure transducer placed
outside the scanner room via low-compliance tubing. Subjects
lay with their forearm resting down in a stable position, and
were instructed to squeeze the bulb using an isometric hand grip
to keep their grip constant. Each subject had his/her maximum
voluntary contraction (MVC) measured at the start of the exper-
iment and all subsequent movements were scaled to this. Target
output for the duration of the task was between 5% and 15% of
MVC.

Using the squeeze bulb, subjects were required to control
the width of an “inflatable disk” (shown as a black horizontal
bar on the screen) in order to keep the disk within an undu-
lating pathway without scraping the sides. The pathway used
a block design with sinusoidal sections of two different fre-
quencies (0.25 and 0.75 Hz) in a pseudo-random order, and
straight parts in between where the subjects had to keep a con-
stant force of 10% of MVC. The frequencies were chosen based
on prior findings [36] and pilot studies were used to determine
that PD subjects could comfortably perform the required task.
Each block lasted 20 s (exactly ten TR intervals), alternating a
sinusoid, constant force, sinusoid and so on to a total of 4 min.
Before the first scanning session, subjects practiced the task at
each frequency until errors stabilized and they were familiar
with the task requirements. Custom MATLAB software (The
Mathworks, Natick, MA) and the Psychtoolbox [37] were used

to design and present the stimuli, and to collect behavioral data
from the response devices.

Data Acquisition: Functional MRI was acquired using a
Philips Achieva 3.0 T scanner (Philips, Best, the Netherlands)
equipped with a head-coil. Echo-planar (EPI) T2* weighted
images with the blood oxygenation level-dependent (BOLD)
contrast were collected. Scanning parameters were: TR 2000
ms, TE 3.7 ms, flip angle 90 , field of view (FOV) 240 mm,

, pixel size 1.9 1.9 mm. Each
functional run lasted 260 s. Thirty-six axial slices of 3 mm
thickness were collected in each volume, with a gap thickness
of 1 mm. Slices were selected to cover the dorsal surface of the
brain and include the cerebellum ventrally. A high resolution
3-Dl T1-weighted image consisting of 170 axial slices was
acquired of the whole brain to facilitate anatomical localization
of activation for each subject.

FMRI Data Pre-Processing: The functional MRI data were
pre-processed for each subject using Brain Voyager’s trilinear
interpolation for 3-D motion correction and Sinc interpolation
for slice time correction (Brain Innovations, the Netherlands).
No temporal or spatial smoothing was performed on the data.
The data were further motion corrected with Motion-Corrected
Independent Component Analysis (MCICA), a computationally
expensive but highly accurate method for motion correction
[14]. The Brain Extraction Tool in MRIcro was used to strip
the skull from the anatomical scans and the first functional
image in each run to enable a more accurate alignment of the
functional and anatomical images. Custom scripts in Amira
software (Mercury Computer Systems, San Diego, USA)
were used to co-register the anatomical and functional im-
ages. Manual segmentation was used to obtain ROIs based
on anatomical landmarks guided by a neurological atlas [38].
Sixteen ROIs, hypothesised to be involved in motor tasks,
were drawn separately in the left and the right hemisphere.
The ROIs were outlined on the unwarped, aligned structural
scan for each subject using the Amira software and included
the following regions: primary motor cortex (M1) (Brodman
Area 4), supplementary motor cortex (SMA) (Brodman Area
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Fig. 3. False positive rates using ������ � � features for various values of the parameter � (Bandwidth). � � ���	. The graph shows that the FPR is well
under control even below the heuristically derived value of � (36 in this case).

6), prefrontal cortex (PFC) (Brodman Area 9 and 10), caudate
(CAU), putamen (PUT), thalamus (THA), cerebellum (CER)
and anterior cingulate cortex (ACC) (Brodman Area 28 and
32). The labels on the segmented anatomical scans were then
resliced at the fMRI resolution and the raw time courses of the
voxels within each ROI were subsequently extracted. Since
the task frequencies were too fast to be directly measured with
the sluggish hemodynamic response inherent in BOLD fMRI
signals, a block design was used for analysis. A hybrid Indepen-
dent Component Analysis (ICA)/General Linear Model scheme
was used to contrast each of the 2-frequency blocks with the
static force blocks [39] and create the statistical parametric
maps (SPMs).

IV. RESULTS AND DISCUSSION

We validate our proposed fMRI spatial analysis approach on
the data described in Section III. We first apply our technique
on the simulated data generated, and demonstrate the enhanced
sensitivity of the proposed SPHARM-based spatial features
in detecting functional pattern changes in the data. Quantita-
tive results illustrate that features outperform

features in sensitivity, confirming the positive
effect of inter-subject structural variability reduction. We use
the same dataset to quantify the normalization approach and
contrast its performance against the SPHARM features.

