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APPLICATION OF CONVOLUTIONAL NEURAL NETWORK
FOR HISTOPATHOLOGICAL ANALYSIS

Abstract. Among all types of cancer, breast cancer is the most common. In 2017 breast cancer was the fourth rate for
death reasons in Ukraine. The paper is devoted to the automatization of histopathological analysis, which can improve the
process of cancer stage diagnosis. The purpose of the paper is to research the ability to use convolutional neural networks
for classifying biopsy images for cancer diagnosis. The tasks of research are: analyzing cancer statistics in Europe and
Ukraine; analyzing usage of Machine Learning in cancer prognosis and diagnosis tasks; preprocessing of BreCaHAD
dataset images; developing a convolutional neural network and analyzing results; the building of heatmap. The object of
the research is the process of detecting tumors in microscopic biopsy images using Convolutional Neural Network. The
subject of the research is the process of classifying healthy and cancerous cells using deep learning neural networks. The
scientific novelty of the research is using ConvNet trained on the BreCaHAD dataset for histopathological analysis. The
theory of deep learning neural networks and mathematical statistics methods are used. In result it is obtained that the
classification accuracy for a convolutional neural network on the test data is 0.935, ConvNet was effectively used for
heatmap building.
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Introduction

Among all types of cancer, breast cancer is the
most common. Breast cancer is the second-highest
mortality rate after lung and bronchial cancer, and about
30% of newly diagnosed cases are breast cancer [1].

Europe contains 9% of the world population but
has a 25% share of the global cancer burden [2].
According to [3] in 2018 the number of new cancer cases
is more than 4 million for both sexes and all ages. The
first rank of incidence is referring to breast cancer (more
than 520 thousand). Total mortality from cancer in 2018
in Europe is almost 2 million for both sexes and all ages.
The first rank of mortality is referring to lung cancer
(almost 390 thousand). The number of prevalent cases
for the 5-year period is more than 12 million for both
sexes and all ages.

In Ukraine [4] the number of new cases in 2018 is
almost 170 thousand for both sexes and all ages. The
number of death is almost 100 thousand. The top types
of cancer by incidence and mortality in Ukraine is
consistent with Europe.

According to [5] breast cancer is the fourth rate in
death reasons in Ukraine. In 2017 the age-adjusted Death
Rate is 20.79 per 100,000 of population ranks Ukraine is
rank #48 in the world.

The big amount of cases causes the appearance of
large amounts of data, the analysis of which can be used
for diagnosis, understanding the causes of diseases,
patients risk groups, etc.

Nowadays, Machine Learning is widely used for
big data structures processing. The ability of ML tools to
detect key features in complex data sets shows their
importance. Various methods, including artificial neural
networks (ANN), Bayesian networks (BN), Support
vector machines (SVMs) and Decision Trees (DTs) are

widely used in cancer research and helps in efficient and
accurate decision making [6].

In [7] breast cancer survival predicted by the DT
algorithm. It was trained on the SEER database [8] (200
thousand cases have been used) and resulted accuracy
was 0.93. In [9] Multiple myeloma cancer susceptibility
predictions have been made on SNPs data [10] with 0.71
resulted accuracy.

ML technics are being used mostly for prediction
tasks. Processing of clinical images (results of different
diagnostics types) needs ANN, particularly, Deep
Learning.

Convolutional Neural Network (ConvNet) for brain
tumor detection used in [11]. It processes MRI images
and gets 0.99 train accuracy and 0.986 validation
accuracy. In [12] Computer Tomography images have
been processed by 3D - ConvNet and result AUC was
0.83.

For breast cancer diagnosis biopsy images, thermal
images and mammography images analyzing are being
used. In [13] Multi-Scale CNN has been used for
mammography classification (Digital Database for
Screening Mammography [14]) and get AUC = 0.92.
The study [15] presents a computer-aided diagnosis
system based on convolutional neural networks as an
alternative diagnosis methodology for breast cancer
diagnosis with thermal images. Resulted accuracy for
CNN was 0.86.

The purpose of the paper is to research the ability
to use convolutional neural networks for classifying
biopsy images for cancer diagnosis.

In the paper, the Convolutional Neural Network is
used to solve the problem of detecting healthy and
cancerous cells in microscopic biopsy images. The
heatmap will be built. Such an approach can improve the
process of cancer stage diagnosis.
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1. Convolutional Neural Networks

Convolutional Neural Network it is a deep learning
approach for data, particulary image, processing.

Deep Learning concept was first known as
hierarchical learning at the [16].

Deep learning uses data processing by several
layers of neurons in such a way that each layer highlights
certain features and gives it to the next layer for
processing. Such an architecture makes it possible to
generalize input data [17]. Until 2012 in the field of
computer vision, neural networks were better known for
their tendency for overfitting than the ability to solve
complex problems of visual recognition. In 2012
ConvNets show good result in ImageNet competition
[18] and attracted attention to their usage for image
processing [19].

