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ABSTRACT

A comparitive study is commonly performed by means of pre-defined
or expert selected Region of Interest (ROI)-analysis or Voxel Based
Analysis (VBA). In contrast to these methods, correlations within the
data can be modeled by using Principal Component Analysis (PCA)
and Linear Discriminant Analysis (LDA). The mapping computed
by PCA/LDA is displayed to identify the discriminative regions.

A technique called ’pruning’ is introduced to iteratively discard
misclassified subjects from the cohort. These subjects reside in the
region in feature space where the classes are overlapping. As the ex-
act cause of this overlapping is unknown, it is preferable to base the
mapping merely on representative prototypes, residing in the non-
overlapping parts of the feature space.

After pruning the PCA/LDA mapping, a more pronounced de-
crease in FA in larger parts of the corpus callosum was observed,
compared to conventional VBA.
Index Terms: pruning, discriminant analysis, diffusion tensor imag-
ing, schizophrenia.

1. INTRODUCTION

Over the past few years, Diffusion Tensor Imaging (DTI) [1] has pro-
vided important insights in the structure of the brain. DTI measures
the amount and direction of the diffusion of water. In white matter,
the diffusion of water is anisotropic, parallel to the nerve direction,
whereas in gray matter the diffusion is more isotropic. The diffusion
is often characterized by a rank-2 tensor, from which scalar measures
can be derived such as the Fractional Anisotropy (FA) and Appar-
ent Diffusion Coefficient (ADC). A still growing number of studies
analyzes DTI to determine changes in brain structure in schizophre-
nia. Studying images of schizophrenics is challenging, since there
is no clear hypothesis specifying where differences are to be ex-
pected. What is generally assumed however, is that schizophrenia
affects white matter structure in the brain [2].

Typically, schizophrenia is studied by way of a Region Of In-
terest (ROI)-analysis or Voxel-Based Analysis (VBA) [3]. The main
findings are a decreased FA in the corpus callosum and cingulum,
but changes in various other white matter regions have been reported
as well [3]. Clearly, the regions in the brain are highly interacting
with each other, such that a correlation between the reported de-
creases is to be expected. This correlation is modeled neither by
ROI-analysis nor VBA, because they consider the regions or voxels
independently and thus analyze them separately. Another drawback
of ROI-analysis is that expert knowledge is needed in annotating the
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ROIs, which is subject to variation. By using Principal Component
Analysis (PCA) and Linear Discriminant Analysis (LDA), a combi-
nation of voxels is sought that is mutually weighted to discriminate
patients from controls. Two small studies using PCA/LDAhave been
done earlier [4, 5].

It is clinically important to know in which regions of the brain
a significant difference in structure (as indicated by the FA) mani-
fests itself. The mapping computed by the PCA/LDA-algorithm will
be analyzed to identify those regions. The data in the feature space
might be partially overlapping, due to a modeling error or an a pri-
ori non-perfect separation between the classes. It is therefore chosen
to minimize the influence of the subjects in the overlapping region
on the mapping and base the mapping merely on representative pro-
totypes, i.e. the non-overlapping parts of the data in feature space.
This is achieved by ‘pruning’ the dataset, which iteratively discards
the subjects in the overlapping region from the cohort. The algo-
rithm is thus expected to better describe the way the studied disease
is affecting the human brain. A study into schizophrenia serves as
an application; the proposed framework can potentially be applied to
many other comparitive studies that have already been done before.

2. METHOD

2.1. Mapping computation

Let us first briefly review PCA/LDA-analysis. The patient and con-
trol group are denoted ωp and ωc, the so-called classes. Let mp

and mc be the number of patients and controls, summing to m, the
size of the cohort. The n voxels to be studied are reshaped to n-
dimensional vectors xi (i = 1, . . . , m), where the ordering can be
chosen arbitrarily.

Thus, each image can be regarded as a point in an n-dimensional
space IRn. In general, the cohort size is much smaller than the num-
ber of voxels (m � n), making the problem of discriminating data
in this space highly ill-posed. This is called the small sample size
problem [6], for which a unique solution does not exist. PCA/LDA
solves this problem in a two-step way of dimensionality reduction,
IRn PCA−→ IRr LDA−→ IR [7], such that a one-dimensional x∗i is ob-
tained:

x∗i = aT (xi − x̄) , (1)
where x̄ is the mean over all xi and a is written as

aT = qT P T . (2)

The matrixPn×r maps a point from IRn to IRr . It contains only non-
singular eigenvectors or principal components of the total scatter ma-
trix St =

P
(xi−x̄)(xi−x̄)T [8]. The order of eigenvectors is such

that the corresponding eigenvalues are monotonically increasing. If
r = m − 1, all variance in the data is retained; lowering r yields a
loss of information. A proper choice of r will be discussed later on.
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Projecting xi onto P results in vectors x′i = P T (xi − x̄) of length
r.

