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a b s t r a c t

Grading of astrocytomas is an important task for treatment planning; however, it suf-

fers from significantly great inter-observer variability. Computer-assisted diagnosis systems

have been propose to assist towards minimizing subjectivity, however, these systems

present either moderate accuracy or utilize specialized staining protocols and grading sys-

tems that are difficult to apply in daily clinical practice. The present study proposes a robust

mathematical formulation by integrating state-of-art technologies (support vector machines

and least squares mapping) in a cascade classification scheme for separating low from high

and grade III from grade IV astrocytic tumours. Results have indicated that low from high-

grade tumours can be correctly separated with a certainty as high as 97.3%, whereas grade

III from grade IV tumours with 97.8%. The overall performance was 95.2%. These high rates

have been a result of applying the least squares mapping technique to features prior to

classification. A significant byproduct of least squares mapping is that the number of sup-
port vectors of the SVM classifiers dropped dramatically from about 80% when no mapping

was used to less than 5% when mapping was used. The latter is a clear indication that

the SVM classifier has a greater potential to generalize well to new data. In this way, digital

image analysis systems for automated grading of astrocytomas are brought closer to clinical

practice.
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1. Introduction

Malignancy grading of astrocytomas is fundamentally impor-
tant since it affects accurate treatment planning and patient
management [1]. Pathologists decide on the aggressiveness of
astrocytic tumours by visually examining tissue section slides
(biopsies) with the microscope [2]. According to guidelines
published by the World Health Organization (WHO) [3], three
grades are established on the basis of histological criteria:
grade II and grade III and grade IV. Grade II (low-grade) astro-
cytomas are the least malignant tumours and have generally
good prognosis with survival up to 5 years. Astrocytomas of
grade III and IV (high grade) are the most aggressive tumours,
characterized by a rapid growth pattern and a tendency to
invade nearby healthy tissue; survival time for high-grade
tumours ranges on average from 6 months to 1 year [2].

However, grade differentiation, has been shown suscepti-
ble to great inter-observer variability [4]. Even though the WHO
grading scheme retains its popularity among existing grading
schemes (such as Daumas-Dupport [5], the Kernohan [6], the
St. Anne/Mayo [7], and the HOM [8]), it has been questioned
by many experts regarding the accuracy of its descriptions
used to define each grade has been questioned by many
experts [4,9]. The latter has generated a lack of consensus
among experts regarding to the selection of a single best grad-
ing scheme. As a consequence the exchange of histological
data among different laboratories, which could improve stan-
dardization and reproducibility, remains the most problematic
issue in grading of astrocytomas.

Another source of complication is the utilization of dif-
ferent staining protocols from different laboratories. Again
there is a lack of consensus regarding the selection of a
single, or even a combination of staining protocols able to
unravel and highlight the histological evidence on tumour
slides, which would clarify the grade of a tumour [10–13]. The
routine (fast, cost-effective, simple) staining protocol is the
Haematoxylin–Eosin (H&E) [1]. However, H&E stained images
present the highest degree of complexity regarding image-
processing tasks due to the diversity of the structures stained
and the severe variations in staining intensity as compared to
Feulgen [14] and to the ki-67 [15] stained images. Finally, lab-
oratories use different kinds of measuring equipment, from
simple oculars to expensive microscopy imaging systems,
which, on one hand are fundamentally important in adding
value to ongoing research, however, on the other hand are
rarely used in clinical practice.

In this study we continue our investigation and we propose
a mathematical formulation able, on one hand, to signifi-
cantly boost up the accuracy in the crucial separation of both
low from high grade and grade III from grade IV tumours,
while ensuring on the other hand good generalization to
new data. The proposed method differs from others in two
key issues. (a) Accuracy; we will show that the combination
of support vector machines [16] and least squares mapping
techniques, which has been evaluated by our group in the

field of ultrasonic image analysis [17], results in the high-
est classification rates presented in literature in astrocytomas
grading based on analysis of H&E-stained images. The latter
is essential since although H&E staining produces complex to
b i o m e d i c i n e 9 0 ( 2 0 0 8 ) 251–261

process images, H&E remains the standard choice in daily clin-
ical practice. Thus, automated grading based on such images
brings digital image analysis systems closer to real clini-
cal practice. (b) Robustness; we will prove that the proposed
method ensures good generalization to unseen data. The sup-
port vector machine is among the few algorithms that allow a
mathematical assessment of its ability to generalize to unseen
data, an issue that has not been comprehensively investigated
in the field of astrocytomas grading by previous studies.

