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Abstract. Multidimensional image data are usually reduced during preprocessing to lower
high computational requirements and to cope with the well-known small sample size problem
in the huge data analysis. Two reduction methods based on principal component analysis
(PCA) are compared and further modified here to be used in classification of 3-D MRI brain
images of first-episode schizophrenia patients and healthy controls. The first reduction
method is the two-dimensional principal component analysis (2DPCA) and the second one is
the PCA based on covariance matrix of persons (pPCA). The classification efficiency of data
reduced by 2DPCA and pPCA are compared while using various input image data and two
classification methods – the centroid method and the average linkage method.

1

Introduction

Recently huge image data sets and the small sample size problem have been discussed in
many fields of image analysis such as face recognition [1], processing of magnetic resonance
imaging (MRI) data [2] or functional MRI data [3]. Image data have been reduced with
selecting interesting parts of images [4] or choosing the most significant voxels from voxelbased or deformation-based morphometry [5]. However, neither focusing on regions of
interest in images nor picking out voxels on the basis of results of univariate tests enable to
use information from all voxels in images. Therefore principal component analysis (PCA)
became a widely used technique for reducing large image data sets because it allows more
complex reduction of all voxels simultaneously. PCA is based on computation of a
covariance matrix of data and its eigenvectors and eigenvalues [6]. However, the 3-D MRI
images are so huge that they lead to large covariance matrices which are difficult to evaluate.
In [7], two-dimensional principal component analysis (2DPCA) was developed to overcome
these problems in 2-D face recognition. In [8] and [9], PCA based on covariance matrix of
persons (pPCA) was used in analyses of fMRI data of schizophrenia patients and MRI brain
images of preterm infants respectively. Here, the concepts of data reduction from [7], [8] and
[9] are compared and further modified to be used as a preprocessing step in classification of
patients with schizophrenia and healthy controls based on their 3-D MRI brain images.

2

Methods

Unlike in [7], [8] and [9], 3-D deformations and gray matter density images are used in the
proposed classification procedure instead of intensity images. The deformations are results of
high-dimensional nonlinear registration of MR images with a template anatomy from a digital
brain atlas [10]. The deformations which are represented by displacement fields or their
Jacobians clearly show how the brain anatomy of a diagnosed subject differs from a normal
template anatomy in the terms of local volume expansions and contractions. The gray matter
(GM) density images are by-products of a segmentation step in voxel-based morphometry
[11]. The GM density images are appropriate for the classification of schizophrenia patients
because a lot of anatomical areas where patients with schizophrenia differ from healthy
people lie in GM [12].
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A new deformation or GM density image is classified into the group of schizophrenia
patients or healthy controls according to distances in a vector space, in which images are
represented as points. The vector space is high dimensional due to the high spatial dimension
of the images. Therefore classification algorithms are often very computationally expensive.
The images can be reduced by 2DPCA or pPCA to avoid such expenses.
According to [7], 2-D image is supposed to be the input into the 2DPCA algorithm unlike
the common usage of PCA that demands transformation of images into 1-D vectors. Here,
3-D deformations or 3-D GM density images are transformed into 2-D images before
computation of an image covariance matrix G which is computed by:
1
G=
M

∑ (A

T

M

j =1

j

− A ) (A j − A ) ,
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where Aj is the 2-D image, Ā is their average and M their overall number. Eigenvectors of the
covariance matrix G which correspond to the first d largest eigenvalues are selected
afterwards. The reduced data are acquired by multiplying the original deformations or the
GM density images with the selected eigenvectors.
In [8] and [9], images are reduced with the use of all eigenvectors Vj with non-zero
eigenvalues. It allows to preserve all data variance and thus maintain the whole information
important for classification contrary to the commonly used PCA which leads to decrease of
the sample variance. Eigenvectors Vj are computed according to linear algebra rules (the
proof is given in appendix in [8]) from eigenvectors of a covariance matrix of persons by:

Vj =

ZT Φ j

λj

,

(2)

where ZT is a matrix where rows are original images transformed into 1-D vectors, Φj and λj
are jth eigenvector and jth eigenvalue of a covariance matrix of persons respectively.
In [7], a reduced face image is compared with all reduced face images in a database using
the nearest neighbor classification rule. In [8], fMRI images are assigned to a group of
patients with schizophrenia or to a group of healthy controls using the projection pursuit
algorithm. In [9], brain images of preterm infants and term controls are classified with the use
of the maximum uncertainty linear discriminant analysis. Here, the reduced deformations or
the GM density images are classified as the schizophrenia patient images or the healthy
control ones according to the average linkage method or the centroid method.
In the average linkage method, the shorter one of the average distances of the new reduced
image from all reduced patient images and from all reduced healthy control ones indicates
classification of the new image into the group. In the centroid method, distances of a new
reduced image from centroids of both the image groups (patients and healthy controls) are
computed. The image is then classified into the group represented by the closer centroid.
A simple method for visualization of the centroid method is proposed here (Fig. 1). The
two centroids are symbolized by stars and the reduced image of schizophrenia patients or
healthy controls is symbolized by a dot. The two centroids and the image constitute a triangle
with sides a, b, c, where a is the Euclidean distance between the classified image and the
centroid of patients, b is the Euclidean distance between the classified image and the centroid
of healthy controls and c is the Euclidean distance between both centroids. The centroid of
controls is placed into the point [0,0] and the centroid of patients into the point [c,0].
Y-coordinate of the classified image can be computed as a height vc of the triangle and
x-coordinate as cb which is a part of the side c. vc and cb can be derived from Euclidean
theorems about a height and catheti in a right triangle by their generalization for all types of
triangles:
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cb =

