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Abstract

Breast cancer is the most common type of diagnosed cancer and the leading cause of cancer-related
death in women. Early diagnosis and prognosis in breast cancer patients can permit more therapeutic
options for them and possibly improve their survival and quality of life. The gold standard approach
for breast cancer diagnosis and characterization is histopathology assessment on biopsy specimens,
that is time and resource demanding. In this dissertation project, state-of-the-art machine learning
(ML) methods have been developed and investigated for breast tissue characterization, nuclei
segmentation, and chemotherapy response prediction in breast cancer patients using pre-treatment
digitized histopathology images. First, a novel multi-scale attention-guided deep learning model is
introduced to characterize breast tissue on digital pathology images according to four histological
types. Evaluation results on the test set show the effectiveness of the proposed approach in accurate
histopathology image classification with an accuracy of 97.5%. In the next step, a cascaded deep-
learning-based model is proposed to delineate tumor nuclei in digital pathology images accurately,
that is an essential step for extracting hand-crafted quantitative features for analysis with
conventional ML models. The proposed model could achieve an F1 score of 0.83 on an independent
test set. At the end, two novel ML frameworks are introduced and investigated for chemotherapy
response prediction. In the first approach, a digital histopathology image analysis framework has
been developed to extract various subsets of quantitative features, from the segmented digitized
slides for conventional ML model development. Several ML experiments have been conducted with
different feature sets to develop prediction models of therapy response using a gradient boosting
machine with decision trees. The proposed model with the optimal feature set could achieve an

accuracy of 84%, sensitivity of 85% and specificity of 82% on an independent test set. In the second



approach, a hierarchical self-attention-guided deep learning framework is introduced to predict
breast cancer response to chemotherapy using digital histopathology images of pre-treatment tumor
biopsies. The whole slide images (WSIs) are processed automatically through the proposed
hierarchical framework consisting of patch-level and tumor-level processing modules followed by a
patient-level response prediction component. A combination of convolutional and transformer
modules are utilized in each processing level. The proposed framework could outperform the
conventional ML models with a test accuracy, sensitivity, and specificity of 86%, 87%, 83%,
respectively. The proposed methods and the reported results in this dissertation are steps forward
toward streamlining the histopathology workflow and implementing response-guided precision

oncology for breast cancer patients.
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Chapter 1

Introduction

1.1 Background and Motivation

1.1.1 Breast Cancer

Cancer is one of the major causes of mortality worldwide and is responsible for over 28% of all
deaths in Canada (Figure 1.1) [1]. Breast cancer has the greatest incidence among all cancer types
in women and account for 24.5% of newly diagnosed malignancies in 2020, according to the world
health organization (WHO) report [2], [3]. About 685,000 breast cancer patients die, and
approximately 2.3 million new cases are diagnosed each year in the world [3], [4]. Among these
patients, mortality rate is estimated at 30%, mainly due to breast cancer metastasis. Breast cancer
predominantly affects women; however, approximately 1% of cases are found in men [5], [6]. An
effective treatment plan can increase the survival rate; however, offering the best treatment option
at the proper time is still challenging for clinicians. The complications and monetary costs of
treatment and also the high prevalence of this disease, make it one of the most challenging health

problems worldwide [7].



Kidney disease 1.3% —
Suicide 1.4%

Alzheimer’s disease 2.2%
Influenza and pneumonia 2.4%

Diabetes 2.4%

Chronic lower respiratory diseases 4.5% - ‘

Cerebrovascular diseases 4.8%
Accidents 4.8%

Figure 1.1 - Proportion of deaths due to cancer compared to other causes in Canada [1].

1.1.2 Breast Cancer Types and Stages

When the cells in the body become damaged or aged, new cells take their place. Normally, the cells
growth and division are strictly regulated by hundreds of genes in body, and require a balance
between the activity of those genes that promote cell proliferation and those that suppress it. On the
other hand, a cancer cell is a natural but immature cell in the body that has developed mutations in
its DNA. These mutations lead to cancer cells repeatedly and uncontrollably dividing, which creates
daughter cells that are both mutated and unspecialized and continue to divide (Figure 1.2). The
tumors can be benign (non-cancerous) or malignant (cancerous) [8]. Cancer development may start
in almost any part of the body, including different organ tissues, including visceral, skeletal, and
central nervous system (CNS) [9]. In breast cancer, cells from any part of the breast (described
below) may grow uncontrollably, and the histological type of cancer is defined based on the part in
which the cancer cells have initiated, cancer cell type and the growth pattern of them. Breast tissue
consists of three main parts: lobules, ducts, and connective tissue. More than 80% of breast cancer
tumors originate from transformations of the epithelial cells that line the ducts or lobules of the breast
[10]. Carcinomas refer to the cancers that originated from the epithelial tissue and can be categorized
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into two main types: non-invasive carcinoma, in which the abnormal cells would not spread to other
parts of the breast, and invasive carcinoma, which has a high potential to spread from its origin to
other parts of the body [11], [12]. The most common histological types of non-invasive carcinoma
include ductal carcinoma in situ (DCIS) and lobular carcinoma in situ (LCIS). DCIS is also named
intraductal cancer as the cancer cells grow and remain in the milk ducts. DCIS is considered as early-
stage breast cancer. LCIS refers to an area of abnormal carcinoma cells remaining within the lobules.
This malignant type is not often considered as breast cancer, but it indicates that a person has a high
risk of developing invasive breast cancer [13]. Invasive carcinoma can be classified to several
histological types including invasive ductal carcinoma (IDC) and invasive lobular carcinoma (ILC)
[12], [14]. IDC is the most common type of invasive breast cancer in both women and men, also
called no special type of invasive breast cancer (NST). ILC originates in the lobules and have the
potential to spread into the surrounding breast tissue. This type of cancer accounts for about 15% of

all breast cancer and is considered the second most common type of breast cancer [14].

ADDITIONAL MUTATIONS

Cell with genetic Hyperplasia Dysplasia (abnormal In situ tumor Invasive tumor
mutation (increased cell division) cell shape) (localized) (metastatic)

Tumor cell

Blood vessel

Figure 1.2 — Tumors develop stages, normal division to invasive tumor [9].



Receptors are special proteins that can be found within and on the surface of cells in the body,
including the breast cells. The presence of estrogen (ER) and progesterone (PR) hormone receptors
and human epidermal growth factors receptor 2 (HER2) on cancer cells categorizes carcinoma into
four identifiable molecular subtypes and can affect prognosis and selection of pharmaceutical
treatments [15]. These subtypes include luminal A (ER+/PR+/HER2-), luminal B (ER+/HER2-
/[high Ki-67 level or PR-]), HER2-enriched (ER-/PR-/HER2+), and triple negative or basal-like
(ER-/PR-/HER2-) breast cancer. Breast cancers with detectable hormone receptors, called hormone
receptor-positive, use the estrogen and/or progesterone hormones to grow and spread [16]. The
receptor status could be detected using different biological markers [15]. Based on the study by the

American Cancer Society, about two-thirds of all breast cancers are hormone-receptor positive.

Clinicians use the staging guidelines to describe the characteristic of breast cancer in two principal
groups including anatomic, which is based on extent of cancer, and prognostic, which includes
anatomic staging information plus tumor grade and the receptor status (HER2, ER, and PR). The
improvement of the staging process in breast cancer has led to increases in local control rates [17].
The most common criteria to identify the breast cancer anatomic stage is the TNM system introduced
by the American joint committee on cancer (AJCC) [18]. The TNM system defines the breast cancer
stage based on three factors: the primary size and the location of the tumor (T), the status of the
regional lymph nodes (N), and metastasis (M) status that shows whether cancer has spread to a
different part of the body. The assessment results for these factors will be used together to determine
the cancer stage for each patient [19]. Stage O refers to the non-invasive DCIS, and stages one to

four are used for the lowest to the highest stage of invasive carcinoma, respectively.

Locally Advanced Breast Cancer (LABC) is a class of breast cancer based on clinical presentation,

with tumors that are frequently larger than 5 cm in size or spread to multiple local lymph nodes,



possibly with chest wall, nipple, and/or skin involvement [20], [21]. Because of the high risk for
early metastatic spread and disease progression, patients with LABC usually have poor long-term

survival rates compared to early-stage breast cancer [22].

1.1.3 Origin of Breast Cancer and Risk Factors

Most breast carcinomas appear to originate in normal breast glandular epithelium, which covers the
lumen of terminal duct lobular units (TDLUSs). The process of converting the normal TDLU to
invasive carcinoma takes a long evolution period in which epithelial cells undergo different stages
of progression to cancer. When the normal epithelium starts to transform into malignant, it goes
through the first stage of extreme proliferation called hyperplasia, followed by the appearance of
cells showing abnormal characteristics. At a later phase known as DCIS, the cells obtain a complete
malignant phenotype with different morphological and biochemical characteristics, except for the
ability to infiltrate the surrounding parenchyma through the basal membrane of the ducts or lumens.
In the final stage, the carcinoma cells break down the basal membrane and turn into invasive
carcinoma. The process of changing the normal TDLU epithelium to cancer cell has been
characterized based on the coincidence of the cancer cells and the surrounding DCIS in the biopsies
of patients at the cell-biology level [23], [24]. However, the biological evolution of carcinoma is
more complex than described [25]. It is not feasible to determine the exact percentage of cases in

which the DCIS may progress to invasive cancer, but it has been estimated to be less than 60% [26].

Although the exact cause of breast cancer is still unclear, there are several risk factors that have
been identified in different studies [27]. At 20 years (age), the chance of developing breast cancer is
about 0.06%, while this number can go up to 3.84% by the age of 70 years. Women with mutations
in certain genes (BRCA1 and BRCAZ2) have a higher chance of developing breast cancer [28]. Also,
previous development of some types of benign tumors can increase the risk of developing breast
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cancer [29]. Another risk factor is estrogen exposure which shows a correlation to increasing the
chance of developing breast cancer [17]. Women with dense breasts have a higher chance of breast
cancer development [30]. Also, elevated body habitus and obesity after menopause can increase the

likelihood of developing breast cancer, possibly because of increasing estrogen levels [31]-[33].

1.1.4 Breast Cancer Screening and Diagnosis

According to the international breast cancer screening network (IBSN) recommendation, breast
cancer screening should be done every two years for women between the ages of 50 and 74. The
screening is performed to detect signs of disease before a person has symptoms. The aim of screening
tests is to diagnose cancer at an early stage when the tumors are small, less likely to have spread and
more likely to be cured successfully [34], [35]. The most common screening tests for breast cancer
include mammography, ultrasound (US) and magnetic resonance imaging (MRI). Mammaography is
x-ray radiography of the breast that uses low doses of radiation for 2D projection imaging, and
potentially detects both cancerous and non-cancerous tumors in the breast. The procedure involves
compressing each breast with two plates, and acquiring two to four projection images from different
angles. X-rays are passed through the breast, and because of higher x-ray attenuation in dense tissues
such as lesions, these tissues look brighter on the final image. Mammography images can also show
deposited calcium within the breast, called microcalcifications. The features of the
microcalcifications around lesions, such as distribution, density and size, can be used to classify the
lesions as malignant or benign [36], [37]. Detection of tumors within dense breast tissue using
mammography is challenging. Dense breast tissue appears white or bright gray on a mammogram,
similar to breast abnormalities such as calcifications and tumors. This can make a mammogram
harder to read, and may make it more difficult to detect breast cancer in women with dense breasts

[38].


https://www.cancer.gov/Common/PopUps/popDefinition.aspx?id=CDR0000044317&version=Patient&language=English
https://www.cancer.gov/Common/PopUps/popDefinition.aspx?id=CDR0000046634&version=Patient&language=English

US is used as a standard method for breast imaging following the detection of suspicious lesions,
e.g., via clinical breast examination or mammography. This modality is not usually used alone as a
diagnostic screening test; rather, it would be used as an adjunct to mammography tests [39]. It is a
fast, inexpensive, and portable solution to follow up on suspicious lesions. US imaging is performed
by sending high-frequency sound pulses through the breast, receiving the echoes, and processing the
received echoes to generate an image. If any abnormal tissue is seen on mammaography, the US is
usually used to determine whether the tissue is a solid mass (such as a benign fibroadenoma or
malignant tumor) or a fluid-filled lump (such as a benign cyst). The US cannot detect calcifications

or ascertain the malignancy of solid lumps [40].

MRI is currently suggested for identifying occult lesions in the breast, or imaging high risk or
locally advanced disease. It may also be used for screening in woman at high risk of breast cancer
along with mammaography. As a non-invasive imaging modality, MRI uses powerful magnets to
create a strong magnetic field that compels protons in the body to align with that field and, by
measuring the tissue magnetization properties, generate a three-dimensional detailed image of the
breast [41]. In breast MRI, a gadolinium-based contrast agent is often used through intravenous
injection to increase sensitivity in detecting and characterizing tumors. One superiority of MRI in
comparison to mammography is that it can generate 3D volumetric images, so the malignancies
within the dense tissue can be detected and visualized with higher sensitivity [37]. However, MRI
is relatively expensive, not always available, and has relatively low specificity, so it is not routinely

used for breast cancer screening [41].

