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Abstract—This paper presents a method for classification of
structural brain magnetic resonance (MR) images, by using a
combination of deformation-based morphometry and machine
learning methods. A morphological representation of the anatomy
of interest is first obtained using a high-dimensional mass-pre-
serving template warping method, which results in tissue density
maps that constitute local tissue volumetric measurements. Re-
gions that display strong correlations between tissue volume and
classification (clinical) variables are extracted using a watershed
segmentation algorithm, taking into account the regional smooth-
ness of the correlation map which is estimated by a cross-validation
strategy to achieve robustness to outliers. A volume increment
algorithm is then applied to these regions to extract regional
volumetric features, from which a feature selection technique
using support vector machine (SVM)-based criteria is used to
select the most discriminative features, according to their effect on
the upper bound of the leave-one-out generalization error. Finally,
SVM-based classification is applied using the best set of features,
and it is tested using a leave-one-out cross-validation strategy. The
results on MR brain images of healthy controls and schizophrenia
patients demonstrate not only high classification accuracy (91.8%
for female subjects and 90.8% for male subjects), but also good
stability with respect to the number of features selected and the
size of SVM kernel used.

Index Terms—Feature selection, morphological pattern analysis,
pattern classification, structural MRI, regional feature extraction,
schizophrenia, support vector machines (SVM).

I. INTRODUCTION

ORPHOLOGICAL analysis of medical images is used
Min a variety of research and clinical studies that investi-
gate the effect of diseases and treatments on anatomical struc-
ture. Region of interest (ROI) volumetry has been traditionally
used to obtain regional measurement of anatomical volumes and
to investigate abnormal tissue structures with disease [1]. How-
ever, in practice, a priori knowledge about abnormal regions
is not always available. Even when a priori hypotheses can be
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made about specific ROIs, a region of abnormality might be part
of an ROI, or span over multiple ROIs, thereby potentially re-
ducing statistical power of the underlying morphological anal-
ysis. These limitations can be effectively overcome by methods
generally referred to as high-dimensional morphological Anal-
ysis (HDMA), such as voxel-based and deformation-based mor-
phometrical analysis methods [2]-[5]. However, a voxel-wise
analysis is limited by noise, registration error, and excessive
interindividual variability of measurements that are too local-
ized, such as voxel-wise displacement fields, Jacobian determi-
nants, or tissue density maps. Although the statistical power of
voxel-by-voxel analysis methods can be improved by simply
smoothing the morphological measures via a Gaussian filter
prior to statistical analysis, the smoothing is typically applied
uniformly to all brain regions and all individuals, i.e., it is not
adaptive to anatomical structures, shapes, abnormal regions, or
specific anatomies.

In neuroimaging studies using HDMA, voxel-wise mass-uni-
variate analysis methods have been widely utilized [3], [5]-[9].
However, these have limited ability to detect complex popula-
tion differences, because they do not take into account the mul-
tivariate relationships in the data [10]. More importantly, they
have very limited diagnostic power, since in every single re-
gion there is typically significant overlap between healthy and
diseased individuals. In order to overcome these limitations,
high-dimensional pattern classification methods have been ap-
plied in computational anatomy [11]-[18], aiming at capturing
multivariate relationships among various anatomical regions for
more effectively characterizing group differences. Both linear
classification approaches, such as linear discrimination analysis
(LDA), and nonlinear classification approaches, such as non-
linear support vector machine (SVM), have been proposed in
[11], [15]-[18]. While LDA may be optimal when the class dis-
tributions are Gaussian, SVMs are more effective in capturing
complex nonlinear relationships.

Although HDMA methods can measure localized structural
changes in unbiased (hypothesis-free) paradigms, they pose sev-
eral challenges such as the sheer dimensionality of HDMA-
based measurements, which is often in the millions, relative
to the small number of training samples, which is, at best, in
the hundreds and is often only a few dozen, and the inevitable
measurement noise that might originate from registration in-
accuracies or interindividual anatomical variations. Therefore,
HDMA-based measurements must be distilled down to a rela-
tively small number of most important features for classifica-
tion. Moreover, these features must be robust for classification
in order to support good generalization properties.
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The wavelet transform has been previously proposed to cap-
ture morphological features in HDMA-based MR brain classi-
fication frameworks [15]. The advantage of using the wavelet
decomposition is that it is able to powerfully represent data at
multiple scales, from which the most pertinent for classification
can be selected. However, the wavelet transform uses a fixed
mother function that is not able to adapt to the arbitrary shape
of potential abnormal regions, even after scaling, therefore in-
formative features for classification might be missed. Further-
more, the wavelet-based feature representation method yields a
large number of feature dimensions. Thus, additional feature se-
lection and reduction methods must be applied to produce good
generalization performance in small sample size problems.

Feature selection techniques have been adopted in many
morphological brain analysis studies, in order to produce a
small number of effective features for efficient classification
and to increase the generalization performance of the classifier
[13]-[15]. Feature ranking and feature subset selection are
two types of typical feature selection methods [19]. Subset
feature selection methods are generally time consuming, thus
inapplicable when millions of morphological features are
available, as in images in which each voxel is initially a feature.
Ranking-based feature selection methods are subject to local
optima. Therefore, these two feature selection methods are usu-
ally used jointly, i.e., using a ranking-based feature selection
method for selecting an initial set of important features, and
using a subset feature selection method for further selection.
Notably, feature selection methods directly select features from
the original feature set without any transformations. This makes
the classification results easier to interpret, since features used
for classification can be directly related to anatomical regions.
Thus, feature selection methods are substantively different
from the traditional linear feature dimensionality reduction
methods, such as principal component analysis (PCA), which
captures global features and are thus not always able to identify
localized abnormal brain regions.