2. Methods

2.1. Material

The clinical material comprised 150 biopsies of astrocytomas
collected from the Department of Pathology of the Univer-
sity Hospital of Patras, Greece. Five H&E stained sections were
generated from the same block (patient). Of the 150 astrocy-
tomas, 61 were classified as low grade (grade II) and 89 as high
grade (40 grade III and 49 grade IV) according the WHO grading
system. Table 1 illustrates the variants of different astrocytic
tumours utilized in this study. For each slide, a histopathol-
ogist (P.R.) marked the most representative region. From this
region, images (Fig. 1) were digitized (768 × 576 × 8 bit) using
a light Zeiss Axiostar plus microscope (Zeiss; Germany) con-
nected to an Leica DC 300 F (Leica; Germany) color video
camera.

2.2. Segmentation of H&E-stained images of
astrocytomas

Subsequently, images were segmented using a pixel-based
pattern recognition methodology designed to identify textural
differences among regions of nuclei and surrounding tissue.
Segmentation is an essential process for this application, since
from segmented nuclei, which are the most important struc-
tures in our images, features were subsequently extracted to
encode distinct tumour grade characteristics. The algorithm
for nuclei segmentation has been presented by our group else-
where [18].

To facilitate evaluation of the segmentation procedure, for
each patient the original and the segmented images were dis-
played on the screen. Segmented nuclei were automatically
labeled on the original and segmented images by process-
ing the binary-segmented image using connecting component
analysis as described in [19]. Following, the labeled binary
image was superimposed to the original image (see Fig. 1a–d).
The histopathologist (P.R.) verified the correctness of the
labeled segmented nuclei against those of the original image
and also observed the non-labeled nuclei. The number of
wrongly identified and/or missed nuclei was noted against
the number of correctly identified ones. Wrongly identified
nuclei were considered by the pathologist cases of overlapped,
‘missed’ and corrupted nuclei. The number of wrongly identi-

fied over correctly identified was calculated. The accuracy of
the segmentation algorithm for each patient’s set of images
was calculated as the ratio of the number of correctly over the
number of all identified nuclei.
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Table 1 – Variants of different astrocytic tumours utilized in this study

Variants Number of cases Total number of cases

Astrocytoma (WHO grade II) Gemistocytic 8 61
Fibrillary 19
Mixed 34

Astrocytoma (WHO grade III) Anaplastic 40 40

Glioblastoma multiforme (WHO grade IV) Giant cell 13 49
Gliosarcoma 1
Pleomorphic 35
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.3. Automatic grade classification

.3.1. Design of the classification scheme
rade classification scheme was built as a two-level hierarchi-
al cascade scheme (Fig. 2). In the first level low (grade II) from
igh-grade (grade III–IV) tumours were discriminated. In the
econd level, correctly classified high-grade cases were fur-
her categorized as grade III or IV tumours. At each level, a
et of morphological and textural features were extracted to

ncode tumour malignancy. Features we transformed using
he least squares mapping [20] technique. Based on the trans-
ormed features, classification was performed using an SVM
lassifier.

ig. 1 – (a) H&E stained image of astrocytomas (magnification: 40
ixel-based classification algorithm. (c) Small and noisy regions
uclei were eliminated. (d) Final segmented nuclei image.
150

2.3.2. Feature extraction
After segmentation, a set of 40 morphological and textu-
ral features was extracted from correctly segmented nuclei
describing each individual case (patient). Morphological fea-
tures describe the shape and size of nuclei (18 features)
and comprised area, roundness and concavity. For each
one of these features the mean value, standard deviation,
range, skewness, kurtosis, and maximum value was cal-
culated [10,21]. Textural features (first-order, co-occurrence,

run-length based) were used to encode chromatin distribu-
tion and nuclear DNA content (22 features). These features
have been proven to encode significant information concern-
ing malignancy status [10,21].

0×). (b) Resulted binary image after applying the
elimination by size and morphological filtering. Overlapped
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Fig. 2 – SVM-based cascade classification tree methodology.

