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Abstract. Nuclear pleomorphism is an early breast cancer (BCa) indi-
cator that assesses any nuclear size, shape or chromatin appearance varia-
tions. Research involving the ranking by several experts shows that kappa
coefficient ranges from 0.3(low) to 0.5 (moderate)[12]. In this work, an
automatic grading approach for nuclear pleomorphism is proposed. First,
a large nuclei sample is characterized by a multi-scale descriptor that is
then assigned to the most similar atom of a previously learned dictio-
nary. An occurrence histogram represents then any Field of View (FoV)
in terms of the occurrence of the descriptors with respect to the learned
atoms of the dictionary. Finally, a SVM classifier assigns a full pleomor-
phism grading, between 1 and 3, using the previous histogram. The strat-
egy was evaluated extracting 134 FoV (×20), graded by a pathologist,
from 14 BCa slides of ’The Cancer Genome Atlas’ (TCGA) database.The
obtained precision and recall measures were 0.67 and 0.67.

Keywords: Breast cancer · Histopathology · Biomedical · Nuclear
pleomorphism

1 Introduction

Worldwide breast cancer(Bca) is a major cause of women death. In 2012, approx-
imately 522.000 deaths and 1.677.000 new Bca cases were reported [5]. Bca is fre-
quently diagnosed after a suspicious breast mass is found in radiologic studies, by
extracting a tissue sample using a fine needle. This sample is analyzed and infor-
mation about the type of tumor, aggressiveness and receptor status is obtained.
The cancer aggressiveness is determined by using one of the available scoring
systems. The World Health Organization and the College of American Patholo-
gists endorse the Notthingham grading system. This system assigns and corre-
lates the scores of three features, namely nuclear pleomorphism, mitotic count
and tubule formation [4]. This classification provides prognostic and diagnostic
information. Both, the biological variability and the pathologist expertise deter-
mine the accuracy and reliability of the evaluation performed when assigning the
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three aforementioned features. There exist many studies reporting low or moder-
ated grading reproducibility: mitotic counts with κ from 0.45 to 0.64 or tubule
formation with κ between 0.57 and 0.83. In nuclear pleomorphism, the index
agreement (κ) has been reported to be between 0.3 (low) and 0.5(medium), a
very low figure for an important feature in terms of the prognosis [12]. Nuclear
pleomorphism serves as an indicator of the cancer evolution and is part of the
Nottingham prognostic index [7,8]. Some authors suggest that nuclear morphom-
etry may improve the grading task, but manual quantification is time consum-
ing and impractical in routine diagnostic workflow [14,17]. The expert made a
quantitative and qualitative judgment with the epithelial cells, features to be
evaluated are: size of nuclei, size of nucleoli, density of chromatin, thickness of
nuclear membrane, regularity of nuclear contour, anisonucleosis, then a nuclear
pleomorphism grading is give, score ranges from 1 to 3 , in the figure 1 examples
the histological images of nuclear pleomorphism are show.

Fig. 1. Nuclear pleomorphism scores. Left: Nuclear atypia grade 1. Center:, grade 2,
Right: grade 3

In this paper, an automatic methodology for nuclear pleomorphism grad-
ing of breast cancer images is proposed. Unlike other approaches, the proposed
method is not based on histomorphometry information such as area, roundness,
or texture. Instead, a nuclei detector, a bag of features (BoF) and a multi-scale
descriptor are used to characterize the differences among the three nuclear atypia
grades. The method is able to learn from a whole FoV, not requiring individ-
ual cell annotations. Finally, the BoF representation is used to train a bank of
support vector machines (SVM) that assign a pleomorphism grade to a test FoV.

This paper is organized as follows: In Section 2, a brief review of techniques for
nuclear atypia (pleomorphism) characterization is presented. Section 3 describes
the proposed method. Results of the proposed methodology in the nuclear atypia
scoring are presented in Section 4. Finally, we present conclusions and future
work on the characterization and feature extraction of nuclear pleomorphism in
Section 5.

