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ARTICLE INFO ABSTRACT

Keywords: The uncontrollable growth of cells in the breast tissue causes breast cancer which is the second most common

CNN type of cancer affecting women in the United States. Normally, human epidermal growth factor receptor 2

Digital pathology (HER2) proteins are responsible for the division and growth of healthy breast cells. HER2 status is currently

Whole Slid? image assessed using immunohistochemistry (IHC) as well as in situ hybridization (ISH) in equivocal cases. Manual

PDI;?;:gsTiem HER2 evaluation of IHC stained microscopic images involves an error-prone, tedious, inter-observer variable,

Membrane segmentation and time-consuming routine lab work due to diverse staining, overlapped regions, and non-homogeneous re-
markable large slides. To address these issues, digital pathology offers reproducible, automatic, and objective
analysis and interpretation of whole slide image (WSI). In this paper, we present a machine learning (ML)
framework to segment, classify, and quantify IHC breast cancer images in an effective way. The proposed
method consists of two major classifying and segmentation parts. Since HER2 is associated with tumors of an
epithelial region and most of the breast tumors originate in epithelial tissue, it is crucial to develop an approach
to segment different tissue structures. The proposed technique is comprised of three steps. In the first step, a
superpixel-based support vector machine (SVM) feature learning classifier is proposed to classify epithelial and
stromal regions from WSI. In the second stage, on classified epithelial regions, a convolutional neural network
(CNN) based segmentation method is applied to segment membrane regions. Finally, divided tiles are merged
and the overall score of each slide is evaluated. Experimental results for 127 slides are presented and compared
with state-of-the-art handcraft and deep learning-based approaches. The experiments demonstrate that the
proposed method achieved promising performance on IHC stained data. The presented automated algorithm was
shown to outperform other approaches in terms of superpixel based classifying of epithelial regions and seg-
mentation of membrane staining using CNN.

1. Introduction

Breast cancer is the most prevalent form of cancers among women.
Currently, based on American society of clinical oncology/college of
American pathologists ASCO/CAP guideline, there is a 1 in 8 chance
American women would develop breast cancer in their life. HER2 could
play an important role in the development of breast cancer. HER2
proteins are responsible for how cells grow and divide. Therefore, HER2
therapy in combination with chemotherapy or/and endocrine therapy
could be the most effective treatment. Furthermore, in breast cancer
treatment, trastuzumab and lapatinib therapies are implied to be ef-
fective in HER2 amplified cases. The traditional system of HER2 breast
cancer assessment deficits from accuracy on detection of correct pa-
tients overexpressing HER2. The prevalence of HER2 overexpression is
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associated with invasive breast cancer in about 20% of breast cancers.
Admittedly, precise and fast HER2 assessment is crucial to consider the
appropriate action for patients. Quantitative image analysis (QIA) of
digitalized slides decreases human error, increases the accuracy of di-
agnosis, reduces the workload of pathologists, and standardizes scoring
systems. In a HER2 assessment of IHC slides, to address ambiguities and
subjectivities of manual scoring, computer-aided solutions are provided
to simplify the overall progress. With the advent of image analysis in
digital pathology, a huge interest has received to digital slide scanners
to process and evaluate typical pathology lab workload in a digital, fast,
accurate, and efficient way. According to ASCO/CAP guidelines [1]
shown in Table 1, in IHC slides if more than 10% of the whole tissue
comprises strong tumor cells the case displays 3+, which is accepted as
positive and are allowed for therapies. If the ratio for moderate tumor
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Table 1

Evaluation criteria for HER2 (ERBB2) protein expression by IHC assay of the invasive component of a breast cancer specimen.

Classification

Score

Specimen Staining Pattern

Negative

Incomplete membrane staining that is faint or barely perceptible and within < 10% of

the invasive tumor cells or no staining observed
Incomplete membrane staining that is faint/barely perceptible in >10% of tumor cells

Weak to moderate complete membrane staining observed in >10% of tumor cells

Negative

1+
2+

Equivocal (Observer blinded to previous results recounts ISH to Evaluate

HER2/CEP17 ratio and average HER2 signals/cell)

Positive

3+

Circumferential membrane staining that is complete, intense and in >10% of tumor cells
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cells is more than 10% the case is considered as equivocal 2 + and
reflexed to ISH test to assess HER2 status [2]. In no staining or weak
conditions, the case is HER2 negative.

