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Abstract

The purpose of our study was to develop a com-
pletely automated method for detecting abdominal tu-
mors in given FDG-PET/CT images. The purpose of
this article is to report on a classi�er that distinguishes
malignant tumors from false positives. For constructing
the classi�er, we employed the kernel Fisher discrim-
inant analysis (KFDA), and experimentally evaluated
the relationship between the dimensionality of training
data, the leave-one-out (LOOCV) error of the classi�er,
and the stability of the classi�er. The results showed
that, as the dimensionality increased, the LOOCV er-
ror decreased but the classi�er became unstable. Our
method �rstly binarizes a given PET image to extract
candidates of malignant tumors. From a set of the im-
ages of the extracted candidates, we constructed the
classi�er. For computing the classi�cation function, we
normalize the size of the extracted images of the can-
didates and incorporate them into training data. When
we change the size of the normalized images, the di-
mensionality of the training data changes and we ob-
tain different classi�cation function. For each classi�-
cation function obtained at different dimensionality, we
approximately evaluated its uniform stability and com-
puted the upper bound of the difference between the
LOOCV error of the classi�er and the generalization
error. In this article, we show that it is needed to evalu-
ate the stability of the classi�er to determine the size of
the normalized images.

1. Introduction

In this article, we report on a classi�er for detecting
abdominal tumors in FDG-PET/CT images. A PET/CT
with 18F-FDG enables to obtain information on sugar
metabolism and on anatomy during one exam. The
obtained PET image and X-CT image are accurately
aligned and are useful for cancer diagnosis. Computer

aided diagnosis (CAD) systems that use these images
have gained considerable attention[1].

Our CAD system �rstly extracts the candidates of the
tumors and then applies the classi�er for rejecting false
positives included in the candidates. The classi�er can
be constructed by means of a machine learning method.
For the learning, sample images are collected and are
often directly used as training data. When images are
directly used as training data, the sizes of the images
should be normalized. The normalized size effects the
change of the performance of the classi�er. We should
determine the normalized size so that the performance
becomes the best.

Because we cannot measure the generalization error
of a classi�er, we often approximately evaluate its per-
formance using the cross-validation method, e.g. the
leave-one-out cross-validation (LOOCV) method. The
problem is that the evaluated performance tends to over-
estimate the performance as the normalized size of im-
ages becomes larger. In other words, the difference be-
tween the generalization error and the one evaluated
with training data tends to become larger as the size
becomes larger. It follows that we often select larger
normalized size.

We experimentally evaluated the relationship be-
tween the normalized size of the images of the tumor
candidates, the LOOCV error of the classi�er, and the
stability of the classi�er. Experimental results showed
that, as the normalized size becomes larger, the LOOCV
error decreased but the classi�er became unstable. In
this article, we show that it is needed to evaluate the
stability of the classi�er to determine the size of the nor-
malized images.

2. Extraction of Tumor Candidates

In this section, we show the proposed method for
detecting candidates of malignant tumors in given
PET/CT images of a whole body [2]. All PET/CT im-
ages we are captured at Yamagata Saisei Hospital by

978-1-4244-2175-6/08/$25.00 ©2008 IEEE



Figure 1. (A):An example of the X-CT im-
age. (B): The corresponding result of the
segmentation. (C):Detected candidates of
tumors. (D):An example of the PET image.

using PET/CT Discovery LS8, GE. For using those im-
ages, we signed up with the ethics commitee of the hos-
pital. As described in the previous section, candidates
of malignant tumors can be detected by binarizing a
given PET image. The problem here is to determine
appropriate thresholds for each region.

The threshold for the binarization should be adap-
tively determined for each region in a given PET image,
because the distribution of its voxel values signi�cantly
changes depending on patients. Hence, the proposed
method �rstly segments the X-CT image into eleven re-
gions: The head, neck, breast, cavity, upper abdomen,
lower abdomen, leg, liver, kidneys, and spleen [2].
Fig. 1(B) shows an example of the segmentation result
obtained from the image shown in (A). And then, we
determines the threshold for each region.

The proposed method determines the threshold
TPET based on the histogram of PET values on each
region. With the histogram, the method approximately
estimates the probability density function of the PET
values and determines the threshold for each region so
that the expected number of detected voxels is equal to
about one (1). Fig. 1 (C) shows an example of the de-
tected tumor candidates obtained from the PET image
shown in (D).

We applied the binarization method to 11 PET/CT
images. Two radiologists of Tsukuba and Chiba univer-
sity found 99 malignant tumors components in total. As
the result, we obtained all of the true malignant tumors.
However, the average number of detected false positives
components was about 150 per case. Especially, about
80 false ones were detected in the abdomen region. The
purpose of this article is to report on a classi�er that dis-
tinguishes the false positives in abdomen region from
true ones.