2 Previous Work

Several algorithms have been proposed to assess nuclear pleomorphism in breast
cancer. Automatic nuclear shape and size related measurements are commonly
used. Cossato et al. [2] proposed a pleomorphism grading method that starts by
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detecting nuclei candidates (related to hematoxylin dye) using a color deconvo-
lution algorithm. Then a 2D difference of gaussians (DoG) is applied to improve
nuclei detection. Each nucleus is segmented by applying an active contour algo-
rithm and outliers are discarded by using some statistical measurements. Mor-
phometric features (such as nuclear area, shape, and texture) are computed for
each segmentation and then used as an input to a SVM classifier to grading each
nucleus between ”benign” and ”malignant” classes, obtaining a classification per-
formance of 81%. Dalle et al.[3] proposed a similar approach for nuclear pleomor-
phism grading, but measurements of nucleus roundness(perimeter and area) and
texture were included as features. After computing these features, a multivariate
gaussian model is estimated for each grading score (only atypia grades 2 and 3 were
used). Test images are graded by computing the likelihood of the nuclei grade at a
particular magnification frame. After classifying each nucleus, an overall reported
accuracy error of 7.8% for the classification task. Veta et al.[18] propose a nuclei
segmentation for nuclear pleomorphism method, using a color unmixing process
and only the hematoxylin channel was used. Afterward, the nuclear contours are
found by a fast radial symmetry transform, followed by a post-processing method
to remove regions with not nuclei. Finally the overlapping regions are eliminated.
The sensitivity reported by the method was 0.853.

3 Methodology

An overview of the proposed method is presented in figure 2

Fig. 2. Diagram of the proposed approach

The first step to detect nuclei candidates is the colour deconvolution in the
H&E image[10]. Then, maximally stable extreme regions (MSER) are used to
identify blobs[11]. Morphological operations, namely opening and closing, are
applied to improve the nuclei detection. A discriminant multi-scale histopathol-
ogy descriptor [15], centered at each nucleus candidate, is then computed.
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The set of selected nuclei descriptors constitutes a dictionary of visual words
comprised of samples at different pathological evolution (grading range from 1
to 3 in the nuclear pleomorphism nothingam grading system). The dictionary of
visual words is a partition of the space, spanned by the set of collected descrip-
tors or dictionary atoms. Any point of that space may then be represented by a
frequential distribution of the basis defined by the partition. The resultant his-
tograms are used to train a bank of binary classifiers or support vector machines
(SVM), using the annotated labels associated to the pathological grade of each
atom in the dictionary. A new FoV is scored by identifying nuclei candidates
that are represented in terms of the dictionary of multiscale nuclei descriptors.

3.1 Candidate Detection Using MSER Descriptors

First, the hematoxylin stain is estimated by using a color deconvolution app-
roach [10]. The process starts by mapping the usual RGB color image to the
Optical density space (Od) using equation 1

Od = −log(I); Od = V S → S = V −1Od (1)

Where I is the RGB color space, Od is the computed optical density and
V, S are matrices of the stain vectors and their saturation, respectively. In the
optical density space, the hematoxylin and eosin estimations are modeled by a
linear generative model, where two sources are computed.

The hematoxylin contribution map is used in the nuclei detection and the
subsequent processing. Nuclei candidates are found by detecting Maximally Sta-
ble Extreme Regions (MSER) [11] defined as those areas that change very lit-
tle after applying multiple thresholds. Finally two morphological operators are
applied, opening to remove small objects and closing to fill small holes and gaps
in the image.

3.2 Multi-scale Feature Extraction

The characterization of each nucleus candidate was performed by analyzing mul-
tiple scales of a pyramidal representation [15]. A nucleus is simply represented
by a series of different scales around the nucleus center, i.e., given a point X,
a nucleus center, a window of a given size is extracted. In this work a windows
size of 16 × 16 pixels was selected. Afterwards, patches with the same size at
lower resolution are obtained by dyadically subsampling the original image after
a blurring operation between each scale. These patches are then concatenated
for obtaining the feature vector, as depicted in Figure 3.

After collecting a large number of descriptors (equal to the number of nuclei
detected in the training set), the space is partitioned with a k-means algorithm
[9] using the k-atoms of the dictionary (k was set to 1600 visual words). This
dictionary is created with random samples for each grade. The dictionary is thus
used to represent each nucleus from any breast cancer at a high magnification
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Fig. 3. Multi-Scale Feature Extraction

(× 40), by choosing the most similar atom to a particular nucleus candidate.
Then, a feature vector is built by computing a histogram of occurrences, for
which each bin stands for each atom of the dictionary. A SVM classifier (with
a chi square kernel) is then trained to assign a nuclear pleomorphism grade for
a new FoV. SVM classifier with chi square kernel has been extensively used on
BoF applications [16].

