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Abstract. This paper presents a computer-aided diagnosis technique
for improving the accuracy of the early diagnosis of the Alzheimer type
dementia. The proposed methodology is based on the selection of the
voxels which present greater overall difference between both modalities
(normal and Alzheimer) and also lower dispersion. We measure the dis-
persion of the intensity values for normals and Alzheimer images by mean
of the standard deviation images. The mean value of the intensities of se-
lected voxels is used as feature for different classifiers, including support
vector machines with linear kernels, fitting a multivariate normal den-
sity to each group and the k-nearest neighbors algorithm. The proposed
methodology reaches an accuracy of 92% in the classification task.

1 Introduction

Single Photon Emission Computed Tomography (SPECT) provides three dimen-
sional maps of a pharmaceutical labelled with a gamma ray emitting radionu-
clide. The distribution of radionuclide concentrations are estimated from a set
of projectional images acquired at many different angles around the patient [1].

Single Photon Emission Computed Tomography imaging techniques employ
radioisotopes which decay emitting predominantly a single gamma photon. When
the nucleus of a radioisotope disintegrates, a gamma photon is emitted with a
random direction which is uniformly distributed in the sphere surrounding the
nucleus. If the photon is unimpeded by a collision with electrons or other particle
within the body, its trajectory will be a straight line. A physical collimator is
required to discriminate the direction of the ray by a photon detector external
to the patient.

Brain SPECT imaging has become an important diagnostic and research tool
in nuclear medicine. The use of brain imaging as a diagnostic tool in neurode-
generative diseases such as Alzheimer type disease (ATD) has been discussed ex-
tensively. Many studies have examined the predictive abilities of nuclear imaging
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with respect to Alzheimer disease and other dementia type illnesses [2, 3, 4, 5, 6].
Clinicians usually evaluate these images via visual inspection. Statistical classifi-
cation methods have not been widely used for this task, possibly due to the fact
images represent large amounts of data and most imaging studies have relatively
few subjects (generally < 100). Despite of that, some works have been published
recently [7, 8, 9, 10].

In this work, we study the overall difference between SPECT images of normal
subjects and images from Alzheimer type disease patients. Firstly, the set of vox-
els which present greater distance between both categories is selected. A second
criterion is chosen to select voxels based on considering those which present not
only greater overall difference between both modalities (normal and Alzheimer)
but also present lower dispersion. First and second-order moments of normals
and ATD images are calculated to measure the distance and dispersion between
images respectively. The classification accuracy using the proposed methodology
is 92%. The results outperform the accuracy rate obtained in [11], in which, us-
ing voxels as features, an accuracy rate of 84.8% and 89.9% was obtained using
the nearest mean classifier and Fisher Linear Discriminant ratio respectively.

This work is organised as follows: in Section 2 the classifiers used in this paper
are presented: in Section 3, the SPECT image acquisition and preprocessing steps
are explained; in Section 4, the approach to select the voxels which will be used in
the classification task is explained; in Section 5, we summarize the classification
performance obtained applying various classifiers to the selected voxels; lastly,
the conclusions are drawn in Section 6.

2 Overview of the Classifiers

The images we work with belong to two different classes: normal and Alzheimer
type dementia (ATD). The goal of the classification task is to separate a set of
binary labelled training data consisting of, in the general case, N -dimensional
patterns vi and class labels yi:

(v1, y1), (v2, y2), ..., (vl, yl) ∈ (RN × {Normal, ATD}), (1)

so that a classifier is produced which maps an object vi to its classification label
yi. This classifier will correctly classify new examples (v,y).

There are several different procedures to build the classification rule. We uti-
lize the following classifiers in this work [12].

2.1 Multivariate Normal Model: Linear Discriminant Function

We suppose that v denotes a p-component random vector of observations made
on any individual; v0 denotes a particular observed value of v, and π1, π2 denote
the two populations involved in the problem. The basic assumption is that v has
different probability distributions in π1 and π2. Let the probability density of
v be f1(v) in π1, and f2(v) in π2. The simplest intuitive argument, termed the
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likelihood ratio rule, classifies v0 as π1 whenever it has greater probability of
coming from π1 than from π2. This classification rule can be written as:

v ∈ π1 if f1(v)/f2(v) > 1 v ∈ π2 if f1(v)/f2(v) ≤ 1. (2)

The most general form of the model is to assume that πi is a multivariate
normal population with mean µi and dispersion matrix Σi for i = 1, 2. Thus
fi(v) = (2π)−p/2|Σi|−1/2 exp{ 1

2 (v − µi)′Σ−1
i (v − µi)}, so that we obtain

f1(v)/f2(v) = |Σ2|1/2|Σ1|−1/2 exp[−1
2
{v′(Σ−1

1 − Σ−1
2 )v − (3)

2v′(Σ−1
1 µ1 − Σ−1

2 µ2) + µ′
1Σ

−1
1 µ1 − µ′

2Σ
−1
2 µ2}]

The presence of two different population dispersion matrices renders difficult
the testing of hypothesis about the population mean vectors, therefore, the as-
sumption Σ1 = Σ2 = Σ is a reasonable one in many practical situations. The
practical benefits of making this assumption are that the discriminant function
and allocation rule become very indeed. If Σ1 = Σ2 = Σ, then

fi(v) = (2π)−p/2|Σ|−1/2 exp{−1
2
(v − µi)′Σ−1(v − µi)} (4)

so that the classification rule reduces to:
Allocate v to π1 if L(v) > 0, and otherwise to π2, where L(v) = (μ1 −

μ2)′Σ−1{v − 1
2 (μ1 + μ2)}. No quadratic terms now exist in the discriminant

function L(v), which is therefore called the linear discriminant function.
In any practical application, the parameters μ1, μ2, Σ1 and Σ2 are not known.

