UNIVERSITAT POLITECNICA 4
DE CATALUNYA F I B \:@ clecos 178
BARCELONATECH -

BREAST CANCER TISSUE CLASSIFICATION
WITH CONTRASTIVE LEARNING ON WHOLE
SLIDE IMAGES

YIKAI QIU

Thesis supervisor: JOSEP RAMON CASAS PLA (Department of Signal Theory and Communications)
Thesis co-supervisor: SONIA RABANAQUE RODRIGUEZ

Degree: Bachelor's Degree in Data Science and Engineering

Thesis report
Facultat d'Informatica de Barcelona (FIB)
Escola Técnica Superior d'Enginyeria de Telecomunicacié de Barcelona (ETSETB)
Facultat de Matematiques i Estadistica (FME)

Universitat Politécnica de Catalunya (UPC) - BarcelonaTech






I would like to express my heartfelt thanks to my professor and
co-chairs of my committee for their invaluable patience and feedback
during the development of this work. Words cannot express my
gratitude to my family and friends for their unconditional support
throughout this research. Their guidance, encouragement, and belief
in me have been instrumental in completing this paper. | am truly
grateful for their support and friendship.






Abstract

Ductal carcinoma in situ and invasive carcinoma represent 90% of breast cancers. The
former is controllable, and nearly all patients at this stage can be cured, while the latter is
significantly more severe due to infiltration.

The objective of this study is to train a model capable of distinguishing between in situ
and invasive cases using sub-images extracted from Whole Slide Images stained with H&E.
To achieve this, we propose fine-tuning EfficientNet due to its high performance in similar
tasks. Additionally, in order to address the issue of limited data, we explore the application
of the SImCLR technique using the available data.

The results of this study demonstrate that SImCLR is not beneficial with the available
data. However, it is possible to achieve a well-performing classification model with an F1-
score above 0.85 only using the annotated data, with remarkable results when concatenating
each sub-image prediction as an entire Whole Slide Image.
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Resum

El carcinoma ductal in situ i el carcinoma invasiu representen el 90% dels cancers de mama.
El primer és controlable i gairebé tots els pacients en aquesta etapa poden curar-se, mentre
gue el segon és significativament més greu a causa de la infiltracio.

L'objectiu d’aquest estudi és entrenar un model capag de distingir entre els casos in situ i
invasius utilitzant sub-imatges extretes d’imatges completes de talls (WSI) tenyits amb H&E.
Per aconseguir aixo, proposem entrenar en finetuning I'EfficientNet pel seu gran rendiment
en tasques similars. A més, per abordar el problema de les dades limitades, explorem
I'aplicaci6 de la tecnica SimCLR utilitzant les dades disponibles.

Els resultats d’aquest estudi demostren que SIMCLR no és beneficios amb les dades
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disponibles. No obstant aix0, és possible obtenir un model de classificaci6 amb un rendi-
ment destacat, amb una puntuacio F1 superior a 0,85, utilitzant només les dades anotades.
A més, els resultats son notables en concatenar les prediccions de cada sub-imatge com
una imatge completa de tall (WSI).

Paraules clau

Cancer de mama, H&E, SimCLR, EfficientNet, classficacid d'images

Resumen

El carcinoma ductal in situ y el carcinoma invasivo representan el 90% de los canceres de
mama. El primero es controlable y casi todos los pacientes en esta etapa pueden curarse,
mientras que el segundo es significativamente mas grave debido a la infiltracion.

El objetivo de este estudio es entrenar un modelo capaz de distinguir entre los casos in
situ e invasivos utilizando subimagenes extraidas de imagenes completas de cortes (WSI)
tefidos con H&E. Para lograr esto, proponemos entrenar en finetuning el EfficientNet por
su gran rendimiento en tareas similares. Ademas, para abordar el problema de los datos
limitados, exploramos la aplicacion de la técnica SImCLR utilizando los datos disponibles.

Los resultados de este estudio demuestran que SImCLR no es beneficioso con los datos
disponibles. Sin embargo, es posible obtener un modelo de clasificacion con un rendimiento
destacado, con un puntaje F1 superior a 0.85, utilizando solo los datos anotados. Ademas,
los resultados son notables al concatenar las predicciones de cada subimagen como una
imagen completa de corte (WSI).

Palabras clave

Cancer de mama, H&E, SImCLR, EfficientNet, clasificacion de imagenes
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1. Introduction and state of the art

1.1 Breast cancer and its diagnosis

Breast cancer, as its name suggests, is characterized by the abnormal and excessive growth
of tissue originating in the breast. It is a condition where cells in the breast undergo uncon-
trolled proliferation, forming a lump or mass that can be felt or seen on imaging techniques
such as ultrasound.

According to recent reports to this work, breast cancer is the most common cancer
among women worldwide and second most common cancer overall. Speci cally, it has an
estimated 2.26 million new cases during the year of 2020 for female breast cancer, followed
closely by lung cancer (2.21 million) and prostate cancers (1.41 million). At the same time,
it is also a leading type of cancer in terms of mortality in females [10].

