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Abstract Several meta-analyses were recently con-
ducted in attempts to identify the core brain regions
exhibiting pathological changes in schizophrenia, which
could potentially act as disease markers. Based on the
findings of these meta-analyses, we developed a multi-
variate pattern analysis method to classify schizophrenic
patients and healthy controls using structural magnetic
resonance imaging (sMRI) data. Independent compo-
nent analysis (ICA) was used to decompose gray mat-
ter density images into a set of spatially independent
components. Spatial multiple regression of a region of
interest (ROI) mask with each of the components was
then performed to determine pathological patterns, in
which the voxels were taken as features for classifi-
cation. After dimensionality reduction using principal
component analysis (PCA), a nonlinear support vec-
tor machine (SVM) classifier was trained to discrimi-
nate schizophrenic patients from healthy controls. The
performance of the classifier was tested using a 10-fold
cross-validation strategy. Experimental results showed
that two distinct spatial patterns displayed discrimina-
tive power for schizophrenia, which mainly included the
prefrontal cortex (PFC) and subcortical regions respec-
tively. It was found that simultaneous usage of these two
patterns improved the classification performance com-
pared to using either of them alone. Moreover, the two
pathological patterns constitute a prefronto-subcortical
network, suggesting that schizophrenia involves abnor-
malities in networks of brain regions.
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1 Introduction

Schizophrenia is a complex mental disorder character-
ized by a diverse range of symptoms, including altered
perception, cognition, language, motor activity, emo-
tion, and so on [1]. Numerous structural magnetic res-
onance imaging (sMRI) studies have identified subtle
but significant brain changes in schizophrenia. Morpho-
logical features reported to be associated with the ill-
ness include ventricular enlargement, total brain volume
deficits, and gray and white matter deficits in tempo-
ral, frontal, parietal, and subcortical regions [2]. Re-
cently, some meta-analyses revealed that patients with
schizophrenia have structural abnormalities in a dis-
tributed network of brain regions [3–5]. These studies
not only improve our understanding of the pathology of
this mental disorder but also indicate that sMRI may be
a useful tool for the clinical diagnosis of schizophrenia.

The most popular methods for detecting structural
abnormalities in various mental disorders including
schizophrenia are region of interest (ROI) analysis and
voxel-based morphometry (VBM) [6]. ROI analysis has
been traditionally used to investigate regional differences
between groups of subjects. Such analyses rely on a pri-
ori defined brain regions of interest. However, structural
abnormalities might be part of an ROI, or span over mul-
tiple ROIs, thus potentially reducing statistical power of
the underlying morphological analysis [7]. VBM involves
a voxel-wise comparison of the density of gray or white
brain matter between groups. It is an automated, effi-
cient whole-brain analysis to detect structural changes
in mental disorders, and it is therefore a useful initial
approach to the structural images [3]. However, VBM is
a univariate method. It will detect voxels reaching a pre-
specified criterion and does not utilize any information
about the relationships among voxels. Even when vox-
els in a spatially distributed brain region individually
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meet a certain criterion, these spatially distinct regions
may not carry similar information. For example, it is
possible that the gray matter densities of two voxels are
both deficient in schizophrenia, yet they may be uncorre-
lated with each other. In contrast, multivariate pattern
analysis approach provides a way to pool information
across different voxels as well as often extracting impor-
tant novel information from neuroimaging data [8].

Independent component analysis (ICA) is a powerful
statistical and computational multivariate pattern anal-
ysis technique that attempts to discover hidden factors
underlying sets of mixed signals. It has been successfully
applied to detect brain activation maps or brain net-
works in functional magnetic resonance imaging (fMRI)
analysis and can separate either spatial or temporal in-
dependent sources [9–11]. Xu et al. also utilized ICA to
decompose gray matter segmentation images into source
images [12]. In their study, using a two-sample t-test,
sources that demonstrated significant different loading
parameters in patients and controls were determined as
significant sources associated with schizophrenia. How-
ever, the loading parameters that express the contribu-
tion of every source image to the subjects may not obey
a Student’s t distribution. Thus, some irrelevant sources,
such as artifacts, may be identified, and some structural
differences that do not reach a pre-specified significance
level may be discarded. In addition, ICA is a group-level
analysis approach. It cannot distinguish normal from ab-
normal at individual subject level and therefore cannot
be applied directly for clinical diagnose purposes.

