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a b s t r a c t

In this paper, we introduce a novel approach to grade prostate malignancy using digitized histopatholo-
gical specimens of the prostate tissue. Most of the approaches proposed in the literature to address this
problem utilize various textural features computed from the prostate tissue image. Our approach differs
in that we only focus on the tissue structure and the well-known Gleason grading system specification.
The color space representing the tissue image is investigated and basic components of the prostate tissue
are detected. The components and their structural relationship constitute a complete gland region. Tissue
structural features extracted from gland morphology are used to classify a tissue pattern into three major
categories: benign, grade 3 carcinoma and grade 4 carcinoma. Our experiments show that the proposed
method outperforms a texture-based method in the three-class classification problem and most of the
two-class classification problems except for the grade 3 vs grade 4 classification. Based on these results,
we propose a hierarchical (binary) classification scheme which utilizes the two methods and obtains
85.6% accuracy in classifying an input tissue pattern into one of the three classes.

� 2011 Elsevier B.V. All rights reserved.

1. Introduction

Prostate cancer is a type of cancer that occurs in men’s repro-
ductive system. In the United States, it is the second most preva-
lent cancer in men and it is also one of the leading causes of
death by cancer (in 2006, prostate cancer developed in 203,415
men and killed 28,372 men) (US Cancer Statistics Working Group,
2010). Prostate cancer grows slowly with very few symptoms; it
develops mostly in men over the age of fifty. Prostate cancer is con-
sidered serious because of the threat of its invasion (metastasis)
into other organs such as bones, bladder and rectum. The prognosis
involves a screening (such as digital rectal examination or pros-
tate-specific antigen (PSA) test (Catalona et al., 1991)) and, if
necessary, a follow-up prostate biopsy. After an unsuspected can-
cer is revealed via the screening, a biopsy is used to confirm it. A
CT scan or a bone scan can be employed additionally to determine
the spread of the cancer.

The biopsy is conducted by a radiologist or a urologist. First, a
prostate tissue sample is removed from the patient for inspection
under a microscope. A grade is then reported for the tumor derived
from the tissue. The most widely used grading method is Gleason

grading (Gleason, 1977, 1992), which assigns a numerical grade
from 2 to 10 to the tumor. The grade is based solely on structural
features of the tissue and excludes cytological features
(Mason, 1964). In this grading method, a pathologist finds the most
predominant and the second most predominant histological
carcinoma patterns in the tissue, assigns each of them a score
(from 1 to 5) and adds the two scores together to obtain the final
Gleason grade (2 to 10) for the tissue. The grade of each carcinoma
pattern is based on its differentiation (how much of its structure
resembles a normal pattern structure). A grade 1 carcinoma pat-
tern is very well differentiated and a grade 5 carcinoma pattern
is very poorly differentiated. The change in tissue structure is good
evidence for this differentiation. More specifically, in Gleason
grades 1 and 2, most of the glands appear as single units, separated
from each other, densely packed, and there is no infiltration of
these glands into benign tissue areas (this is very close to the struc-
ture of a normal tissue). Gleason Grade 3, the most common case of
carcinoma, is characterized by the invasion of small glands into the
muscle (stroma). In Gleason grade 4, glands are fused with each
other and poorly defined; glands are not well-separated by stroma
as in lower grades. Finally, in Gleason grade 5, there is no evidence
of the formation of gland units in the pattern. A visual summariza-
tion of these five grades can be found in Fig. 1. Pathologists face a
number of difficulties in manually diagnosing prostate cancer, i.e.
to look at the prostate tissue under a microscope is tedious and
time-consuming. Moreover, the diagnostic accuracy depends on
the personal skill and experience of a pathologist. These problems
motivate the research and development for automating the
diagnosis and prognosis processes.
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In most digital pathology studies on computer-aided prognosis
for prostate cancer, textural features of the image and structural
features of the tissue have been widely used. Diamond et al.
(2004) used co-occurrence texture features (Haralick et al., 1973)
to classify each 100 � 100 sub-region in a tissue image into either
stroma or prostatic carcinoma. In addition, lumen area was used
to discriminate benign tissue from the other two classes. They re-
ported 79.3% accuracy when evaluating the algorithm on sub-re-
gions of 8 tissue images (40� magnification). A cancer vs non-
cancer classification problem which used 594 features including
first-order statistics (average, median, standard deviation), co-
occurrence and wavelet features was addressed in Doyle et al.
(2006). The algorithm was implemented at three different scales
of the image. At each scale, a Bayes classifier was designed for each
feature individually, resulting in 594 base learners for AdaBoost.
The reported accuracy was 88% on a dataset of 22 images (40�mag-
nification). In Tai et al. (2010), fractal dimension features were cal-
culated for the tissue image and the low frequency sub-bands of the
image to discriminate the textural discrepancy between low grade
and high grade carcinoma. By using an SVM classifier with leave-
one-out technique, the method achieved 86.3% accuracy for the
classification of 1,000 prostatic biopsy images into normal, grade
3, grade 4 and grade 5 classes. A multiwavelet transform was used
as the main texture analysis tool in Khouzani and Zadeh (2003). The
features used for classification included entropy and energy derived
from the multiwavelet coefficients of the image. Ten different types
of multiwavelet were evaluated on a dataset of 100 prostate sample
images (100�magnification) of grades 2, 3, 4 and 5, resulting in the
best accuracy of 97%. In another study, Tabesh et al. (2007) em-
ployed both global features of the entire image and local features
of every object in the image. Global features included color histo-
gram, fractal features, texture and morphometry of the image. Local
features were computed for histological objects such as nuclei, stro-
ma and lumen, which were extracted by the MAGIC system (Teve-
rovskiy et al., 2004). They achieved 96.7% accuracy for tumor-
nontumor classification (fivefold cross validation with 367 images)
and 81% accuracy for low grade-high grade classification (fivefold
cross validation with 268 images). All images were at 20�magnifi-
cation. A segmentation-based method was presented in Naik et al.