3 Construction of Classi�er

Based on the images of the abdomen tumor candi-
dates, we constructed the classi�er. For the construc-
tion, we employed the kernel Fisher discriminant anal-
ysis (KFDA). Using the KFDA, we computed a classi-
�cation function based on a set of training data, which
were transformed from the images of the candidates.

3.1 Transformation of Candidate Images

A local image inside of a circumscribed cube of
each tumor candidate was extracted from the original
PET/CT image. We normalized the size and the gray-
scale of each local image and incorporated it into the
training datum. In addition, we incorporated the infor-
mation on the size and the location of the corresponding
tumor candidate into the training datum.

Let Li denote the side length of the extracted local
image of the tumor candidate i. In order to apply the
KFDA, we normalized this side length and obtained a
cubic image with a side length L̄. For this normaliza-
tion, we linearly interpolated the voxel values. The nor-
malized image consists of L̄3 voxels.

Let Pi(u, v, w) denote the normalized PET image,
where u, v, w = 1, 2, · · · , L̄. Because the distributions
of voxel values were signi�cantly different between
Pi(u, v, w), we normalized the gray-scale of Pi using
the threshold TPET, which was used for extracting tu-
mor candidates. Let P̄i(u, v, w) = Pi(u, v, w)/TPET.
The voxel values of P̄ are larger (less) than one inside
(outside) of the tumor candidate.

P̄i(u, v, w) shows the local pattern of the corre-
sponding tumor candidate in the PET image, but has
no information on the size and the location of the candi-
date. We added those information to the training datum.
We used Li as a measurement of the size of the tumor
candidate i.

For representing the location of the tumor candidate,
we used distances between the candidate and some or-
gans, a liver, a left kidney, a right kidney, and a bladder,
that could be automatically detected from the image.
Let di1, di2, di3, and di4 denote the distances, respec-
tively. We represent the location of the candidate i using
di = [di1, di2, di3, di4]>/Z, where Z is the coef�cient
for normalizing the norm.

Normalizing the variance of the data of
each modality, we made a sample vector
xi = [P̄>i /σP ,d

>
i /σd, Li/σL]>, where, σP , σd

and σL denote the standard deviations of {P̄i}, {di}
and {Li}, respectively. The dimensionality of xi is
equal to Dx = L̄3 + 5. As will be shown in section



5, the problem here is that the performance of the
classi�er changes depending on L̄.

Two radiologists labeled each of the candidates if it
was a true malignant tumor or not. Finally, Combining
the label with xi, we obtained a set of training data.

3.2 Computation of Classi�er

Given the set of training data, we computed
a classi�cation function by means of the KFDA.
We employed the Gaussian kernel: k(xi,xj) =
exp

(||xi − xj ||2/σ2
k

)
, where σ2

k denotes the scale of
the Gaussian kernel.

For two-class classi�cation problems, the KFDA im-
plicitly computes one-dimensional space in a feature
space that maximizes the ratio of the between-class
variance to the within-class variance.

Let ωt and ωf denote the class of true false tumors
and of false ones, respectively. Let mt and mf de-
note the numbers of data included in ωt and ωf , respec-
tively. The number of all data is m = mt + mf . Let
K denote a kernel matrix whose component is given
as (K)ij = k(xi,xj). Let µ = µt − µf , where µt
and µf denote m-vectors that correspond to an aver-
age vector of ωt and ωf in a feature space, respectively:
µt =

∑
xi∈ωt k(xi) and µf =

∑
xi∈ωf k(xi). Here,

k(x) = [k(x1,x), k(x2,x), · · · , k(xm,x)]>. The
KFDA computes them-vector α that maximizes the fol-
lowing objective function J(α):

J =
α>Mα

α>Nα
, (1)

where M = µµ> and N = KK> − mtµtµ
>
t −

mfµfµ
>
f . The vector α can be obtained as the eigen

vector ofN−1M with the largest eigen value. The clas-
si�cation function f(x) has a form f(x) = α>k(x)+β,
where β is a threshold: We classify the input data x
based on the sign of f(x).

It is known that the resultant vector α is identical to
the vector that minimizes the following objective func-
tion E in case that we set the label yi = m/mt if
xi ∈ ωt and that yi = −m/mf if xi ∈ ωf .

E(α, β) =
1
2

m∑

i=1

(yi − k>(xi)α− β)2 +
λ

2
α>α, (2)

where λ(> 0) determines the weight of the generaliza-
tion term.

4 Stability of Classi�er

Let R denote the generalization error ratio of a clas-
si�er and let Rloo denote the LOOCV error ratio, which

is evaluated by using an identical set of training data for
testing the classi�er. It is known that the upper bound of
R−Rloo can be evaluated based on the uniform stability
of the classi�er.