The vector q of size r is found by LDA, aiming to discriminate
patients from controls in a one-dimensional space IR. q is computed
on x′ in the low-dimensional subspace IRr and written as [9]

q = S−1

w Sb, (3)

with the class-within and -between scatter matrices Sw and Sb

Sw =
1

m

2X

j=1

mjX

i=1

`
x′i − x̄′j

´ `
x′i − x̄′j

´T (4)

Sb =
1

m

2X

j=1

`
x̄′j − x̄′

´ `
x̄′j − x̄′

´T (5)

for the two-class case and the mean of class j notated as x̄′j .

2.2. Classification

Now the data can be projected to x∗ using equation 1. In further
investigation, it is assumed that x̄∗ωp

< x̄∗ωc
(x∗ is mirrored if this

is not the case). Classification with a simple classifier, the nearest-
mean classifier, is done on x∗. The classification error is computed
by means of ten-times repeated five-fold cross-validation [9]. The
95%-confidence region of the error depends on the error and size
of the cohort [9]. If the upper boundary is below 50%, a significant
difference between patients and controls is found. An estimate of the
stability of the classification error is given by the standard deviation
of the error over the ten repeated cross-validations.

Cross-validation is also used to choose r, the dimensionality of
the subspace. The classification error is computed ‘forward’, starting
with the first and using an increasing number of principal compo-
nents. It is expected the data resides in a low-dimensional subspace
of dimensionality r < m − 1, and that last principal components
only describe noise. The error is therefore expected to lower until a
certain minimum, which defines the value of r. In a second experi-
ment, in which the classification error is computed ‘backward’, it is
verified if the last components indeed describe noise. Starting with
the trailing principal component, more and more leading principal
components are added until at the end all are used. It is expected
that the error in this case will remain close to 50% until the leading
principal components are added.

In order to study the reliability of the algorithm, patients and
controls are randomly divided into two classes, gathering the same
proportion of the initial populations. If the classification error on this
data is significantly lower than 50%, the algorithm is overtraining the
data.

2.3. Pruning

It is clinically important to know in which regions of the brain a
significant difference in structure (as indicated by the FA) manifests
itself. The mapping a computed by the PCA/LDA-algorithm will
be analyzed to identify those regions. a describes how the voxels
are mutually weighted for discriminating patients from controls; it
reports the combination of regions that separates the populations.

The precision by which a can be estimated depends on the amount
of available data. After doing PCA/LDA and projecting the data onto
IR, the classes are expected to be compact and partially overlapping.
This overlapping originates from a modeling error or from an a pri-
ori non-perfect separation between the classes in IRr . It is unknown

Fig. 1. Axial and coronal slice of the average FA-volume after reg-
istration.

which of these effects is causing the overlap in this study. Still, a
report of discriminative regions in the data is needed. It is therefore
chosen to minimize the influence of the subjects in the overlapping
region on the mapping. Consequently, the mapping is merely based
on representative prototypes, i.e. the non-overlapping parts of IR.

We propose to enhance the mapping by ‘pruning’ the dataset.
Pruning iteratively discards the subjects in the overlapping region
from the cohort. This is realized by tracking the misclassifications of
subjects in cross-validation. Subjects that are misclassified in at least
nine out of ten times are removed from the dataset. The remaining
cohort is classified again, which is repeated until no more subjects
are removed.

2.4. Thresholding

The regions where |a| is highest contribute most to the separation
in x∗, since x∗ = 0 due to the extraction of the mean from the
data. |a| is therefore thresholded, such that only the discriminating
regions remain. The threshold value e is determined on the non-
pruned dataset by doing cross-validation using the remaining voxels
with an increasing threshold value. The classification error is ex-
pected to initially decrease due to removal of noise, after which it
increases until the upper boundary of the 95%-confidence region of
the error reaches 50%. The corresponding threshold value will be
used when visualizing a.

2.5. Subjects

Male patients admitted to the Adolescent-clinic of the Academic
Medical Center in Amsterdam, the Netherlands and between 18 and
28 years of age were consecutively included. Patients had a clini-
cal diagnosis of recent-onset schizophrenia or a related disorder ac-
cording to DSM-IV criteria [10]. All patients received antipsychotic
medication. Handedness was determined using the Annett Handed-
ness Questionnaire [11].