b2 + c2 − a2
,
2c

vc = b 2 − cb2 ,

(3)
(4)

Fig. 2 shows a visualization of the deformations with the use of the proposed visualization
method. Images which are closer the centroid of controls, thus they lie to the left of the
classification boundary, will be classified as healthy control images. Images closer the
centroid of patients, it means images to the right of the boundary, will be classified as patient
images.

Fig 1. Visualization of the centroid method with the use of triangles. The blue star represents
the centroid of healthy controls, the red star stands for the centroid of patients and the
black dot represents the image which is classified. a is the Euclidean distance between
the classified image and the centroid of patients, b is the Euclidean distance between
the classified image and the centroid of healthy controls and c is the Euclidean distance
between both centroids. vc is the y-coordinate of the classified image and cb is the
x-coordinate of the classified image.

Fig 2. Visualization of the deformation data using the centroid method. The blue star
represents the centroid of healthy controls and the red star represents the centroid of
patients. Blue dots stand for healthy control (NC) images and red dots stand for images
of first-episode schizophrenia patients (FES). Images left from the classification
boundary will be classified as NC and images right from the boundary as FES.
Nondimensional factors are on the axes.
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Experiment and results

The classification of images reduced by 2DPCA or pPCA was tested in an experiment with
3-D MRI data of 49 first-episode schizophrenia patients and 49 sex- and age-matched healthy
controls. Efficiencies and computational requirements of the classification procedure with
various input data and various classification methods are compared using leave-one-out cross
validation.
Tab. 1 summarizes the efficiency of classification based on various reduction and
classification methods. The classification efficiency is compared for the deformation data, the
GM density images and also for the original MRI intensity data. The best results, it means the
highest accuracy (80.6%) and sensitivity (71.4%), were achieved in the classification of the
deformations using the centroid method. The second best sensitivity was obtained in the
classification based on the GM density images and the worst sensitivity in the case of the
original MRI intensity images. The table also shows that the centroid method is more
appropriate for the classification than the average linkage method because of the low
sensitivity of the average linkage classification method for all image data. When the
classification efficiency of data without reduction and data reduced by pPCA or 2DPCA is
compared, the table proves that in the case of pPCA, selection of all eigenvectors with nonzero eigenvalues causes no loss of information important for the classification. Thus, the
classification efficiency of images reduced by pPCA is same as the classification efficiency
of data without any reduction. On the other hand, reduction using 2DPCA, which decreases
the data variance, leads to the different classification efficiency than the classification of data
without any reduction. In the case of the classification of first-episode schizophrenia patients
and healthy controls, decrease in the data variance caused by 2DPCA results in the same or
better efficiency in comparison to the classification of non-reduced data. However, in the
case of our other experiments with data of patients with chronic schizophrenia and healthy
controls, data reduction by 2DPCA led to a lower classification efficiency.
Image data
Deformations
Deformations
Deformations
Deformations
Deformations
Deformations
GM density imgs
GM density imgs
GM density imgs
GM density imgs
GM density imgs
GM density imgs
Intensity imgs
Intensity imgs
Intensity imgs
Intensity imgs
Intensity imgs
Intensity imgs

Classification
method
Centroid
Centroid
Centroid
Average linkage
Average linkage
Average linkage
Centroid
Centroid
Centroid
Average linkage
Average linkage
Average linkage
Centroid
Centroid
Centroid
Average linkage
Average linkage
Average linkage

Reduction
No
pPCA
2DPCA
No
pPCA
2DPCA
No
pPCA
2DPCA
No
pPCA
2DPCA
No
pPCA
2DPCA
No
pPCA
2DPCA

Accuracy Sensitivity Specificity
(in %)
(in %)
(in %)
80.6
71.4
89.8
80.6
71.4
89.8
80.6
71.4
89.8
67.3
34.7
100.0
67.3
34.7
100.0
67.3
34.7
100.0
64.3
63.3
65.3
64.3
63.3
65.3
65.3
63.3
67.3
69.4
49.0
89.8
69.4
49.0
89.8
69.4
49.0
89.8
61.2
59.2
63.3
61.2
59.2
63.3
61.2
59.2
63.3
54.1
18.4
89.8
54.1
18.4
89.8
57.1
24.5
89.8