2.3.3. Feature selection and classification
Feature dimensionality was initially reduced to 14 features
using a ranking feature selection method based on a Wilcoxon
class separability criterion [22]. Subsequently, the 14 pre-
selected features were split into 13 subsets (first subset
comprised the two most important features as described by
the ranking method, second subset the three most important
features, . . ., last subset all 14 features). Each subset was trans-
formed according to the least squares mapping technique
described in the following Section 2.3.4 using three different
mapping degrees, first, second and third degree.

Each feature subset, thus formed, was next used in the
design of each classifier with purpose of determining the
feature subset that provided highest classification accuracy
following a k-fold cross validation procedure [22]. Accordingly,
data were randomly split into k = 10 subsets of approximately
same size. One of the k subsets was held out for testing (test
data), whereas the remaining k − 1 subsets were used to train
the SVM classifier (training data). This process was repeated
k times, such as each subset was treated only once as test
data. At each repetition, we made sure that the training data
comprised at the first level 43 low-grade and 52 high-grade
cases and at the second level 26 grade III and 32 grade IV cases.
Additionally, we made sure that the left-out dataset (test data)
comprised at the first level 18 low-grade and 37 high-grade
cases and at the second level 14 grade III and 17 grade IV cases.

Finally, the probabilistic neural network (PNN) [23], and
the k-nearest neighbor classifiers [24] were implemented as
alternatives to the SVM classifier, and the sequential floating
forward selection (SFFS) [25] as alternative to the Wilcoxon-
based ranking feature selection method for comparative
purposes.

2.3.4. Least squares mapping technique

The least squares mapping technique targets to increase class
separability and it consist of the transformation of pattern
vectors around arbitrary pre-selected points in the RC space
(where C is the number of classes) called the decision space,
b i o m e d i c i n e 9 0 ( 2 0 0 8 ) 251–261

in such a way that the least squares transformation error is
minimized [20].

Prior to the transformation, pattern vectors are expanded
so they contain all polynomial terms of 2nd, 3rd, . . ., kth-degree
combinations of their feature elements. As an example, in
case of k = 3, the pattern vector x = [x1 x2] will expand to x̂ =
[x1 x2 x2

1 x2
2 x1x2 x3

1 x3
2 x2

1x2 x1x2
2]. Given that the dimensional-

ity of a pattern vector is d, then the expanded pattern vector
dimensionality is equal to [24]:

d̂ = (d + k)!
k!d!

− 1 (1)

In the present study, the polynomial expansion has limited to
second and third degree terms, due to the increased compu-
tational demands that higher dimensionality pattern vectors
create [16,24], especially when employing classifiers with poly-
nomial kernels; moreover, higher dimensionality decision
boundaries often lead to over-fitting results.

After the polynomial expansion, the least squares trans-
formation of the expanded feature vectors follows. Let x̂k

an expanded pattern vector of class k in Rd̂ space (where
k = 1,2, . . ., C and C the number of classes) and pk = [p1k

p2k . . . pCk] an arbitrary selected vector point in the RC space.
Let the transformation:

x̂k ∈Rd̂ �→ zk = T · x̂k ∈RC (2)

where T the transformation matrix, which is define by means
of minimizing the least squares error (eLS) between vectors zk

and pk for all k:

eLS =
C∑

k=1

(
1
C

Nk∑
i=1

(Tx̂ki − pk)T(Tx̂ki − pk)

)
(3)

where Nk is the number of patterns of class k.
The eLS minimization is performed by solving the following

equation over T:

∇TeLS = 0 (4)

which, in conjunction to Eq. (3), leads to:

T =
[

C∑
k=1

(
1

Nk

NK∑
i=1

pkx̂T
ki

)][
C∑

k=1

(
1

Nk

NK∑
i=1

x̂kix̂
T
ki

)]−1

(5)

2.3.5. SVM classifier configuration
The basic idea behind the SVM approach for binary classifi-
cation problems is to (a) map the input space into a higher
dimensional feature space through a linear or non-linear
transformation function (kernel) and (b) in that feature space,
compute a separating hyper plane that effectively splits data

into the two classes of interest. This hyper plane is optimal in
the sense that it has maximum distance from the closest-to
the hyper plane-training data (the so-called support vectors).
The discriminant function of the SVM classifier has the fol-
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c o m p u t e r m e t h o d s a n d p r o g r a m s

owing form [16,26,27]:

(x) =
(

N∑
i=1

˛iyiK(x, xi) + b

)
(6)

here xi represent each of the i = 1, . . ., N = 40 three-
imensional training input feature vectors, yi ∈ {+1,−1},

i are the Langrage multiplies, b is a weighting coefficient, and
is the kernel function. To find the optimum performance

tructure, the SVM classifier was alternatively constructed
ith the radial basis function (RBF) and polynomial kernels
f degree d = 1 and 2 (see Eqs. (7) and (8)). Parameter � was
xperimentally determined after examining values from
= 0.1 to 4. The optimization problem of finding the Langrage
ultiplies was solved by using the routine quadprog provided
ith the MATLAB optimization toolbox [28].