Exclusion criteria were: history of a demonstrable neurologi-
cal or endocrine disease, history of a head trauma with loss of con-
sciousness for more than 15 minutes, mental retardation, gross brain
abnormalities on conventional MRI and substance abuse within one
week of MRI-acquisition. Additional exclusion criteria for controls
were: lifetime diagnosis of substance abuse and a personal or family
history of a major psychiatric illness such as schizophrenia. Controls
were matched to patients for gender, age, educational level and hand-
edness. This study was approved by the local medical and ethical
committee. After complete description of the study to the subjects,
written consent was obtained.
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Fig. 2. Classification error using the FA as a function of the used
principal components, with errorbars denoting the standard devi-
ation of the error. The results of the ‘forward’- and ‘backward’-
experiment, using a set of leading and trailing components respec-
tively, are only comparable when they end using all components.

2.6. Data acquisition and preprocessing

Magnetic Resonance DTI of the subjects was performed on a 1.5T
Siemens Visions (VB33E, Siemens, Erlangen, Germany). A spin-
echo EPI sequence with an extra 180◦ pulse and balanced diffusion
sensitizing gradients was used to minimize artifacts induced by eddy
currents [12]. Other imaging parameters were: diffusion weighting
b = 1000 s/mm2, voxel-size 2× 2× 6.5 mm, TE (echo time) 109
ms, six icosahedric diffusion directions [13].

The diffusion is described by a 3× 3 symmetric tensorD, from
which eigenvectors v1...3 and eigenvalues λ1 ≤ λ2 ≤ λ3 can be
calculated. The Fractional Anisotropy FA [14] is a scalar measure
derived from the tensor and written as

FA =

p
(λ1 − λ2)2 + (λ2 − λ3)2 + (λ1 − λ3)2√

2
p

λ2

1
+ λ2

2
+ λ2

3

. (6)

The diffusion weighted images (DWIs) were isotropically re-
sampled, allowing sub-voxel translations in the z-plane in registra-
tion. Moreover, the DWIs were smoothed with a Gaussian kernel
of 2 mm, thereby reducing the occurrence of high FA due to noise
and limiting the negative side-effects of possible misregistration. An
affine registration and a non-rigid registration using demons with a
multi-resolution approach [15] of the FA-images were performed in
3D-Slicer (www.slicer.org), using the FA computed from a DTI-atlas
[16] as target. The average FA-volume after registration is displayed
in figure 1.

3. RESULTS

In this study, 34 male patients were included with an average age of
22.3 years and a standard deviation of 2.6 years. They were com-
pared with 24 healthy controls with an average age of 22.5 years
and a standard deviation of 3.2 years. Handedness of patients was
(right/left/ambidexter) 85/12/3%, of controls it was 87/13/0%. Ed-
ucational level of patients was: 29% skilled training, 32% bachelor
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Fig. 3. Classification error as a function of the threshold on |a|, with
the dash-dotted line denoting the boundary of significant difference.

level and 38% master level; of controls 29%, 29% and 42% respec-
tively. No gross abnormalities could be detected on conventional
MR imaging by an expert. Eddy current induced morphing in the
phase direction was visually esteemed to be negligible.

The number of principal components r is chosen based on the
classification error after cross-validation, as can be seen in figure
2. The ‘forward’-experiment makes clear that r = 13 is the op-
timal number of components, since adding more components does
not lower the error. The error of 22%, with the upper boundary of
the 95%-confidence interval at 37%, means a significant difference
between the classes. The ‘backward’-experiment, starting with the
last and adding leading components, reveals that the trailing prin-
cipal components are indeed describing noise, because the error is
close to 50%. Also note the higher standard deviation in the error in
the latter experiment. Classification of randomly composed classes
resulted in an error of 42%, a non-significant difference.

The classification error as function of the threshold on |a| is dis-
played in figure 3. While thresholding, a minimal object size of 50
voxels (1.6 cm3) was used, which is a typical size of brain tracts
where changes are expected [17]. Based on the 95%-confidence re-
gion, given a cohort size of 60 subjects, a classification error below
35% is considered significant. A threshold of e = 0.4 on |a| is
therefore chosen.

Pruning was applied to the cohort, resulting in a removal of
6 schizophrenics and 2 controls after 3 iterations. All discarded
subjects were misclassified using the mapping computed with the
pruned dataset. The result of a VBA is displayed in figure 4(a). The
PCA/LDA mappings computed on the total and pruned dataset are
shown in figure 4(b) and (c) respectively. The mapping of the pruned
dataset shows a larger area of decreased FA in the corpus callosum
(annotated with the white arrow), compared to the mapping of the to-
tal dataset. If the significance level in VBA is increased, a decreased
FA in the corpus callosum as reported by PCA/LDA is appearing.