Recently, machine learning methods have considerably enhanced
the ability of computers to automatically diagnose various components
in biomedical images. Among pixel-based clustering methods, simple
linear iterative clustering (SLIC) [3] is studied in histopathological
segmentation tasks. SLIC is a clustering method that agglomerates si-
milar and nearby pixels and is accepted as a superior method in terms of
accuracy and efficiency. Jifi Borovec et al. [4] employed SLIC as a
preliminary step in histopathological images to increase the efficiency
of Graph-cut method. In Ref. [5], epithelium and stromal regions in
histopathological images are segmented using a hierarchal fuzzy c-
means method. Babak et al. [6], detected regions of interest in WSIs
using a multi-scale superpixel classification approach that classifies at
different scales based on the acquired details of the region of interest
(ROI). Belsare et al. [7] also used texture features to classify malignant
and benign breast histopathology images. Most of the developed ap-
proaches are related to the automatic classification of hematoxylin and
eosin (H&E) tissue images [8]. In automated HER2 and H&E assessment
from pathology tissue slides, several classical and handcraft approaches
are presented [9-11]. Most of these methods are about threshold-based
approaches as in Ref. [12] by using an optimal threshold value, the
percentage of the stained area and the score is evaluated. The effec-
tiveness of some segmentation approaches [13,14] is limited by the
remarkable intensity and color variation in nuclear and nuclear mem-
branes. In a work by Morteza et al. [15], a WSI based classifier using
robust local binary pattern (LBP) and characteristic features is pro-
vided. The extracted characteristic is scored through a naive rule-based
classifier. The rotation invariant LBP features are also converted to
percentages that are used to classify selected ROIs. The proposed
method is evaluated on various stainings. A membrane connectivity
based algorithm that automatically specifies the HER2 status in pre-
selected sections of the tissues is presented in Ref. [16]. The method
segmented brown pixels and scored each slide using the skeletonized
connected membrane. In Ref. [17], basolateral membranous activity
and neoplastic cell count were evaluated using segmentation and
thresholding methods and the results of the computer-aided analysis
were compared with manual evaluation. In another study [18], manual
outlined ROIs were transformed into HIS color space and various fea-
tures were extracted to train an SVM classifier. In the test step, the
image was classified through a voting system. In IHC membrane
staining, one of the most challenging issues is the reconstruction of the
membranes that are not revealed and then not visible. A method based
on nuclear membranes and approximating cellular membranes to au-
tomatically detect the bounding membrane of each cell were presented
by Ficarra et al. [19]. In Immunumembrane [20], as a public domain
and developed using ImagelJ, a set of thresholding, morphology, seg-
mentation, and a point-based membrane evaluation named IM-score
was presented. The proposed method in Ref. [21], showed that the
characteristic curves and uniform rotation invariant LBP feature curves
could be useful in automated HER2 scoring. Lately, state-of-the-art
approaches like deep learning have intensely attracted the attention of
researchers. Due to the rapid growth in large medical images, new in-
teresting machine learning challenges rise which are supposed to give
promising results under uncertain conditions. Deep learning is a com-
putational model resembled from human cognition system that can be
used efficiently in different applications [22]. In practice, an artificial
neural network that has more than one hidden layer could be con-
sidered as a deep learning architecture. Currently, medical imaging and
digital pathology show increasing interest in deep learning as demon-
strated by various studies. CNNs that are one form of deep learning,
have been well suited to medical data and have been incorporated
successfully in different segmentation [23-25], classification
[24,26-28], and detection [26,29,30] tasks.

Among deep learning models, CNNs are the most researched
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methods in medical image understanding tasks. One of the im-
plementations of CNN in HER2 assessment was presented in Ref. [31],
where detected cells from IHC stained tissues were classified after some
morphological operations. The proposed method was based on whole
slide cell classification using CNN and the results were considerably
higher than classical machine classification methods. In Ref. [32],
128x128 blocks of four labels at a low resolution were considered as
the training data. For each slide, the ratio of blocks with each label to
total blocks was considered to determine the HER2 score for a WSI. The
proposed methods in DL for HER2 assessment are all about cell [31] or
tile-based classification [33]. To the best of our knowledge, for HER2
scoring, none DL based work has been done based on segmentation of
cell membranes. However, there are some other applications of DL in
this area. Ideally, deeper architectures in CNN represent better results.
In Ref. [33], long short term memory (LSTM) architecture was proposed
to detect cell membrane and nucleus in small patches. However, in
HER2 assessment WSI is usually considered to evaluate the overall re-
sult. In this paper, we propose a novel architecture for HER2 assessment
of IHC biomarker. The proposed architecture exploits a SLIC clustering,
SVM classifier, and CNN segmentation. We would investigate different
variables which take into account segmentation of epithelial area as
well as classifying WSI as positive, equivocal, or negative. The main
goals of this study are (1) to segment and classify epithelium areas from
stromal parts of slides correctly and (2) to apply a precise membrane
segmentation using a convolutional auto-encoder that unlike sliding-
window convolutional networks, relies on a strong data augmentation
that efficiently trains with a few annotated samples and leads to fast
and precise segmentation. The rest of this paper is organized as follows.
The details of the proposed method are provided in section 2. The ex-
perimental results and comparative discussions are reported in Section
3. Further discussion of the results and the method is provided in
Section 4. The Conclusion is presented in Section 5.