RBF(x, xi) = exp
(

−‖x−xi‖2

2�2

)
(7)

polynomial(x, xi) = ((xTxi) + 1)
d

(8)

. Results

.1. H&E image segmentation

ccording to the evaluation procedure described in Section
.2, the algorithm correctly recognized and segmented 88%
f all nuclei. About 12% of nuclei were erroneously or inad-
quately circumscribed. Fig. 1a illustrates an H&E image
f astrocytomas. The binary image in Fig. 1b consists of
uclei (white) and surrounding tissue (black) as recognized
y the pixel-based segmentation algorithm. ‘Damaged’ nuclei
ocated at the image boundaries, small (less than 150 pix-
ls) and noisy regions were omitted by size filtering and
orphological operations (Fig. 1c). In Fig. 1d the final segmen-

ation result is illustrated by superimposing the original image
Fig. 1a) with the final corrected binary image (Fig. 1c).

.2. Grade classification

ables 2 and 3 demonstrate the error estimates for all classi-
ers at both levels of the cascade classification scheme using
ifferent degrees of least squares mapping. The SVM with
olynomial kernel of degree 2 using seven features and least
quares mapping of third degree was selected as the best clas-
ifier configuration for the first level of the cascade scheme,
ince it gave the highest classification accuracy (97.3% overall
ccuracy), and the minimum number of support vectors (≈2%
f all training data). The best feature combination comprised
ve textural features (from the co-occurrence matrix with

nter-pixel distance d = 1 and d = 3 homogeneityd=1, correlationd=1,
nergyd=1, homogeneityd=3, correlationd=3, energyd=3 and from the
un length matrix gray level non-uniformity) and one morpho-
ogical (maximum of roundness).
Considering the second level of the cascade scheme, the
ighest classification accuracy (97.8% overall accuracy) was
chieved using an SVM classifier with RBF kernel, 10 features
nd least squares mapping of third degree. Best features com-
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Fig. 3 – (a) Results for the best classifier (SVM polynomial of
second degree) when no mapping and least squares
mapping of different degrees were used for the first level of
the cascade scheme. (b) Results for the best classifier (SVM
RBF) when no mapping and least squares mapping of
different degrees were used for the second level of the

cascade scheme.

prised the same seven features resulted in the first level plus
range of roundness, maximum of roundness and maximum of area.
The number of support vectors for this configuration was as
low as 5% of training data used to build the classifier for each
run of the cross validation procedure. Table 4 presents classi-
fication results for the variants of different astrocytic tumours
utilized in this study.

The overall performance of system was computed as the
product of best overall performances at each node of the
cascade classification tree (95.2%) [29]. Fig. 3 indicates the per-

formance of best classifiers for the first and second level of the
cascade scheme when designed without mapping, mapping
of first, second and third degree. Fig. 4 illustrates the number
of support vectors needed to construct the SVM classifier for
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Fig. 4 – (a) Number of support vectors of SVM classifiers
when no mapping and least squares mapping of different
degrees were used for the first level of the cascade scheme.
(b) Number of support vectors of SVM classifiers when no
m
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Fig. 5 – ROC curves and corresponding area under the ROC
apping and least squares mapping of different degrees
ere used for the second level of the cascade scheme.

ifferent degrees of least squares mapping and for both level
f the cascade scheme. Fig. 5 demonstrates the system’s per-
ormance in terms of receiver operating characteristic (ROC)
urves. ROC curves were designed as described in [30].