COMPARE is a classification method for identification of
brain abnormality, which aims at overcoming certain limitations
in previous morphological analysis methods. A main emphasis
of this paper is the extraction of distinctive, but also robust
features from high-dimensional morphological measurements
obtained from brain MR images, which are used in conjunction
with nonlinear SVMs for classification. In COMPARE, the mor-
phological information used for group separation is obtained
via high-dimensional deformation fields registering a template
with an individual’s image. Features that are subsequently used
for classification are obtained in a way that is spatially adaptive
to the data and does not depend on predefined anatomical
regions. To achieve this, voxel-wise tissue density maps are
first extracted for each individual brain in a mass-preserving
shape transformation framework [5] that warps individuals to
a template space via an image registration approach referred
to as HAMMER [20], [21]. These morphological features are
further clustered into regions by a watershed segmentation
method [22], according to some measures of discriminative
power and reliability. Finally, a volume increment algorithm
produces robust features by grouping voxels that show similar
relationships to the classification variable. Thus, the regional
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volumetric features constructed this way form a feature vector,
which is used as a “morphological signature” for each brain.
The irrelevant and redundant features in the feature vector
are further removed by a feature selection method, in order to
improve the performance and generalization of a classifier in
brain classification. With a set of discriminative and reliable
features extracted and selected, a nonlinear SVM classifier
is thus constructed to determine whether the morphological
information derived from a particular brain implies abnor-
mality. Furthermore, for the purpose of interpretation of group
differences and separation, the group difference between two
populations can also be estimated from a constructed classifier
by a discriminative direction method [11], [15]. The perfor-
mance of COMPARE has been tested on a morphometric study
of schizophrenia using MR brain images.

The remainder of this paper is organized as follows. In Sec-
tion II, we detail three important steps in our methodology, i.e.,
feature extraction, feature selection and SVM-based brain clas-
sification. In Section III, experimental results on clinical data
are described. Conclusion and discussions are provided in Sec-
tion IV.

II. METHODS

COMPARE involves three steps: feature extraction, feature
selection, and nonlinear classification, which are detailed next.

A. Feature Extraction

As mentioned in Introduction, the features used for brain clas-
sification are extracted from automatically generated regions,
which are determined from the training data. Several issues are
taken into consideration here. First, morphological changes of
brain structures resulting from pathological processes usually
do not occur in isolated regions or in regions necessarily having
regular shapes. Moreover, these regions are not known a priori.
Second, noise, registration errors, and interindividual anatom-
ical variations necessitate the collection of morphological in-
formation from regions much larger than the voxel size, which
must additionally be distinctive of and adaptive to the pathology
of interest. Third, multivariate classification methods are most
effective and generalizable when applied to a small number of
reliable and discriminative features. Accordingly, features irrel-
evant to classification must be eliminated.

In the following sections, we will detail the procedure of au-
tomatically generating spatially adaptive regions from a training
dataset, by first introducing the method to extract local morpho-
logical features, then defining the criteria for adaptively clus-
tering voxels into regions, and finally extracting overall features
from each region.

1) Construction of a Morphological Profile for each Brain:
Warping individual brain images into a template space is
necessary for quantitative comparison of different individual
brain images. By performing this image warping procedure,
various morphological measurements, i.e., Jacobian deter-
minant and tissue-density maps can be obtained in the same
template space, thus facilitating the direct comparison of in-
dividual brains. Herein, we construct a morphological profile
for each individual brain by following a mass-preserving shape
transformation framework proposed in [5], which is related
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Fig. 1. Cross-sectional views of representative tissue density maps (WM, GM,
ventricular CSF, from left to right).

to “Jacobian modulation” widely used in the SPM software
package.!

Three steps are involved in the mass-preserving shape trans-
formation framework [5]. Each skull-stripped MR brain image
is first segmented into three tissues, namely gray matter (GM),
white matter (WM), and cerebrospinal fluid (CSF), by a brain
tissue segmentation method proposed in [23]. Afterwards,
each tissue-segmented brain image is spatially normalized
into a template space, by using a high-dimensional image
warping method, called HAMMER [20]. The total tissue mass
is preserved in each region during the image warping, which is
achieved by increasing the respective density when a region is
compressed, and vice versa. Finally, three tissue density maps,
fO, f1, f2, are generated in the template space, each reflecting
local volumetric measurements corresponding to GM, WM,
and ventricular CSF, respectively. Representative tissue density
maps are shown in Fig. 1. These tissue density maps give a
quantitative representation of the spatial distribution of tissues
in a brain, with brightness being proportional to the amount of
local tissue volume before warping.

2) Regional Grouping of Local Morphological Features by
Watershed Segmentation: The mass-preserving transformation
procedure described above generates three variables for each
brain voxel resulting in millions of variables. These measure-
ments must be reduced to a relatively small set of measurements
reflecting regional volumes, which the subsequent classifiers
can handle successfully with relatively few training samples.
Compared to voxel-wise features, regional measurements are al-
ways more robust to registration error and anatomical variation
across individuals. Most of the approaches that group voxels
into clusters fall under three categories: 1) Gaussian smoothing,
which is commonly used to improve the robustness of local fea-
tures by averaging them using a Gaussian point spread function
around each location [3]; similar are methods that group adja-
cent image voxels in boxes [14], [24]; 2) wavelet transformation,
which has been used to represent the morphological features at
multiple scales; 3) template warping techniques [20], [21] mea-
suring volumes within specific anatomical regions of interest
(ROIs) and tessellation algorithms [13] describing shapes using
small patches. However, most of these regional feature extrac-
tion approaches group local morphological features from fixed
ROIs, based on Cartesian grids at various scales or anatomical
regions, or based on tessellations that do not necessarily group
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together regions displaying similar characteristics with respect
to the classification variable. Therefore, these approaches are
not necessarily adaptive to the particular disease under study,
and they might generate volumetric measurements that blend
abnormal and healthy tissue in a single ROI, or that split a single
abnormal region into multiple ROIs, thereby enhancing the ef-
fects of noise and reducing predictive power.