2. Proposed method

The HER2 IHC assessment is defined by ASCO/CAP guidelines [1].
In HER2 IHC images, intensity and completeness of epithelial brown
(DAB) areas are two main factors. As described in Table 1, each slide is
classified into 0/1+4, 24, 3 + cases based on these parameters. Each
case specifies the amount of receptor protein on the surface of cells. Due
to some factors, these test results are not always correct. The inter-
observer and intra-observer variations are the main reasons for this
probably wrong classification. Each pathologist and laboratory use
slightly different rules and criteria to classify the breast cancer tissue
sample. This inaccurate HER2 score would cause the breast cancer
patient to get the wrong treatment and may be exposed to risks. The
main advantage of automatic HER2 scoring is the ability to give con-
sistent results on similar slides in a short time compared with the
manual scoring performed by pathologists. In Fig. 1 the overview of the
proposed methodology is shown.

The proposed methods in HER2 scoring are developed based on a
pipeline consisted of preprocessing, patch-based processing, including
feature detection, and techniques to score the WSL In histological
images, to automatically analyze the WSI, it is important to dis-
criminate between epithelial and stromal tissues. In the first part of this
research, by developing traditional machine learning approaches based
on SVM (RBF kernel with Sigma 6), LBP (with 1-pixel distance of 8-
pixel neighborhood), and color histogram (with 224 bins), HER2
stained WSI is classified to epithelial and non-epithelial areas. An il-
lustration of the tissue segmentation part and its impact on the overall
result are presented in Fig. 1.

The proposed approach is based on handcraft features that con-
tribute to a supervised classifier. Classifying the regions aims to specify
regions of interest for each WSI. Instead of working on all pixels, we
used superpixels to compute features on meaningful and similar regions
not only to increase the performance but also decrease the input
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variable for the subsequent classification step. All of the extracted tiles
are normalized by matching histograms of each tile with a reference
tile, which is acquired with the statistical analysis of deconvolved H and
E color spaces. In addition to the reasons raised above, considering
other factors of the efficiency beside consistent magnification level
could also substantiate the justifiability of the claim made at the outset
of this research. To delineate, CNN based solution reaches to higher
accuracy in proportion to traditional image processing methods. To be
impartial, working with various datasets would result in a rich trained
model which would segment membranes with various zoom level and
size.

2.1. Superpixel

Investigating and processing microscopic WSIs are an extremely
tedious and time-consuming procedure. Computer-based machine
learning tools assist pathologists to work on stained tissues to segment,
recognize, classify, and reveal important information about the sam-
ples. In HER2 membrane scoring, it is important to count the number of
closed and open membranes that are in the epithelial area. In this
paper, we combined both local color histogram and LBP features to-
gether to build an automatic classification solution to reduce inter-ob-
server variability and increase the accuracy of the procedure. The main
reason to do this is to remove tiles that contain white pixels and to
decrease the computational complexity. In a normal slide, about 30% of
tiles with size 512x512 are redundant and empty. Therefore, we can
increase the performance of the DL task by putting aside redundant
tissue blocks. SLIC [3] is a method that clusters pixels in color and
distance spaces to generate uniform areas named as superpixels. The
main contributions of SLIC comparing other local feature extraction
methods are rich quality segmentation, consistent size, and low com-
putational cost. This simple approach performs based on the 5-dimen-
sional feature space defined by [labxy] space in which [, a, b are the
values of CIELAB color space and x, y stand for coordination of the
point. This method is a special form of k-means clustering adapted to
the local uniform group of pixels without redundant distance calcula-
tions.

2.2. Color features

In patients with breast cancer, the HER2 state is critical as the
variations would specify the type of therapies. IHC is a special staining
method to discover HER2 protein in the cancer cells that works based
on detecting particular antigens in tissues. The IHC stained slides are
comprised of the brown channel (diaminobenzidine DAB signal) and
counterstain blue-violet channel (hematoxylin signal). This color-based
reaction produces different structures like the nucleus, membrane or
cytoplasm. In IHC HER2, the membrane and nuclei detection meth-
odologies are performed on the brown and blue channels, respectively.
Therefore, extracting ROI depends on the color information of the su-
perpixels. Local color histogram and distribution of superpixels in
clustered uniform patterns is used. The color bin of each histogram is
computed based on areas contain pixels in superpixels.