The breast imaging reporting and data system (BI-RADS) is the standard system for reporting
breast cancer imaging findings that was initially defined for describing mammography and later

adapted for US and MRI image modalities. The first component of the reporting system contains the



patient history, and the next part includes the breast composition findings on imaging with four
categories of entirely fatty, scattered areas of fibro glandular density, heterogeneously dense and
extremely dense tissues. The BI-RADS score is in the range of 0 to 6 and estimates the risk of breast
cancer based on imaging findings higher scores (= 4) show a higher probability of existing
malignancies (score 6 is reserved for biopsy-proven malignancy), and smaller values (< 4) are
associated with existing benign tumors or no masses on imaging (BIRADS = 1). A score of 0

indicates an incomplete imaging test.

While clinical assessments based on breast examinations and standard imaging are required for
breast cancer screening, a biopsy followed by histopathology analysis on breast tissue specimens is
crucial for a definitive diagnosis of breast cancer [42]. Different types of breast biopsy procedures
include fine-needle aspiration biopsy (a quick way to distinguish between a fluid-filled cyst and a
solid mass), open (surgical) biopsy and core needle biopsy. Core needle biopsy (CNB) is an invasive
test that is performed using a hollow needle to take out pieces of breast tissue from the area of
concern which is detected via imaging. The tissue samples come out as long narrow pieces, and their
micro-structure remains intact. The consecutive decision regarding the follow-up and possible
treatment plans is mainly based on the histopathology analysis of biopsy specimens; therefore,
diagnostic accuracy is essential [43]. The pathologist uses biopsy specimens to determine the
cellular, biochemical, and physiological characteristics of the tissue specimen. Histopathological
assessment using microscopy is the gold standard approach to confirm the malignancy of suspicious

lesions detected using the medical imaging modalities such as mammography, US and MRI [44].

1.1.5 Breast Cancer Histopathology Images

The breast tissue biopsy or surgical specimens are analyzed in pathology laboratories to diagnose
and characterize malignancies or evaluate neoadjuvant treatment responses (described in Section
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1.1.7). The first step of tissue preparation is formalin fixation and embedding in paraffin. The
paraffin blocks are cut to the sections of 3 — 5 um thickness and mounted on the glass slides. But
the regions of interest, such as nuclei and cytoplasm are not easily visible on the slides. Therefore,
staining methods are routinely used to dye different tissue and cell structures. The most popular
staining technique uses hematoxylin and eosin (H&E) to highlight the structures of interest on
histology slides. Hematoxylin binds to DNA and dyes the nuclei purple, while eosin binds to proteins

and dyes cytoplasm and extracellular matrix pink [45], [46].

Another staining technique, immunohistochemistry (IHC), entails chromogens attached to
antigens in the tissues with the aid of antibodies. Immunohistochemistry is used to detect the
presence of estrogen (ER), progesterone (PR), and human epidermal growth factor2 receptors
(HER2). Tissue microarrays (TMAS) constructed by punching core biopsies from the region of
interest are used by researchers to gain high-throughput analysis, but this method is not a standard
routine in the clinic yet. The TMAs provide the opportunity to stain tissues from different patients

under the same condition, resulting in less staining variability [45].

Manual assessment of the histopathology slides is time-consuming, resource-intensive and
requires substantial expertise. The advance of slide digitization systems helps pathologists to use
digitized slides (images) for more accurate analysis. Most whole slide image (WSI) scanners can
perform slide scanning at 20x or 40x magnification with a spatial resolution of 0.5 um/pixel and
0.25 um/pixel, respectively. The WSIs are mostly compressed using JPEG2000 and can be stored
in a pyramid structure for multiscale image analysis [45]. The so-called SVS files are used by most
medical scanners like Aperio (Leica Biosystems Inc., IL, USA), utilizes the tiled image capabilities
based on the Tag Image File Format (TIFF) format. The SVS files can be opened using tiff readers,

but if the JPEG2000 compression is used, the tiff readers provide a low-resolution preview of



images. Some software such as Sedeen viewer [47] and QuPath application [48] is introduced to
view and edit the tiff-based files with high resolution. Figure 1.3 shows an example of a WSI

acquired from breast biopsy specimens.

(a) (b)

Figure 1.3 — (a) A representative WSI acquired from breast biopsy specimens (two cores) and scanned at 40x
(39314x80528 pixels), (b) a biopsy core with annotated tumor region (17483x79764 pixels), (c) a tumor region
(3624x4472 pixels), (d) a patch extracted from the tumor region (512x512 pixels)

1.1.6 Breast Cancer Treatment

A number of clinical factors including the patient’s age, tumor Size, cancer stage, receptor status,
and proliferative index, are considered to prescribe an appropriate treatment plan for breast cancer
patients [29]. The main treatment options for breast cancer include a combination of systemic
therapies (chemotherapy, hormonal therapy, targeted therapy, immunotherapy), radiation therapy,
and/or surgery [49]. Chemotherapy is a treatment that employs medications to induce cell death in,
and/or block or decrease the growth of breast cancer cells. Chemotherapy is regarded as a systemic

therapy since it circulates throughout the body via the bloodstream [50]. Hormonal therapies are
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used to either lower the estrogen/progesterone levels or stop them from acting on the cancer cells.
Tamoxifen and Fulvestrant are examples of drugs that block the estrogen receptors [51]. There are
two types of surgery to remove breast cancer. In the mastectomy, the surgeon will remove the entire
breast, while the breast conserving surgery (lumpectomy) refers to the surgery in which only the
tumor and a small rim of normal tissue around it will be removed. During surgery, various types of
lymph node biopsy, including sentinel lymph node biopsy and complete axillary lymph node
dissection can be done for further diagnosis and treatment planning. Neoadjuvant therapies
encompass all treatments that are administered before the main treatment that is usually surgery, to
help reduce the size of a tumor or kill cancer cells that have spread, whereas adjuvant therapies are

delivered after the primary treatment to destroy remaining cancer cells [52], [53].

1.1.7 Evaluation of Treatment Response and Outcome

Following breast surgery (i.e., lumpectomy or mastectomy), histopathological assessment of the
breast surgical specimens is the standard method for evaluating tumor response to neoadjuvant
treatments. This is carried out systematically either through synoptic pathology reporting or by using
commonly accepted methods such as the residual cancer burden index (RCBI) [54]. Complete
eradication of cancer cells following neoadjuvant chemotherapy is defined as a pathologic complete
response (pCR). Here, pathologists assess the specimen under the microscope and evaluate the
presence of residual tumor cells within the breast and regional lymph nodes. There is strong evidence
to suggest that a pCR is correlated to better prognostic outcomes [55]. However, even for patients
with pCR, cancer may recur after initial treatment. Recurrent carcinoma may occur months or years
after the treatment, and it may recur at the same location as original cancer (local recurrence) or
spread to other areas of the body (distant recurrence or metastatic recurrence). On average, 7% to

11% of women with early-stage breast cancer will experience a local recurrence during the first five
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years after treatment. Overall, patients with a BRCAL or BRCA2 gene mutation or with a family
history of cancer have a higher recurrence rate [56]. Various clinical and pathological factors have
been shown to be correlated with different therapy outcomes in breast cancer. For example,
according to [57], the number of positive nodes (nodal status) is associated with recurrence-free
survival (RFS) and overall survival (OS) after chemotherapy, and the tumor size and HER2 status

are associated with RFS and OS after radiotherapy.

1.1.8 Challenges in Personalized Management of Breast Cancer

As discussed in Section 1.1.4, histopathological assessment using microscopy is the gold standard
approach for breast cancer diagnosis, while tumor characterization through histopathology is a
necessary step for treatment planning. However, manual characterization of breast tissues on
histology slides/images by pathologists is time-consuming, may associate with human errors, and
lacks scalability. Developing an intelligent system for automated classification of breast histology
images can streamline the histopathology assessments workflow in clinic and offer scalability by
sharing the findings, growing datasets, and system improvements between different cancer

institutions around the world.

As described in Section 1.1.7, there are different factors associated with treatment outcome in
breast cancer, while response to neoadjuvant chemotherapy has shown highly correlated to improved
survival outcomes [58]. The standard approach for evaluating the tumor response to neoadjuvant
chemotherapy is based on post-treatment anatomical imaging and histopathology on surgical
specimens. However, the options for treatment modification or adaptive therapy, if any, is very
limited at that time. Also, it may take several months for changes in the physical characteristics of a
tumor to be detectable on anatomical imaging, and in some situations, there may be no change in the
tumor’s size despite a pathological response to treatment (e.g., the composition of the residual tumor
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comprises percentages of epithelium, stroma, adipose and lymphocytic infiltrate, indicating a
pathological response). Predicting the tumor response to standard treatment options accurately at
early stages of diagnosis is highly beneficial for effective treatment planning and optimizing the
treatment regimen for individual patients. Such predictions can help to avoid weeks to months of
ineffective treatments where time is an important factor in overcoming the disease. Predicting the
cancer response to up-front therapy would open opportunities for research toward personalized
medicine for cancer patients. A precision cancer therapeutics paradigm can lead to improved
treatment response and outcomes for patients, such as increased rates of pCR, reduced rates of

disease relapse, and improved survival and quality of life.

Histopathology on pre-treatment biopsy specimens is performed for breast cancer patients as part
of the standard of care. Although pathologists can characterize tumors on the histology
slides/images, analyzing these slides/images at pre-treatment to predict the cancer response to
treatment is outside the scope of their standard clinical practice. The advancement in histology slide
digitization systems that can generate whole slide images (WSIs) at different magnifications with
high resolution, open new pathways to develop and investigate high-throughput computational
frameworks for analyzing pre-treatment histopathology images and explore the possibility of
deriving quantitative imaging features that are associated with patterns of tumor response to
treatment. Integrating such image analysis frameworks within an intelligent automated system for
therapy response prediction can provide a valuable clinical decision support tool for treatment
planning and optimization for breast cancer patients. A potential challenge in developing automated
frameworks for histopathology image analysis is the very large size of WSIs that, in contrast to
typical input image size for image analysis computational models, can be as large as 150000 x

150000 pixels.
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1. 2 Literature Review

1.2.1 Radiomic and Pathomic Biomarkers

Biomarkers are metrics, structures or processes in the body that can be measured using different
modalities, including imaging and used objectively for diagnosis, characterization, and prognosis of
a medical state [59]. Biomarkers can be derived from the analysis of biological samples such as
blood and tissue specimens or using imaging modalities such as ultrasound [60], MRI [61],
computed tomography (CT) [62], positron emission tomography (PET) [63] , and digital pathology
images [64]. Several studies have demonstrated that imaging biomarkers could be adapted to
characterize cancer or predict the outcome of anti-cancer therapies since the information contained

within the images are associated with biological processes [65]-[67].

Due to the development of digital imaging scanners as the successors of the analog systems, the
utilization of electronic signal detectors to implement more advanced systems, such as CT, MRI,
and digital X-ray, has increased in previous decades. The widespread utilization of digital radiology
has allowed greater opportunities for quantitative imaging and radiomics. Radiomics refers to the
high-throughput extraction and analysis of high-dimensional features from medical images, possibly
acquired with different modalities, to identify quantitative imaging biomarkers that are indicative or
predictive of a medical state or outcome for specific clinical applications [68]. In oncology
applications, radiomic descriptors may include morphological features of lesions, as well as first-,
second-, or higher-order intensity features (e.g., texture parameters) that can be linked to tissue
microstructure and heterogeneity [65]. Texture features can be extracted from original or filtered
medical images using statistical approaches, including gray-level co-occurrence matrix (GLCM),
gray-level run length matrix (GLRLM), and neighborhood gray tone difference matrix (NGTDM)

[69]. Multiple studies have shown the potential of radiomic features for stratification of tumor
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histology, molecular subtypes and clinical stages and predicting various clinical outcomes, e.g.,

tumor response, recurrence, and survival, after treatment [64], [70].

Unlike the radiomic features that are extracted from medical imaging modalities, the pathomic
features are derived from digital microscopy images of tissue samples, cells, and subcellular
structures. The pathomic features can be categorized into different categories, including the
morphological, intensity and gradient-based, textural, graph-based, and filter-based features [71]—
[74]. Utilizing these features for biopsy specimens requires the preparation of fixed tissue samples
on histology slides, applying microscopy imaging to digitize the histology slides at high
magnification, segmenting the regions of interest (ROIs) on digital histopathology images, feature
extraction, reduction, and selection (biomarker discovery), and developing machine learning models
to utilize the derived biomarkers in diagnostic, theragnostic and prognostic applications [75]. Figure
1.4 shows a general scheme of pathomic modeling frameworks. As conventional pathology reporting
plays an important role in clinical decision-making, pathomic features can potentially be adapted for
different clinical applications to help with diagnosis, tumor characterization, and therapy response

prediction [76].