We also demonstrate the practical use of our approach in real
fMRI data by analyzing differences in the effects of task speed
on functional activation patterns in PD patients versus normal
subjects.

A. Validation on Synthetic Data

False Positive Rate (FPR) as a Function of Bandwidth The
first synthetic example we designed was to study the effects of
varying the bandwidth, , on the false positive rate (FPR) of the
proposed method. Two samples of were obtained with

no signal added (only noise) as was detailed in Section III-A.
features were derived for each of the ten binary

ROI masks in . and fea-
tures were then derived for each of the 10 synthetic ROI fMRI
activation statistics for the two samples of . These fea-
tures were then analyzed as explained in Section II to obtain the
corresponding value. for these sets was found to be 19
voxels; hence, the number of shells used was set at 40. The cor-
responding bandwidth for this data set, obtained was 36. How-
ever, to characterize the FPR as a function of the bandwidth,
the actual bandwidth used to obtain the SPHARM features was
varied over a range, and at each value a hundred such experi-
ments were performed.

Knowing that no differences exist between the two synthetic
data groups, we were able to detect false positives in the re-
sulting value from the permutation test. The value of was
set to 0.05 and any value below this threshold was declared a
false positive. Fig. 3 shows a graph of the false positive count as
a function of the bandwidth.

Fig. 3 clearly shows the stabilization of the false positive rate
(FPR) well before the theoretically obtained bandwidth of 36 is
reached. An FPR of 3 in a 100 trials is below the expected five
counts at the set alpha value, confirming FPR control.

Comparison With ROI-N: Two samples of were cre-
ated, one with no signal (only noise) and another with a known
non-zero signal value with SNR controlled by the magnitude
of delta (Section III-A). Fig. 4 plots the average SNR value
in the signal group against the delta value. Results for both
the SPHARM and the ROI-N approach were recorded for in-
creasing SNR values. The results are depicted in Figs. 6 and 7.

Figs. 6 and 7 summarize the performance of the proposed
SPHARM features. features were clearly able
to discern a difference in the two groups at dB and
higher SNR values. features perform better,
picking up the difference at an SNR value of dB.
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Fig. 4. Average SNR for each set of synthetic data plotted against the corresponding delta value. This graph shows that SNR can be controlled by varying the
delta value in the synthetic experiments.

Fig. 5. The p-values obtained from the permutation test on the SPHARM feature vectors at each SNR value. A black horizontal line at ����� � ���� is drawn
to indicate the decision threshold. The graph indicates the lowering p-values with increasing SNR.

Fig. 5 presents the p-values obtained from the permutation test at
each SNR value for both the SPHARM-f and the SPHARM-fs
features. Fig. 6 presents the corresponding Euclidian distance
observed at each SNR value, the solid markers indicate distances
at which the corresponding p-values were lower than 0.05.

Fig. 7 presents the results of the ROI normalization approach
for different height thresholds of the absolute value of the
t-statistic. Hayasaka et al. [35] showed that results are sensitive
to the height and cluster size thresholds used, both of which
are dependent on the estimated smoothness of the data. Based
on their simulation results, we use liberal thresholds of four
connected voxels (in a 26 voxel neighborhood) and height
thresholds beginning with an absolute value of 2.

An important point to note here that there is really no easy
way to directly compare these two methods, since the two
methods are designed to answer two different questions. In
approaches like ROI-N, one is mainly addressing the ques-
tion of “Where is the activation different?”, whereas the
SPHARM—based approach, the question is “Are the activa-
tion patterns different?”. We have tried to contrast the results

inferred using both these approaches based on the primary
common goal of detecting a differences between subject
groups.

The solid markers in the Figs. 6 and 7 represent the values
for the underlying observations where a correct detection deci-
sion was observed. The physical values, distance in Fig. 6, voxel
count in Fig. 7 are used to convey the trend observed with the de-
cision process as the signal content varies, they are not meant to
be compared against each other. The main purpose of the figures
is to illustrate that for the realistic pattern used; both SPHARM
features are able to detect the existing pattern difference at a
much lower signal level than the ROI-N method.

features perform better than
features confirming the advantage of the principal component
subspace approach we employed to reduce intersubject struc-
tural variations. The graphs for both SPHARM methods show a
monotonic trend of decisions taken emphasizing the robustness
of the method to noise. The ROI-N method on the other hand,
shows a higher susceptibility to noise, especially in the
curve in Fig. 7.
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Fig. 6. Sensitivity of the proposed SPHARM approach. The solid lines show the mean Euclidean distance between the feature vectors of a group with only noise
and of another group with increasing SNR for both methods. The star (blue) and triangle (red) markers denote distances which yielded a � value less 0.05 (Fig. 5),
signifying that the method detected differences between the groups.