2.3. Texture features

The LBP algorithm is a robust and powerful descriptor that
thresholds the neighboring pixels based on a center pixel. Here, we
would consider each superpixel separately and evaluate the histogram
of each pixel. This uniform LBP archives rotation invariant descriptor of
the pattern. The histogram of the pixels inside a superpixel is con-
catenated and for each superpixel, a unique feature and label are con-
sidered.
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Fig. 1. The diagram of the applied method to segment cell membrane in HER2 stained IHC specimen which is the combination of deep learning and traditional
machine learning algorithms. First, superpixel breaks the image to manageable parts. Handcrafted features are extracted to classify each superpixel to epithelium or
stroma. The deep learning part is an end-to-end method that takes images as input and learns the modified U-Net model to produce segmentation result. The WSI

merged from all tiles is obtained to get the overall score of the specimen.

2.4. Classifier

To discriminate epithelial and stromal areas using the local color
histogram and LBP superpixel-level features, an SVM classifier is ap-
plied to predict the label of superpixels. To build the SVM classifier,
labeled training data provided by an expert through a GUI is desired.
The trained model for SVM classifier would be used for future tests. Due
to the complexity of the whole IHC image, a pathologist should label
small and descriptive epithelial and stromal patterns to segment the
whole slide. This process is performed once as we would use this trained
model for further samples.

2.5. Modified U-Net model

CNNs are typically used for classification tasks; however, the U-Net
architecture extracts localized features recognizable by the human vi-
sual system to classify and segment complex structures. This is provided
by the downsampling feature of the U-Net that makes it possible to
assign a label to each pixel. Furthermore, the success of convolutional
networks is usually dependent on the size of the training dataset. In
biomedical applications, due to the complexity and the high cost of data
collection, machine learning methods would work elegantly with small
training samples. In the U-Net model, by acquiring upsampling layers
instead of pooling layers the resolution of the input image is increased
which enables the successive convolution layer to learn the more ac-
curate result. In this type of network architecture, low-level feature
maps are combined with higher-level ones to precisely locate the in-
terest regions. We considered training images with corresponding an-
notations to train the proposed network. To use GPU memory effi-
ciently, we favor large input tiles over and discard white empty tiles
eliminated from the classification part. The segmentation procedure for
HER2 is assigning one and zero pixels to each pixel in each tile. The
network architecture is illustrated in Fig. 2.

It consists of two encodings (left) and decoding (right) sides. The
encoding path is comprised of repeated convolutions, followed by the
rectified linear unit (ReLU) and max-pooling layers. In right side after

upsampling feature maps, a cropped feature map from encoding part is
concatenated which is followed by the convolution and ReLU layers. At
last, a convolution layer with 1x1 size is used to map 64 component
feature maps to the number of output class. To reduce internal covar-
iance shift, after two consecutive activation layers, batch normalization
is employed in the proposed model. The interdependent layers of a CNN
that are connected to each other may lead to over-fitting.
Regularization is the best way to overcome over-fitting. Here, after each
max pooling layer, dropout is used to address the over-fitting. In gen-
eral, the number of foreground membrane areas is considerably smaller
than the background ones. The introduced modified U-Net segmenta-
tion model achieves high accuracy by adopting a jointly trained edge
and semantic losses. The cross entropy loss for N, inputs could give
more importance by incorporating the number of foreground and
background pixels. We adopted a weighted loss function [35] where the
calculation of trade-off weight for biased sampling:

tot

-1 P
Zep = —| D, By log®) + (1 = B)(1 — y)log(1 - 3,)
“ON [Z; )

i=

Where P is the number of pixels, ), indicates whether a membrane is
correctly predicted, J is the probability of model prediction to be
membrane and f is the fraction of foreground (membrane pixels) to
background in the ground-truth images.

The dice coefficient (DC) is widely used for evaluation image seg-
mentation to evaluate spatial overlap with ground-truth. Considering
the output of the soft layer, the loss function for the edge parts is:

Ipe=—

tot

1-2X%

Zf—] yiedge X }’}iedge

P P A
Zizlyiedge 4 Zi=1yi edge (2)
where yiedge and J,°%¢ represent the binary map for edge and the pre-
dicted output of the edge map respectively. Fig. 3 is an example of the
target output that we aim to predict at the output of the edge label to
optimize the loss function. These losses are added to minimize the
overall loss.



F.D. Khameneh, et al.