In the present study, we integrated ICA and sup-
port vector machine (SVM) to distinguish schizophrenic
patients from healthy controls at individual subject
level. The hypothesis was that brain abnormalities in-
volved in schizophrenia would exhibit specific spatial
patterns independent from various artifacts and sources
of noise. ICA was used to separate brain abnormalities
in schizophrenia from artifacts and noise. The patholog-
ical components were identified in an automated man-
ner by spatial multiple regression, which has previously
been used to determine brain functional networks in
fMRI analysis [13]. Then, a nonlinear SVM classifier
was trained to differentiate schizophrenic patient from
healthy controls. Because of the limited number of sam-
ples in this study, a 10-fold cross-validation strategy was
used to test the generalization ability of the classifier.

The remainder of this paper is organized as follows.
In the materials section, we introduce the data acqui-
sition as well as the preprocessing. In the methodology
section, we detail the three steps in the methodology,
i.e., decomposition of sMRI gray matter density images,
feature selection and extraction, and classifier design.
The experimental results of our method are presented in

the results section. The discussions are in the discussion
section followed by the conclusion section.

2 Materials and methods

2.1 Subjects

Participants were 32 right-handed patients with
schizophrenia and 32 right-handed healthy controls (25
males and 7 females in the patient group, and 21 males
and 11 females in the control group). All patients were
recruited from outpatient departments and inpatient
units at the Department of Psychiatry, Second Xiangya
Hospital of Central South University. Diagnoses of
schizophrenia were determined by the attending psychi-
atrists using the Diagnostic and Statistical Manual of
Mental Disorders, Fourth Edition (DSM-IV; American
Psychiatric Association, 1994) criteria for schizophre-
nia. The healthy controls were recruited using adver-
tisements. The symptoms of these patients were assessed
with the Positive and Negative Symptom Scale (PANSS)
at the time of scanning, and the total PANSS score was
80.06 ± 16.55. The mean duration of illness was 27.2
± 16.7 months. The two groups exhibit no significant
differences in age (24.00 ± 5.66 years for patients and
22.52 ± 4.2 years for controls, p = 0.84) and length of
education (11.15 ± 2.50 years for patients and 13.32 ±
3.50 years for controls, p = 0.76). No participants had
suffered major head trauma or had a history of alcohol
or drug dependence or neurological disorders. Written
informed consent was obtained from all participants.

2.2 Overview of our methods

Our method included the following major steps: 1) All
sMRI data were preprocessed to obtain gray matter den-
sity images; 2) ICA was then utilized to decompose gray
matter density images into a set of spatial components;
3) Spatial multiple regression of an ROI mask with
each component was performed to determine pathologi-
cal patterns; 4) Pathological patterns were concatenated
into a single image; 5) Voxels from this concatenated im-
age were selected as features for classification, and prin-
cipal component analysis (PCA) was used for dimension-
ality reduction; and 6) An SVM classifier was trained on
the dimension-reduced feature space to classify test sam-
ples into patient and control groups. A flowchart outlin-
ing the analysis stream of our method is presented in
Fig. 1.

The classification algorithm for differentiating
schizophrenic patients and healthy controls is also pre-
sented here.
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Fig. 1 Flowchart outlining the analysis stream of our method,
which involves the following techniques: (1) data preprocessing,
(2) ICA, (3) spatial multiple regression, (4) data fusion, (5) fea-
ture selection and extraction, and (6) SVM

Classification Algorithm

1: randomly divide n subjects into k groups (e.g., k = 10)

2: for i = 1 to k do

3: select k–1 groups as training data, the remaining group

as test data

4: train a SVM classifier f

5: for each test sample x, if f(x) > 0, x ∈ controls; else,

x ∈ patients

6: repeat each group as test data in turn

7: end

8: output the classification accuracy

2.3 Data acquisition and preprocessing

Magnetic resonance imaging (MRI) data were acquired
on a 1.5 T GE Signa System (GE Signa, Milwaukee,
Wisconsin, USA). The whole brain was evaluated with
T1-weighted spoiled gradient echo pulse sequence in the
sagittal plane using the following imaging parameters:
repetition time = 12 s, field of view = 24 cm, echo time
= 4.2 ms, flip angle =15◦, matrix = 256 × 256 × 172,
slice thickness = 1.8 mm, no gap.