Convolutional neural network was developed by
Yann LeCun in 1988 [20]. ConvNet were created on the
basis of “simple cells” in human brain. Such cells were
discovered in 1960s by Torsten Nils Wiesel and David
Habel [21].

The architecture of a typical ConvNet has several
parts. The first few parts consist of two types layers:
convolutional layers and pooling layers. Convolutional
layers consist of feature cards, each of them has a set of
weights called a filter bank. The local weighted sum at
the output of these 2 layers is then transmitted via non-
linearity, such as ReLu. Each feature map with its own
filter bank by the sliding window method is applied to
the entire input image.

Firstly, such an architecture makes it possible to
identify local features. Secondly, the removal of features
does not depend on the location of the objects. In other
words, an object can appear in any part of the image and,
thanks to feature maps, will be found. The mathematical
operation performed is a discrete convolution [22].

Convolution is a mathematic operation on two
functions f{x) and g(x) that produces a third function.
Having two-dimensional image, I and array K with size
hxw (also called as convolution kernel) convolute image
I*K is calculated by putting the kernel on image. The
sum of the multiplied elements of output image and
kernel is written [23]:

(I * K)xy = ?:12‘1’?:1 Ki,l' X Ix-l»i-l,y-i-j-l (D)

Although the role of the convolutional layer is to
detect local conjunctions of features from the previous
layer, the role of the pooling layer is to merge
semantically similar features into one. The most used
pooling type is MaxPooling [22].

Pairs of Convolutional and Pooling layers followed
by several Fully Connected layers.

ConvNet has tendency to overfitting. There are
some methods to avoid it.

Dropout prevents overfitting and provides a way of
approximately combining exponentially many different
neural network architectures efficiently. The term
“dropout” refers to dropping out units (hidden and
visible) in a neural network [24]. In this layer with
probability of p the neuron is excluded from the network
at the time of current iteration [25].

Data augmentation is a key element in training
high-dimensional models. In this approach, one
synthesizes new observations by applying pre-specified
transformations to the original training data. In practice,
data augmentation is a manual process, where a human
specifies a small set of transformations; for image
classification tasks, these are most commonly chosen to
be simple linear transformations such as translations,
rotations and scaling. [26].

2. Data

Histopathological tissue analysis by a pathologist
plays an important role in the diagnosis and prognosis of
breast cancer. The diagnosis of biopsy tissue with
hematoxylin and eosin-stained images is non-trivial and
specialists often disagree on the final diagnosis [27].

In the research, BreCaHAD (breast cancer
histopathological annotation and diagnosis dataset) has
been used [28]. This dataset provides 162 breast cancer
histopathology images. The dataset includes various
malignant cases. The task for researchers, proposed for
this dataset is automated classifying histological
structures in hematoxylin and eosin (H&E) stained
images into six classes: tumor nuclei, non-tumor nuclei,
apoptosis, mitosis, tubule, and non-tubule.

The BreCaHAD dataset contains microscopic
biopsy images in uncompressed (.TIFF) image format,
three-channel RGB with 8-bit depth in each channel, and
the dimension is 1360 x 1024 pixel and each image is
annotated. Anotation corresponds to the marked objects
of 6 classes and provided in json format [29].

Example of image with annotated objects is
presented in Fig. 1.

Fig. 1. Annotated image from BreCaHAD dataset

For Convolutional Neural Network images from
BreCaHAD have been sliced into 32x32 pixel size. All
images were divided into 2 groups:

e Tumor: according to “tumor”
annotations;

e Non-tumor: image fragments where annotated
objects aren’t appearing,.

Total number of images was 40000. Sample images
for both groups are shown in Fig. 2.

All images were divided into 3 datasets:

e Training — 14000 images (70%);

e Validation — 3000 images (15%);

e Test — 3000 images (15%).

objects in
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Fig. 2. Examples of ConvNet input images
(a—tumor, b — non-tumor)

Each image has been normalized: each pixel value
was correlated to the gap [0;1].

3. Results and Discussions

For developing ConvNet Python 3.6 was used as
programming language. For Neural Network compiling,
training and evaluating Keras version 2.2.4 with
Tensorflow backend version 1.12.0 was used.

For experiment Convolutional Neural Network has
been compiled. It’s structure is shown at the Table 1.
Total number of parameters — 171105. ReLu activation
function was used in ConvNet. As optimization
algorithm Adam was used.