. Discussion

rading of astrocytomas is an important task for treat-
ent planning, however, it suffers from significantly great

nter-observer variability [4,9]. Computer-assisted diagnosis
ystems [13,31-36] have been proposed to assist towards min-
mizing subjectivity, however, these systems present either

oderate accuracy or utilize specialized staining protocols
nd grading systems that are difficult to apply in daily clin-
cal practice. Schad et al. [13] have used Feulgen-staining,
emi quantitative nuclear features and quadratic discriminant

nalysis to establish a system able to classify tumours accord-
ng to kernohan grades with 94% accuracy. Decaestecker et
l. [32] proposed a nearest neighbor classification technique
ith 55% success rate based on the WHO guidelines, Feulgen
curve (AUC) values for the first and second level of the
cascade classification scheme.

staining and quantitative nuclear features. Belacel and Boulas-
sel [31] presented a fuzzy-logic system analysing nuclear
features extracted from H&E stained images with 66% dis-
crimination accuracy concerning the WHO grades. Kolles et
al. [33] suggested that digital image analysis systems perfor-
mance improves when using the HOM (>90% accuracy) system
rather than when using the WHO system (about 60% accuracy)
analysing nuclear features derived from quantitative mea-
surement from both Feulgen and ki-67 stained biopsies. Nafe
and Schlote [34] used cross-validated discriminant analysis,
ki-67 and the WHO system for discriminating only low (grade
II) from high-grade (grade III) tumours with 88% accuracy. In a
most recent study by the same author, classification accuracy
was boosted up to 97.4% [37]. Although this study gives signif-
icantly high accuracy rates, it examines only discrimination
of low from high-grade tumours; it does not examine the sep-
aration of high-grade tumours into subgroups of grade III and
grade IV tumours. The latter has become an important task
following the results from investigations proving that grade
III tumours are more chemosensitive than grade IV tumours
in respect to certain agents. Thus, their accurate separation
would contribute to more effective treatment planning. In our
previous studies, we have also proposed digital image anal-
ysis systems to accurate grading of astrocytomas using, in
contrast to previous studies, the routine combination of clini-
cal protocols adopted by most laboratories: simple measuring
equipment, the WHO grading, H&E staining, and quantitative
nuclear features formulated to reflect visual observations of
experts when examining astrocytic tumour slides. Addition-
ally we have examined not only the separation of low from
high-grade tumours (with 89.7% accuracy) but also the critical

discrimination of grade III from grade IV tumours (with 83.8%
accuracy) [8].

What is missing here is a comprehensive investigation of
ways not only to improve the accuracy of digital image analy-



258 c o m p u t e r m e t h o d s a n d p r o g r a m s i n

Table 4 – Classification results for the best classifiers’
configuration regarding tumours variants

Variants Number of
cases

Correct classification
rate (%)a

Gemistocytic 8 ≈83
Fibrillary 19 ≈95
Mixed 34 ≈98
Anaplastic 40 ≈95
Giant cell 13 ≈97
Gliosarcoma 1 ≈0
Pleomorphic 35 ≈95
a The classification rates are presented as average accuracies, since
these are derived from the cross-validation process.

sis systems, but also to bring them closer to clinical practice by
(a) building such systems using routine clinical protocols and
(b) proving that such systems generalize well to data that have
not been used for its construction. The latter is most signifi-
cant and has not been investigated by previous studies to the
best of our knowledge. The present study aims to comprehen-
sively investigate these issues and proposes a mathematical
formulation towards this direction by integrating state-of-art
technologies (support vector machines and least squares map-
ping) in a cascade classification scheme for separating low
from high and grade III from grade IV tumours.

The cascade classification scheme was preferred to using
a 3-class classifier because it resembles the diagnostic proce-
dure followed by histopathologists in clinical practice. Initially,
tumours were separated into subgroups of low and high grade
and subsequently high-grade cases were further categorized
into grade III and grade IV. This scheme led to significantly high
classification rates (see Tables 2 and 3), which are on one hand
comparable to those presented in literature [13,31–36], on the
other hand outperform similar studies that have utilized the
WHO grading and H&E staining [10,31].