Images were preprocessed using the statistical para-
metric mapping software package (SPM2, Wellcome De-
partment of Cognitive Neurology, Institute of Neurology,
London, UK, http://www.fil.ion.ucl.ac.uk/spm). All the
MRI data were first normalized to the 152 average T1
template in Montreal Neurological Institute space. The
normalized images were resliced to a voxel size of 3 mm
× 3 mm × 3 mm and then were segmented into gray mat-
ter (GM), white matter (WM), and cerebrospinal fluid
(CSF) using a modified mixture model cluster analysis
technique [14]. The GM images were spatially smoothed
with an isotropic Gaussian filter of 12 mm full-width
half-maximum kernel to obtain GM density maps. Af-
ter removing non-brain voxels, these GM density im-

ages were flattened to 1-D vectors and placed along the
columns and subjects along the rows to construct a 2-D
matrix.

2.4 ICA on gray matter density images

ICA is a data-driven method for revealing hidden fac-
tors that underlie mixed signals. In our study, it was
employed to determine the spatial distribution of struc-
tural changes in schizophrenia. We hypothesized that
brain abnormalities involved in schizophrenia would ex-
hibit specific spatial patterns independent from various
artifacts and sources of noise. The gray matter density
images were then modeled as a linear combination of spa-
tial independent source images. Based on such a model,
each subject could be considered a mixed signal, with
voxels as observations. We used ICA to extract a set of
spatial patterns that were maximally independent from
each other and expected to find patterns that could rep-
resent structural differences between patients and con-
trols. Let X1, X2, . . . , Xn denote n subjects, and let
s1, s2, . . . , sm denote m independent components. The
ICA model could be expressed by the following equa-
tion:

Xi = ai1s1 + ai2s2 + · · · + aimsm, (1)

for all i = 1, 2, . . . , n, where aij were some real coeffi-
cients, j = 1, 2, . . . , m.

The Bayesian information criterion (BIC) was used to
estimate the number of components [15]. The formula
for the BIC is

BIC = −2 lnL + k ln n, (2)

where L denotes the maximized value of the likelihood
function for the estimated model, k is the number of
free parameters to be estimated, and n is the sample
size. It is possible to increase the likelihood by adding
parameters, which may result in overfitting. The BIC
resolves this problem by introducing a penalty term for
the number of parameters in the model.

We performed ICA using the infomax algorithm [16].
All independent components were scaled to z-scores. A
z-threshold criterion (z >2) was applied to select voxels
contributing most strongly to each component [9]. The
resulting ICA components were then reconverted into
3-D images. These images could be viewed as a set of
independent spatial patterns in GM density maps.

2.5 Feature selection and extraction

An ROI mask of abnormal brain regions in schizophre-
nia was created based on previous meta-analysis studies.
Spatial multiple regression of the ROI mask was per-
formed with each of the components. Components with
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relative high regression values were considered patholog-
ical patterns. This method has previously been used to
select brain functional networks in fMRI analysis [13].
These pathological patterns were concatenated into a
single image. Voxels from this image were selected as
original features for classification to filter out noise and
artifacts.

The number of voxels in the concatenated image was
far larger than the number of samples, n. Dimensionality
reduction was thus necessary to represent this ill-posed
data set in a low-dimensional space, which also decreased
the computational complexity of the classifier. PCA is
commonly used for data decomposition and dimension-
ality reduction, attempting to find a set of principle com-
ponents that capture most of the variance in the original
data. In the present work, all n–1 principle components
were reserved in the PCA step. That is, the constructed
dimension-reduced subspace was only a change of the
coordinate system without loss of information.