Table 1 — Structure of the experiment

Para-

Type Input Output meters
1. Convolutional (32x32x3) | (30x30x32) 896
2. MaxPooling (30x30x32) | (15x15x32) 0
3. Convolutional (15x15x32) | (14x14x32) 4128
4. MaxPooling (14x14x32) | (14x14x32) 0
5. Convolutional (12x12x64) | (12x12x64) 18496
6. MaxPooling (12x12x64) (6x6x64) 0
7. Flattening (6x6x64) 2304 0
8. Fully Connected 2304 64 16448
9. Dropout 64 64 0
K

ConvNet was trained during 30 epochs with batch
size - 16. Accuracy and loss on training data is shown in
Fig. 3, on validation data — in Fig. 4.
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Fig. 3. Accuracy and loss on training data
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Fig. 4. Accuracy and loss on validation data

Accuracy on train data is 0.935. It is obtained that
ConvNet can effectively classify objects in this task.

Heatmap for full image from  dataset
(1036x1024 pixel) was built. Results are shown on
Fig. 5. Heatmap was built using floating window
method with step size 8 pixels.

T,
e Ca,

W
el
Y & .

 J? :‘}f"!
B 4 ea

L™ [

Fig. 5. Heatmap

In [27] authors used 512x512 pixel with 3 RGB-
channels biopsy images as input data for ConvNet.
ConvNet has 4 pairs of convolutional and maxpooling
layers and 3 fully-connected layer. And get result 0.778 for
four classes classification. In our work accuracy is higher
because of less number of classes. Binary classification
was held in [1]. CNN classified biopsy images 350%230 to
Benign or Malignant with accuracy 0.934. ConvNet has
almost the same architecture as in our research, but with
bigger amount of feature maps in convolutional layers.
Similarity in architecture and the same task (binary
classification) is the reason of similar results.

Conclusions

In the world breast cancer is the most common. In
Ukraine, in 2018 the number of new breast cancer cases
is almost 19 thousand, and the number of death is more
than 8 thousand [4].

The Machine Learning approach is widely used in
cancer prediction and diagnosis researches. In the paper
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examples of cancer prediction and medical images
analysis are shown. ConvNet is an effective instrument
for image classification, but it is important to pay
attention to the overfitting problem. BreCaHAD dataset
can be effectively used for solving the task of
histopathological analysis automatization.

In this paper, Convolutional Neural Networks was
used for microscopic biopsy images classifying.
Classification accuracy on test data obtained 0.935. We

showed that trained ConvNet can be used for heatmap
building. Such an approach can improve the process of
cancer stage diagnosis. Results have been compared
with related works.

In future work, we are going to increase dimensions
of input images, make multiclass classification, pay
more attention to overfitting problem and use a detection
algorithm that determines the specific location of objects
with specific probability.
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BuxopucraHHs 3ropTKOBHX HEHPOHHMX Mepe:K JJIS TiCTONAaTOJIOTiYHOI0 aHATI3y
J. M. I'nmaBueBa, B. A. flnosera, A. O. I[logopoxHsax

Anotanis. Cepen ycix BUAIB paKy HaHIOMMPEHIINM € pak MOJIOYHOI 3ay03u. Y 2017 poui pak MOJIOYHOI 3aJI03H CTaB
YeTBEPTOI0 IPUUMHOI cMepTHOCTI B VYkpaiHi. CrarTs NpUCBSYeHA aBTOMATH3alLlii TiCTONATONOrIYHOTO aHaJ3y, IO MOXKE
MOKPAIUTH NPOLIEC JiarHOCTHKH cTajii paky. Mera cTaTTi - 1OCIiIMTH MOXUINBICTh BUKOPHCTAHHS 3T OPTKOBUX HEHPOHHUX MEPEX
Jutst Kiacudikanii 300pakeHs OloICii 1S TIarHOCTUKY paKy. BimoBiTHO 10 METH MOCTABIICHO TaKi 3aBJAAHHS: aHANI3 CTAaTUCTHKU
3aXBOPIOBAHOCTI Ha pak B €Bponi Ta YKpaiHi; aHali3 BUKOPUCTaHHS MAILMHHOTO HABYAHHS UL 3aBIaHb IIPOrHO3YBAaHHS Ta
JIIarHOCTUKHU paKy; rornepeaHs oopodka 300pakeHb Habopy naHux BreCaHAD; HaB4aHHs 3ropTKOBOI HEHPOHHOI MEpEeXi Ta aHawi3
pe3yibraris; no0ynoBa TerioBol kapTi. 00 €KTOM JOCIIIKEHHS € IPOLEC BUSBICHHS MyXJIMH HA MIKPOCKOIIYHUX 300paXeHHsX
Giorcii 3a JOIIOMOrO0 3ropTKOBUX HeHpoHHHMX Mepex. IIpeqmerom pociimkeHHs € mporec kiacudikanii 310poBUX Ta PaKOBHX
KIJIITHH 32 JOTIOMOr' 00 HEHPOHHHUX Mepex InOokoro HaBuaHHs. HayKoBoI HOBH3HOIO JJOCIIPKEHHS € BUKOPUCTAHHS 3rOPTKOBOI
HEHpOHHOI Mepexi, HaBueHoi Ha HaOopi maHux BreCaHAD nis BHKOHAaHHS TiCTONATONOrNIYHOrO aHaiizy. BuxopucroByroThCs
Teopiss HEHPOHHUX Mepex IIMOOKOro HaBYaHHS Ta METOJM MAaTEMaTU4YHOI CTaTUCTHKH. B pe3yabTaTi OTpHMMaHO, IO TOYHICTH
knacugikamii 3ropTkoBoi HEHPOHHOI Mepexi 3a TecTOBMMM JaHMMM craHoButh 0,935, 1 Mmepeka Moxe OyTu e(eKTUBHO
BUKOPHUCTaHA Isl OOYI0BU TEILIOBOI KapTH.