Tab 1. Efficiency of classification using various input image data, classification and
reduction methods.
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Tab. 2 shows a comparison of the two reduction methods according to memory
requirements of the 3-D deformation data classification. It is evident that the pPCA-based
classification is less computationally intensive than the 2DPCA-based classification. The
memory requirements of the classification based on the GM density images and the original
MRI data are similar to the computational demands of the classification based on the
deformations.
Memory requirements
(in kB)
753 897
54 150
38

Deformation data
Original data
Data reduced by 2DPCA
Data reduced by pPCA

Tab 2. Memory requirements of classification based on the original and reduced 3-D
deformation data.

4

Conclusions

The classification of 3-D MRI data reduced by two modifications of PCA is described
here. 2DPCA leads to lower memory requirements than the classification of data without any
reduction. However, 2DPCA-based reduction decreases original data variability and therefore
causes a certain change of information important for the classification. The second
modification of PCA is pPCA, which is based on the covariance matrix of persons. pPCA
gives the same classification efficiency as in the case of data with no reduction and also
enables computations with the lowest memory requirements. Therefore, pPCA is more
appropriate for data reduction than 2DPCA in the case that no loss of original information in
data is needed for subsequent data analysis.
The comparison of classification efficiencies on the basis of various input data and
classification methods shows that the highest accuracy (80.6%) and sensitivity (71.4%) was
achieved in the classification procedure based on the deformation data and the centroid
method. The centroid classification method outperforms the average linkage classification
method in sensitivity for all image data. Among the image modalities, the deformations are
the most appropriate for the classification. The second best efficiency was achieved in the
GM density image classification and the worst efficiency in the original MRI intensity data
classification.

Acknowledgement
The work was supported by grants IGA MH CZ NR No. NS9893-4/2008 and No.
NS10347-3/2009.

References
[1] Zhao W, Chellappa R, Philips PJ, Rosenfeld A. Face recognition: A literature survey.
ACM Computing Surveys 2003;35:399-458.
[2] Fan Y, Shen D, Gur RC, Gur RE, Davatzikos Ch. COMPARE: Classification of
morphological patterns using adaptive regional elements. IEEE Trans. on Medical
Imaging 2007;26:93-105.
[3] Wang Z, Wang J, Calhoun V, Hengyi R, Detre JA, Childress AR. Strategies for reducing
large fMRI data sets for independent component analysis. Magnetic Resonance Imaging
2006;24:591-596.

ISSN 1211-412X

73

Analysis of Biomedical Signals and Images; 20: 69-74

BIOSIGNAL 2010
[4] Nakamura K, Kawasaki Y, Suzuki M, Hagino H, Kurokawa K, Takahashi T, Niu L,
Matsui M, Seto H, Kurachi M, Multiple structural brain measures obtained by
three-dimensional magnetic resonance imaging to distinguish between schizophrenia
patients and normal subjects. Schizophrenia Bulletin 2004;30:393-404.
[5] Asburner J, Friston KJ. Voxel-based morphometry – the methods. Neuroimage 2000,
11:805-821.
[6] Jolliffe IT. Principal Component Analysis. New York: Springer-Verlag, 2002.
[7] Yang J, Zhang D, Frangi AF, Yang JY. Two-dimensional PCA: a new approach to
appearance-based face representation and recognition. IEEE Transactions on Pattern
Analysis and Machine Intelligence 2004;26:131-137.
[8] Demirci O, Clark VP, Magnotta VA, Andreasen NC, Lauriello J, Kiehl KA, Pearlson
GD, Calhoun VD. A review of challenges in the use of fMRI for disease classification /
characterization and a projection pursuit application from a multi-site fMRI
schizophrenia study. Brain Imaging and Behavior 2008;2:207–226.
[9] Thomaz CE, Boardman JP, Counsell S, Hill DLG, Hajnal JV, Edwards AD, Rutherford
MA, Gillies DF, Rueckert D. A multivariate statistical analysis of the developing human
brain in preterm infants. Image and Vision Computing 2007;25:981–994.
[10] Schwarz D, Kasparek T, Provaznik I, Jarkovsky, J. A deformable registration method for
automated morphometry of MRI brain images in neuropsychiatric research. IEEE
Transactions on Medical Imaging 2007;26:452–461.
[11] Mechelli A, Price CJ, Friston KJ, Ashburner J. Voxel-based morphometry of the human
brain: methods and applications. Current Medical Imaging Reviews, 2005;1:105-113.
[12] Shenton ME, Dickey CC, Frumin M, McCarley RW. A review of MRI findings in
schizophrenia. Schizophrenia Research 2001;49:1-52.

ISSN 1211-412X

74

Analysis of Biomedical Signals and Images; 20: 69-74