2.6 Classifier design

Let xi denote the feature vector of the ith subject af-
ter feature selection and extraction (xi ∈ R

n−1, i =
1, 2, . . . , n), yi denote its class label (+1 for control
group, −1 for patient group). The main task remained
was to train a classifier f from the training samples and
predict the class of new samples.

SVM training is to find a decision function f(x) =
ω′φ(x) by solving the following optimization problem,
where ω is the normal of the hyperplane and φ is the
feature map by some kernel function:

min
ω,ξ

1
2
‖ω‖2 − ρ +

C

2

n∑

i=1

ξ2
i ,

s.t. yiω
′φ(x) � ρ − ξi, (3)

where ξi is a measure of the misclassification errors for
non-separable cases, and C trades off the empirical risk
and model complexity. After mapping, the feature vec-
tors into a high-dimensional feature space via a kernel
function, SVM constructs an optimal separating hyper-
plane in this high-dimensional space, which equips SVM
with high generalization ability. In our study, the sig-
moid function was used in SVM as the kernel function,
which was defined as

φ(x1, x2) = tanh(p1(x1 · x2) − p2),

where x1 and x2 are two feature vectors, p1 and p2 are
the scale and offset parameters of the sigmoid kernel.

2.7 Evaluating the performance of our method

Because of the limited number of samples in our study,
we used a cross-validation strategy to evaluate the per-

formance of our study. Leave-one-out cross-validation
(LOOCV) strategy is often used to estimate the gen-
eralization ability of supervised classifiers in cases where
sample sizes are small. Suppose there are n samples in
total. LOOCV trains classifier n times, each time leav-
ing one sample out, training on the remaining ones, and
making a prediction for this sample. However, this pro-
cedure can be computationally expensive. In the present
study, we used a k-fold cross-validation procedure, where
k is the number of parts into which the data set is di-
vided [8]. Here, we specified k = 10, corresponding to
leaving 10% of the samples out as test data on each fold.

The performance of our classifier was then quantified
by sensitivity, specificity, and classification accuracy:

sensitivity =
TP

TP + FN
, (4)

specificity =
TN

TN + FP
, (5)

accuracy =
TP + TN

TP + FN + TN + FP
, (6)

where TP, TN, FP, and FN denote the number of pa-
tients correctly predicted, controls correctly predicted,
controls classified as patients, and patients classified as
controls, respectively.

3 Results

3.1 Creation of ROI

The ROI mask was formed based on three meta-analyses
of brain abnormalities in schizophrenia: (A) Honea et
al., 2005; (B) Ellison-Wright et al., 2008; and (C)
Glahn et al., 2008. They have been conducted for clearly
identifying specific structural changes in patients with
schizophrenia. Among them, Honea et al. mainly fo-
cused on chronic schizophrenia, while Ellison-Wright et
al. sought to map gray matter changes in first-episode
schizophrenia and to compare these with the changes
in chronic schizophrenia. Glahn et al. did not distin-
guish the two types of schizophrenia. The brain regions
that were referred to in the three meta-analyses are pre-
sented in Table 1. Most of these brain regions show gray
matter deficits. Regions of increased gray matter density
were smaller and more discrete than areas of decrease,
which might be caused by the antipsychotic medication.
Ellison-Wright et al. identified the putamen bilaterally
showed gray matter increases in schizophrenia. Glahn et
al. also included the right head of the caudate.

Table 1 shows considerable overlap of brain regions in
the three studies. It can also be found that gray mat-
ter decreases of cortical regions were more extensive in
chronic schizophrenia than in first-episode schizophre-
nia. The schizophrenic patients in our study were not
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Table 1 Abnormal brain regions that were referred to in three

meta-analysis studies

meta-analysis a b c d e f g h i j k l

studies

A ↓ ↓ ↓ ↓ ↓ ↓ ↓ ↓ ↓
B1 ↓ ↓ ↓ ↓ ↓ ↓ ↑
B2 ↓ ↓ ↓ ↓ ↓ ↓ ↓ ↑ ↓
C ↓ ↓ ↓ ↓ ↓ ↓ ↓ ↑ ↑ ↓

1) The three studies are (A) Honea et al., 2005, mainly
chronic schizophrenia; (B1) Ellison-Wright et al., 2008, first-

episode schizophrenia; (B2) Ellison-Wright et al., 2008, chronic

schizophrenia; and (C) Glahn et al., 2008, did not distinguish first-
episode from chronic schizophrenia.