The local morphological features should be adaptively
grouped according to the problem under study, since different
pathological processes might affect brain regions in different
ways. Thus, the affected regions might have irregular shapes
and are unknown in advance. Accordingly, a watershed seg-
mentation algorithm is used herein for adaptively generating
regions according to a discrimination and robustness measure
(DRM) of each local morphological feature. The watershed
segmentation algorithm is a traditional image segmentation
approach, widely utilized in medical image analysis for parti-
tioning images into different regions according to local intensity
similarity [22], [25]. Here, the watershed segmentation method
is used to partition a brain into different regions according to
the similarity of DRM of local features. In the following, we
define the DRM for local features.

For each voxel-wise morphological feature, its DRM is highly
related to its discriminative power and its spatial consistency
that is generally a measure of robustness as well as of spatial
uniformity. The discriminative power of a feature can be quan-
titatively measured by its relevance to classification as well as
its generalization ability. The relevance of a feature to classifica-
tion can be measured by the correlation between this feature and
the corresponding class label in a training dataset (i.e., normal
—1 or pathological +1). In machine learning and statistical anal-
ysis, the correlation measures can be broadly divided into linear
correlation and nonlinear correlation. Most nonlinear correla-
tion measures are based on the information-theoretical concept
of entropy, such as mutual information, computed by probability
estimation. For continuous features, probability density estima-
tion is a hard task especially when the number of available sam-
ples is limited. On the other hand, linear correlation measures
are easier to compute even for continuous features and are robust
to over-fitting, thus they are widely used for feature selection in
machine learning [19]. Here, we used the Pearson correlation
coefficient, whose use in feature selection is closely related to
that of the ¢-test [19], to measure the relevance of each feature to
classification. The larger the absolute value of Pearson correla-
tion coefficient is, the more relevant to classification this feature
is. Given a location, u, in the template space, the Pearson corre-
lation coefficient between a feature, f 7(u), of tissue 7 and class
label y is defined as

pi(u) = 2 (f}(u) - m) (v; —9)
V 5, (fiw) =T 5, ;- 72

ey

where j denotes the jth sample in the training dataset. Thus,

f3(u) is a morphological feature of tissue i in the location u

of jth sample, and f?(u) is the mean of )‘;(u) over all sam-
ples. Similarly, y; is a class label (normal —1 or pathological
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+1) of the jth sample, and ¥ is the mean of y; over all sam-
ples. In addition to the relevance, the generalizability of a fea-
ture is equally important for classification, especially in applica-
tions with high dimensionality relative to the sample size, such
as ours. A bagging strategy [26] is adopted to take the gener-
alization ability into account, when measuring the discrimina-
tive power of a feature by Pearson correlation coefficient. That
is, given n training samples, a leave-one-out procedure is used
to measure the discriminative power of each feature, f Z(u), by
a conservative principle, i.e., selecting the worst discriminative
power resulting from n leave-one-out measurements of the cor-
relation coefficient. We can formulate this conservative defini-
tion for generalizability of a feature, f?(u), as

Pi(u) = argmin

|5 () 0)

{riw)11<i<n}
where p;(u) is the Pearson correlation coefficient between the
feature f*(u) and the class label y at location w of tissue map
1, from the jth leave-one-out case where the jth sample is ex-
cluded. The definition of p’(u) is similar to the definition of
p'(u) in formula (1), except that the jth sample is excluded
for correlation coefficient statistical calculation. The definition
above helps exclude the outliers in the data. This is particularly
important for dealing with the small sample size problem in our
study, since outliers can be found by pure chance alone when
examining so many voxels and their respective correlation coef-
ficients. Other robust measurements, such as robust correlation
[27], can be also used if these measurements can be computed
very efficiently and are applicable to small sample size prob-
lems like ours.

The spatial consistency of voxel-wise features is another im-
portant issue in classification, which is directly related to the
robustness of a feature, since voxel-wise morphological fea-
tures are locally extracted and thus might not be reliable due
to registration errors and inter-individual anatomical variations.
A feature is spatially consistent if it is similar to other features
in its spatial neighborhood, implying that small registration er-
rors will not significantly change the value of this feature. The
spatial consistency of a voxel-wise feature can be measured by
the degree of agreement among all features in its spatial neigh-
borhood, which can be computed by an intraclass correlation
coefficient from the training samples [28]. For example, let us
assume that we have n training samples, and consider the spa-
tial consistency among m neighbors around the location, u, of
the tissue-density map, ¢. If the immediate neighborhood is con-
sidered, the total number of neighbors is m = 27. Thus, for
each location, u, in the tissue-density map, ¢, we can construct
an x m feature matrix, ie., [ff p(uw)], 7 = 1,...,n, k =

1,...,m, where f;k(u) is the tJissue-density value of the jth
training sample at the location of the kth neighbor around lo-
cation u. In order to measure the amount of agreement among
the features, a two-way random effect model is specified for this

feature matrix, i.e.,

;7k:l$+7"j+ck+€j,k, j=1...n, k=1,...m,
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where 1 is the grand mean for all density values in the matrix.
(For simplicity we have omitted the dependency of this random
effect model on 7, keeping in mind that spatial consistency is
examined for all tissue density maps.) In the equation above,
r;, j = 1,...,n, are the row effect independent random vari-
ables, with mean 0 and variance o2. cx, k = 1,...,m, are the
column effect independent random variables, with mean 0 and
variance o2. ejk, J=1,...,n, k=1,...,m,arethe residual
effect independent random variables, with mean 0 and variance
az. Based on above model, the spatial consistency, Ci(u), ofa

feature, f(u), can be computed by

2
o

2 2 2
of+oi+o0f

a

Ci(u) =

according to [28]. The spatial consistency, C(u), can be esti-

1,...,m,by calculating a mean square for rows (MSg), a mean

square for columns (MS¢), and a mean square error for resid-
uals (MSg)