(2008). They first used a Bayesian classifier to place every pixel in
the image into one of the three classes: lumen, nuclei and cyto-
plasm based on its color. Lumen pixels were first grouped together
and lumen objects were then identified as the groups satisfying the
gland size constraint. The inner boundary of the glands, which is the
border of the nuclei and the cytoplasm surrounding the lumen, was
detected using a level set formulation. Eight shape features for each
of the lumen and the gland inner boundary were calculated. A tis-
sue was classified into benign, a grade 3 carcinoma or a grade 4 car-
cinoma via an SVM classifier. However, by using a dataset that
included 44 images at 40� magnification, they only reported re-
sults of two-class classifications: 86.35% accuracy when classifying
grade 3 carcinoma and benign, 92.9% accuracy when classifying
grade 4 carcinoma and benign, and 95.19% accuracy when classify-
ing grade 3 carcinoma and grade 4 carcinoma. Three-class classifi-
cation result was not reported. Table 1 summarizes the related
studies discussed in this section.

In this study, we present a segmentation-based method to clas-
sify a tissue pattern into three common cases based on Gleason
grading: benign, grade 3 and grade 4 carcinoma. However, unlike
Naik et al. (2008), we incorporate nucleus and blue mucin informa-
tion into the glandular structures which are used for the classifica-
tion. It is apparent from the tissue pattern image that nucleus
distribution changes remarkably among various cancer stages (in
benign tissue, nuclei form a ring on the gland boundary and scatter
in other areas (Fig. 8(a)) while in grade 4 carcinoma, nuclei distrib-
ute more uniformly over the glandular regions (Fig. 8(c))) and mu-
cin appears commonly in cancerous glands (Fig. 8(b)). While a
gland region in Naik et al. (2008) solely consists of lumen and
internal cytoplasm region, our segmentation procedure leads to
complete glands which include their nucleus boundaries. More-
over, the structural features extracted in our method do not require
a very high magnification (like 40� in Naik et al., 2008) to achieve
state of the art classification results. The proposed algorithm is de-
signed to work for images created from the Hematoxylin and Eosin
(H&E) staining method (Kiernan, 2001). The outline of the method-
ology is delineated in the flowchart of Fig. 2. Given an input tissue
pattern, we first segment glands from the stroma area (this
comprises steps 1, 2, 3, 4 in the flowchart). Once gland regions

Fig. 1. Five grades of the Gleason grading applied to histological patterns of the prostate tissue.
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