2) “↓” represents regions of reduced gray matter density in
schizophrenia and “↑” represents regions of increased gray matter

density in schizophrenia.

3) (a) superior temporal gyrus, (b) inferior frontal gyrus, (c)
middle frontal gyrus, (d) insula, (e) parahippocampal gyrus, (f)

hippocampus/amygdala, (g) anterior cingulated gyrus, (h) thala-
mus, (i) caudate, (j) putamen, (k) fusiform gyrus, and (l) postcen-

tral gyrus.

exactly chronic or first-episode. Thus, the abnormal
brains regions of the patients in our study maybe slightly
different from the above results. For the purpose of ro-
bust, we picked the brain regions that were referred
to at least two times. So the ROI was derived by us-
ing masks of these brain regions: superior temporal
gyrus, inferior frontal gyrus, middle frontal gyrus, in-
sula, parahippocampal gyrus, hippocampus, amygdala,
anterior cingulated gyrus, thalamus, caudate, and puta-
men. Although previous studies have also reported struc-
tural changes of cerebellum in schizophrenia, the exact
abnormal areas were not identified, so we did not add
cerebellum to our ROI mask.

3.2 Pathological patterns associated with
schizophrenia

Eighteen independent components were estimated from
the data. The multiple regression values of these compo-
nents are shown in Fig. 2. Components 3 and 6 exhibited

Fig. 2 Multiple regression values of all components estimated
by ICA. Components 3 and 6 have high values and are considered
pathological patterns

higher regression values relative to the others and
were considered pathological patterns associated with
schizophrenia. For convenience, these are referred to as
pattern 1 and pattern 2, respectively. Some other com-
ponents also comprised part of the ROI but had large
areas outside the ROI. Such components exhibited rel-
atively small regression values and were not considered
to be reliable pathological patterns in schizophrenia.

The structural changes associated with pattern 1 were
primarily located in the prefrontal cortex (PFC). The
corresponding Brodmann areas were mainly BA 9, 10,
and 46. This pattern also included the bilateral middle
temporal pole and left fusiform gyrus (see Fig. 3). The
structural changes associated with pattern 2 were pri-
marily in the subcortical regions. These areas included
the bilateral caudate, bilateral thalamus, right putamen,
and right hippocampus as well as the right superior oc-
cipital gyrus and right cerebellum (see Fig. 3). A detailed
list of brain regions in pattern 1 and pattern 2 are pre-
sented in Table 2.

Fig. 3 Spatial distributions of two pathological patterns at a z-
threshold of 2. L and R indicate the left and right hemispheres of
the brain. Pattern 1 is observed predominantly in the PFC, while
pattern 2 is primarily located in the subcortical regions

3.3 Classification performance

Voxels in the two pathological patterns were selected
as original features for classification. After dimensional-
ity reduction using PCA, we applied a nonlinear SVM
classifier in the dimension-reduced feature space. Sig-
moid function was used as the kernel function. In SVM,
the regularization parameter C should be specified to
trade off the empirical risk and model complexity in
non-separable cases. In our study, the C parameter is
selected in a range of {0.01, 0.1, 1, 10, Inf}. For our data
set, SVM performed best when C was set to be 0.1. In-
creasing C reduced the SVM margin and classification
accuracy.
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Table 2 Anatomical localization, cluster size, MNI coordinates, and max z-values of pathological pattern 1 and pattern 2 at a cluster
threshold of 30 voxels and a z-threshold of 2. L and R indicate the left and right hemispheres of the brain