Previous pathomic studies have developed computational methods to automate the detection of
conventional attributes of histomorphology (i.e., nuclear shape, size, and color) and tissue-spatial
characteristics such as nuclei distribution [77]. Pathomics aims to extract hand-crafted features, i.e.,
features derived using well-define algorithms and mathematical equations to describe specific
information present in an image, from histopathology images systematically to develop data-driven
biomarkers for disease diagnosis, theragnosis and prognosis. In other words, the pathomic data refers
to the immense array of data that is yielded from image analyses to achieve quantitative features to

describe diverse phenotypic features of tissue samples in histopathology images. Analysis of digital

15



histopathology images using image processing techniques is included to detect, segment, label and
classify regions in terms of cells, nuclei, and any other histological attributes [78]. Pathomic features
can potentially be complemented with clinical, radiologic, and genomic data to improve their

efficacy in diagnosing the diseases and predicting the treatment response and clinical outcomes [78].

Annotation ROIs in WSIs

4 5, ROI Extraction Nuclei Segmentation

Pathomic Feature Extraction

Pathomic
Biomarkers

Figure 1.4 — General scheme of pathomic modeling framework. The regions of interest are extracted from the whole
slide images, and nuclei are segmented within the ROIs. The pathomic features are usually derived from the
segmented images can be categorized in different groups such as graph-based features, texture features, and
morphological and intensity-based features. These features are processed through dimensionality reduction and
feature selection procedures to develop pathomic biomarkers. The biomarkers are analyzed using machine learning
and statistical modeling for different diagnostic and prognostic applications.

Whole-slide digital histopathology images contain thousands to millions of objects, including
different classes of structures and various types of cells with different morphologies, such as
epithelial breast cells, vasculature, and adipose cells. Several research projects are ongoing to
quantify these histological features to possibly identify or describe the intrinsic biological behavior
of different phenotypes [78], [79]. The pathomic features, similar to the radiomic features, require
identification of appropriate ROIs (e.g., tumor components versus stromal area, or nuclei within a
tumor region) based on the specific application for feature extraction. Therefore, accurate

segmentation of ROIs is crucial to extract relevant, robust, and reproducible features.
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1.2.2 Segmentation Techniques

In histopathological analysis and pathomics, accurate detection and segmentation of different
structures at microscopic scale (e.g., lymphocytes and cell nuclei), and larger scale (e.g., glands) are
essential for achieving accurate and reproducible morphological statistics and, subsequently
discriminative features [80]. Figure 1.5 and Figure 1.6 show examples of nuclei and glands

segmented manually by pathologists.

Figure 1.5 — Nuclei segmentation [64].
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Figure 1.6 — Gland segmentation (a) benign versus (b) malignant [64].
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The presence, extent, size, shape, and other morphological appearance of the structures are taken
into account by pathologists as important factors to determine the presence or characteristics of an
abnormality. Another motivation and importance for accurate segmentation of histological structures
is the need for counting nuclei or whole cells, which facilitate diagnosis and characterization of the
abnormalities of the specimen [81]. In pathomics, segmentation of relevant structures such as cell
nuclei is important to derive morphological features and to quantify other characteristics of these
structures on histopathology images, including those associated with the intensity, gradient, texture,

and distribution [64], [82].

With the advent of deep learning methods and their applications in different fields of research
from engineering to medical sciences, many deep networks, often consist of convolutional layers,
have proposed for image segmentation [83]. The U-Net [84] [89] (Figure 1.7) was specifically
introduced for biomedical image segmentation and could outperform the prior best models in the
International Symposium on Biomedical Imaging (ISBI) challenge (2015) [85]. The architecture of
U-Net contains two paths; the first one is the contracting path (encoder) that captures the context of
the image. The second path, which is called the symmetric expanding path (decoder), is used to
precisely localize with upsampling layers followed by deconvolutional layers [86]. The network
contains 19-layers in total, which are all fully convolutional layers. Skip connections between
different levels of the network overcome the trade-off between context and localization [87]. A
limitation of the U-Net model in segmenting small objects such as nuclei in high-resolution images

is the lack of accuracy in detecting the precise border of the close or touching objects.

The emergence of U-Net has opened pathways for variants of its architecture to enhance the
performance of segmentation tasks in biomedical images. The attention U-Net was proposed to

improve the segmentation performance by integrating grid-based attention gates (AGs) on top of U-
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Net architecture [88]. Models trained with the AGs learn to suppress unnecessary regions in an input
image while highlighting important features for a particular task. Each skip connection's gating
signal incorporates image features from multiple imaging scales to remove the requirement of having
explicit tissue localization modules. The attention U-Net model was originally proposed for
segmenting the pancreas in computed tomography (CT) abdominal images [88], but then adapted in

other applications, including nuclei segmentation [89].
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Figure 1.7 — Overview of U-Net architecture [84].

1.2.3 Automated Tissue Classification Models

One of the challenging tasks in cancer-related research is rapid characterization of different tissues,
e.g., normal, benign, and malignant tissues, with high accuracy. The gold standard method for tissue

characterization in pathology is histopathology analysis on the tissue specimens. Recently, the
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advent of high-throughput digital histology imaging systems has provided the opportunity for

automatic tissue characterization with the aid of machine learning models [90], [91].

A number of models based on convolutional neural networks (CNNs) have previously been
introduced for the classification of digital histopathology images to characterize the tissue samples.
In [92], histopathology images at different magnifications were classified into binary labels (i.e.,
benign versus malignant) using a CNN model inspired by the ImageNet model [93]. Several patches
with different sizes were extracted from each image and used to train the CNN model. The patch
extraction was used to handle the limitation of the small dataset. The classification was performed
by concatenating the class probabilities associated with patches of each image using maximum,
product or sum rules. A limitation of that study is that the classification model was trained on small
patches and local features only; consequently, this omits the global information that would have
been yielded from the whole-image analysis. In [94], a CNN architecture was designed to capture
information of histopathology images at multiple scales to classify them into four different classes
of normal tissue, benign lesion, in situ carcinoma and invasive carcinoma. The multi-scale strategy
was adapted to retrieve information from nuclei and whole tissue organization simultaneously. The
features extracted from the CNN model were fed into a support vector machine (SVM) for final
classification. In [95], for classifying histopathology images into the four classes mentioned above,
a patch-wise approach was used with an auto-encoder network to extract the features of tissue micro-
structure at high magnification from each image. The auto-encoder network was then followed by
an image-wise CNN to classify the whole image. The models developed in [94] and [95] utilized
both local and global features for classification; however, all features were assigned an equal weight
for classification. Consequently, the irrelevant features of an image may reduce the accuracy of the

model in classifying the whole slide.
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1.2.4 Machine Learning in Pathomics

The advancement of machine learning opens new avenues of research to help pathologists and
clinicians with accurate diagnosis, prognosis and eventually personalized treatment planning.
Multiple studies have demonstrated the potential of machine learning methods in finding ROIs
within images of different modalities such as MRI, CT and histopathology images [96]-[98]. A
number of other studies have investigated various radiomic and pathomic features extracted from

such ROlIs for different diagnostic and prognostic applications [64], [99], [100].

Recent studies have shown promising results for the prediction of treatment outcome and cancer
recurrence using the combination of pathomic and radiomic features [101], [102]. In [101], for the
prediction of recurrence in early-stage non-small-cell lung cancer (NSCLC) patients, 124 radiomic
features were extracted from CT images within the ROIs delineated manually by an expert person.
The extracted features included Gabor features, Haralick features and Laws features. For extracting
the pathomic features, first, the whole-slide H&E-stained histopathology images were analyzed
using a CNN-based architecture to segment the nuclei automatically. A total of 242 pathomic
features, including Gabor graph features, local nuclear cluster graph, nuclear shape features, nuclear
orientation entropy, and nuclear texture features, were extracted from the segmented nuclei. A
maximum relevance minimum redundancy (mRMR) feature selection method, which tends to
choose a subset of features that are least correlated among themselves and most correlated with the
class, was used to extract the most informative features. Three different classifiers (i.e., linear
discriminant analysis (LDA), quadratic discriminant analysis (QDA), and support vector machine
(SVM)) were adapted to classify each patient in terms of recurrence outcome. This model could
achieve promising results for recurrence prediction of an independent test set and outperformed a

number of previous models, including the model proposed by Wang et al. that uses nuclei shape,
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architecture and texture features as a predictor of recurrence in early-stage NSCLC [103]. However,
in the proposed framework, the ROIs were selected manually in CT images, which is time-
consuming. In addition, the feature selection method was naive in comparison to deep learning
methods. With the aid of deep neural network methodologies, the outcome prediction can be
performed by developing fully automatic models as end-to-end architectures with potentially higher

performance.

1.2.5 Deep Learning Approaches in Histopathology Image Analysis

Recent research has explored the use of deep learning methods in various medical image analysis
applications [104]. One superiority of these methods compared to conventional ML models is that
the process of extracting hand-crafted features can be eliminated. Instead, during the iterative
training phase, the deep learning frameworks optimize their data-driven filter weights to extract
optimum feature maps from the input images [105]. A number of studies have investigated deep
learning frameworks for analysis of histopathology images in terms of grading and subtyping of
tumor tissue and more advanced tasks such as survival prognosis [106]-[109]. In [106], a deep
convolutional neural network architecture called DeepSurvNet was developed to predict the survival
rate in brain cancer patients using histopathology images. Five well-known architectures were
utilized as the backbone of the proposed model for comparison, including: VGG19, GoogleNet,
ResNet50, InceptionV3 and MobileNetV2. In order to relax the problem and utilize the classifiers’
abilities, the survival rates of patients were categorized to four different classes. The patches of
various sizes were extracted from ROIs including 256 x 256, 512 x 512, and 1024 x 1024 pixels
to compare the effect of input size on the framework. This study has shown that the GoogleNet
model with 256 x 256 pixel input image size, can outperform other models in terms of highest

average precision for classifying survival rates. In [108], InceptionVV3 model was trained and
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evaluated to classify the histology lung tissues into three classes of adenocarcinoma (LUAD),
squamous cell carcinoma (LUSC) or normal lung tissue by extracting small patches from ROIs. The
proposed model was utilized to predict the ten most mutated genes in LUAD, and the results have
shown that six of them can be predicted using histopathology images, including: STK11, EGFR,
FATL, SETBP1, KRAS and TP53. Although these studies have demonstrated the potential of deep
learning models and specifically the deep convolutional networks in histopathology image analysis,
the size of WSIs remains a constraint in optimizing such models, and developing predictive models

of therapy outcome using WSiIs still remains challenging due to their complex natures.

1.3 Objectives

The overarching goal of this dissertation project is to facilitate a personalized medicine paradigm
for breast cancer by streamlining the histopathology assessments workflow and predicting cancer
response to prescribed treatments for individual patients using the data available at pre-treatment.
The focus of this research is to develop, optimize, and evaluate innovative machine learning
approaches and quantitative image analysis methods for ROl segmenting, tissue characterization,
and therapy response prediction to identify patients who are at risk of suboptimal treatment response
using digital histopathology images of pre-treatment biopsy specimens. As described earlier,
conventional machine learning and deep learning methods are two main approaches that can be
utilized for intelligent analysis of digital histopathology images. Both these approaches are

investigated in this dissertation project to pursue its goal through four objectives.

As the first objective, a novel breast tissue characterization model is introduced and investigated

for classifying digital histopathology images using CNN-based deep learning architectures. This
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model is developed as an automated system for cancer diagnosis and characterization, as it is an

important step for breast cancer management.

As the second objective, a novel U-Net-based framework is proposed and investigated for nuclei
segmentation on digital histopathology images and extraction of ROIs for further analysis. Nuclei
segmentation is one of the pivotal components of an automated system aiming to mine quantitative

features of tissue on digital histopathology images.

As the third objective, a machine learning framework is introduced to predict breast cancer
response to neoadjuvant chemotherapy using hand-crafted pathomic features extracted from
histopathology images at pre-treatment. Various models developed based on this framework are
investigated to explore the potential of histopathology images of pre-treatment biopsy specimens

with and without standard clinical attributes in therapy response prediction.

As the fourth objective, an innovative deep-learning architecture is introduced with convolutional
and transformer blocks to analyze the whole-slide digital histopathology images automatically for
chemotherapy response prediction at pre-treatment. The model is investigated through several
ablation experiments on its component and compared with similar models with different

architectures in terms of performance on an independent test set.