Computers in Biology and Medicine 110 (2019) 164-174

68
66°

1024

1042

1024 512

conv 3x3, ReLU

56
542
-

7

-, conv Ix1
4 max pool 2x2
= copy and crop

RS

Fig. 2. Architecture of the U-Net model [34]. Combination of the information from the downsampling to upsampling path gives general knowledge about the
localization and context. To segment cells with different membrane size, the dense layer is not used here.

L= Zep + 1Ec 3

where A represent the weighting coefficient which is set 1.1.

2.6. Dataset

The dataset consists of 127 WSIs of breast tumor patients which are
gathered from Acibadem hospital and Warwick competition. The da-
taset from Acibadem hospital was acquired using a 3DHISTECH scanner

while the dataset from the University of Warwick was scanned using a
Hamamatsu NanoZoomer C9600. Out the total 127 WSIs, 79 were from
Warwick dataset. The other 48 were acquired from Acibadem Hospital
for training. The size of the slides were about 150000100000 pixels.
The datasets were divided into two test and training parts. The dataset
from Warwick is only used for testing. The size of each tile was
512x512 which was automatically given to modified U-Net archi-
tecture to get output results. The overall result was evaluated after

© 9
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Fig. 3. (a) Original image; (b) Ground-truth map label; (c) Edge map label; (d) Prediction. Examples of the edge map label and the predicted output to evaluate DC

loss.
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Fig. 4. Merging in edge parts; (a) after merging; (b) before merging. In order to find edge cell membranes, for each tile, we have to consider connecting and edge
parts once more to combine the result of right, below, top, corner, and bottom tiles. To apply the merging procedure, only regions inside black dotted lines are

sufficient.

merging tiles with corresponding neighbors (upper, left, right, bottom,
and corner if available) [36]. For membrane in the edge parts, a similar
approach is employed. This process is important as the membrane in the
edge part would be counted as open membrane and the overall results
would be wrong. The main idea in the merging process is to evaluate
edge parts and copy parts that cross the edge parts as shown in Fig. 4.

In the training part, the batch size for training was set to 2 while the
maximum iteration for training was assigned to 50 to minimize the
training error. The modified U-Net model was fit and evaluated within
the C+ + programming environment using Dlib library [37]. To
minimize the loss function, initial stochastic gradient descent of 0.01
with momentum 0.9 is considered.

3. Experiments and evaluation
3.1. Network architecture selection

To achieve higher accuracies and lower training losses we analyzed
various CNN architectures. Different combinations of kernel sizes and
convolutional layers are tested. For our experiments, we considered
three models. In the first model, convolutional layers are used with
filter sizes 3x3 and 3x3. In the second model, convolutional layers with
3%3 and 5X5 sizes are employed. In the third model, the convolutional
kernels of size 5x5 are followed by 3x3. As shown in Table 2, an ar-
chitecture with higher convolutional kernel size followed by a smaller
kernel size leads to better results presumably because of the importance
of a larger neighborhood in pathological images.

Fig. 5 shows the value of the loss function and accuracy on the
training and validation sets of the proposed model.

The model converges in the training process only after 20 epochs.
This architecture enables the employment of CNN models with superior
accuracy for the scoring of IHC stained images to evaluate HER2 score.
From the values of false positive rate and true positive rate of the ROC
curve shown in Fig. 6, it can be calculated that the proposed model for
cell segmentation provides a high AUC value (99%).

Considering the fact that in order to score HER2 IHC slides, we have
to consider WSI and evaluate about 3000 tiles in a short time. The
computing time of an average WSI is less than 500 s, which ensures the
high speed of the proposed methodology. The performance of the
proposed architecture for different training and validation splits based

Table 2
Validation results after 20 epochs for various configurations of the evaluated
CNN architectures for the segmentation of cell membranes.

Model Precision Recall Accuracy Loss F1

1 0.9198 0.9970 0.9205 0.1751 0.9552
2 0.9245 0.9947 0.9258 0.1650 0.9569
3 0.9283 0.9922 0.9482 0.1167 0.9580
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on the DC is evaluated in Table 3. In all evaluations, the same images
from the test dataset are used. Furthermore, in Table 4, results of other
models are compared with the proposed architecture which shows
higher accuracy and lower loss. To have a better view of the results of
the model, in Fig. 7, the predicted cell membranes are overlaid on the
original images. The black polygons in Fig. 7 (b) depicts the classified
epithelial areas. Because of high resolution of the WSI, the constituent
region containing image tiles is shown in Fig. 7 (c). The results obtained
in Fig. 7 (d) are by and large consistent with the expert annotation of
cell membranes. Here, alleged cell membranes are in red color.