L/R size L/R max Z(x, y, z) Brodmann area

pathological pattern 1:

middle frontal gyrus 404/419 5.2(−39,57,15)/5.4(42,60,0) 9, 10, 46

inferior frontal gyrus 194/271 4.9(−48,48,9)/5.2(51,48,−3) 45, 46, 47

superior frontal gyrus 72/67 4.1(−33,63,12)/3.9(33,66,3) 9, 10

middle temporal pole 38/35 3.2(−30,18,−42)/3.0(42,24,−36) 38

fusiform gyrus 32/na 3.3(−42,−60,−15)/na 37

pathological pattern 2:

caudate 204/177 6.3(−12,18,9)/6.5(12,21,6) —

thalamus 123/130 6.0(−6,−12,18)/5.7(9,−21,18) —

putamen na/69 na/2.9(21,21,−3) —

superior occipital gyrus na/69 na/3.7(27,−69,39) 19

hippocampus na/31 na/4.3(15,−33,9) —

cerebellum na/64 na/3.6(30,−66,−63) —

There were totally 64 samples for classification in our
study, including 32 schizophrenic patients and 32 healthy
controls. A 10-fold cross-validation was conducted to es-
timate to the prediction ability of the classifier. Each
time there were 58 training samples and 6 test ones.
Classification result was shown in Fig. 4. From Fig. 4,
we found eight controls and three patients were misclas-
sified. So the specificity, sensitivity, and overall classifi-
cation accuracy of our method were 75.0%, 90.6%, and
82.8%, respectively.

Fig. 4 Discriminative scores of all subjects for pattern 1 + 2. The
subjects’ permutation is randomly ordered. Controls are denoted
by red bars, and patients are denoted by blue bars. Negative scores
represent subjects are classified to the patient group, and positive
scores represent subjects are classified to the control group

In our study, the z-threshold value is a user-specified
parameter, which was used to select voxels contributing
most strongly to each component. More voxels will be
selected when lowering the z-threshold value. The ex-
periments were repeated for different z-threshold values
(z = 0, 1, 2, 3, 4), which are summarized in Table 3.
We can see that the classification results are stable with
respect to the z-threshold value. Note that the classi-

fier reached the best performance (82.8% classification
accuracy) when z = 2. With an increasing z-threshold
value, some important features were filtered out, and the
remainder features could not effectively reveal the char-
acter of structural changes in schizophrenia, the classifi-
cation performance therefore gradually reduced. On the
contrary, decreasing the z-threshold value would also re-
duce the classification performance, since more and more
low discriminative features were selected, and the signal-
to-noise ratio was decreased.

Table 3 Classification results of SVM on different z-threshold
values

z-threshold setup sensitivity/% specificity/% accuracy/%

z = 0 68.8 68.8 68.8

z = 1 75.0 87.5 81.3

z = 2 75.0 90.6 82.8

z = 3 71.9 87.5 79.7

z = 4 68.8 81.3 75.0

3.4 Discriminative powers of different patterns

For further evaluating the discriminative powers of these
two pathological patterns, the voxels in pattern 1 and
pattern 2 were selected as features for classification in-
dividually. In our study, discriminative scores of subjects
were defined as the distance between them and the hy-
perplane. The discriminative scores of all subjects for
pattern 1 and pattern 2 are presented in Fig. 5. For
each pattern, controls predominantly exhibited positive
scores, while patients tended to show negative values.
Line 1 and line 2 were two separating boundaries be-
tween patients and controls. Results revealed that 9 con-
trols and 6 patients were wrongly classified in pattern 1,
and 13 controls and 5 patients were wrongly classified in
pattern 2.

We can see that subjects in quadrant I were all healthy
controls, while subjects in quadrant III were mainly
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Fig. 5 Distributions of discriminative scores for the two patho-
logical patterns. Line 1 and line 2 are two boundaries separating
patients from controls

schizophrenic patients showing gray matter deficits in
both the PFC and subcortical regions. There were also
five patients in quadrant II, who only showed gray mat-
ter deficits in the PFC, and six patients in quadrant
IV, who only showed gray matter deficits in subcorti-
cal regions. Our results suggest that brain abnormalities
in both of the two pathological patterns are associated
with schizophrenia. In addition, healthy subjects also lo-
cated in quadrants II, III, and IV, making it difficult to
distinguish them from schizophrenic patients.