Ci(u) = MSpk — MSg
" T MSg + (m— 1)MSg + 2 (MS¢ — MSg)’
2

MSg =m Zr]-—g /(n—l)7

j=1
MSc =n ch—g (m—1),

k=1
MSp = (> ) fix(w)?® = (n—1)MSg — (m - 1)MSc

j=1k=1

- m-n-g’ ((m —1)(n - 1)),

Tj:zf;,k/m7
k=1
Ck:Zfé,k:/nv
j=1
g=ZZf€k/<m-n>- 3)

j=1k=1

In our applications, the value of C'(u) is constrained to be be-
tween O and 1.

In addition to helping alleviate the impact of the potential reg-
istration error, the spatial consistency is an important step in the
whole process for additional reasons that will become clearer
below. Briefly, it serves the purpose of a “statistical group-wise
edge detector,” in that it analyzes the tissue density maps of
a number of individuals, and identifies regions displaying dif-
ferent behavior, in a statistical sense. These regions will be used
in the following section by a watershed segmentation algorithm
in order to form boundaries of clusters of voxels showing sim-
ilar properties.
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Fig. 2. Cross-sectional views of automatically generated brain regions from
WM, GM, and CSF tissue density maps (from left to right).

As described above, the discriminative power, measured by
the absolute value of P?(u), and the spatial consistency, mea-
sured by C(u), have nonnegative values with high score indi-
cating a better feature for classification. We combine these two
measurements into one by the following equation:

s'(u) = P'(u)C" (u) @

thus, obtaining a single score, s*(u), for each feature, f?(u). The
absolute value of s (u) reflects the suitability of a feature, f%(u),
for classification. Three score maps are produced for GM, WM,
and CSF, respectively.

By calculating the gradient map of a score map, s'(u),
and using it in conjunction with a watershed segmentation
algorithm, we partition a brain into R’ different regions,
ie., {r'li, 1 <1< R'}. In order to avoid over-segmenta-
tion, Gaussian smoothing is applied to the score map before
computing its gradient map. By applying the watershed seg-
mentation algorithm to the score map of each tissue, we finally
obtain separate partitions for each tissue. Typical brain region
partition results, with regions generated from each specific
tissue-density map, are shown in Fig. 2.

3) Extraction of Regional Features From Adaptively Gener-
ated Regions: A simple way to use the watershed-derived re-
gional volumetric elements would be to sum all tissue density
values in each region, yielding a volumetric measure, Uf ;» cor-
responding to Ith region in jth sample. Such volumetric mea-
sures from all WM, GM, and CSF regions could constitute a
feature vector to represent morphological information of the
brain, which is robust to noise, registration error, and interindi-
vidual anatomical variation. However, using all voxels in the re-
gion to compute the overall volumetric measure might decrease
the discriminative power of this region for classification, since
the watershed segmentation provides a rough partitioning of the
space, without directly optimizing classification performance
obtained from the derived regions. On the other hand, the wa-
tershed-based region partition can provide a good initialization
for the next step of selecting a subvolume from each watershed
region by optimizing the classification power of the features ex-
tracted from the selected subvolume. For this purpose, we use a
selective volumetric increment method based on a similar idea
to that of the forward feature selection method. We first select a
voxel with the highest discriminative power in each region under
consideration. Then, we start to include each neighboring voxel,

under the condition that inclusion of this neighboring voxel will
not decrease the discriminative power of regional feature calcu-
lated from the voxels currently selected. This procedure is iter-
ated, similarly to a traditional region growing method, until no
more voxels can be added to the set of selected voxels. The dis-
criminative power of a regional feature is measured by the ab-
solute value of the Pearson correlation coefficient between this
regional feature and the class label, similar to (2)

P(V/) = min

in |os(V7) )
where V' is a regional feature generated from the /th region of
tissue map 4, 7}. p;(V}') is the Pearson correlation coefficient
between regional feature Vll and class label y in the jth leave-
one-out case where the jth sample is excluded. This regional
feature extraction algorithm is summarized next.

Volume increment feature extraction algorithm:

Input: Regions {rj, { = 1,2,...,R', i =1,2,3}
respectively generated for three brain tissues by a
watershed segmentation algorithm; and tissue-density
maps {f}, i =1,2,3, j =1,2,...,n} corresponding
to n training samples.

Output: Regional features {(V}});, | =
1,2,...,R", i =1,23, j =1,2,...,n},

where (V}'); is a regional feature calculated from the /th
region of tissue density map ¢ of the jth sample; and a
set of partial regions {U}, [ =1,2,...,R', i=1,2,3}
used to extract a regional feature in each region. (Note
that we use (V}'); as a regional feature value of V' in
the jth sample.)

Begin:

For each region 7}, i = 1,2,3, | =

1. Select a voxel-based morphological
feature with the highest DRM in the
region 1y, i.e., at location u. Thus, the
regional feature for each sample is
{(Vi); = fi(w), j=1,2,....n},
and the set of selected voxels is

U = {u}.

2. Repeat

For each voxel u in the region
7, if it is not included in U; and
it is a neighbor of one voxel in
Uli, add this voxel % into U, lL
obtaining a new set of selected
voxels U} = Ui U {a}, and
then update the regional features
for each sample by (V}'); =

S pers Ji(w) feard(T), j =
1,2,...n.