1.4 Thesis Outline

The thesis objectives explained above have been presented in four chapters of this dissertation,
followed by a concluding chapter in which a summary and future directions are explored. The

content of each chapter is summarized below.
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1.4.1 Chapter 2

In Chapter 2, a novel multi-scale attention-guided deep learning model is proposed to characterize
breast tissue on digital histopathology images according to four different histological types,
including normal, benign, in situ carcinoma and invasive carcinoma. The framework includes two
parallel convolutional neural networks with modified VGG16 architecture. The first network
analyzes the whole-sample images at low magnification. The second network focuses on the patches
extracted from the whole-sample images at high magnification using an attention mechanism. At the
end, the output probability vectors of both networks are fused using a multilayer perceptron network
to generate a tissue classification label. The results demonstrate that a multi-scale strategy coupled
with an attention mechanism can improve the accuracy of deep learning models in classifying digital

histopathology images.

1.4.2 Chapter 3

In Chapter 3 a novel segmentation model is introduced to delineate nuclei in digital histopathology
images accurately, that is an essential step for extracting hand-crafted pathomic features. A cascaded
deep learning U-Net based model is proposed to overcome the issue of delineating the border of
touching and closing nuclei in histopathology images. The obtained results demonstrate the
effectiveness of the proposed U-Net based model with customized weighted loss function followed
by a U-Net based model with VGG16 backbone and a soft Dice loss function in segmenting the

nuclei accurately.

1.4.3 Chapter 4

Chapter 4 investigates quantitative digital histopathology analyses coupled with machine learning

to predict tumor response to neoadjuvant chemotherapy a priori. A histopathology image analysis
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framework has been developed to extract various subsets of pathomic features, including the
morphological, intensity-based, texture, graph-based and wavelet features, from segmented digitized
slides. Several machine learning experiments have been conducted with different feature sets to
develop prediction models of therapy response using a gradient boosting machine with decision
trees. The results demonstrate the potential of quantitative digital histopathology features integrated

with machine learning methods in predicting breast cancer response to neoadjuvant chemotherapy.

1.4.4 Chapter 5

In Chapter 5, a hierarchical self-attention-guided deep learning framework is introduced to predict
pathological complete response to chemotherapy in breast cancer patients using digital
histopathology images of pre-treatment tumor biopsies. The WSIs are processed automatically
through the proposed hierarchical framework consisting of patch-level and tumor-level processing
modules followed by a patient-level response prediction component. A combination of convolutional
layers and transformer self-attention blocks are utilized in the patch-level processing architecture to
generate optimized feature maps. The feature map sequences are defined based on the patch positions
within the tumor beds and the bed positions within the biopsy slide for analysis through two adapted
vision transformer architectures for tumor-level processing and patient-level response prediction
components, respectively. The results demonstrate the high potential of the proposed hierarchical
deep-learning methodology in the analysis of very large-size digital histopathology images to predict

pathological response to NAC at pre-treatment.

1.4.5 Chapter 6

The material presented in chapters 2 to 5 is summarized in this chapter. It also brings this dissertation

to a conclusion by outlining potential future directions for the presented project.
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1.5 Contributions

This dissertation proposes and investigates novel ML methods for breast tissue characterization,
nuclei segmentation, and chemotherapy response prediction in breast cancer patients using pre-
treatment digital pathology images. The principal contributions of this dissertation are summarized

below.

As the first contribution, an innovative multi-scale attention-guided deep learning model is proposed
to characterize breast tissue on digital histopathology images according to four different histological
types, including normal, benign, in situ carcinoma and invasive carcinoma. The proposed model
incorporates local features and global relations between them by fusing the low-magnification and
high-magnification networks. Another contribution of proposed architecture is integrating an
attention mechanism in the low-magnification network, that refines the feature weights to improve

the network’s decision-making process.

The second contribution of this dissertation is proposing a cascaded U-Net-based deep-learning
model to overcome the issue of delineating the border of touching and closing nuclei in
histopathology images. The suggested architecture consists of a pixel-wised weighted U-Net model,
followed by a U-Net model with VGG16 backbone and soft dice loss function. The weighted U-Net
model is used to distinguish between the border of touching and closed nuclei accurately, while the
second model is utilized to penalize low-confidence predictions for maximizing the correctly

detected pixels.

The main contribution of this dissertation is proposing and investigating, for the first time, two
automated ML-based platforms for NAC response prediction in breast cancer patients using pre-

treatment histopathology images. In the first approach, the hand-crafted pathomic features extracted

27



from the pre-treatment histopathology images are used in conjunction with conventional ML models
to predict pCR versus non-pCR. Different experiments have been conducted to assess various initial
feature sets. A gradient boosting machine (GBM) has been optimized as the predictive model using
the selected features (optimal biomarker) in each experiment. In the second approach, a deep-
learning-based hierarchical framework is proposed for predicting the NAC response using the pre-
treatment histopathology images. In this approach, three levels of processing are cascaded including
a patch-level processing to extract the local features, a tumor-level processing to aggregate the intra-
tumor information, followed by a patient-level processing which exploits the global dependencies
in the whole slide images for response prediction. The proposed hierarchical framework consists of
a CoAtNet architecture with convolutional and self-attention modules as the patch-level processing
component, followed by two vision transformer (ViT) architectures as the tumor-level and patient-
level processing components. The proposed predictive models have shown a good potential for
predicting the NAC response at pre-treatment that can pave the way toward personalized medicine

for breast cancer patients.
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Chapter 2

Automatic Characterization of Breast Lesions using Multi-
scale Attention-Guided Deep Learning of Digital
Histopathology Images”

2.1 Introduction

Breast cancer is the most commonly diagnosed malignancy and the leading cause of cancer-related
death in women [110]. The lifetime probability of developing invasive breast cancer is
approximately 12% (1 in 8 women). Fortunately, breast cancer mortality has decreased by 40% over
the past 30 years due to improved treatment strategies, earlier detection, and enhanced diagnostic

technologies [111].

Clinical imaging using digital mammography, tomosynthesis, ultrasound, and magnetic resonance
imaging (MRI) are well-established methods to screen for breast cancer [44], [112]. However, the
gold standard for diagnosis is histopathological examination [42]. To carry this out, tissue biopsies
of the suspicious breast lesion are extracted and prepared onto histological slides. The specimens
are stained with hematoxylin and eosin (H&E), and subsequently analyzed under microscopy to

assess the cellular, morphological, and other biomarker-based attributes. Pathologists draw on their

*A version of the material presented in this chapter has been published in Computer Methods in Biomechanics and
Biomedical Engineering: Imaging & Visualization. In Press, 2022. DOI: 10.1080/21681163.2022.2058415.
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cognition, perception, experience, and judgement to distinguish between normal, versus benign, or
malignant tissues [113]. However, manual assessment is time consuming, resource-intensive and
requires substantial expertise. To address these clinical workflow challenges, recent efforts have
focused on developing computational methods to carry out automatic analysis and classification
tasks to assist pathologists. The introduction of digital pathology imaging platforms has created new
opportunities to develop these computational frameworks; specifically exploiting machine learning
methods for identifying tissue abnormalities and resolving tissue classification problems. The
potential benefits of computationally driven approaches include better access to pathology services
and increased efficiency in the pathology workflow [114]. In this context, computer-aided systems
can be adapted to streamline the histopathology workflow, facilitate fast and accurate decision-

making, and enable high-throughput reporting to manage high-volume caseloads.

Machine learning (ML) frameworks, and specifically deep learning (DL) techniques have made
substantial progress to handle complex pattern recognition tasks such as image classification [115].
In particular, DL has provided superior achievement in different applications of medical image
analysis including detection, segmentation, and characterization of various abnormalities, e.g.,
cancer [116],[117]. The advent of fast digital slide scanners which can automatically generate high-
resolution microscopy images of multiple slides in a batch has resulted in increasing interest and
potential in developing data-driven models for analysis of digital histopathology images [118].
However, automated tissue characterization in digital histopathology images using deep learning
approaches still encounter various technical challenges [44]. Some of these challenges stem from
the intrinsic properties of histopathology images. Firstly, the images processed by convolutional
neural networks (CNNs) have typically a small size, but digital histopathology images tend to have

notably large sizes, specially at higher magnifications. As a result, deep convolutional neural
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networks (DCNNs) cannot be trained directly on large whole-slide images. Another challenge is the
size of the dataset. In order to train a DCNN, a large set of relevant images are typically required.
However, large datasets of digital pathology images are usually not available in many applications

[119].

Previous studies have developed and evaluated various methods for automatic segmentation and
classification of breast tissue in digital histopathology images [120], [121]. Among these studies,
CNNs have been proposed for classification of breast histopathology images. In [114],
histopathology images at different magnifications were classified into binary labels (i.e., benign
versus malignant) using a CNN model inspired by the ImageNet model [122]. Several patches with
different sizes were extracted from each image and used to train the CNN model. The patch
extraction was used to handle the limitation of a small dataset. The classification was performed by
concatenating the class probabilities associated with patches of each image using maximum, product
or sum rules. A limitation of that study is the biased classification model that was trained on small
patches and local features only; consequently, this omits the global information that would have
been yielded from whole-image analysis. In [123], a CNN architecture was designed to capture
information of histopathology images at multiple scales to classify them into four different classes
of normal tissue, benign lesion, in situ carcinoma and invasive carcinoma. The multi-scale strategy
was adapted to retrieve information from nuclei and whole tissue organization simultaneously. The
features extracted from the CNN model were fed into a support vector machine (SVM) for final
classification. In [124], for classifying histopathology images into the four classes mentioned above,
a patch-wise approach was used with an auto-encoder network to extract the features of tissue micro-
structure at high magnification from each image. The auto-encoder network was then followed by

an image-wise CNN to classify the whole image. The model developed in that study utilized both
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local and global features for classification; however, all features were assigned an equal weight for
classification. Consequently, the irrelevant features of an image may reduce the accuracy of the
model in classifying the whole slide. In [125], multiple compact CNNs were utilized within a hybrid
architecture that contains a global and a local branch to classify histopathology images into the four
aforementioned classes. A local voting was used to combine the results of two branches. In another
study to classify the histopathology images in the BACH dataset [126], the fine-tuned Inception-v3
CNN model was fed with the patches with high nuclear density [127]. The patches from
uninformative regions of each image such as non-epithelial areas were automatically excluded at an
initial step. The final class of each image was determined using a majority vote over the
corresponding nucleus-rich patches. In a different study, an ML pipeline was developed to combine
an SVM model (shallow learner) with an Inception-v3 model (deep learner) for classification of
breast histopathology images, where the integrated model outperformed both the individual models

[128].

An attention mechanism in deep learning refers to a training strategy through which higher
weights are assigned systematically to certain factors of interest when analyzing the data [129]. The
attention mechanism was initially introduced in natural language processing (NLP) applications, and
it has recently been adapted in other applications of deep learning such as image analysis and
computer vision [130]. The attention could be considered as a component of a deep neural network
that quantifies the interdependence between the input and output of the model (general attention), or
just within the input of the model (self-attention) [131]. The self-attention concept has recently been
adapted in medical image analysis applications to train the network to pay less attention to the
irrelevant parts of an input image while highlighting more important features for specific tasks such

as classification [132]. Attention can be incorporated into a network using a number of different
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approaches, including a recurrent mechanism and a channel/spatial attention [133][134]. In recurrent
attention mechanism, the network iteratively uses the information obtained in the previous step to
find a next proper region of focus instead of processing an entire image at once. The network
gradually merges information at each step using its hidden state, to build up a dynamic representation
of each image [135]. In channel/spatial attention mechanisms, the channel attention module is
responsible to identify what is relevant for the task in an input image as each channel of a feature
map is considered as a feature detector, whereas the spatial attention module focuses on finding the
informative regions of the input image [136][137]. The attention mechanisms have widely been used
for image classification, and recently adapted for digital histopathology analysis in tissue
characterization applications. In [138], a CNN with attention mechanism was designed for
classification of esophageal tissue to Barrett’s esophagus (BE) and esophageal adenocarcinoma. A
grid-based feature extraction approach was used to generate feature maps from high-resolution
histopathology images. The feature maps were fed to a soft attention mechanism to produce
weighted maps that were used for the prediction of final class labels. Although the applied attention
mechanism can potentially assign relevant weights to each feature in high-resolution histopathology
images, the dependencies between different grids were not considered in this study. A recently
proposed attention mechanism that can be utilized to infer separate channel and spatial attention
maps is the convolutional block attention module (CBAM) [133]. An advantage of the CBAM is
that it can be integrated with any feed-forward CNN with minimal overhead as it is a lightweight
module. The CBAM consists of cascaded channel and spatial attention modules. In the channel
attention module, the max-pooled and average-pooled features are calculated from the input feature
maps, and passed through a multi-layer perceptron (MLP) network with shared weights. To compute

the spatial attention, channel-wise average-pooling and max-pooling operations are applied on the
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channel-refined input features and the resulting maps are concatenated to generate an efficient
feature descriptor. A convolution layer is then applied to generate a spatial attention map. At the
end, element-wise multiplication will be performed between the attentions map and input features
to obtained refined adaptive feature maps. The CBAM attention module has been implemented with
many CNN architectures where it has demonstrated improvement in object detection tasks compared

to the original CNN without attention[133][139].