Given two training sets, v(1)
1 , ...,v(1)

n1 from π1, and v(2)
1 , ...,v(2)

n2 from π2 we can
estimate these parameters by:

µ1 =
1
n1

n1∑

i=1

v(1)
i (5)

µ2 =
1
n2

n2∑

i=1

v(2)
i (6)

Σ1 =
1

n1 − 1

n1∑

i=1

(v(1)
i − µ1)(v

(1)
i − µ1)′ (7)

Σ2 =
1

n2 − 1

n2∑

i=1

(v(2)
i − µ2)(v

(2)
i − µ2)′ (8)

We estimate the pooled covariance matrix:

Σ =
1

n1 + n2 − 2
{

n1∑

i=1

(v(1)
i − µ1)(v

(1)
i − µ1)′ +

n2∑

i=1

(v(2)
i − µ2)(v

(2)
i − µ2)′} (9)
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2.2 Mahalanobis Distance

We use Mahalanobis distance with stratified covariance estimates. The Maha-
lanobis distance differs from Euclidean in that it takes into account the correla-
tions of the data set and is scale-invariant. We allocate v to π1 if Δ1 > Δ2, and
otherwise to π2, where Δ1, Δ2 are the Mahalanobis distance between v and π1,
π2 respectively:

Δ2
1 = (v − π1)′Σ1(v − π1), (10)

Δ2
2 = (v − π2)′Σ2(v − π2). (11)

2.3 Support Vector Machines with Linear Kernels

Linear discriminant functions define decision hypersurfaces or hyperplanes in a
multidimensional feature space:

g(v) = wT v + w0 = 0 (12)

where w is the weight vector and w0 is the threshold. w is orthogonal to the
decision hyperplane. The goal is to find the unknown parameters wi, i = 1, ..., N
which define the decision hyperplane [13].

Let vi, i = 1, 2, ..., l be the feature vectors of the training set. These belong to
two different classes, ω1 or ω2. If the classes are linearly separable, the objective
is to design a hyperplane that classifies correctly all the training vectors. This
hyperplane is not unique and it can be estimated maximizing the performance
of the classifier, that is, the ability of the classifier to operate satisfactorily with
new data. The maximal margin of separation between both classes is a useful
design criterion. Since the distance from a point v to the hyperplane is given by
z = |g(x)|/ ‖ w ‖, the optimization problem can be reduced to the maximization
of the margin 2/ ‖ w ‖ with constraints by scaling w and w0 so that the value
of g(v) is +1 for the nearest point in w1 and −1 for the nearest point in w2. The
constraints are the following:

wT v + w0 ≥ 1, ∀v ∈ w1 (13)

wTv + w0 ≤ 1, ∀v ∈ w2, (14)

or, equivalently, minimizing the cost function J(w) = 1/2‖w‖2 subject to:

yi(wT xi + w0) ≥ 1, i = 1, 2, ..., l. (15)

2.4 k-Nearest-Neighbor

An object is classified by a majority vote of its neighbors, with the object being
assigned to the most common class amongst its k nearest neighbors. k is a
positive integer, typically small. For instance, if k = 1, then the object is simply
assigned to the class of its nearest neighbor. We choose k = 3 and euclidean
distance in the experimental results.
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3 SPECT Image Acquisition and Preprocessing

The patients were injected with a gamma emitting 99mTc-ECD radiopharma-
ceutical and the SPECT raw data was acquired by a three head gamma camera
Picker Prism 3000. A total of 180 projections were taken for each patient with
a 2-degree angular resolution. The images of the brain cross sections were re-
constructed from the projection data using the filtered backprojection (FBP)
algorithm in combination with a Butterworth noise removal filter [14].

The complexity of brain structures and the differences between brains of dif-
ferent subjects make necessary the normalization of the images with respect to
a common template. This ensures that the voxels in different images refer to
the same anatomical positions in the brain. In this work, the images have been
normalized using a general affine model, with 12 parameters [15, 16].

After the affine normalization, the resulting image is registered using a more
complex non-rigid spatial transformation model. The deformations are parame-
terized by a linear combination of the lowest-frequency components of the three-
dimensional cosine transform bases [17]. A small-deformation approach is used,
and regularization is by the bending energy of the displacement field. Then, we
normalize the intensities of the SPECT images with respect to the maximum
intensity, which is computed for each image individually by averaging over the
3% of the highest voxel intensities, similar as in [18].