98

If P(V/) > P(V),
Then, set {(V}'); =

(VIZ)J J =
1,2,...,n} and
Ul’i — Uli.

End if

End for

Until no more voxels in the region rli
can be added into Uj.

End for
End

B. Feature Selection Using SVM-Based Criteria

Although the number of the above generated regions is much
smaller than the number of original voxels, measures from some
regions are less effective, irrelevant and redundant for classifica-
tion. This requires a feature selection method to select a small
set of features in order to improve generalization and perfor-
mance of classification.

Generally, feature selection methods can be divided into fea-
ture ranking methods and feature subset selection methods; the
latter can be further divided into filters, wrappers and embedded
methods [19]. The feature ranking methods compute a ranking
score for each feature according to its discriminative power, and
then simply select top ranked features as final features for clas-
sification. These feature selection methods are preferable for
high dimensional problems, due to their computational scala-
bility. However, the subset of features selected by the feature
ranking methods might contain a lot of redundant features, since
the ranking score is computed independently for each feature, by
completely ignoring its correlation with others. On the contrary,
the feature subset selection methods focus on selecting a subset
of features that jointly have better discriminative power. In gen-
eral, sophisticated subset selection methods have better classifi-
cation performance than feature ranking methods, but their high
computational cost usually limits their applications to the high
dimensional problems. We present a method which combines
the advantages of both the feature ranking method and the fea-
ture subset selection method, as detailed next.

1) Correlation Based Feature Ranking: The Pearson
correlation coefficient has been successfully employed as a
feature ranking criterion in a number of applications [19]. In
order to achieve better generalization, the absolute value of
leave-one-out Pearson correlation coefficient computed by
formula (5) is used here to rank features. Since the correla-
tion among regional features has been completely ignored in
this feature ranking method, some redundant features can be
inevitably selected, which ultimately affects the classification
results as demonstrated in the Results section. Therefore, in
COMPARE this feature selection method provides a good set
of initial features, to be further optimized by the feature subset
selection method, as explained below.

2) SVM-Based Algorithm for Selecting a Subset of Features
From Top-Ranked Features: SVM-based feature selection
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methods have been successfully applied in a variety of
problems. One good example is the support vector machine-re-
cursive feature elimination (SVM-RFE) algorithm which was
initially proposed for a cancer classification problem [29], and
was later extended by introducing SVM-based leave-one-out
error bound criteria in [30]. The goal of SVM-RFE is to find
a subset of size n among d features (n < d) that optimizes
the performance of the classifier. This algorithm is based on a
backward sequential selection method that removes one feature
at a time. At each time, the removed feature makes the variation
of SVM-based leave-one-out error bound smallest, compared to
removing other features. In order to apply this subset selection
method to our problem in reasonable computation time and to
avoid local optima, we first use the proposed correlation-based
feature ranking method to select the most relevant features,
and then apply the SVM-RFE algorithm on the set of selected
features. However, such a procedure may miss informative
features whose rank is low, but which perform well jointly with
the top ranked features for classification. To partially solve this
problem, starting from the same initial feature subset, a forward
sequential feature selection method is applied, which adds one
feature at a time. At each time, the added feature makes the
variation of SVM-based leave-one-out error bound smallest,
compared to adding other features. The search space of the
forward selection is limited to a predefined feature subset in
order to obtain a solution with reasonable computation cost.

C. SVM-Based Classification

The nonlinear support vector machine is a supervised binary
classification algorithm [31]. SVM constructs a maximal margin
linear classifier in a high dimensional feature space, by mapping
the original features via a kernel function. The Gaussian radial
basis function kernel is used in COMPARE, which is defined as

e e 2
K(x1,22) = exp (—M) 6)

202

where 1 and x5 are two feature vectors, and o controls the size
of the Gaussian kernel.

SVM is not only empirically demonstrated to be one of the
most powerful pattern classification algorithms, but also has
provided many theoretical generalization bounds to estimate its
capacity, for example, the radius/margin bound, which could be
utilized in feature selection. Another reason for us to select the
SVM as a classifier is its inherent sample selection mechanism,
i.e., only support vectors affect the decision function, which may
help us find subtle differences between groups.

III. EXPERIMENTAL RESULTS

A. Testing Classification Performance

We tested the performance of COMPARE on two datasets of
MR T1 brain images, with the goal of comparing the brain dif-
ferences between schizophrenia patients and healthy controls.
The “dataset A” is on female subjects, with 23 schizophrenia
patients (SC) and 38 normal controls (NC), while “dataset B” is
on male subjects, with 46 SC and 41 NC, which were described
in [32]. For each of these MR T1 images, tissue density maps
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Fig. 3. Average image (top row) of 148 images in datasets A and B after they
were spatially normalized via elastic warping to the template (bottom row).
Clarity of the average image visually reflects good coregistration of different
tissues.

were generated via tissue classification [23] and elastic trans-
formations [20], [21]. In order to improve the signal-to-noise
ratio of the tissue density maps of these brain images, and to ac-
count for potential local registration errors, a 9-mm full-width
half-maximum (FWHM) Gaussian smoothing was applied to
all tissue density maps. Since the regional features are gener-
ated from tissue density maps in the template space, the accu-
racy of the registration is important for the accuracy of regional
features. Registration accuracy of the HAMMER algorithm has
been extensively evaluated elsewhere [20], [21]. In order to vi-
sually confirm registration performance in the datasets used in
this study, we formed an average image of all 148 spatially nor-
malized images in datasets A and B after they were warped to
the template. Three different views of the average image along
with the respective sections of the template image are shown
in Fig. 3, indicating good registration achieved for each of the
three tissues, i.e., GM, WM, and CSF.