When voxels in these two patterns were combined,
three patients and eight controls were wrongly classified.
It indicates that combing these two patterns achieved
better classification performance than using either of
them alone. Furthermore, our classifier was also per-
formed using voxels of the whole brain. The results re-
vealed that 13 patients and 13 controls were wrongly
classified. Given these findings, it could be inferred that
noise and artifacts would decrease the performance of
our classifier and that ICA was an effective way to de-
tect the spatial distribution of abnormal brain regions
in schizophrenia. Data reflecting the specificity, sensitiv-
ity, and classification accuracy of SVM using different
spatial patterns are presented in Table 4.

Table 4 Classification results of SVM on different spatial pat-
terns

spatial patterns sensitivity/% specificity/% accuracy/%

pattern 1 81.3 71.9 76.6

pattern 2 84.4 59.4 71.9

pattern 1 + 2 90.6 75.0 82.8

whole brain 59.4 59.4 59.4

4 Discussion and conclusion

Based on prior knowledge of structural abnormalities in

schizophrenia, this paper proposed a multivariate pat-
tern analysis method to successfully extract pathologi-
cal patterns associated with schizophrenia as well as dis-
tinguishing schizophrenic patients from healthy controls
at individual subject level. We uncovered two disease-
correlated spatial patterns (i.e., a PFC pattern and a
subcortical region pattern), which were statistically in-
dependent from each other. The results revealed that
combing these two patterns could achieve better classifi-
cation performance than using either of them alone. This
novel method thus provides potential ability to improve
current diagnosis of this mental disorder.

4.1 Advantages of ICA relative to univariate methods

In MRI studies of schizophrenia, ROI and morpholog-
ical analyses have been intensively employed to study
brain anatomical changes in patients with schizophrenia.
No single brain region has been consistently reported to
be abnormal in schizophrenia perhaps because of vari-
ation in demographic characteristics and methodologi-
cal differences between studies [3]. In recent years, sev-
eral meta-analyses have been conducted in attempts to
identify the core brain regions associated with patholog-
ical changes in schizophrenia, which could potentially
act as disease markers. For example, taking account of
the possible progression of neuropathology during the ill-
ness, Ellison-Wright et al. employed an anatomical like-
lihood estimation method to map gray matter changes
in first-episode schizophrenia and to compare these with
the changes in chronic schizophrenia [4]. However, these
studies quantify brain changes in schizophrenia on a
voxel by voxel or ROI by ROI basis, ignoring statistical
relationships between variables. By pooling information
from many variables, multivariate methods may be more
sensitive for detecting group differences in some circum-
stances [8]. In the present study, a multivariate method,
ICA, was employed to decompose gray matter density
images into a set of spatial patterns. In particular, two
pathological patterns were successfully extracted, both
of which have significant discriminative power in distin-
guishing schizophrenia. Thus, our findings demonstrate
that ICA can effectively separate brain abnormalities in
schizophrenia from artifacts and various types of noise.

4.2 Neuropathological changes in schizophrenia
detected by ICA

As shown in Fig. 3, several localized areas were identified
as abnormal in schizophrenia, including the PFC, cau-
date nucleus, thalamus, putamen, hippocampus, cere-
bellum, fusiform gyrus, middle temporal pole, and su-
perior occipital gyrus. Evidence from previous sMRI
studies has indicated that most of these regions are
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implicated in the pathophysiology of schizophrenia [2].
Other parts of our ROI, such as the superior tempo-
ral gyrus and insula, have also been reported as abnor-
mal in schizophrenia in many previous studies. However,
these brain regions did not show significant structural al-
terations in our data set. Ellison-Wright et al. reported
more extensive cortical changes in chronic schizophrenia
compared with first-episode schizophrenia in the PFC,
insula, and temporal cortex [4]. Although the patients in
our study were not first-episode, they were in the early
stages of the illness. The mean duration of illness was
27.2 ± 16.7 months. The patients in our study may have
thus exhibited less cortical change than chronic patients
because of a possible progression of neuropathology dur-
ing the illness.