Additionally, it has to be stressed that in this study we
have used routinely H&E stained biopsies. H&E produces
high quality images for routine histopathological evaluation.
For nuclear staining, hematoxilin is more reliable when
chromatin is markedly condensed in the nuclei. Current
applications of the Feulgen reaction [14] are mainly con-
cerned with DNA quantification. Specific demonstration of
DNA in cell structures at the light microscopic level is very
little used nowadays. The Ki-67 antigen [15] is expressed
during all phases of the cell cycle, consisting in a non-histone
nuclear protein of unknown function. It was pointed to be the
best marker of cellular proliferation, and its expression may
predict the grade of astrocytic tumours. However, H&E stained
images present the highest degree of complexity regarding
image-processing tasks due to the diversity of the structures
stained and the severe variations in staining intensity as
compared to Feulgen and to the ki-67 stained images. It has
to be mentioned that in this study high classification rates
were accomplished using routinely H&E stained biopsies.
This adds an additional value to the results.
More specifically, best classifier rates were as high as 97.3%
for the first level and 97.8% for the second level (Table 3). The
mapping process proved essential in boosting up all classifiers’
performance at both levels. The effect of mapping was more
b i o m e d i c i n e 9 0 ( 2 0 0 8 ) 251–261

pronounced for the PNN and k-nn classifiers (>10% improve-
ment) boosting up their performance higher than 95% for both
levels. The improvement for the SVM classifiers in terms of
performance was in a lesser extent compared to the PNN and
k-nn, however, in terms of support vectors the enhancement
was drastic. For the best classifier for the first level accuracy
was increased for 84.7% with no mapping to 97.3% with third
degree mapping and the number of support vectors reduced
from 52.9% of all training data to 1.5%. The latter is most essen-
tial since the number of support vectors is an indication of
the generalization capability of SVM to unseen data [16,38].
The lesser the number of support vectors the better the gen-
eralization expected. The high performance of SVM classifiers
when no mapping is applied (especially for the SVM RBF: first
level, no mapping 96%, mapping3 96%; second level, no map-
ping 95.5%, mapping3 97.8%) is misleading, since high rates are
results of over fitting/overtraining of the classifier. This can be
easily observed by noting the number of support vectors. For
the first level, for the SVM classifier to achieve 96% accuracy,
about 93% of all data operated as support vectors, whereas
for the second level about 90% of all data were needed. Thus,
results are factitious, since the classifier gives high rates due
to over fitting, meaning that its generalization capability is
questionable. On the other hand, mapping not only retains
the performance of the SVM RBF classifier to same high levels
(96% for the first level and 97.8% for the second level), but most
importantly reduces the number of support vectors from 93%
to 3% for the first level and from 90% to 5% for the second level.
The latter proves that the classifier becomes robust, canceling
in this way over fitting. Thus, mapping is an important process
and should be a part of digital image analysis systems, even in
cases where the performance improvement is not vociferous
since it affects generalization.

Additionally, we have tried the SFFS feature selection
method and we got similar results in terms of features (for
the first level seven features as compared to eight features
using the Wilcoxon criterion, whereas for the second level
10 features as compared to 10 features using the Wilcoxon
criterion) and slightly inferior results in terms of accuracies
(for the first level 96.1% accuracy as compared to 97.3% using
the Wilcoxon criterion, whereas for the second level 94.6%
accuracy as compared to 97.8% using the Wilcoxon crite-
rion). The 7 features derived using the SFFS process were the
same as those derived with the Wilcoxon criterion for the first
level of the cascade scheme, whereas for the second level we
had slightly different results, over the 10 features 7 were the
same.

Regarding segmentation, results were promising consider-
ing that the H&E staining protocol is not as accurate in staining
nuclei as other specialized protocols used in previous studies
[13,31–36]. It has to be stressed that the aim of the segmen-
tation procedure was to extract a representative number of
accurately segmented nuclei from every set of images describ-
ing each case (patient), in order to compute nuclear features.
Under this perspective and considering that segmented nuclei
for each case ranged from 275 to 415, the misclassification

error of 12% may be regarded as of limited significance. The
latter can be furthermore supported by the fact that it has been
shown that even 200 correctly segmented nuclei per case are
adequate for extracting nuclear features [35].
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An important comment that can be made is that rele-
ant features appeared at both levels of the cascade scheme,
uring the feature selection process. These were descriptors
f nuclear shape (roundness) and chromatin cluster patterns

homogeneity, energy and correlation from the co-occurrence
atrix). The latter enforces the belief that certain nuclear

eatures carry significant diagnostic information. Roundness
escribes the circularity of nuclei. Irregular shaped nuclei are
n indication of higher malignancy tumours [1,5], whereas in
ower grade tumours nuclei shape is more circular with almost
onstant size. As far as the textural differences, the existence
f coarser nuclei (which are described by the correlation and
nergy) is an important clue revealing abnormal DNA dissoci-
tion within nuclei, and is frequently found into higher-grade
umours. Additionally, an elucidating symptom of tumours’
ggressiveness is the presence of chromatic clumps in nuclei,
hich are encoded by the homogeneity [1,5]. It would be a

ery interesting extension for the studies investigating the
ifferences in chemosensitivity in different grade astrocytic
umours [39,40], to correlate chemosensitivity with the textu-
al differences that seem to prevail between grade III and grade
V tumours. These features are mathematically described in
ppendix A.