Although a three-way split validation is the best way to es-
timate the classification accuracy, the high computational cost
and the relative small number of available samples prevent us
from such a validation test. Instead, a leave-one-out cross-vali-
dation was performed in our experiments to test the performance
of COMPARE. In each leave-one-out validation experiment,
one subject was first selected as a testing subject, and the re-
maining subjects were used for the entire adaptive regional fea-
ture extraction, feature selection, and training procedure, as de-
scribed in Section II. Then, the classification result on the testing
subject using the trained SVM classifier was compared with the
ground-truth class label, to evaluate the classification perfor-
mance. By repeatedly leaving each subject out as a testing sub-
ject, we obtained the average classification rate from all of these
leave-one-out experiments. Finally, these experiments were re-
peated for different numbers of features used for classification,
in order to test the stability of classification results with respect
to the number of features used.

To determine the suitable kernel size for our classification
problem, we tested different kernel sizes ranging from 0.1 to
100, and found that kernel sizes ranging from 1 to 10 generally
yield better results. As for the value of “C,” the tradeoff param-
eter between training error and SVM margin, used in the SVM
classifiers, we tested 1, 10, 50, and 100, and found that 10 and
50 were the better choices for our problems. Notably, when “C”
was too big, the classifiers were typically overtrained and had
poor generalization ability. By using a SGI Origin 300 worksta-
tion with 4 GB memory, with parameters fixed, it takes around
75 h to finish a leave-one-out cross-validation for dataset A, and
around 115 hours for dataset B.

The best average correct classification rates were 91.8% (with
20 out of 23 SCs and 36 out of 38 NCs correctly classified) by
using 39 features for dataset A, and 90.8% (with 44 out of 46
SCs and 35 out of 41 NCs correctly classified) by using 44 fea-
tures for dataset B, as shown in right column of Fig. 4. Although
a reasonably good performance was achieved by only using a
ranking-based feature selection method, as shown in left column
of Fig. 4, more stable performance was achieved by incorpo-
rating the SVM-based feature selection method (right column
of Fig. 4), since the relatively simpler ranking-based feature se-
lection method does not consider correlations among features.
Furthermore, these plots indicate that the described algorithm is
quite robust with respect to the size of Gaussian kernel used in
SVM.

To further show the performance of COMPARE, the receiver
operating characteristics (ROC) curves of the leave-one-out
classifiers that yield the best classification results are con-
structed, and are shown in Fig. 5. The ROC curves indicate that
our classification scheme has large area under ROC curve (0.88
for dataset A, and 0.92 for dataset B).

From these results, it can be observed that our method has
different performances on dataset A and dataset B. These dif-
ferences might be due to the brain structural difference between
male and female in both normal controls and schizophrenia pa-
tients [33]-[36]. A relatively small number of training samples
for dataset A might be another reason that makes our classifica-
tion method have relative worse performance on female.

In order to interpret the classification results, we utilize a
discriminative direction method, as used in [10] and [14], to
estimate the group differences between schizophrenia patients
and normal controls. Since a leave-one-out validation is per-
formed in our experiments for testing the generalizability of
COMPARE, the group difference will be constructed by aver-
aging all group difference maps obtained from all leave-one-out
cases. For each leave-one-out case, the group difference map is
estimated by three steps as described next. First, for each sup-
port vector, look for its corresponding projection vector on the
other side of separation hypersurface, by following the steepest
gradient of classification function. The difference between this
support vector and its corresponding projection vector on other
side reflects changes on the selected regional features when a
normal brain changes to the respective configuration in the pa-
tient group, or vice versa. Second, by summing up all regional
differences calculated from all support vectors, an overall group
difference vector can be obtained for the current leave-one-case
under study. Finally, the group difference vector is mapped to
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Fig. 5. ROC curves of classifiers for female subjects (left plot) and for male subjects (right plot). Numbers around the curves are the correct classification rates
(%). Circled points on the curves correspond to the classification results with zero as the classification threshold.

its corresponding brain regions in the template space and sub-
sequently added to other leave-one-out repetitions. The group
difference maps for dataset A and B are show in Fig. 6, which
highlight the most significant and frequently detected group dif-
ferences in our leave-one-out experiments. Most of the group
difference locations are consistent with previous VBM findings,
such as hippocampi [32].

It is worth noting that the proposed method provides a sta-
tistical map for group difference. In the leave-one-out experi-

ments, the feature selection method might discard some signifi-
cant features that are redundant with respect to classification, if
they are highly related to other significant features that the fea-
ture selection method has already selected. Notably, one signif-
icant feature which is regarded as redundant in a leave-one-out
case might be selected as an effective feature in other leave-one-
cases. Thus, in all leave-one-out experiments, all significant fea-
tures can be possibly selected as effective features, thereby con-
tributing for the construction of group difference maps.
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Fig. 6. Regions most representative of the group differences (left from female subjects and right from male subjects), found via decision function gradient (high

value indicates more significant).

Fig. 7. From left to right: Template image, ROIs manually defined in the template, individual image, ROIs in the individual image automatically labeled by atlas

warping.

B. Comparison With Other Feature Extraction Methods
For comparison purposes, we also applied three other fea-
ture extraction methods to the same data, i.e., ROI-based vol-
umetric feature extraction, PCA-based feature extraction, and
wavelet-based feature extraction. As for step of feature selec-
tion, traditional eigenvalue-based feature ranking is adopted for
PCA-based feature extraction method, while the absolute value
of leave-one-out Pearson correlation coefficient was used for
both wavelet-based feature extraction method and ROI-based
volumetric feature extraction method. The same 9-mm FWHM
Gaussian smoothing was applied to all tissue density maps in all
experiments, except for experiments on the wavelet-based fea-
ture extraction method, since wavelet transformation is able to
represent data in a multiscale fashion. A nonlinear SVM with
Gaussian radial basis function kernel was chosen as a classifier
for all experiments. The brief description of these feature ex-
traction methods are given below.
¢ In ROI-based volumetric feature extraction method, the
ROIs were first defined in the template space. We adopted
a labeled atlas developed by Noor Kabani at the Montreal
Neurological Institute, which includes 100 ROIs over the
entire brain. Representative cross-sectional views of the
atlas along with the atlas warping based parcellation of
an individual’s brain image are shown in Fig. 7. Three

volumes are computed for each ROI, respectively for WM,
GM, and CSF, thereby yielding 300 volumetric features.
(Many of these features are 0, since most structures are
composed of a single tissue). Finally, these features are
ranked in descending order according to the absolute
values of their leave-one-out Pearson correlation coeffi-
cients computed by (5). The top-ranked features are used
for classification.