B. Application to Real Clinical FMRI Data

Results of SPHARM Analysis: and
features were derived for all participants as

outlined in Section II. Table I presents the maximum radius and
bandwidth used for each of the sixteen ROIs analyzed (Both
the left and the right hemisphere ROIs were considered for
this table). Values for each ROI were obtained considering all
twenty participants. All features were obtained
using a subspace with of the PC subspace.

Table II displays the result of the SPHARM analysis. For each
ROI, permutation tests were performed for both SPHARM fea-
tures comparing the two tasks performed at different frequen-
cies. Each value indicates the result of the permutation test

with an alpha value . The table only
shows ROIs for which at least one test was found to be signifi-
cant. ROIs in the left hemisphere have a “ ” prefix, while those
in the right hemisphere have a ‘ ’ prefix.

Results From ROI Normalization: The Sixteen ROIs from
the twenty subjects were also analyzed using the ROI-N
approach. Both tasks were performed in the same session
enabling the same anatomical T1 ROI to be used to obtain cor-
responding functional maps. Hence the normalization template
obtained was used to warp both tasks fMRI activation statistics
(Section II.-D). Due to the uncertainty regarding the best height
and cluster size thresholds to be used, we tested a range of
height thresholds varying from 2 to 5 in steps of 0.5 in t-statistic
magnitudes, while using a cluster size threshold of 4. Among
the 32 tests performed (two subject groups with 16 ROIs each),
only the left and the right cerebellar hemispheres in the PD
subject group had at least one cluster left after the thresholding.

The results demonstrate that using the ROI normalization
(ROI-N) approach, increased movement rate was associated
with an increase in activity of the cerebellum bilaterally in
PD subjects, but not in age-matched, healthy controls. This is
consistent with an increased reliance on visual feedback in PD
subjects mediated by the cerebellum [40].

Using the SPHARM-fs features also identified a change in the
shape of activation within the bilateral cerebellar hemispheres of
PD subjects, and in addition was able to detect changes in the ac-
tivation of the ipsilateral prefrontal cortex of PD subjects. This
region is associated with performance monitoring [41], thus a
change in the activity of this area may reflect an increased at-
tention demand in PD subjects as the movement becomes more
difficult.

The SPHARM-f approach, in which structural variations in
ROI anatomy across subjects are minimized, showed greater
sensitivity to changes in BOLD activation features during in-
creased movement speeds. Specifically, control subjects showed
a change in the activation of contralateral thalamus with in-
creasing movement rate, consistent with an increased output
from the basal ganglia. PD subjects were apparently not able
to adjust the output through the thalamus, and instead showed
adjustments in the output from bilateral cerebellum, bilateral
prefrontal cortex, and contralateral M1 in response to increased
task demands. Increased activity of M1 and cerebellum in PD
has previously been suggested to be a compensatory mecha-
nism [42, 43]. It is thus possible that compensatory mechanisms
are recruited during tasks which make greater demands on the
motor system, and rely on changes to the shape as well as the
level of activation.

V. CONCLUSION

In this paper, we proposed a novel technique for analyzing
spatial activation patterns in fMRI data using 3-D SPHARM
features. The proposed features were obtained by intersecting
3-D real valued volumetric data with concentric shells of in-
creasing radii followed by a radial transform. This enabled us
to efficiently compute a spherical harmonic invariant feature
which overcame previous limitations of uniqueness. The pro-
posed method also included a technique for minimizing effects
of anatomical shape variations across subjects while retaining
the ability of discriminating subtle changes in spatial distri-
butions of fMRI activation patterns within an ROI. The effec-
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Fig. 7. Sensitivity of the ROI-N approach (which we compare with our approach). The number of voxels surviving various height thresholds is plotted against
the SNR. A cluster size threshold of four connected voxels was used in each case. The average uncorrected p-values are indicated for each threshold. This average
was computed based on the voxels surviving the thresholds. These results were computed from the exact same data used to generate Figs. 5 and 6.

TABLE I
MAXIMUM RADIUS OF ROIS AND CORRESPONDING BANDWIDTH USED

TABLE II
SPHARM ANALYSIS OF THE TWO FREQUENCY TASKS, ROIS WITH AT LEAST

ONE SIGNIFICANT RESULT ARE SHOWN

tiveness of the proposed approach in mitigating structural vari-
ability, robustness to noise, and comparative sensitivity were
validated on synthetic data. We applied the proposed approach
to discriminate functional pattern changes within anatomical
ROIs in real fMRI data. Using this technique, we were able
to demonstrate differences in the way PD patient and healthy
controls respond to an increased task demand, reflecting failure
of PD subjects to increase basal ganglia output, and a reliance
on cerebellar and cortical activity to enable successful perfor-
mance. This adjustment may reflect a compensatory mechanism
in PD subjects.

An interesting application of this proposed approach would
be to compare activation patterns between two subject groups
that are expected to have systematic changes in both structural

and functional aspects. Avenues to decouple these aspects in the
feature domain would yield promising new directions in fMRI
data analysis.
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