This study investigates features encoding the follow-
ng WHO nuclear criteria: presence of giant cells; nuclear

orphology, nuclear chromatin texture, pleomorphism, and
ultinucleated cells. Non-nuclear criteria such as necrosis,

ndothelial hyperplasia and mitotic activity are of crucial
mportance for grading of astrocytomas and are not dis-
ensable criteria. The proposed system’s effectiveness can be
xplained by the following: (a) nuclear features are automati-
ally computed within a region of interest, carefully selected
nd designated on the histological image by the physician
nteractively. Thus, the physician decides which region from
ll available slides is the most representative regarding nuclei
ppearance with respect to grade differentiation. (b) Apart
rom calculating features that cover the definitions of WHO
or nuclei appearance, we calculate nuclear features that can-
ot by resolved by the human eye [19]. (c) In most cases, expert
hysicians recognize nuclei attributes of different grade astro-
ytic tumours almost instantly and unconsciously. However,
hey do not know how precisely these features have to be taken
nto account in the decision process since exact definitions
o not exist within the WHO guidelines. The proposed sys-
em can be used to automatically summarize this knowledge
y quantifying nuclear features, and identify which of these
eatures can be used for more effective grade differentiation.
d) The presence of necrosis has been defined by the WHO
s an excellent criterion for discriminating anaplastic from
lioblastoma multiforme [3]. However, even this critical crite-
ion is not always visible on histological sections especially
n cases where tumour’s liquid is sucked up using cavitrons
y neurosurgeons [41]. If necrosis is not visible, the physician
as to perform diagnosis based on the remaining criteria. Our
tudy, in accordance to other similar studies [31–34], indicates
he potential of nuclear features to effectively discriminate

umours even when necrosis is not visible on histological sec-
ions.

The proposed methodology gives a new insight to building
igital image analysis in grading of astrocytomas by combin-
i o m e d i c i n e 9 0 ( 2 0 0 8 ) 251–261 259

ing state-of-art technologies (SVM and least squares mapping)
with clinical routine protocols (WHO scheme, H&E staining).
This study presented a method that leads to high classifica-
tion rates for the crucial separation of low from high grade and
grade III from grade IV astrocytic tumours while ensuring that
high rates are most likely to generalize to unseen data, since
the number of support vectors that the SVM classifier needs
for its construction is significantly low. The latter is important
since it brings digital image analysis systems closer to clinical
practice.

Conflicts of interest

None.

Appendix A

Roundness characterizes the circularity of nuclei and takes low
values for circular nuclei and high for irregular boundaries.
Roundness is calculated according to Eq. (9):

Roundness = perimeter2

4� × area
(9)

Homogeneity describes image smoothness and takes mini-
mum values for smooth textures nuclei. Energy increases for
high contrast nuclei, i.e. malignant nuclei within which chro-
matin clumps are prominent. Finally, correlation encodes the
gray-tone dependencies revealing irregular textural patterns.
Features homogeneity, energy and correlation are calculated from
the co-occurrence matrix as follows:

Homogeneity (HOM) =
Ng−1∑
i=0

Ng−1∑
j=0

(p(i, j))
2

(10)

Energy (EN) =
Ng−1∑
n=0

n2

⎧⎨
⎩

Ng−1∑
i=0

Ng−1∑
j=0

(p(i, j))
2

⎫⎬
⎭ ,

∣∣i − j
∣∣ = n (11)

Correlation (COR) =
∑Ng−1

i=0

∑Ng−1
j=0 (ij)p(i, j) − mxmy

�x�y
(12)

where Ng is the number of gray levels in the image,
i,j = 1, . . ., Ng, p(i,j) is the co-occurrence matrix, and mx, my, �x

and �y are the respective mean values and standard deviations
of px and py, which are described in Eqs. (13) and (14).

px(i) =
Nrows∑

j=1

p(i, j) (13)

py(j) =
Ncolumns∑

j=1

p(i, j) (14)
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