The uniform stability of a classi�er is de�ned as the
perturbation of a classi�er with respect to the change
of the set of the training data. Let S denote a set of
training data S = {x1,x2, · · · ,xm} and S\i denote a
set obtained by removing xi from S. Let αS and αS\i
denote the classi�ers obtained based on the set S and on
S\i, respectively. The uniform stability η of a classi�er
that is obtained by minimizing E in (2) is the minimum
value that satis�es the following equation for ∀S and
∀i ∈ {1, 2, · · · ,m},

||l(αS , ·)− l(αS\i , ·)||∞ ≤ η, (3)

where l(α, yi) = (yi−k>(xi)α−β)2, which is shown
in (2).

The classi�er obtained by minimizing E in (2) is
called σ-admissible if next inequality is satis�ed:

|l(α, yi)−l(α′, yi)| ≤ σ|(k>(xi)α+β)−(k>(xi)α′+β′)|.
(4)

The value σ is determined by α. Using the value of σ,
we can evaluate the upper bound of η as follows:

η ≤ κσ2

λ
, (5)

where λ is the weight of the generalization term in (2)
and k(xi,xj) ≤ κ2 = 1 because we use the Gaussian
kernel.

Using η, we can evaluate the upper bound of R −
Rloo. The following inequality is satis�ed with the
probability 1-δ (δ ∈ (0, 1)) [3]

R−Rloo ≤ η +

(
4mη +

√
mB

λ

)√
log(1/δ)

2m
, (6)

where B = maxx(k>(x)α+ β).
To compute the value of the right-hand side of the in-

equality in (6), we evaluate σ in (4). Because the maxi-
mum value of k(xi,x) is equal to one and k(xi,x) be-
comes one only when xi = x. Hence, when the scale
σk of the Gaussian kernel is not so large in compari-
son to the distances between neighboring data, the value
of k>(x)α becomes similar to i-th component of α if
x ' xi and becomes similar to zero if x is far from all
of xi. This means that the maximum value of k>(x)α
can be approximated by the maximum component of α.
Denoting the maximum component α∗j , we can approx-
imate B in (6) by α∗j + β. Substituting σ = 2B to (5),
we obtain the upper bound shown in the right-hand side
in (6).
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Figure 2. Changes of the variables with
respect to the dimensionality L̄(A):Rloo,
(B):the uniform stability η, (C):∆R, (D):the
generalization error R.

5 Experimental Results

We experimentally evaluated the relationship be-
tween the normalized size L̄, the LOOCV error Rloo,
and the uniform stability η. For the evaluation, we ex-
tracted mt = 39 malignant tumors and mf = 1000
false ones by the method described in section 2. The
former ones were extracted from the images of eight
cancer cases, and the latter ones were from the images
of 244 normal cases.

We should determine the value of the parameters
σ2
k in the Gaussian kernel and λ in (2) for construct-

ing the classi�er. We determined these values so that
the Rloo became the minimum. The ef�cient-leave-
one-outvalidation (ELOOCV) [4] was employed for the
evaluation. ELOOCV is a method that ef�ciently com-
putes Rloo as follows:

Rloo =
1
m

m∑

i

(
y −∑m

j k(x,xj)αj − β
1−Hii

)2

, (7)

where H = Z[Z>Z + λI]−1Z, Z = [K u], and u =
[1, 1, · · · , 1]>.

Changing the dimensionality L̄, we evaluated the re-
gression error rate Rloo in (7). Fig. 2 shows the results.
When L̄ = 1, the size-normalized image has only one
voxel and its value is equal to the mean of the voxels
inside the circumscribed cube. As shown in Fig.2 (A),
Rloo decreased (the performance was improved) as L̄
increased.

Here, we evaluated the change of the uniform sta-
bility η with respect to the change of L̄. As shown in
this �gure, the η increased when the dimensionality L̄
increased. This means that the perturbation of the clas-
si�er became larger with respect to the change of the
training data. Figures (C) and (D) show the results of
the changes of ∆R and R = Rloo + ∆R, where

∆R = η + (4mη +

√
mB

λ
)

√
log1/δ

2m
, δ = 0.1. (8)

As shown in the �gures, ∆R and R monotonically in-
creased as the dimensionality increased. The graph
shown in Fig. 2 (D) may not necessarily imply that we
should set L̄ = 1. We think that the evaluation of ∆R
is too pessimistic. Now, we believe that the LOOCV
is not enough for determining the dimensionality L̄ and
that it is useful to evaluate the uniform stability η and
the upper bound ∆R.

6 Conclusion

We experimentally evaluated the relationship be-
tween the normalized size L̄, the LOOCV error Rloo,
and the uniform stability η. The normalized size L̄
should be determined so that the performance becomes
the best. If the performance is evaluated by the LOOCV
error, the size tends to be determined too large. For the
determination, it is needed to evaluate the stability of
the classi�er or its generalization error.
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