In this chapter, a multi-scale attention-guided deep learning model was investigated for classifying
histopathology images of breast tissue specimens according to four types: 1) normal tissue, 2) benign
lesion, 3) in situ carcinoma and 4) invasive carcinoma. The proposed model consists of two streams
of deep learning on histopathology images at high- and low-magnification integrated with a recurrent
attention mechanism. The hierarchical structure of the model was proposed to incorporate the global
and local features of histopathology images in tissue characterization, simultaneously. The two
parallel networks are followed by MLP network to classify the histopathology images. The VGG16
CNN architecture was adapted for both the high and low-magnification networks [140]. In the low-
magnification network, class activation maps were extracted by adding a global average pooling
layer at the end of the network. These maps were fed into the recurrent attention mechanism to
increase the contribution of the salient features to the model’s decision. In a separate experiment,
the CBAM attention was integrated with the low-magnification network to compare its performance
with the recurrent attention mechanism. At the last layer of the high-magnification network the
probability vectors associated with the four histological classes were calculated for each image by
averaging over all patches extracted from that image. The model was trained on the histopathology
images acquired from 320 samples and subsequently evaluated using a test set with 80 samples. The

proposed model outperformed the separate high- and low-magnification networks, and the multi-

34



scale model without an attention mechanism and with the CBAM attention mechanism in
characterizing the histopathology images of the test set. The results demonstrated that a multi-scale
strategy integrated with a recurrent attention mechanism can improve the accuracy of automatic

tissue characterization models using digital histopathology images.

2.2 Materials and Methods

2.2.1 Dataset

The data applied in this study for development, optimization and evaluation of models were acquired
from the ICIAR 2018 grand challenge on Breast Cancer Histology (BACH) [141]. The ICIAR 2018
BACH dataset includes 400 digital microscopy images of H&E-stained breast tissue specimens with
four different histological types, acquired at 40x magnification. The dataset includes region of
interest (ROI) images (2048 x 1536 pixels) that are extracted from the whole-slide images and
annotated according to the histological type by experts. The ROI images are uncompressed in a tiff
format. The histological types include normal, benign, in situ carcinoma, and invasive carcinoma.
The dataset includes an equal number of samples for each histological type (n =4 x 100). The dataset
was split randomly into training (80%) and test (20%) sets for development and evaluation of the
models, respectively.

The values in the RGB channels of all images were normalized into the interval [0 1] by dividing
by the maximum value of each channel (255). The proposed model consists of two parallel CNNs
working on histopathology images at high and low magnification, respectively (described in Section
2.2.2). For the high-magnification network, 54 non-overlapped patches with a size of 224 x 224
pixels were extracted from each ROI image with the size of 2048 x 1536 pixels. For the low-

magnification network, the ROl images were resized to 512 x 384 pixels using a bilinear
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interpolation [142]. In order to augment the training data, and also make the networks rotation
invariant, the low- and high-magnification images of the training set were randomly rotated by 0 to

360 degrees and added as extra training samples.

2.2.2 Model Architecture

The proposed model consists of two streams of CNNs processing the histopathology images at high-
and low-magnification, followed by a recurrent attention mechanism. The high-magnification
network in the first stream performs a patch-wise classification, whereas the low-magnification
network in the second stream carries out an image-wise classification. The attention model explores
the correlation between the class labels and their contributing regions in each image to assign higher
weights to the more relevant regions for characterization. Subsequently, a multi-layer perceptron
(MLP) model fuses the output of the two streams and generate the final label for each sample. Figure
2.1 shows an overview of the proposed model. More details about the model architecture are

provided in the following sections.
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Figure 2.1. An overview of the proposed model. The VGG16 networks were trained independently on patches (high
magnification) and whole images (low magnification). The recurrent attention methods were fed with the CAMs
from the low-magnification network. The final class label for each sample was generated using the MLP network.



2.2.2.1 High and Low-Magnification Networks

The VGG16 CNN architecture was adapted for both the high- and low-magnification networks
[140]. The weights of a pre-trained model on ImageNet were used as the initial weights in the high-
magnification network [122]. The low-magnification network was trained from scratch with
randomly generated initial weights. A global average pooling (GAP) layer [143] was added at the
end of the low-magnification network to generate class activation maps (CAM) [144]. All
connection weights between the GAP layer (after a SoftMax activation) and the fully connected
layer for each class were extracted. The feature maps of the last convolutional layer of the network
were also obtained. These feature maps were serially multiplied by their corresponding weights and
summed up to generate the CAMs. The CAM for each class was used to visualize the network spatial
attention associated with that class in form of a heat map overlaid on the corresponding sample
[145]. The CAMs from the low-magnification network were fed into the attention model. The class
probabilities generated in the last layer of the high-magnification network were averaged over all
patches of each sample to obtain the sample-wise probabilities that were input the fusing MLP
network. The high- and low-magnification networks were trained independently with a batch size of
8, a learning rate of 0.001, and 300 epochs using the Adam optimizer [146], and on an NVIDIA

GeForce 2080 RTX GPU.

2.2.2.2 Recurrent Attention Mechanism

The CAMs generated by the low-magnification network was fed into the recurrent attention model.
The CAMs (16 x 16) were vectorized to a size of 256 x 512 to be compatible with the number of
hidden states (512) in the LSTM model. The attention model was incorporated to assign higher
weights in calculating the class probabilities to the feature maps obtained for the regions of each

image (sample) with a higher relevance to the corresponding class. The attention mechanism
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consisted of a single layer long short-term memory (LSTM) with a hidden state of size 512 followed
by a sigmoid activation function, and an output unit size of 16 before the fully connected layer [147],
[148]. The LSTM network iteratively estimated the probability vector of class labels at each time
step using the previous hidden state, a context vector and the class probabilities estimated in the
preceding steps. At each time step, the estimated context vector represented the relevance score for
different regions of each image in terms of conditional probability. The attention network was

trained with 49 time-steps and 100 epochs.

2.2.2.3 Multi-Scale Decision Fusion

An MLP network was used to fuse the class probabilities estimated by the high-magnification and
attention-guided low-magnification networks for each sample. The MLP network consisted of an
input layer of size eight, three hidden layers of size eight, and an output layer of size four. A
stochastic gradient descent (SGD) optimization with momentum was used for training the network
with a batch size of 8, and 100 epochs. For each sample, the MLP network generated a class
probability vector of size four including the estimated probability for each histological type. The
histological type corresponding to the highest estimated probability was determined as the final

predicted class for each sample.

2.2.3 Evaluation

The performance of the models was evaluated using the accuracy, loss, F1-score and Matthews
correlation coefficient (MCC) [149], in addition to the confusion matrix, in classification of the
histopathology images of the test set. Each model was evaluated five times using different validation
sets selected randomly from the training set (10%) before the start of training process. In each
experiment, the model was trained from the scratch with completely disjoint training and validation

sets. The test set was kept unchanged in all experiments. The evaluation was performed on the low-
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and high-magnification networks separately, and in combination, with and without the attention
mechanism. Separate models were also developed with the recurrent and CBAM attention
mechanisms for comparison. Specifically, the models were evaluated with the CBAM attention
combined with the low-magnification network as an alternative to the recurrent attention

mechanism.

2. 3 Results

Figure 2.2 demonstrates representative samples of digital histopathology images applied in this study
for normal breast tissue, benign lesion, in situ carcinoma, and invasive carcinoma. The images
demonstrate that various local and global information spots are potentially complementary in

characterizing the samples and can be captured at high- and low-magnification, respectively.

Figure 2.2. Representative microscopy images (at 40x) of H&E-stained breast tissue samples with different
histological types from the dataset.
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Figure 2.3 demonstrates representative images of different histological types overlaid with the
attention heat maps. The heat maps visualize the relative weights of the feature maps associated with
different regions of each image in classifying the corresponding sample. In other words, the attention
maps show the relative contribution of different regions to the model’s decision. The attention maps
indicate that the network put more focus on regions with histological structures containing nuclei as

well as the surrounding such structures.

In Situ Carcinoma Invasive Carcinoma

Figure 2.3. Attention heat maps for representative samples (imaged at 40x) with different histological types. The
recurrent attention mechanism assigned higher weights to the regions with nuclei-containing structures and their
surroundings.

Performance of different models on representative images of four histology types of breast tissue

has been demonstrated in Figure 2.4. The individual high- and low-magnification networks
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demonstrates lower performance compared to the multi-scale model in differentiating images of
different histology types that include similar features, including normal versus benign tissues.
Incorporating the attention mechanisms improve the performance of both low-magnification and
multi-scale models, in most cases. For example, for the histopathology image associated with
invasive carcinoma that is misclassified by the models without attention as in situ carcinoma or

normal tissue, the models with attention demonstrate an accurate classification.
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Figure 2.4. Representative histopathology images classified by different models. The ground truth labels have been
shown on the left side of each image. The annotations made by different models are listed on the top of each image.
HMN: High-magnification network, LMN: Low-magnification network, CAtt: CBAM Attention mechanism, RALt:
Recurrent Attention mechanism.
The performance of different models evaluated in this study for characterizing breast tissue
samples in digital histopathology images have been summarized in Figure 2.5 and Table 2.1. The

average confusion matrices obtained over five experiments for the high- and low-magnification

networks separately, and in combination, with and without the CBAM and recurrent attention
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mechanisms have been presented in Figure 2.5. Table 2.1 presents the mean accuracy and loss
obtained for each model over the five experiments. The same training, validation and test sets were
used for all models in each experiment. The results indicate that the multi-scale model outperformed
the individual high- and low-magnification networks with a mean accuracy of 96.3% * 1.2% versus
94.5% + 0.6% and 93.5% + 1.0%, respectively, on the test set. Further, the multi-scale model
demonstrated an improved mean loss of 0.6 £ 0.1 versus 0.7 = 0.3 and 0.8 + 0.2 obtained,
respectively, for the high- and low-magnification networks on the test set. The results also indicate
that incorporating the attention mechanisms improved the performance of the models in terms of
loss, accuracy, Fl-score and MCC. The low-magnification network with recurrent attention
classified the images with more confidence demonstrating a mean loss and accuracy of 0.5+ 0.1 and
95.5% =+ 0.8%, and a mean F1-score and MCC of 95.6% + 0.7% and 0.94 £ 0.01, respectively, on
the test set. The same model without attention resulted in a mean loss and accuracy of 0.8 £ 0.2 and
93.5% + 1.0%, respectively. The low-magnification network with CBAM attention could slightly
outperform the low-magnification network with recurrent attention in terms of mean accuracy
(95.8% =+ 0.4%) and F1-score (95.7 + 0.4), but not loss and MCC. The best model in terms of both
loss and accuracy was the proposed multi-scale attention-guided model. This model outperformed
the multi-scale model without attention and the multi-scale model with CBAM attention with a mean
loss and accuracy of 0.4 £ 0.1 and 97.5% + 1.0% versus 0.6 £ 0.1 and 96.3% + 1.2%, and 0.5 £ 0.1
and 96.8% + 0.8%, respectively, on the test set. The multi-scale recurrent attention-guided model
also demonstrated an improvement in terms of F1-score and MCC (97.5 %=z 0.6% and 0.97 + 0.01)
compared to the multi-scaled model without attention (96.4% + 0.9% and 0.95 £ 0.01) and with

CBAM attention (96.7% + 0.6% and 0.96 + 0.01). The confusion matrix results obtained for different
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models (Figure 2.5) are also in agreement with the accuracy, loss, F1-score and MCC results and

demonstrate a better performance of the proposed model for all classes.
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Figure 2.5. Confusion matrices summarizing the classification performance of (a) High-magnification network, (b)
Low-magnification network, (c) Low-magnification network + CBAM attention, (d) Low-magnification network +
recurrent attention, (e) High-magnification + Low-magnification networks, (f) High-magnification + Low-
magnification networks + CBAM attention, (g) High-magnification + Low-magnification networks + recurrent
attention, on the test set.

Table 2.2 compares the performance of the proposed model with those of the previous models
developed and evaluated using the BACH dataset. The results demonstrate that the proposed model
could outperform the previous models in classifying the histopathology images in term of validation
and test accuracy. Similar classification accuracies obtained by the proposed model on the validation

and test sets implies a high generalizability of the attention-guided multi-scale model on test sets.
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Table 2.1. Performance of different models in classifying digital histopathology images of breast tissue specimens.
Mean and standard deviation are given for accuracy, loss, F1-score and Matthews correlation coefficient (MCC) of each
model in five experiments with different training and validation sets. Tr: Train, Val: Validation, Te: Test, Acc: Accuracy.