The current experimental results revealed that com-
bining the two pathological patterns could achieve better
classification accuracy than using only a single pattern.
Figure 5 indicates that 26 out of 32 patients showed gray
matter deficits in the PFC, while 27 out of 32 patients
showed gray matter deficits in the subcortical regions.
No single brain region was sensitive enough to distin-
guish patients from healthy controls. However, we found
that all patients had gray matter deficits at least in one
of the pathological patterns. One could speculate that a
lesion in any brain region of the prefronto-subcortical
network may cause schizophrenia. It is interesting to
note that the gray matter density of the PFC pattern
and the subcortical pattern are independent from each
other. Rüsch et al. also reported that the left dorsolat-
eral PFC had negative volumetric correlations with tha-
lamic, cerebellar, pontine, and right parahippocampal
areas in schizophrenia. They attributed this to a com-
pensatory mechanism, i.e., gray matter in the subcor-
tical areas may be increased to make up for reduced
dorsolateral PFC gray matter [17]. We propose that the
heterogeneity of schizophrenia is important when con-
sidering underlying causes. Schizophrenia presents with
a diversity of symptoms that involve multiple psycho-
logical domains, for example, perception, cognition, lan-
guage, motor activity, emotion, and so on. Not all pa-
tients have symptoms involving all these domains. Some
studies have already found that the subgroups or sub-
syndromes of schizophrenia are associated with differ-
ent brain structural changes [18]. We suggest that psy-
chopathological variability may result in multiple inde-
pendent abnormal morphological patterns in schizophre-
nia.

4.3 Potential ability of ICA + SVM to improve clinical
diagnosis of schizophrenia

There has been a growing interest in applying ma-
chine learning methods to distinguish patients with

schizophrenia from healthy controls using neuroimag-
ing data and have demonstrated high classification per-
formance [7,19]. However, due to limited number of
samples, artifacts and noise of various types, high-
dimensional measurement space, and the clinical het-
erogeneity of schizophrenia, applying machine learning
methods to clinical diagnosis remains challenging. In the
present study, we sought to solve these limitations by two
separate steps. First, ICA was employed to determine
the spatial distribution of brain changes in schizophre-
nia to filter out noise and artifacts. Then, SVM was used
to deduce a precise model of the relationship between
brain morphological characteristics and schizophrenia,
which can easily achieve nonlinear classification through
a kernel matrix. Experimental results showed that ICA
+ SVM (82.8%) had much better classification accu-
racy than performing SVM using voxels of the whole
brain (59.4%) (see Table 4). So it could be inferred that
noise and artifacts would decrease the performance of
our classifier and that ICA was an effective way to de-
tect the spatial distribution of abnormal brain regions in
schizophrenia.

4.4 Limitations

Some limitations of the present work also need to be con-
sidered. It should be noted that the best classification
accuracy of our method was around 80%. Although the
results are promising, even better accuracy is need for
clinical diagnosis purpose of schizophrenia. It might sug-
gest that brain gray matter abnormality is not enough
sufficient for differentiating schizophrenic patients and
healthy controls. Other neuroimaging evidences such as
functional connectivity abruption would be also impor-
tant to do a synthesized diagnosis of this complex dis-
order [19]. In the further, we expect to develop a multi-
modal analysis combing both structural and functional
information for achieving better classification accuracy
[20]. The specificity of our method was only 75.0%, in-
dicating that there is a high likelihood of misclassify-
ing a healthy subject as a schizophrenic patient. Previ-
ous studies have reported that factors associated with
age [21], sex [22], and intelligence quotient [23] can con-
tribute to gray matter changes in some brain regions
in healthy subjects. Therefore, possible explanations in-
clude the fact that we did not take account of the pos-
sible variability of gray matter patterns in our healthy
subjects. Finally, generalizing our findings to clinical ap-
plications is also problematic due to the limited number
of samples and interindividual anatomical variations. As
such, it will be necessary to evaluate our method with
larger sample size and multi-center imaging data in the
future before it can be implemented in clinical practice.
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4.5 Conclusion

In conclusion, this study integrated ICA and SVM to
classify schizophrenic patients and healthy controls us-
ing sMRI data. The proposed method was capable of
discovering the pathological changes in schizophrenia as
well as demonstrating good classification accuracy. Ex-
perimental results indicated that both the PFC and the
subcortical regions play important roles in the patho-
physiology of schizophrenia, suggesting that schizophre-
nia involves abnormalities in networks of brain regions.
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