3.2. Confusion matrix of the trained model

The dataset and ground-truth provided by Acibadem hospital are
used for the training of the model. However, the performance of the
proposed method is evaluated on two different datasets. For dataset
provided by the University of Warwick, each training specimen is
provided with fluorescence in situ hybridization (FISH) and HER2 ITHC
scores. As the Warwick dataset only provides a quantitative result of
each slide, we used Acibadem hospital dataset to train the segmentation
model. In Fig. 8 (b) some masks annotated by experts are shown. After
training the segmentation model, it is used to classify WSIs in the
Warwick dataset. The quantitative comparison of the proposed method
and the provided results from Warwick dataset are shown in Table 5.
Here, Cohen's Kappa expresses the level of agreement and is defined as:

_ P~ P

l_pe

4

where p, and p, are the observed and expected agreements. In all of the
3 equivocal cases, the result from the proposed method matches with
values from FISH in 2 + cases. In these 3 discordant cases, pathologists
diagnosed equivocal case where they were scored as positive by auto-
mated image analysis solution. The main reason for these equivocal
cases can be listed as the heterogeneity of staining and insufficient
tissue blocks that are acquired to define the HER2 status. Correct
classification of 2 + cases are the most challenging problem in HER2
IHC test and the promising results show the efficacy of the metho-
dology. The HER2 status determined by the combination of the machine
learning method and by pathologists confirmed the accuracy of the
automated image analysis solution. Despite other methods that are
scoring patches solely based on their staining intensity [40], the pro-
posed method explicitly learns membrane intensity as a feature to
distinguish between diverse tumor cells. The high agreement between
the results of automated scoring using CNN and manual scores by
pathologies represents the feasibility and reliability of the HER2 scoring
approaches.

In Fig. 8, detected cell membrane and corresponding ground-truth
of some sample tiles from Acibadem dataset are illustrated. In Fig. 8,
the first column shows six tiles corresponding scores, with the second
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Fig. 5. Accuracy and learning curves for training and validation steps for the segmentation of cell membranes. The model is generalized well and it is not overfitted.
The appropriate learning rate increases the accuracy curve of training is a sustained way.
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Fig. 6. The ROC curve and AUC give an estimation of the cell segmentation
model's performance. The closer the curve to the upper left-hand corner and the
larger the AUC value, the better segmentation of membrane from not mem-
brane pixels.

column showing the ground-truth annotated by expert pathologists.
The third column shows the binary images obtained by morphology
operators. The outputs of the proposed model are shown in the last
column. Here, results of the proposed model are consistent with the
ground-truth and show similarity in closed cell membranes.

3.3. Quantitative comparison with comparative methods

To evaluate the performance of the method, statistical evaluation is
essential. DC and accuracy are important metrics in pixel-wise seg-
mentation tasks. By denoting the sum of elements in the predicted re-
gion (X) and ground truth region (Y) the DC is considered as:

Table 3

2:XNnYl 2-TP

Dice coefficient =

2XNYI+ IY\XI + X\Yl 2TP+EN+FP (5
where accuracy has the form as following:
TP + TN
Accuracy =
TP + FN + FP + TN ©

DC mean values for 1000 tiles with 512x512 pixels between pa-
thologists and the proposed method are 0.98 with a standard deviation
of 0.06 which indicates a good segmentation. The DC values range
between 0 (not overlapped) and 1 (perfect overlapped).

In segmentation tasks, true positive (TP), false positive (FP), false
negative (FN), and true negative (TN) are defined as the intersection
between segmentation and ground-truth, segmented parts not covering
the ground-truth, missed parts of the ground-truth, and parts of the
image beyond the union segmentation plus ground-truth, respectively.

The results and details of the proposed and existing methods are
provided in Table 6. Most of the methods are considering representative
patches and ROI from WSI to train the classifier [31-33,40-44]. Qaiser
et al. [45] trained a WSI-based model to classify the image patches.
However, this method selects random ROI to test the score of the WSI
and the patches to 0/1+, 2+, or 3 + classes. The proposed method
allows pixel-wise prediction over an entire WSI which allows an accu-
rate comprehension of the image. This process offers advantages over
other methods as the scoring criteria are accepted by pathologies and
the results provide significant information e.g., number of closed
membranes, the ratio of closed membranes to all membranes, and in-
tensity of membrane intensity for the WSIL.

3.4. Comparative results of the Warwick contest

The test data for Warwick dataset is unlabeled and participants are
acquired to provide HER2 score and confidence values for each WSI.
The proposed model is compared with other methods in Table 7. The
details about the evaluation criteria are available in Ref. [47]. The
proposed method gets a high point in the classification of each class.
The methods proposed in the contest are determining the HER2 score

Comparison of the cell segmentation results from various combination of training and test dataset.