4. DISCUSSION

A machine learning framework has been proposed for comparative
studies on volumetric data, that is able to correct for artifacts present
within the data. First, a PCA/LDA mapping of the cohort is com-
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(a) (b) (c)

Fig. 4. (a) Two-sided conventional VBA (P < 0.001), (b) PCA/LDA-mapping a of original and (c) pruned dataset, thresholded at 0.4. White
regions indicate an increased FA for schizophrenics, black regions a decreased FA, the average FA is shown in gray. The arrows point at a
decrease in the corpus callosum.

puted, which mutually weights the voxels to discriminate the pop-
ulations. This mapping is thresholded to automatically extract the
combination of differing regions. A technique called ’pruning’ is
then introduced to iteratively discard misclassified subjects from the
cohort. These subjects reside in the region in feature space where the
classes are overlapping. As the exact cause of this overlapping is un-
known, it is preferable to base the mapping merely on representative
prototypes, residing in the non-overlapping parts of IR.

The method, applied to schizophrenia, found a decreased FA in
the corpus callosum, which was less pronounced when pruning was
omitted. VBA was only capable of finding regions of increased FA,
which is almost unpreceded.

Comparing the results of this study with earlier findings, a de-
crease in the corpus callosum has been found several times before,
whereas a finding of higher FA is almost unpreceded. It can thus
be said that the results of the proposed algorithm are in better corre-
spondence with the literature [3] than the findings of VBA.

Incorporating correlation in a comparative study is proven to be
a gain in discriminative power. Therefore, we have made a new step
in pathological studies, opening the way to more knowledge of brain
diseases in the future.

5. REFERENCES

[1] P.J. Basser, J. Mattiello, and D. Le Bihan, “MR diffusion tensor
spectroscopy and imaging,” Biophys J, vol. 66, pp. 259–267,
1994.

[2] M.E. Shenton, M.E. Dickey, et al., “A review of MRI findings
in schizophrenia,” Schizophr Res, vol. 49, pp. 1–52, 2001.

[3] R.A. Kanaan, J.S. Kim, et al., “Diffusion tensor imaging in
schizophrenia,” Biol Psychiatry, vol. 58, no. 12, pp. 921–929,
2005.

[4] C.E. Thomaz, J.P. Boardman, et al., “Using a maximum un-
certainty lda-based approach to classify and analyse mr brain
images,” In Proc. MICCAI’04, vol. LNCS 3216, pp. 291–300,
2004.

[5] C.Z. Zhu, Y.F. Zang, et al., “Discriminative analysis of brain
function at resting-state for Attention-Deficit/Hyperactivity

Disorder,” In Proc. MICCAI’05, vol. LNCS 3750, pp. 468–
475, 2005.

[6] K. Fukunaga, Introduction to statistical Pattern Recognition,
Academic Press, New York, 1990.

[7] R. Huang, Q. Liu, et al., “Solving the small sample size prob-
lem of LDA,” Proc Int Conf Pattern Recognition, vol. 3, pp.
29–32, 2002.

[8] M. Turk and A. Pentland, “Eigenfaces for recognition,” J
Cognitive Neuroscience, vol. 3, pp. 71–86, 1991.

[9] R. Duda and P. Hart, Pattern Classification, Wiley, New York,
2001.

[10] American Psychiatric Association (APA), DSM-IV: Diagnos-
tic and statistic manual of mental disorders (fourth ed.), APA,
Washington DC, 1994.

[11] M. Annett, “A classification of hand preference by association
analysis,” Br J Psychol, vol. 61, no. 3, pp. 303–321, 1970.

[12] T.G. Reese, O. Heid, et al., “Reduction of eddy-current-
induced distortion in diffusion MRI using twice-refocused spin
echo,” Magn Reson Med, vol. 49, pp. 177–182, 2003.

[13] E.M. Akkerman, “Efficient measurement and calculation of
MR diffusion anisotropy images using the platonic variance
method,” Magn Reson Med, vol. 49, pp. 599–604, 2003.

[14] P.J. Basser and C. Pierpaoli, “Microstructural and physio-
logical features of tissues elucidated by quantitative-diffusion-
tensor MRI,” J Magn Reson B, vol. 111, pp. 209–219, 1996.

[15] J.-P. Thirion, “Image matching as a diffusion process: an anal-
ogy with Maxwell’s demons,” Med Image Anal, vol. 2, no. 3,
pp. 243–260, 1998.

[16] S. Wakana, H. Jiang, et al., “Fiber tract-based atlas of human
white matter anatomy,” Radiology, vol. 230, pp. 77–87, 2004.

[17] B. Hermann, R. Hansen, et al., “Neurodevelopmental vulner-
ability of the corpus callosum to childhood onset localization-
related epilepsy,” Neuroimage, vol. 18, pp. 284–292, 2003.

[18] M.R.Wiegell, H.B.W. Larsson, et al., “Fiber crossing in human
brain depicted with diffusion tensor MR imaging,” Radiology,
vol. 217, pp. 897–903, 2000.

1343