In PCA-based feature extraction method, the measures
from WM, GM and CSF tissue-density maps are con-
catenated into a long vector. Then, the eigenspace is
constructed by a set of training samples, which is used to
compute the features for a new sample. The corresponding
features are ranked in descending order according to
eigenvalues.

As for wavelet-based feature extraction, we follow the
procedure described in [15]. Daubechies wavelet decom-
position is first applied to the tissue density maps, leading
to a scale-space representation for each tissue-density
map. Then, the features are ranked in descending order
according to the absolute value of their leave-one-out
Pearson correlation coefficients computed by formula (5).
Finally, the top-ranked wavelet features are used for brain
classification.
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TABLE I
COMPARISON ON DIFFERENT FEATURE EXTRACTION METHODS IN BRAIN CLASSIFICATION. THE NUMBER OF
CORRECTLY CLASSIFIED SCHIZOPHRENIA PATIENTS, THE NUMBER OF CORRECTLY CLASSIFIED NORMAL CONTROLS,
AND THE OVERALL CLASSIFICATION RATE ARE PROVIDED FROM LEFT TO RIGHT, RESPECTIVELY

(23SCsand 38 NCs) | 16533, (80.3%)

Methods Wavelet-based
ROI-based Features PCA Proposed method
Datasets features
Dataset A

17, 33, (82.0%)

17, 36, (86.9%) 19, 36, (90.2%)

Dataset B

(46 SCs and 41 NCs) | 38532, (80.5%)

32,32, (73.6%)

41,33, (85.1%) 44, 35, (90.8%)

TABLE II
COMPARISON ON DIFFERENT FEATURE EXTRACTION METHODS IN BRAIN CLASSIFICATION USING LINEAR SVM. THE NUMBER
OF CORRECTLY CLASSIFIED SCHIZOPHRENIA PATIENTS, THE NUMBER OF CORRECTLY CLASSIFIED NORMAL CONTROLS,
AND THE OVERALL CLASSIFICATION RATE ARE PROVIDED FROM LEFT TO RIGHT, RESPECTIVELY

(23SCsand 38 NCs) | 15532, (77.1%)

Methods Wavelet-based
ROI-based Features PCA Proposed method
Datasets features
Dataset A

19, 30, (80.3%)

16, 37, (86.9%) 18, 36, (88.5%)

Dataset B

(46 SCsand 41 NCs) | 32,30, (71.3%)

32, 30, (71.3%)

39, 31, (80.5%) 42,35, (88.5%)

Nonlinear SVM classifiers were trained and tested with full
leave-one-out cross-validation procedures. Different feature
numbers and SVM kernel sizes were tested for determining the
best parameters for classification. The best classification results
for these feature extraction methods are compared in Table I,
along with classification results by COMPARE, which is based
only on ranking-based feature selection.

Specifically, a search over all possible numbers of principal
components has been done to determine the best number of
principal components for classification. The coefficient corre-
sponding to each component has been normalized by its vari-
ance. The best result for dataset A was obtained by using the
first 39 components, and the best result for dataset B was ob-
tained by using the first nine components. For the wavelet-based
method, a search has been done over the 600 top-ranked wavelet
features. The best result for dataset A was obtained by using 550
features and the best result for dataset B was obtained by using
210 features. For the ROI based method, a full search has been
done over all ROI features. The best result for dataset A was
obtained by using 5 features and the best result for dataset B
was obtained by using 17 features. To further test the perfor-
mance of ROI-based feature extraction, the larger ROIs were
regularly split into eight or four subregions, thus generating to-
tally 747 small ROIs in our atlas. Based on this set of smaller
ROIs, the best results were 83.6% for female subject classifi-
cation and 80.5% for male subject classification. Note that, for
female subject classification, its performance was slightly better
than using 100 original ROls, i.e., 80.3%, while for male sub-
ject classification, its performance was the same as using 100
original ROIs. We believe that the number of regions available
for classification is not very important. The real important point
is how to generate adaptive regions for extracting robust and
discriminative regional features for brain classification, as we
proposed in the paper.

To better understand the performance of these different fea-
ture extraction methods, linear SVM classifiers were also tested
with the same leave-one-out cross-validation procedure, as we
described above. The best number of features used for classifica-
tion was also obtained based on ranking-based feature selection
method. The best classification result for each of these methods
is summarized in Table II.

The results, from both nonlinear SVM and linear SVM, in-
dicate the importance of extracting regional features from the
regions adaptively generated according to the problem under
study. Generally, the ROI-based feature extraction method pro-
duces robust morphological features with respect to noise. How-
ever, these ROI-based features seem to have relatively lower dis-
criminative powers according to the classification results, since
the predefined anatomical ROIs do not necessarily coincide with
the shapes of the brain regions affected by a particular patholog-
ical process. On the other hand, it seems that PCA-based feature
extraction method does not work well in our small sample size
problem, since PCA is unable to capture sufficient information
from a relatively small set of samples with extremely high di-
mensional features. Wavelet-based feature extraction has better
performance, compared to ROI-based and PCA-based methods;
however, it is still worse than COMPARE. Finally, although
these comparisons are carried out based on a ranking-based fea-
ture selection methods for simplicity purposes, they suggest that
a learning-based regional feature extraction is more suitable for
schizophrenia brain classification.