Training images (%) Test images (%) Train accuracy Train loss Validation accuracy Validation loss
75 25 0.9541 0.1003 0.9308 0.1512
50 50 0.9396 0.1357 0.9187 0.1750
25 75 0.9132 0.1446 0.8797 0.1905
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Table 4
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Comparison of cell segmentation results from various models trained based on the default provided parameters.

Train accuracy Train loss Validation accuracy Validation loss Time for training each epoch(s)
DenseNet [38] 0.8908 1.7403 0.8669 2.1226 198
SegNet [39] 0.8428 0.1583 0.8327 0.2076 148
Modified U-Net 0.9541 0.1003 0.9308 0.1512 488
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Fig. 7. (a) Whole slide images; (b) Segmented tissue; (c) Classified Epithelial areas; (d) Closer view of the input images and overlapped results from the model's
prediction. Result images with different image characteristics from the test dataset. The membrane borders (red color) of each cell is enclosing a specific nucleus.

for a WSI by the percentage of each class in the patches extracted from
the WSI. It should be considered that in the patch-based methods the
intensity and completeness of each membrane are not considered in-
tuitively and the HER2 score is not based on the connectivity or in-
tensity of membranes. The method proposed by Team Indus considered
directly calculated completeness for the combined score. However, this
process is not automatic and to detect tumor areas from H&E slides
human intervention is necessary. In the proposed methods no in-
formation about the membranes in the corners and edge is given. Be-
sides, as the dataset doesn't contain label maps for membrane areas, the
training images are different in our case. Our method automatically
discards stromal areas and segments membranes to enable WSI-based
HER2 score assessment based on the criteria accepted by the ASCO/
CAP [1].

4. Discussion

In this paper, we introduced a computer-aided whole slide based
deep learning method to automatically evaluate the IHC score of HER2
in breast cancer images. Because of the subjectivity of interpreting
histopathology images and inter-observer disagreement between pa-
thologists, reliable methods replicable of the manual annotation is ne-
cessary. In contrast to previous methods in HER2 assessment, in this
research classification of HER2 IHC using deep learning-based seg-
mentation of cell membrane in WSIs is evaluated. The analysis of results
in Fig. 7 indicates that the network succeeds to distinguish between

membranes and cytoplasmic or wrong staining. As test dataset is not
used for the training, the noticeable high accuracy indicates that the
model has learned well to segment cell membranes correctly. Despite
other deep learning-based methods that score and classify slides based
on the patches [32,33,45], we assessed the WSIs considering the
guideline that is accepted by the pathologists [1]. The essential acqui-
sition of information about the studied samples are summarized in
Table 6. Most of these methods have considered manually extracted
ROI to train and test the model. The proposed method is capable of WSI
based HER2 scoring with high accuracy. Extraction of these ROIs is
time-consuming and needs a good knowledge or would result in in-
consistency in the results. From another perspective, cell membrane
segmentation outperforms patch-based classification in explicitly con-
sidering membrane staining intensity by providing ground-truth cell
membranes of each image. This helps to increase the performance of the
model by learning precise features related to cell membranes. Tradi-
tional image processing methods [21,31,40,41,43,44] rely on color
thresholding which is highly dependent on staining and intensity var-
iations between slides and the values for each slide should be main-
tained manually to achieve acceptable results. The proposed DL based
method outcomes this problem by training on multi-resolution slides.
Experimental assessment in Table 7 with respect to the points for cor-
rect classification on the test WSI from Warwick contest demonstrates
the efficacy of the proposed framework. This is an inevitable fact that
the experts are not generally available for tedious ROI selection task
and the performance of our proposed method would increase if we
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(a) (b) () (d)

Fig. 8. (a) HER2/neu image fragments from different multi-resolution 40x and 20x regions and corresponding segmentation results of DL output compared to
ground-truth. Here column (a) represents the original images from different slides with various scores. Column (b) illustrates the ground-truth cell membranes

acquired by pathologies and confirmed with conventional image processing methods. In column (c) the uncompleted cell membrane is dissolved using morphology
pruning operations. In column (d) detected cell membrane by the proposed method is shown.
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Table 5

Confusion matrix for HER2 score compares the results of the deep learning-
based classification method with provided HER2 scores from Warwick dataset
(pathologist-based scores). These images are only considered to test the trained
model.