4 Experimental Setup

4.1 Breast Cancer Dataset

The dataset is comnposed of fourteen(14) breast cancer slides from the TCGA
database [13]. The TCGA provides clinical information and the cases were eval-
uated by different experts since images are provided by 27 different institu-
tions. The associated Nottingham grading to each evaluation is provided (tubule
formation, mitotic count, nuclear pleomorphism). Additionally, for each of the
database samples, high magnification FoV (× 20) were selected and graded by
an independent expert pathologist. A total of 134 high magnification frames
(around 10 FoV per slide) were digitized and the associated nuclear pleomor-
phism grading was recorded. The Figure 4 shows an example of the dataset: a
whole breast cancer Virtual Slide, the manually selected high magnification FoV
and the grading assigned by the pathologist.

4.2 Evaluation and Dictionary Setup

The evaluation was carried out using a leave one out scheme, i.e., for a total of
14 cases, 13 were used for training and the remaining one for testing. In this
experimentation, the dictionary was initialized by randomly sampling 18 FoV
per each grade. After the learning process, the dictionary contains 1600 atoms
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Fig. 4. Breast Cancer Dataset

with 768 dimensions (size patch × scales : 16 × 16 × 3). The SVM classifier
was trained by using the multi-scale features extracted from 90 random training
images (30 for each grade).

5 Results

The nuclei candidates were processed by extracting three (3) scale levels on a
patch size of 16×16 pixels. Only the hematoxylin contribution map was used. A
set of dictionaries for descriptors of each grade is built and then concatenated.
Afterwards a bank of three (3) SVM classifiers was trained. The evaluation was
performed as described in section 3.2. The precision, recall and F-measure results
with standard deviation (SD) are shown in table 1.

Table 1. Results of Proposed Method. Mean ± standard deviation figures for the
precision, recall and f-measure of the nuclear atypia grades are presented.

grade 1 grade 2 grade 3 Mean

Precision 0.74 ± 0.04 0.58 ± 0.06 0.69 ± 0.03 0.67 ± 0.03

Recall 0.55 ± 0.09 0.62 ± 0.03 0.85 ± 0.04 0.67 ± 0.04

F-measure 0.63 ± 0.06 0.60 ± 0.04 0.76 ± 0.02 0.66 ± 0.04

Atypical grade three (3) obtained larger F-measures. The nuclei related with
these grading shows a significant deviation from the shape and size of grade two
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(2) and one(1), that is adequately assessed by the proposed method, the inter-
mediate class grade two(2) have the low f-measure.

The Cohen’s kappa coefficient (agreement between 2 rater) [1] and the Fleiss’
kappa coefficient (multiple rater)[6] were also used to obtain a statistical measure
of the agreement between a pathologist, TCGA record diagnosis and the pro-
posed method. The Cohen’s kappa coefficient between the TCGA’s reported
grading and our pathologist was κ = 0.43(moderate agreement). The kappa
coefficient between the proposed method and TCGA diagnosis was κ = 0.51
(moderate agreement) while the agreement of the proposed method with our
pathologist corresponds to κ = 0.31(fair agreement). Finally, the Fleiss’ Kappa
was used to establish an agreement among the three raters: the pathologist, the
TCGA record and the proposed method. The obtained value was κ = 0.46 which
amounts to a moderate agreement.

6 Conclusion

In this work an automatic method for a complete grading of nuclear pleomor-
phism in breast cancer images, in accordance to the Nothingham grading system,
was proposed. The method does not use morphometric information from manu-
ally segmented cells, but builds up a visual dictionary of nuclei that implicitly
captures differences in nuclei size and shape, among the different nuclear atypia
grades. The descriptor also includes the neighborhood of the nuclei at subse-
quent lower scales, including context information of the nuclei that is known
to be important. Performance measures show that the method is suitable for
automatic pleomorphism grading of microscopical FoV.

Future work includes the improvement of candidate nuclei detection and the
use of nuclei density information to improve the grading task. Another important
topic is the exploration of this representation in the analysis of another potential
or recognized diagnostic/prognostic indicators.
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