Tr Acc
(%0)

Val Acc
(%)

Te Acc
(%0)

Tr Loss

Val Loss

Te Loss

High-magnification
Network

958+ 1.1

944+ 0.6

94.5+ 0.6

(1.2 +£0.4) x 1073

05102

Low-magnification
Network

95.2+13

953+ 0.9

93.5£1.0

(1.0 £0.2) x 1073

0.6 +£0.2

Low-magnification
Network + CBAM
Attention

971+ 1.2

96.7+ 0.9

958+ 04

(42+1.1)x10™*

Low-magnification
Network + Recurrent
Attention
High-magnification +
Low-magnification
Networks
High-magnification +
Low-magnification
Networks + CBAM
Attention

96.8 + 1.1

978+ 1.1

979109

965+ 1.0

96.6 £ 1.1

973+ 1.2

95.5+0.8

96.3+1.2

96.8 £ 0.8

(48 +1.6) x 1074

(1.2 +0.3) x 1072

(23+14)x107*

03+01

High-magnification +
Low-magnification
Networks + Recurrent
Attention

98.2+0.38

97.8+ 0.7

97510

(7.7 +1.3) x 1075

0.1+0.0

04+01

Tr F1-Score

Val Fi1-Score

Te F1-Score

Tr MCC

Val MCC

Te MCC

High-magnification
Network

95.5+09

94.2+0.38

944 + 0.7

0.94 + 0.03

0.93 + 0.04

0.93 +0.02

Low-magnification
Network

949+ 1.0

95.0 £ 0.7

93.5+09

0.94 + 0.02

0.93 + 0.02

0.91 £ 0.04

Low-magnification
Network + CBAM
Attention

96.9+ 0.9

96.6 + 0.6

95.7+ 0.4

0.95 £ 0.02

0.94 + 0.03

0.94 + 0.02

Low-magnification
Network + Recurrent
Attention
High-magnification +
Low-magnification
Networks

96.7 + 0.8

975+ 1.2

96.4+ 0.8

96.4+ 0.9

95.6 £ 0.7

96.4 + 0.9

0.96 + 0.01

0.96 + 0.02

0.94 £ 0.03

0.95 +0.02

0.94 +0.01

0.95+0.01

High-magnification +
Low-magnification
Networks + CBAM
Attention

976+ 0.8

97.3+0.38

96.7 £ 0.6

0.97 £ 0.01

0.96 + 0.01

0.96 + 0.01

High-magnification +
Low-magnification
Networks + Recurrent
Attention

98.0+ 1.1

97.7 £ 0.6

97.5+0.8

0.97 £ 0.02

0.97 £ 0.02

0.97 £0.01
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Table 2.2. Comparison of the results of the proposed model with the previous models evaluated on the BACH
dataset. Val: validation, Te: test, Acc: accuracy.

Models Val Acc Te Acc
Nazari et al. [124] 95% -
Golatkar et al. [127] - 85%
Zhu et al. [125] - 86.6%
Vizcarraetal. [128] - 92%
Proposed Model 97.8% 97.5%

2.4 Discussion and Conclusion

In this chapter, a multi-scale attention-guided model was proposed and investigated for classification
of breast cancer tissue using histopathology images. In this model, two parallel CCNs process the
images at high and low magnification with a recurrent attention mechanism, and an MLP network
fuses the network decisions for a final characterization. The high-magnification network processes
the image patches to extract local features for tissue characterization. The low-magnification
network, on the other hand, explores the entire image to derive global features and is followed by a
recurrent attention model to put more focus on the relevant regions of images in characterizing
samples. The fusion of the class probabilities estimated by these two networks enriches the model
with decisions based on both the local and global features and permits a tissue characterization with

high confidence.

The results demonstrate that the proposed multi-scale strategy improves the performance of the
model for tissue characterization. Specifically, the multi-scale model demonstrated a higher
accuracy and a lower loss in classifying the images. Another contribution of this chapter is to
incorporate a recurrent attention mechanism into the histopathology image analysis framework. The
attention mechanism provides a dynamic representation of the relevant regions of an image for

classification in terms of a context vector in which the higher values represent a higher relevance.
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The recurrent attention model iteratively learns to give higher weights to the features corresponding
to the more informative regions of the image for characterization. The results obtained in this study
demonstrate that incorporating the attention mechanism into the models improves their performance
in classifying the histopathology images. Specifically, both the low- and multi-scale models with
attention outperformed their counterparts with no attention mechanism in terms of loss and accuracy
in tissue characterization. The results demonstrate that a combination of high- and low-magnification
networks empowered by attention mechanism makes the model more confident in classifying the
histopathology images of different types that may include similar features, e.g., normal versus
benign and in situ versus invasive carcinoma. Specifically, the attention-guided multi-scale model
could correctly annotate the histopathology images that were misclassified by individual high- and

low-magnification networks.

The performance of the proposed model was compared to the previous studies in which the same
or a similar dataset has been applied. The best validation accuracy obtained in the studies by Araujo
et al. [123] and Nazari et al. [124] is 77.8% and 95%, respectively. The test accuracy of the models
proposed by Zhu et al. [125] and Golatkar et al. [127] on the BACH dataset is 86.6% and 85%,
respectively. Vizcarra et al. could achieve a test accuracy of 92% by integrating the shallow and
deep models [128]. The results obtained in this study for different models show improvement in the
classification accuracy compared to the previous works. Specifically, the CBAM attention-guided
low-magnification network, the multi-scale network with CBAM attention, and the recurrent
attention-guided multi-scale network demonstrated a mean accuracy of 95.8%, 96.8%, and 97.5%,

respectively, on a test set.

In Summary, this study demonstrate that an attention-guided multi-scale strategy can improve the

accuracy of deep learning models for automatic tissue characterization using digital histopathology
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images. The multi-scale strategy applied in this study is based on the fusion of class probabilities
obtained from two independent CNN. Other strategies such as cascading CNNSs in an end-to-end
framework in which a low-magnification network processes the stitched features maps extracted
form image patches at high magnification can also be considered for comparison. Such strategies
have been planned to be investigated as a future work on larger datasets. In this study, the patches
associated with specific histology types were formerly extracted from the whole slide images
(WSIs). Automatic annotation of WSIs to different histology types can be investigated as an
extension of this study. A multi-scale analysis along with an attention mechanism can be utilized to

identify the regions associated with different histology types within the WSiIs.
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Chapter 3

A Cascaded Deep Learning Framework for Segmentation of
Nuclei in Digital Histopathology Images”

3.1 Introduction

Early-stage diagnosis of breast cancer is effective in preserving treatment options, reducing costs, and
improving the survival and quality of life for patients [4]. While standard clinical imaging such as
mammography and ultrasound are widely used for breast cancer screening, a biopsy followed by
histopathology analysis on the acquired specimens is the gold standard for definitive diagnosis of
breast cancer [5]. Recent studies have been shown that quantitative features describing the
morphology, distribution, and texture of the tumor nuclei on digital histopathology images can be
used in machine learning frameworks for various diagnostic, tissue characterization and prognostic
applications [6], [7]. Accurate nuclei segmentation is an essential step of extracting such features

from the histopathology images [8], [9].

Recent advances in deep convolutional networks have led several researchers to propose data-
driven frameworks for automated image segmentation [10]. The proposed techniques mostly
comprise an encoder-decoder architecture [11]. The requirement for accurate segmentation in

addition to the lack of labeled training data raises the importance of developing a task-specific

*A version of the material presented in this chapter has been published in Proceedings of the 44" Annual International
Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), Glasgow, UK. pp. 4764-4767, 2022.
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framework for segmenting medical and biomedical images [12]. The U-Net architecture [13] that
consists of two symmetric contracting and expanding paths, was specifically introduced for
biomedical image segmentation. The proposed model could be trained with a relatively small training
set, and it could outperform the other frameworks in the ISBI cell tracking challenge 2015 [14].
However, U-Net struggles with finding the exact border of nuclei, and in practice, the model cannot

accurately segment the touching or very close nuclei.

The emergence of U-Net has opened pathways for variants of its architecture to enhance the
performance of segmentation tasks in biomedical images. The attention U-Net was proposed to
improve the segmentation performance by integrating grid-based attention gates (AGs) on top of U-
Net architecture [15]. Models trained with the AGs learn to suppress unnecessary regions in an input
image while highlighting important features for a particular task. Each skip connection's gating signal
incorporates image features from multiple imaging scales to remove the requirement of having
explicit tissue localization modules. The attention U-Net model has been originally proposed for
segmenting pancreas in computed tomography (CT) abdominal images [15], but then adapted in other
application including nuclei segmentation [16]. The U-Net++ which has a deeply supervised encoder-
decoder architecture, is another proposed variant of U-Net to enhance the performance of biomedical
image segmentation frameworks [17]. In the proposed model, the encoder and decoder sub-networks
are linked through several nested dense skip connections. The redesigned skip paths aim to minimize

the semantic gap between the feature maps of the encoder and decoder blocks in the network.

Due to the importance of nuclei segmentation in digital histopathology images, a dataset was
introduced for the multi-organ nuclei segmentation (MoNuSeg) challenge in MICCAI 2018 [18].
Several studies have investigated various approaches to achieve the best result in this challenge. In

[8], a contour-aware informative aggregation network (CIA-Net) was presented as an innovative deep
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neural network with a hierarchical information aggregation module between two task-specific
decoders. The proposed architecture could enhance the generalization ability of the framework in
segmenting the unseen organ nuclei. In [150], a pretrained EfficientNet was applied as the backbone
of U-Net++ architecture for the breast tumor nuclei segmentation. The adapted backbone resulted in
having fewer parameters and outperformed previous convolutional neural networks (CNNS) in terms
of efficiency and accuracy. In [151], a novel self-supervised learning framework was introduced that
fully exploits the capacity of extensively employed CNNs. The proposed method entails two sub-
tasks of scale-wise triplet learning and count ranking, which allow the networks to exploit prior
knowledge about nucleus size and number to extract instance-aware feature representations from the
raw information. Most of the previous studies have demonstrated suboptimal performance in finding
the border of the nuclei accurately, and in practice, touching or very close nuclei are always

challenging to be segmented.

In this chapter, a novel cascaded framework is investigated to overcome the limitations of previous
models and improve the accuracy of nuclei segmentation in histopathology images. The framework
consists of a weighted U-Net model followed by a U-Net architecture with a VGG16 backbone and
a soft Dice loss function. The weighted pixel-wise masks were generated for the training data and
utilized along with the binary masks in calculating the loss function for the weighted U-Net in order
to train the model to classify the touching and very close nuclei more accurately. The obtained results
demonstrate a considerably better performance of the proposed model compared to each of the single

networks and the previously proposed frameworks.
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3.2 Materials and Methods
3.2.1 Dataset

The proposed framework was pretrained using the Post-NAT-BRCA dataset collected from the
cancer imaging archive (TCIA) [152], and trained and evaluated using the multi-organ nuclei
segmentation (MoNuSeg) dataset [153]. All the histopathology images were H&E stained and
scanned at 40x magnification. The Post-NAT-BRCA dataset includes histopathology images of
surgical tissue specimens acquired from breast cancer patients following neoadjuvant therapy (NAT).
The nuclei in these images were annotated manually using the Sedeen software (Pathcore, Toronto,
Canada). The dataset contains 92 histopathology images of various size, with a total of 25,675
annotated nuclei. The MoNuSeg dataset consists of thirty training histopathology images and fourteen
test images with a size of 1000 x 1000 pixels, collected from seven organs (i.e., breast, liver, kidney,
prostate, bladder, colon, stomach). The MoNuSeg training and test sets contain 21,623 and 7,223
annotated nuclei, respectively. In this study, the MoNuSeg training set was randomly split into the

training (80%) and validation (20%) sets at patient level.

3.2.2 Data Preprocessing

The histopathology images (three-channel RGB) in the MoNuSeg dataset were zero padded to a size
of 1024 x 1024 pixels (12 padded pixels from each side), and then patched to 16 non-overlapped
patches of size 256 x 256 pixels. A total of 664 patches with the same size (256 x 256 pixels) were

extracted from the Post-NAT-BRCA dataset for model pretraining.

The binary masks were generated for each image patch. The weighted masks were only generated
for the patches of the training set. The weight of each pixel (x) in the weighted mask was calculated

using the Equation (3.1) [154].
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In Equation (3.1), w, is the binary mask, d; is the distance to the border of the nearest nucleus, and
d, is the distance to the border of the second nearest nucleus. w, and o are constants that were
selected empirically. Using this equation for generating the weighted masks, the pixels between
closely adjacent nuclei are assigned higher weights in order to force the model to learn the separation
in these regions with higher priority during the training process when a weighted loss function is

applied.