Actual
Predicted 0/1+ 2+ 3+
0/1+ 23 3 0
2+ 0 10
3+ 0 1 12

k= 0.79

consider the intervention of experts. By observing the results for HER2
assessment, the proposed modified U-Net architecture outperforms
path-based CNN models and also hand-engineered classical image
processing methods. The proposed HER2 assessment method exploits
the segmented cell membranes to classify WSIs which presents a robust
and meaningful way of combining HER2 scoring criteria with deep
convolution features. A useful direction would be to assists pathologists
by providing detailed results of WSIs. The plots in Fig. 5 are learning
and loss curves generated for the given number of epochs for the pro-
posed architecture. The smooth declining in training error and still
incrementation in validation accuracy, indicates that the model is well-
generalized. The example results in Fig. 8 depicts the original images
with annotations showing cell membranes. The obtained results are
showing high agreement with the expert annotation, which indicates
the desirable behavior of the proposed CNN for HER2 assessment of IHC
stained WSIs.

The proposed methodology, which implements superpixel-based
tissue classification and deep learning-based cell membrane segmen-
tation addresses automatic and computer-aided HER2 assessment tasks.
The high agreement between automatic assessment and the manual
scoring approves the generality and acceptedly of the training data.
However, the greatest discordant in our evaluation was due to various
staining criteria of different laboratories. This discrepancy was the main
reason for misclassifying 2 + cases as 3 + or 0/1 +. The increment of
training data from various laboratories, as well as a better and accurate
histopathology stain-color normalization are two important steps that
could easily integrate to the existing segmentation workflow to over-
come these problems. Severe overlapping of cytoplasmic staining with
cell membrane gives rise to poor segmentation which causes errors in a
way that some membrane staining connecting two cells are ignored.
This could result in a state that inside a closed membrane more than a
nucleus or no nucleus is recognized. This difficulty would directly affect
the overall score in some cases, and we overcame this by simply con-
sidering cases with no distinct nuclei as artifacts.

Table 6

Computers in Biology and Medicine 110 (2019) 164-174

Table 7

Comparison of the proposed method with some of the teams participated in the
Warwick contest. The aim of this challenge is to assess HER2 status in breast
cancer histology images.

Method Pts * Pts + B" cf ¢ W.Pts ¢
Qaiser et al. [45] 405 419 24.1 359.1
MTB NLP (AlexNet [46]) 390 405.5 22.94 335.7
FSUJena ([48]) 370 392 23 345
Team Indus (LeNet [49]) 402.5 425 18.45 321.4
The proposed method 405 428.5 23.98 359.7
2 Points.

b Ppoints with bonus.
¢ Weighted confidence.
4 Combined score for weighted points and points with bonus.

5. Conclusion

An automatic end-to-end machine learning-based framework for
IHC HER2 assessment is presented in this paper. The proposed model
considers three main properties: (1) the input WSI is classified into two
stroma and epithelium areas using superpixel-based classification; (2)
the model should be trained using patches extracted from the epithelial
part, enabling the segmentation model to extract cell membrane
staining pattern; (3) the scoring part of the architecture would merge
the results from the tiles and transfer staining intensities and com-
pleteness to results accepted by pathologists. The HER2 scores of the
model have a high correlation with the scores provided by experienced
pathologists from two different and independent datasets. The gen-
erality of this methodology could be considered on other diverse
membrane segmentation problems.
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Comparative results and details of the existing methods for the assessment of HER2 receptor status.

Method Dataset Base

Remarks

Saha et al. [33] 752 core images cropped from 79 WSIs

Vandernberghe et al. [31]  ROI from 74 WSIs

fully connected LSTM recurrent network, cell membrane and
nuclei detection
color deconvolution, watershed segmentation, SVM, random

0.9833% accuracy

0.83% accuracy

forest, CNN, HER2 scoring by classifying cells

Briigmann et al. [41] 835 core regions for training and 430 for
validation extracted from 253 WSIs
Pitkdaho et al. [32] 119 core regions selected from 81 WSIs

Qaiser et al. [45] 86 WSIs
Singh et al. [42]
Caroline et al. [40]
Izzati et al. [43]
Masmoudi et al. [44]

1345 core regions from 52 WSIs
around 2580 patches from 86 WSIs
40 core regions

77 core regions from 77 WSI

connectivity-based scoring, pixel segmentation, skeletonizing

CNN, AlexNet [46] architecture, data augmentation, block-
based scoring

data augmentation, deep reinforcement learning, ROI-based
score prediction

intensity and color features, Neural Network classifier

LBP and color features, KNN, MLP, decision trees

naive bayes classifier, color deconvolution, color features

color pixel classifier, epithelial nuclei segmentation, membrane

0.923% agreement
0.9770% accuracy
0.794% accuracy
0.911% accuracy
0.90% accuracy

0.7513% accuracy for 2 + cases
0.72%-0.90% agreement

staining assessment

The proposed method 127 WSIs

modified U-Net, WSI segmentation, superpixel-based tissue
classifier, WSI merging and scoring, automated WSI evaluation

0.9482% segmentation and 0.87%
classification accuracy
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