Note that breast cancer is mainly present in female individuals. According to [14], “the
FMIRR [Female-to-Male Incidence Rate Ratio] of breast cancer is of 122", meaning that the
female breast cancer incidence is 122 times higher than the one of male.

1.1.1 Detection, diagnosis and control

The most common sign of breast cancer is the presence of a new lump or a thickening in the
breast. To date of this work, the most common method for detecting breast cancer includes
mammography as mentioned in the review [2]. Mammography uses X-rays to create images
of the breast tissue. If an abnormal area is seen on a mammogram (image generated from
mammography), a biopsy is usually done to con rm or reject the presence of cancer.

It is worth noting that this work will primarily focus on the diagnosis process rather than
detection or control.

1.1.2 Hematoxylin and eosin staining

The small tissue samples from the biopsy might be then stained with different techniques in
order to assess several aspects of the sample and to guide the proper treatment decisions,
and later their ef ciency will be then monitored with control tests.

In histology, the study of the microscopic anatomy of a tissue, staining these samples is
a standard procedure. In particular, hematoxylin and and eosin (from now, H&E) are the two
dyes commonly used for human tissue examination. Hematoxylin stains basophilic struc-
tures with purplish blue, such as cell nuclei, ribosomes or regions with rich RNA. Whereas,
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eosin stains the eosinophilic structures to pink, such as extracellular matrix and cytoplasm
[5]. At Figure 1 there is a example of hematoxylin, eosin and the merge of both (which is
usually how it is visualized) of the same region.

Figure 1 : From left to right, tissue stained with hematoxylin, eosin, and the merge of both (H&E);
images of around 200 pm x 200 pm.

1.1.3 Ductal Carcinoma In Situ and Invasive Breast Cancer

There are different cases of breast cancer, and nearly 20% of them are Ductal Carcinoma
In Situ (DCIS; for convenience, also referred as in situ cases in this work) [30], and nearly
all woman in this stage can be cured [22]. According to S. Tomlinson-Hansen, M. Khan and
S. Cassarro [27]:

Ductal carcinoma in situ (DCIS), also referred to as intraductal carcinoma, is a
non-invasive breast cancer characterized by a proliferation of abnormal epithelial
cells con ned within the basement membrane. Disruption of the basement mem-
brane layer would change the diagnosis from DCIS to invasive breast cancer.

Also according to the World Health Organization, it is an inherent but not necessarily
obligate tendency to invasive breast cancer [25].

Some terminologies to take into account here are “ductal” and “carcinoma”. Ductal can-
cer refers to cancer that starts from ducts: small canals that come out from the lobules
(glands that make breast milk) and carry the milk to the nipple. Carcinoma are tumors that
start in the epithelial cells that line organs and tissues throughout the body. The difference
between cancer and tumor is the following: cancer is the name for the disease; tumor is the
mass of cells that is presented in cancer.



When referring to invasive (or in Itrating) cases, these are cancers that have spread
into surrounding breast tissue, and this is the reason for them to be more challenging to
treat compared to in situ cases. Invasive cases makes up about 75% of all breast cancers
[22], and the treatment mainly depends on the severity of the actual case (the stage of the
cancer), but most cases will have some type of surgery.

Figure 2 shows an example for in situ, invasive, and a regions that are not in situ neither
invasive. These regions come from the annotation from pathologists (see section Dataset).

Figure 2 : From left to right, example of “in situ” (annotated part), “invasive” and “other”; images
of around 200 pm x 200 pum.

1.2 Whole Slide Images

In the context of technological advancements, assessing sample tissues from the optical
microscopy presents disadvantages in terms of accessibility and time ef ciency. Whole
“virtual microscopy” employs Whole Slide Images (from now, WSI), with the simple idea of
scanning the conventional glass slides, is very relevant among pathologists for diagnosis
[15].

The technique requires a speci ¢ high-resolution scanner to digitize glass slides, gener-
ating a large representative digital image. Then, using specialized software or programming
language libraries, these images are visualized in a monitor and be analyzed as conventional
images [15]. Obviously, it is necessary to take into account some differences in image format
and size, as WSI are images of very high resolution, typically higher than 0.2 um x 0.2 um
per pixel width and pixel height (as reference, human cells are usually of order 10 um).

For convenience, the resulting images usually have continuous cuts of tissue in the same
image, as shown in Figure 19. With this, the pathologist can diagnose the case in a single
image.
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To date, the resolution of these resulting images can vary, and their quality is also not
stable as it depends on the speci ¢ slide. The resolution depends on the hardware and the
settings when scanning, the quality depends directly on the scanned slide (see Figure 3 and
section Dataset). If the tissue is not well stained or if there is any imperfection as folded cuts
of tissue or drops of liquid in the slide, the resulting image is obviously affected at the same
time by these aws.

Figure 3 : Metadata of two different WSI, using QuPath [4] version 0.4.1. under Windows 11.

The WSI aims to simulate the resulting image of inspecting the sample tissue using a
conventional light microscopy in a computer. It not only enables the possibility of review-
ing the tissue using a computer remotely, but also makes it possible to gain benet from
computer-assisted analysis. These images can be analyzed using specialized image pro-
cessing techniques and support pathologists to diagnose quicker and more accurately.