3.2.3 Framework

Figure 3.1 shows the overview of the proposed framework. The cascaded framework consists of a
U-Net model with a weighted pixel-wised loss function followed by a vanilla U-Net model with a
VGG16 backbone and a soft Dice loss function [155], [156]. An effective nuclei segmentation model
should learn the separation between adjacent nuclei while pixel-level accuracy is insufficient to
evaluate the model on large histopathology images with many nuclei. This is because the number of
pixels between the touching or very close nuclei are typically very few compared to the entire image
and misclassifying them does not affect the pixel-level accuracy considerably during the model
training. Generally, such separation can be accomplished by performing morphological operations
on the images, but these operations are difficult to be incorporated into the model's learning process.
As an alternative approach, the network could be forced to learn zone separations exclusively from
the data. Following this approach, the pre-calculated weight maps were incorporated into the loss
function to penalizes the loss in border areas between the touching or very close nuclei more than
anywhere else (Equation (3.1)) [154]. Considering the constant parameters in Equation (3.1) (wy, 0),

there is a trade-off between the level of loss penalty for the border pixels between touching or very
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close nuclei, and the priority of not missing the entire (small) nuclei. In this equation, a higher value
of w, results in increasing the weight difference between the nuclei (foreground) and background
regions within the border areas, while increasing the value of ¢ increases the difference in pixel
weights based on the distance to the adjacent nuclei. On this basis, if the weighted U-Net is utilized
with a high penalization weight for the areas near the touching or very close nuclei, the model would
fail to detect many small nuclei or the center regions of larger objects, and in case a low penalization
weight is applied, the model would fail in detecting the border of very close nuclei accurately. The
cascaded segmentation framework in this study was proposed to address this issue by balancing the
trade-off between detecting the small nuclei and segmenting the border of touching or very close

nuclei accurately.
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Figure 3.1. An overview of the proposed model consisting of a U-Net model with a weighted pixel-wised loss
function followed by a vanilla U-Net model with a VGG16 backbone and a soft Dice loss function.
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For training the weighted U-Net the loss function was modified from the regular cross entropy to
a weighted cross entropy by multiplying w(x) to it. In computing the custom loss function, the
weights were applied to the log of the activation before calculating the pixel-wise sum. In the
implementation step, as the model needs an ordinary loss function for training optimization, three
non-trainable layers were added at the end of the weighted U-Net model for the training phase to
embed the weighting of the log of the activation into the model and only leaving the summation step
to the custom loss function. In this phase, the weighted U-Net was fed by the training images along
with the corresponding binary and weighted masks and the segmentation probability maps were
generated as the output of the model. The probability maps along with the binary masks were passed
to the second component of the framework, i.e., the vanilla U-Net model with a VGG166 backbone
and a soft Dice loss function. The reason for adding the VGG16 backbone is to reduce the number
of network parameters for a better generalization. The choice of a smaller convolution kernel (i.e.,
3x3) is indeed a key to VGG's remarkable accomplishment. Compared to other networks such as
ResNet [157] or AlexNet [158], when acquiring the same receptive field, a smaller convolution
kernel can not only use less computation and provide more non-linearity, but also make the model
more powerful in fitting ability [155]. The choice of the soft Dice loss function potentially results in
penalizing low-confidence predictions of the nuclei, since the ground truth is binary in this model

and only the pixels belong to the nuclei are considered in the loss calculation.

The proposed approach needs calculation of weighted masks for each input image, while in the
test phase this information is not available. Considering that the last layers of the weighted U-Net
model are non-trainable and only used for loss calculation, we address this issue by initializing two
different models for the training and test phases. Specifically, the training model applied both the

weighted and binary masks as the ground truth for the weighted loss calculation, whereas the test
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model only applied the binary masks for model evaluation on the unseen samples using the output

of the layer before the non-trainable layers.

3.2.4 Postprocessing

Two morphological operations of erosion and dilation with the kernel size of five pixels were applied
on the predicted segmentation masks to remove very small pixel clusters associated with noise.,
Considering that the histology slides were scanned at 40x magnification, the nuclei could not be
apparent with such a small diameter on the images. It should be noted that since this post processing
step only removes very small pixel clusters it would mainly improve the F1-score, with minimal
effect on the Aggregated Jaccard Index (AJI) metric. At the end, the segmentation masks generated
for the patches of each image were concatenated to reconstruct the whole image masks (1000 x1000

pixels) for evaluation.

3.2.5 Evaluation

Performance of the proposed model was evaluated on the MuNoSeg test set and compared with other
state-of-the-art segmentation frameworks. The evaluation was performed at both the object-level
(nuclei detection) and pixel-level (accuracy of nuclei segmentation contours), using the F1-score and
AJl metrics, respectively. In calculating the F1-score, the true positive (TP), false positive (FP) and
false negative (FN) were determined as the number of correctly detected, wrongly detected, and

undetected nuclei in each image, respectively.

3.3 Results

Figure 3.2 demonstrates weighted masks generated for a representative patch with different constant

values. In this study, the values of w, = 3 and o = 10 were selected empirically for these parameters
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to force the weighed model to differentiate between the nuclei and the background regions within
the border area of very close nuclei with high confidence. The generated weighted mask resulted in
distinguishing the touching nuclei effectively, while missing some small nuclei and the center region
of the larger nuclei. The probability maps generated by the first network were passed to the second

network to enhance the final prediction mask.

(d) (e)

Figure 3.2. The binary and normalized weighted masks generated for a representative histopathology image patch
(40x magnification) (a) with different parameters: (b) binary ground truth (w, = 0), (¢) wy = 5,0 = 10, (d) w, =
3,0 =10,and () wy = 10,0 = 5.

Figure 3.3 compares the output of different trained model on MoNuSeg test set with the ground
truth. The segmentation mask generated by the attention U-Net (Figure 3.3(c, d)) and vanilla U-Net
(Figure 3.3(e, 1)) lacks accuracy in finding the nuclei boarders, particularly for the very close nuclei.
The generated mask in Figure 3.3(g, h) shows the ability of the weighted U-Net model in separating

the touching nuclei, however, the model missed to detect a few small nuclei and the center of few
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larger nuclei. The cascaded model (Figure 3.3(i, j)) took advantage of both networks in finding the

accurate border of very close nuclei, detecting small nuclei, and completely annotating the larger

nuclei.

Figure 3.3. Comparison of the output segmentation masks of different networks with ground truth for two
representative patches (top and bottom; 256x256 pixel): (a, b) histopathology images, (c, d) attention U-Net, (e, f)
vanilla U-Net with the VGG16 backbone, (g, h) weighted U-Net, (i, j) cascaded framework. The pixel colors indicate
true positive (green), true negative (black), false positive (yellow), and false negative (red).

Table 3.1 shows the performance of the proposed model on the MoNuSeg dataset compared to
the attention U-net, vanilla U-Net with the VGG16 backbone and the weighted U-Net model in terms
of AJI and F1-score metrics for the training, validation, and unseen test sets. The cascaded model

could outperform each single model in all metrics.
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Table 3.1. Performance of the proposed model on the MoNuSeg dataset

Training Validation Test
Model

AJl F1 Al F1 AJl F1
Attention U-Net 070 079 067 076 067 074
Vanilla U-Net with VGG16 backbone 0.70 0.80 0.68 0.77 0.68 0.76
Weighted U-Net 072 082 072 081 070 079
Cascaded Model 074 084 073 084 072 083

Table 3.2 demonstrates the AJl of the top five state-of-the-art models on the same dataset based
on the MoNuSeg test set leaderboard, where the superior performance of the cascaded model in

nuclei segmentation task is indicated.

Table 3.2. Comparison of the proposed model performance with other state-of-the-art models

Segmentation Model AJl
Yunzhi [248] 0.68
Pku.hzq [248] 0.69
BUPT.J.LI [248] 0.69
CIA-Net [249] 0.70
U-Net++ [250] 0.70
SSL [251] 0.71
Proposed Cascaded Model 0.72

3.4 Discussion and Conclusion

In this chapter, a cascaded U-Net based framework was proposed for segmenting the nuclei in digital
histopathology images accurately. A U-Net model with a pixel-wised weighted loss function
followed by a vanilla U-Net with a VGG16 backbone have been adapted in the framework to
annotate the touching nuclei accurately while keeping the number of correctly detected nuclei as
high as possible. Three non-trainable layers have been added to the weighted U-Net model to
calculate the pixel-wised weighted loss function during the training phase. The probability maps
generated by the weighted U-Net are passed to the U-Net model with the VGG16 backbone and a
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soft Dice loss function to generate the final masks. The weighted U-Net is responsible to remove the
deceptive texture in the background which could be incorrectly considered as object (nuclei) and
detect the border of the touching nuclei with high precision while the second U-Net is in charge of
giving the same priority to all pixels to detect small nuclei and the missed (center) regions in the
larger nuclei. The proposed framework could generate the binary mask on MoNuSeg test set with
an AJl of 0.72, which shows a considerable improvement compared to the previous models. Whereas
the cascaded model could outperform the former models, further investigation is still required with
the state-of-the-art methods to evaluate and potentially improve the performance of the nuclei

segmentation framework on larger datasets.
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Chapter 4

Quantitative Digital Histopathology and Machine Learning to
Predict Pathological Complete Response to Chemotherapy in
Breast Cancer Patients using Pre-treatment Tumor Biopsies”

4.1 Introduction

The annual rate of breast cancer occurrence has increased by 0.3% in the United States [159], and
associated with a risk of one in eight women who will develop breast cancer [160]. Approximately
5% to 20% of diagnoses include locally advanced breast cancer (LABC) [161], defined as stage III
and a subgroup of stage I1B [162]. It typically comprises tumors larger than 5 cm, may involve skin
or chest wall invasion, or with extensive axillary lymph node metastases [22], [163]. Due to the high
risk of cancer progression, metastatic spread, and loco-regional recurrence, LABC is associated with
a poorer prognosis compared to early-stage breast cancer [161], [163], [164]. The 10-year survival
is approximately 44%, which is dependent on breast cancer subtype and response to therapies [165].
Definitive treatment for LABC includes neoadjuvant chemotherapy (NAC) followed by surgery
[166]. However, only 10-30% of LABC patients demonstrate pathological complete response (pCR)
to NAC, defined as a complete clearance of invasive carcinoma in the breast and regional lymph
nodes [167]-[170]. Previous studies have shown a correlation between pCR and improved 5-year

survival of up to 70% [171]-[174]. However, pathologic assessment is carried out after surgery,

*A version of the material presented in this chapter has been published in Scientific Reports. 12: 9690, 2022.
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which limits the opportunity to adapt NAC treatments according to tumor response. Accordingly,
early prediction of treatment response is needed to guide cancer therapy decisions based on

individualized patient factors.

Several studies have investigated imaging biomarkers for early diagnosis, prognosis and the
prediction of treatment responses in breast cancer [161], [163], [164]. However, histological
examination remains the standard for cancer diagnosis, while genetic and immunohistochemical
assessments may be used for prognosis and treatment outcome prediction [175], [176]. Machine
learning (ML) algorithms, along with the development of whole slide imaging, has opened new
research directions for early assessment of therapy response using quantitative digital
histopathology. Digital pathology has the potential to yield large datasets from microscopic imaging
and for automated analysis. Availability of such data permits development of computational tools
and data-driven ML algorithms to process and interpret different types of tissue in high-resolution
histopathology images and derive quantitative features for various diagnostic and prognostic
applications [177]. Recent studies have demonstrated promising results for predicting cancer
treatment outcome and recurrence using a combination of quantitative imaging (radiomic) and

digital histopathology (pathomic) features [178], [179].

The objective of the study presented in this chapter is to investigate ML methods coupled with
quantitative digital histopathology to predict pCR to neoadjuvant chemotherapy in breast cancer

patients using pre-treatment biopsy specimens.
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4.2 Materials and Methods

4.2.1 Study Protocol and Data Acquisition

This investigation was a single institution, retrospective study. Ethical approval was obtained from
the institutional ethics review board (IRB) at Sunnybrook Health Sciences Centre and York
University, Toronto, Canada, prior to data collection and analysis; research was conducted in
accordance with the Declaration of Helsinki. As this was a retrospective non-interventional study, a
consent waiver was obtained from the IRB under the provision of the Canadian Tri-Council Policy
Statement 2 (TCPS; 2018) Articles 3.1-3.5 and 3.7A (i.e., Ethical Conduct for Research Involving
Humans). All study data were anonymized; specifically, patient identifiers were removed from each
sample prior to analysis. Patients were included in the study based on the following inclusion criteria:
confirmed diagnosis of invasive breast cancer, age (18+), and undergoing Anthracycline and/or
Taxane based neoadjuvant chemotherapy followed by surgery. There were 149 patients included in
the study. All patients had a breast core needle biopsy before NAC with a pathological review as
part of their standard of care. Clinicopathological and imaging information were collected for all
patients. Clinical data included patient age, menopausal status (pre/post), clinical tumor size (largest
radiologically reported dimension from either mammogram ultrasound or magnetic resonance
imaging; mm), histological type (ductal versus lobular carcinoma), Nottingham grade (G1/G2/G3),
and the presence or absence of inflammatory cancer (defined as breast carcinoma with dermal
lymphatic invasion). Estrogen receptor (ER) status (+/-), progesterone receptor (PR) status (+/-),

human epidermal growth factor receptor-2 (HER2) status (+/-) were also obtained for all patients.