4 First and Second-Order Moments of SPECT Images

4.1 Mean Image

Firstly, we study the mean intensity values of the Normals and ATD images. Let
the brain image set be I1, I2, ..., IN , where the number of images N is the sum of
the images previously labelled as Normals (NNOR) and Alzheimer type dementia
(NATD) by expertises. The averageNormal brain image of the dataset is defined as

ĪNOR =
1

NNOR

NNOR∑

j∈NOR

Ij . (16)

The average ATD can be calculated analogously:

ĪATD =
1

NATD

NAT D∑

j∈ATD

Ij . (17)

The difference between the mean normal image and the mean ATD is depicted
in Figure 2(a).

In the classification task, we will consider those voxels i which present a
difference greater than a given threshold εμ.

i / {|ĪNOR(i) − ĪATD(i)| > εμ} (18)

Figure 1 shows the distribution of the voxels i with |ĪNOR(i)−ĪATD(i)| greater
than six different threshold values εμ. It is easily seen that, if the whole image
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Fig. 1. Histogram with the intensity values of selected voxels with varied εμ. Continu-
ous line: mean normal image. Dotted line: mean ATD image. (a) εμ = 5, (b) εμ = 10,
(c) εμ = 15, (d) εμ = 20, (e) εμ = 25 and (f) εμ = 30.

is considered, their distributions are quite similar. The difference between the
histogram of the mean normal and ATD images increases concomitantly with
the threshold value εμ.

4.2 Standard Deviation Image

The root-mean-square deviation from their mean for normal images is defined
as

Iσ
NOR =

√√√√ 1
NNOR

NNOR∑

j∈NOR

(Ij − INOR)2, (19)

and for ATD:

Iσ
ATD =

√√√√ 1
NATD

NATD∑

j∈ATD

(Ij − IATD)2. (20)

The resulting image INOR
σ +IATD

σ is plotted in Figure 2(b). This figure help us
to discriminate those areas of the brain which present lower dispersion between
images.

We propose a criterion to select discriminant voxels by means of the informa-
tion given by the mean and standard deviation of the images. This procedure
consists in select those voxels i which hold the condition in expression (18) for
a given threshold value εμ and also satisfy the following criterion:

i / {Iσ
NOR(i) + Iσ

ATD(i) < εσ}. (21)

the mean of selected voxels will be used as features for the classification task.
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(a) (b)

Fig. 2. (a) Difference between Normal and ATD mean images. (b) Sum of the images
Iσ

NOR and Iσ
ATD.

5 Results

The performance of the classification is tested on a set of 79 real SPECT images
(41 normals and 38 ATD) of a current study using the leave one-out method:
the classifier is trained with all but one images of the database. The remaining
image, which is not used to define the classifier, is then categorized. In that
way, all SPECT images are classified and the success rate is computed from the
number of correctly classified subjects.

We consider those voxels which fulfill the condition in equation (18) and also
present lower dispersion. We measure the dispersion of the intensity values for
normals and ATD images by mean of the standard deviation images Iσ

NOR and
Iσ
ATD.

We consider voxels which fulfill the condition |ĪNOR(i) − ĪATD(i)| > εμ with
εμ = 25 and εμ = 30 in addition to the condition INOR

σ + IATD
σ < εσ for

different threshold values εσ. In Figure 3, the classification performance versus
the threshold value εσ is plotted. We obtain a classification accuracy greater
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Fig. 3. Accuracy rate versus threshold value εσ. Selected voxels fulfill the condition
|ĪNOR(i) − ĪATD(i)| > εμ, with threshold: (a) εμ = 25, (b) εμ = 30.
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Fig. 4. Selected voxels fulfill the condition |ĪNOR(i) − ĪATD(i)| > εμ, with threshold:
εμ = 25. (a) Sensitivity versus threshold value εσ. (b) Specificity versus εσ.
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Fig. 5. Selected voxels fulfill the condition |ĪNOR(i) − ĪATD(i)| > εμ, with threshold:
εμ = 30. (a) Sensitivity versus threshold value εσ. (b) Specificity versus εσ.

than 92%. Furthermore, the proposed selection of voxels allows us to obtain
a high accuracy rate independently of the classifier. For instance, Figures 3(a)
and 3(b) show that multivariate normals (linear), and SVM with linear kernel
achieve similar performances.

Figures 4 and 5 plot the Sensitivity and Specificity in the classification task
versus εσ for voxels which fulfill the condition |ĪNOR(i) − ĪATD(i)| > εμ with
εμ = 25 and εμ = 30 respectively. We obtain a sensitivity of 95% and a specificity
of 90% for certain values of the threshold εσ.

6 Conclusion

In this work, a straightforward criterion to select a set of discriminant voxels
for the classification of SPECT brain images is presented. After normalisation
of the brain images, the set of voxels which presents greater overall difference
between normals and Alzheimer type dementia images and also lower dispersion
is selected. The mean value of the selected voxels are used as features to different
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classifiers. The classification accuracy was 92%. The method proposed in this
work allows us to classify the brain images in normal and affected subjects with
no prior knowledge about the Alzheimer disease.
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