C. Evaluation on Different Regional Feature Extraction Ways

We also evaluated our regional feature extraction step, by
comparing it with two other possible regional feature extraction
ways, i.e., 1) removing the spatial consistency criterion in com-
puting classification score map, 2) extracting the best voxel-wise
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Fig. 8. From left to right: statistics of the volume of automatically generated regions for female and male subject classification.

TABLE III
BRAIN CLASSIFICATION PERFORMANCE OF DIFFERENT IMPLEMENTATION OPTIONS. THE CORRECTLY CLASSIFIED
NUMBER OF SCHIZOPHRENIA PATIENTS, THE CORRECTLY CLASSIFIED NUMBER OF NORMAL CONTROLS,
AND OVERALL CLASSIFICATION RATES ARE PRESENTED FROM LEFT TO RIGHT, RESPECTIVELY

Methods
Without spatial consistency
Datasets

Voxel-wise features Proposed method

Dataset A

(23 SCs and 38 NCs) 18, 36, (88.5%)

17, 33, (82.0%) 19, 36, (90.2%)

Dataset B

(46 SCs and 41 NCs) 38,33, (81.6%)

43,29, (82.8%) 44, 35, (90.8%)

feature from each generated region instead of extracting av-
erage feature from a subvolume in each generated region. For
the first case, we found that, without using this spatial consis-
tency criterion, a lot of small regions are generated (Fig. 8),
since the score map produced by using only the Pearson cor-
relation criterion is noisy. On the other hand, the spatial con-
sistency criterion can help alleviate the impact of noise in com-
puting the classification score map and thus generating reason-
able sizes of regions, as shown in Fig. 8. Based on the regional
features extracted from these newly generated regions, we can
examine the performances of brain classification by the same
leave-one-out cross-validation procedure as described above.
As shown in Table III, for dataset A, the best classification rate
was 88.5%, which was slightly worse than the result obtained
by our complete method (90.2%); for dataset B, the best classi-
fication rate was 81.6%, which was much worse than the result
obtained by our complete method (90.8%).

For the second case, we directly selected the best voxel-wise
feature in each generate region of each brain tissue, as a re-
gional feature used for brain classification. By using the same
leave-one-out cross-validation procedure, we found that the best
classification rates were 82.0% for dataset A and 82.8% for
dataset B, which are much worse than those obtained by our
complete classification method. These results are again shown
in Table III.

These comparison results indicate that our complete regional
feature extraction method is more effective to alleviate the ad-

verse impact of noise, which is prominent in MR images as well
as in deformation-based methods, especially in very high-di-
mensionality data that amplify the likelihood of selecting fea-
tures by pure chance.

IV. DiSCUSSION AND CONCLUSION

We presented a pattern classification method for identi-
fication of structural brain abnormalities based on regional
tissue volumetric information. The experimental results indi-
cate that COMPARE can achieve high classification rate in a
schizophrenia study. Further studies are necessary to investigate
whether this methodology can assist in the early diagnosis of
schizophrenia, as well as of other diseases. COMPARE also
provides an alternative approach for constructing spatial maps
of structural group differences, as discussed in more detail in
[11], [15] and shown in Fig. 6.

The nonlinear SVM classifier is built on a morphological rep-
resentation of the brain, adaptive extraction of regional features,
and robust selection of features. In particular, the morphological
information is represented by brain tissue-density maps that are
derived by warping an individual brain into a template space
in a mass-preserving framework using high-dimensional image
warping. Based on this morphological representation, the re-
gional features are adaptively extracted and further selected for
brain classification.

The adaptive regional feature extraction method employed by
COMPARE aims at overcoming the limitations of the traditional
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ROI method that are often based on prior knowledge of what
specific regions might be affected by disease, and the limitations
of voxel-based morphometric analysis methods [3], [6] that use
an identical isotropic Gaussian filter to collect regional mor-
phological information in all brain locations. Also, our regional
feature extraction method is different from the PCA-based fea-
ture extraction method that collects global features, and wavelet-
based feature extraction methods that group local features in
various regions with fixed shapes and sizes determined by the re-
spective wavelets. In contrast, in COMPARE, volumetric mea-
surements are obtained from brain regions that are adaptively
generated by grouping local morphological features with sim-
ilar DRM through a watershed segmentation algorithm. In order
to achieve robustness to outliers, the DRM of each feature is
measured by a leave-one-out cross-validation framework. The
resulting regional features are stable, thereby leading to good
generalization performance of the classifier.

A limitation of our current study has been the relatively lim-
ited sample size, compared to the dimensionality of the struc-
tural measurements. Although the leave-one-out cross-valida-
tion accuracy obtained may be optimistic, the limited sample
size did not allow us to explore other cross-validation tech-
niques, since we would under-train COMPARE. Our sample
was quite diverse, and it included both sexes and all ages be-
tween 18 and 49. However, our results must be replicated in
the future with larger datasets. Moreover, prospective hypoth-
esis-based studies, using the regions detected in this sample, can
be designed.

In the future, we plan to perform more sophisticated feature
grouping and feature selection methods, for further improving
classification performance. In particular, we plan to investigate
the use of both floating searching based and stochastic search
based feature selection methods [37], [38]. Moreover, we plan
to develop an integrated framework to simultaneously extract
and select effective regional features for classification, since fea-
ture extraction, feature selection, and classification are currently
implemented independently. Finally, we are testing the perfor-
mance of COMPARE on other patient groups.
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