1.3 State of the art

The great potential of these images and the information carried in them in it serves as com-
pelling motivation to explore algorithmic approaches for expeditiously extracting pertinent
insights. The ultimate reason for this is to improve patients' quality of life and reduce mortal-
ity rate. Relevant insights include the number of speci c cells, their relative or absolute size,
their density; and naturally, identifying the area of in situ and invasive cells to help de ning
the grade of severity of carcinomas.

In the area of computer-assisted diagnosis, several implementations using sub-images
of WSI are present in early 2010, mainly with traditional machine learning techniques, such
as support vector machines, ensemble learning and k-nearest neighbor to solve specic
problems [9, 19, 21].

To date, using deep learning techniques to extract hidden patterns in data that are still



not intuitive to humans is the main way to generalize the task. There are basically two dif-
ferent approaches for the identi cation of tumoral areas: semantic segmentation and image
classi cation. Due to the huge size of WSI, the idea is usually to extract sub-images with
a speci ¢ resolution and size from the entire image (sometimes with some additional data
or metadata) and solve a classi cation problem. In case that the classi cation problem is at

pixel level (i.e., decide the class of each pixel), then the model is said to be solving a seman-
tic segmentation problem. In case that the model decides the class of the overall sub-image,
it is then solving a (sub-)image classi cation problem.

Deep learning techniques, which employ neural networks, have gained signi cant promi-
nence in comparison with traditional machine learning techniques [7, 3, 11, 13, 28]. There
are already different deep learning techniques such as multi-resolution approaches or self-
attention techniques applied to solve their corresponding problem.

In the case of this work, it is important to mention the architecture of Ef cientNet and
SimCLR.

1.3.1 EfcientNet

Ef cientNet is a family of convolutional neural network models that have gained signi cant
attention for their impressive performance and computational ef ciency. These models were
introduced in the paper Ef cientNet: Rethinking Model Scaling for Convolutional Neural Net-
works in 2019 [24].

Figure 4 . Model scaling of Ef cientNet; source: [24].

The core concept behind Ef cientNet is compound scaling, which uniformly scales all di-
mensions of the network - depth, width and resolution - with a xed set of scaling coef cients
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(see Figure 4). These scaling coef cients are determined using a combination of empirical
evidence and a neural architecture search algorithm.

When the authors of Ef cientNet were experimenting with various activation functions for
Ef cientNet, they found that Swish performs better than other popular activation functions
like ReLU as it mitigates the issue of ReLU when some neurons become inactive and stop
learning. Note that swish activation is actually identity times sigmoid function, and when
tends to in nity, it tends to be ReLU (see Figure 5).

y y y
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(@) ReLU(x) = max(0, x) (b) sigmoid(x) =

1 H —
1+exp( x) (C) SWISh(X) - 1+e><p>(< X)

Figure 5 : Different activation functions; note that swish activation is actually identity times sigmoid,
and it is very similar to ReLU.

As mentioned before, Ef cientNet is a family of models. Each of its members is com-
posed by several prede ned modules. Depending on the number of modules repeated and
the number of layers, they are named from Ef cientNet-b0 to Ef cientNet-b7, eight different
models. The rst one if the smallest, the most ef cient and easiest to train in terms of hard-
ware requirements and number of parameters, its architecture is shown at Figure 6. The last
one is the largest and most accurate.

1.3.2 SImCLR

In many deep learning cases, the dif cult part is to get enough annotations for the model
to train properly. When this is not possible due to time or economic constraints, pre-training
techniques allow the model to initialize to a reasonable state in order to train more easily.

The idea of SImMCLR (a simple framework for contrastive learning of visual representa-
tions) is a self-supervised learning framework introduced in 2020 [6]. It is designed to face
the lack of data by learning powerful visual representations from unlabeled data.

The main objective of SIMCLR is to maximize the agreement between differently aug-
mented views of the same sample while minimizing the agreement between views of different
samples. By training on a large amount of unlabeled data, SimCLR aims to learn general-

10



Figure 6 : Ef cientNet-b0 architecture using Tensorboard; 11 MBConvBIlocks are skipped due to
gure height.

izable and discriminative representations that can be transferred to downstream tasks such
as image classi cation. The pre-training framework is summarized in Figure 7.

For this, the loss functions proposed for SImCLR is Normalized Temperature-Scaled
Cross-Entropy Loss. Let the similarity function between two inputs be the normalized dot
product: sim(u, v) = u”vIjujjjj vjj, then the mentioned loss for a positive pair examples (i, )
is de ned as

. exp(simg, z)=)

iy = logP—y : ,

k=1, ks j EXP(SIME, Z()=)

where 2N is the total number of samples: when given a batch of size N, each input gener-
ates a pair of augmented inputs; the negative pairs are not generated explicitly, but given
a positive pair, the rest 2(N 1) inputs are automatically considered as negative. The nal
loss is computed using all positive pairs, even if reversed as (i, j) and (j, i).

Note that, due to the setting of the training, the pre-training step highly depends on the

11
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