Kaw4yoBi cioBa: rimboke HaBYaHHS; 3rOPTKOBI HEHPOHHI Mepeki; pak MOJIOYHOI 3aJI03H; TiCTONATONOr YHUI aHaIi3;
o6iomncist; BreCaHAD.

Hcnosb3oBanne CBEPTOYHBIX HEHPOHHBIX CeTeil sl THCTONATOIOTHYECKOr0 AHAIN3a
J. M. I'nmaBueBa, B. A. flnosera, A. O. I[logopoxHsax

Annotanusa. Cpenu Bcex BHIOB paka HauOoJiee paclpOCTpaHSHHBIM SIBIISIETCS PaK MOJIOYHOM sxenesbl. B 2017 rony pak
MOJIOYHOH JKENIE3bI CTaJl YETBEPTOI NPHYMHON CMEPTHOCTH B YKpauHe. CTaThsl NOCBAIIEHA aBTOMATH3ALUH THCTONATOIOMHYECKOr0
aHaJIN3a, YTO MOXKET YITy4IINTh MPOLECC AUATHOCTUKU cTafuu paka. Llesib cTaTbu - MccaenoBaTh BO3MOKHOCTD HCIIOIb30BaHHUS
CBEPTOYHBIX HEHPOHHBIX ceTel Ul KiacCU(pUKAMK N300paXxkeHHi OHOINCHM I IMAarHOCTUKU paka. B cOOTBETCTBHMM C LIEbIO
IIOCTABIICHBI CIEAYIOLINE 3a/1a4M: aHAJIM3 CTATUCTHKH 3aboneBaeMocTH pakoM B EBporne u YkpauHe; aHaIu3 HCIIOIb30BaHUS
MAaIIMHHOrO OOYYeHMs JUIsl 3ajad MPOrHO3MPOBAaHMS W JUArHOCTHKH paka; IpeaBapHuTeNbHas oOpaboTka n300pakeHHii Habopa
nanHblX BreCaHAD; o0ydeHne cBepTOYHOI HEHPOHHOW CETH M aHaJIW3 pe3yJbTaToB; IMOCTPOEHHE TEINIOBOM KapThl. O0BbeKTOM
HCCIIEZI0BAHUS SIBJIACTCS MPOLECC BBISABICHHUS OIyXOJell Ha MUKPOCKONMYECKUX M300paKeHUsX OMOICHH C TIOMOIIBIO 3rOPTKOBHX
HelpoHHbIX ceTed. TIpeamerom MccieoBaHMs SBISETCS HPOLECC KIACCU(PUKALMU 370POBBIX U PAKOBBIX KIETOK C HMOMOILIbIO
HEHpOHHBIX ceTeil Tiryookoro oOyuenus. HayuHoii HOBM3HOM HcCie0BaHUS SABISIETCS UCIONB30BaHUE CBEPTOUHONH HEHPOHHOM
cerd, 0OyueHHOM Ha HaOope naHHbIX BreCaHAD misi BBINOJHEHHsS TI'MCTONATOIOTMYECKOro aHaimza. Vcnomne3yroTcs Teopus
HEHPOHHBIX CeTel MIyOOKOro OOydeHHs M METOAbl MaTeMaTHYecKOW CTaTHCTHKH. B pesyibTaTe mOIydeHO, YTO TOYHOCTH
KJIaccuuKampeil 3ropTKOBIX HEHPOHHOM CEeTH C TEeCTOBBIMU JaHHBIMH cocTaBisieT 0,935, ara cerb Moxer ObITh 3(deKkTHBHO
HCITIONB30BAHA IS TOCTPOEHNS TEITIOBOM KapThI.

KawueBbie ciaoBa: rirydokoe o0ydeHHe; CBEpTOYHbIC HEHPOHHBIE CETH; PaK MOJIOYHOH KeJle3bl; THCTONATONOr MIEeCKHI
ananus; ounoncus; BreCaHAD.
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