Treatment response endpoints were evaluated after surgery and classified into pathological
complete response (pCR) versus pathological non-complete response (non-pCR), as ground truth

labels for subsequent modelling. A standard assessment method using the residual cancer burden
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index (RCBI) [180] was employed for ground truth labeling of response. An RCBI score of 0 (i.e.,
pCR) was defined as the absence of residual invasive and nodal disease [181]. Patients who
demonstrated residual disease were classified as non-pCR (i.e., RCBI>0). All pathology reviews
(pre-treatment and post-surgery histopathology) were evaluated by a board-certified breast
pathologist as part of the patient’s standard of care. Similarly, radiological reporting was carried out
at the time of diagnosis by board-certified breast radiologists. The patients were randomly
partitioned into a training (75%; n=111 patients) and an unseen test set (25%; n=38 patients). The
training set was used for feature reduction/selection and development of predictive models
(described below). The test set was used to evaluate the performance of the predictive models

independently.

4.2.2 Core Biopsy Sample Preparation

Formalin-fixed paraffin embedded (FFPE) blocks containing core biopsy specimens obtained from
each patient at pre-treatment were microtomed into 4 pum sections. Specimens were prepared onto
glass slides and stained with hematoxylin & eosin (H&E). The slides were digitized into whole slide
images (WSI) using a TissueScope LE digital pathology image scanner (Huron Digital Pathology
Inc, St. Jacobs, Canada) at 40x magnification. All WSI were reviewed to ensure image integrity
before image processing and analysis. If any image was distorted, blurry, or contained occlusions,

the associated slide was re-imaged.

4.2.3 Preprocessing of Histopathology Images and Pathomic Feature Extraction

Figure 4.1 shows the overview of proposed pathomic framework for NAC response prediction. The
tumor regions were annotated on the WSIs by an expert pathologist using the Sedeen software
package[182]. The pre-processing steps were performed on three-channel RGB images. The tumor

region annotations were preprocessed to extract non-overlapping tiles with a size of 768x768 pixels
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by including tumor margins, when required. From the extracted tiles only the ones with more than
50% tumor tissue and less than 10% white background were retained for analysis (Figure 4.2(a) and
(b)). In total, 647,328 image tiles were included in this study (484,071 and 163,257 tiles in the
training and test sets, respectively). A pre-trained weighted U-Net based model was utilized to
segment the nuclei in each tile accurately [183]. The histopathology images from the Cancer
Imaging Archive (TCIA) and the Multi-Organ Nucleus Segmentation (MoNuSeg) datasets
were used to train the model [184][185]. Each tile was patched to 256x256 pixel patches with 128
pixels overlap between the adjacent patches. After segmenting the nuclei, the patches were merged
by averaging over the output probability map of the segmentation model within the overlapped
regions. The binary nuclei mask for each tile was generated by thresholding the associated averaged
probability map with a threshold level of 0.5. The detected nuclei with less than 50 pixels were
eliminated in the generated masks based on the empirical observation that the actual nuclei cannot
include less than 50 pixels on the histopathology images acquired at 40x magnification. Figure 4.2(c)
and (d) shows a tile extracted from the tumor region of a representative WSI and the binary nuclei
mask generated for it.

Using the HistomicsTK [186] and PyRadiomics [187] open-source packages, 549 pathomic
features were extracted from each image tile for analysis. The features were representative of five
categories: nuclear morphology and Fourier shape descriptors (16 features) [71], nuclear intensity
and gradient features (20 features) [188], first- and second-order texture features (93
features) [189], graph-based features (49 features) [74] and wavelet features consisting of intensity,
gradient and texture features extracted from wavelet filtered images (371 features) [190]. The
morphological features and Fourier shape descriptors as well as the graph-based features were

derived using the binary nuclei masks. The binary masks and the gray-scale image tiles were used
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to calculate the nuclear intensity, gradient, texture, and wavelet features. The extracted features were
averaged over all image tiles associated with each WSI to obtain the overall features for each patient.
The number of nuclei in each image tile was applied to derive a weighting factor for the tile in

calculating the averaged features.
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Figure 4.1. Overview of proposed pathomic framework for NAC response prediction. Annotated tumor beds were
patched to 768x768 pixel tiles, and the pathomic features were extracted from the automatically segmented nuclei.
A GBM model was adopted to select the optimal feature set, and subsequently build a predictive model that was
evaluated on an independent test set.

Figure 4.2. (a) An example of tumor bed annotation on a representative segment of the core on WSI at 40x (2188 x
4124 pixels), (b) the non-overlapping 768 x 768 pixel tiles extracted from the tumor region with the excluded tiles
shaded (less than 50% tumor or more than 10% white background), (c) an extracted tile with 100% tumor tissue,
and (d) the aenerated binary mask of the nuclei in the tile.
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4.2.4 Feature Reduction/Selection and Tumor Response Prediction

The clinical and pathomic features were analyzed through a feature reduction and selection process
on the training set to develop optimal biomarkers for NAC response prediction. Seven different
experiments were conducted to analyze different feature subsets including the clinical,
morphological, intensity-based, texture, graph-based and the wavelet feature subsets, in addition to
a union of all feature subsets as the initial feature set. All the features were normalized to scale
between zero and one before the analysis. A gradient boosting machine (GBM) with decision trees
was trained as the classifier for response prediction in each experiment to calculate the contribution
of each feature in the associated feature subset to the prediction model based on the importance gain
score [191].The first few features with highest contribution to the model that demonstrated a
meaningful difference in the importance gain score compared to rest of the features were selected in

each experiment and included in the biomarker.

The GBM model was adapted to develop a predictive model of NAC response using the optimum
biomarker in each experiment. A five-fold cross validation on the training set was used with area
under the receiver operating characteristic (ROC) curve (AUC) as the criteria to optimize the model
hyperparameters. To address the imbalance issue of the dataset, the training samples of the minority
class (pCR) in each round were oversampled to a double number using the SMOTE method [192].
The final predictive model was developed using the entire training set with oversampled minority
class, a learning rate Of 0.1, a maximum depth of 10, and 2000 estimators. The performance of the
predictive model with the optimal biomarker was subsequently evaluated on the independent test set
using accuracy, sensitivity, specificity, and AUC. A threshold value of 0.5 was used as the cut-off

to calculate the sensitivity and specificity.
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4.3 Results

Table 4.1 shows clinical and pathological characteristics of the patients in the training and test sets.
Among the 149 patients, 57.7%, 55.7%, and 44.3% had tumors with an ER+, PR+, and HER2+
receptor status, respectively. A majority of the patients (n = 123) were diagnosed with invasive
ductal carcinoma, and a smaller proportion (n = 26) with invasive lobular carcinoma. The patients
had an average initial tumor sizes of 46.4 = 27.1 mm. Pathologic assessment after surgery
demonstrated 34% (n = 50) of patients achieved a pCR; whereas 66% (n = 99) were non-pCR. The
patients in the training and test set had similar statistics in terms of clinical and pathological
characteristics, and similar proportions of patients with pCR and non-pCR were randomly included

in both sets.

Table 4.1. Demographic and clinical information of the patients involved in the study. The distribution of each
variable was compared between the training and test sets using the Pearson's chi-squared homogeneity test for
categorical variables and the t-test for continuous variables; the p-values are reported in the last column.

Clinicopathologic Characteristics Count (%) |
Train (n=111) Test (n=38) p-vaile
Patient Demographics pCR non-pCR pCR non-pCR 0 =0.49
(n=39) (n=72) (n=11) (n=27) '
Median Age (Years) 48.4 52.2 50.6 52.1 p=0.33
Menopausal Status
Pre/Peri-menopausal 22 (56%) 36 (50%) 6 (55%) 15 (56%) _
Post-menopausal 17 (44%) 36 (50%) 5 (45%) 12 (44%) p=0.75
Receptor Status
ER Positive 14 (36%) 53 (74%) 2 (18%) 18 (67%) p=0.27
PR Positive 13 (33%) 43 (60%) 1 (9%) 16 (59%) p=0.11
HER2 Positive 27 (69%) 22 (31%) 7 (64%) 10 (37%) p=0.32
Histology
Invasive Ductal Carcinoma 39 (100%) 63 (88%) 11 (100%) 10 (37%)
Invasive Lobular Carcinoma 0(0%) 9 (9%) 0 (0%) 17 (63%) p=049
Nottingham Grade
1 1 (2%) 3 (4%) 0 (0%) 0 (0%)
2 9 (23%) 36 (50%) 2 (18%) 18 (67%) p=0.50
3 29 (75%) 33 (46%) 9 (82%) 9 (33%)
Tumor Size

Mean Tumor Size (mm; +SD)  37.2+21.2 50.9+289 | 441+258 48.9+279 | p=0.78
Other Clinical Information
Inflammatory Breast Cancer 4 (10%) 10 (14%) | 0 (0%) 1 (4%) | p=0.53
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Figure 4.3. The importance gain score of the first 15 features with highest contribution to the predictive model for

different feature subsets: (a) clinical, (b) morphological, (c) intensity-based, (d) texture, (e) graph-based, (f) wavelet,
and (g) all features. The green bars are associated with the features included in the NAC response biomarker in each

experiment.

Figure 4.3 shows the importance gain score of the first 15 features with the highest contribution to
each predictive model. The best features were selected in each experiment based on the importance
gain score as shown in the figure. In the first experiment, six clinical features including the tumor
size, Nottingham grade, age, as well as the ER, HER2, and PR status demonstrated a non-zero

importance gain score and were selected for model development. In the second to sixth experiments,



nine morphological features, ten intensity-based features, five texture features, five graph-based
features, and nine wavelet features demonstrated a notable difference in their importance gain score
compared to the rest of the features and were selected as the best features. Similarly, in the last
(seventh) experiment that incorporated all the feature subsets (clinical and pathomic features), the
first seven features were selected and included in the biomarker as their importance gain score
demonstrated a considerable difference compared to rest of the features. The selected features in this
biomarker only include the pathomic features, with four texture features derived from the wavelet-

filtered images, and three graph-based features extracted from the tumor nuclei masks.

Figure 4.4 demonstrate the box plot of the selected features in different experiments for the pCR
and non-pCR populations of the training set. The plots in Figure 4.4(a)-(f) show a relatively good
separation in statistical distribution of the selected features between the two groups, particularly for
those in the graph-based and wavelet feature subsets. The features selected among all feature subsets
in the last experiment (Figure 4.4(g)) demonstrate a very good separation between the quartiles and

median of feature values obtained for the two cohorts.

The evaluation results of the predictive models developed in different experiments have been
presented in Table 4.2. The training and five-fold cross-validation accuracies of the developed
models were very close together in each experiment and in the range of 72% to 85% and 71% to
84%, respectively. The perdition performance of the models on the independent test set has also
been reported in the table. The test accuracy, sensitivity, and specificity of the models in different
experiments were in the range of 71% to 84%, 70% to 85%, and 64% to 82%, respectively. The best
results were obtained in the seventh experiment with the response biomarker consisting of the
wavelet and graph-based features with a test accuracy of 84%, a sensitivity of 85%, and a specify of

82%. The ROC curves obtained on the independent test set is shown in Figure 4.5 for different
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models. The AUC of the models ranged between 0.67 and 0.90 with the best result associated with

the model developed using the wavelet and graph-based features.
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Figure 4.4. Box plots of the selected features for the pCR and non-pCR cohorts of the training set obtained in the
seven experiments conducted using different feature subsets: (a) clinical, (b) morphological, (c) intensity-based, (d)
texture, (e) graph-based, (f) wavelet, and (g) all features. The feature values are normalized in the range of 0 and 1.
The order of features in each plot is the same as that of the associated plot in Figure 4.3.
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Table 4.2. Results of NAC response prediction at pre-treatment using the clinicopathological and/or pathomic feature,
on the training, validation and test sets. The features included in each optimal biomarker have been listed in Figure

4.3. For the validation set, the 95% confidence intervals are reported over the five folds of cross validation.

Number of
Features Eeag;trierzal l—;c Val Acc Val AUC Val Sen Val Spec Xic EJC -Sr:n g;ec
Biomarker
Clinical Features 6 0.72 | 0.71£0.02 0.74+0.04 0.70+0.04 0.73+0.03 | 0.71 0.73 0.70 0.73
Morphological Features 9 0.76 | 0.76£0.03 0.78+0.05 0.78+0.03 0.67£0.02 | 0.74 0.78 0.78 0.64
Intensity-based Features 10 0.78 | 0.75+0.02 0.77+0.03 0.77+0.02 0.69+0.02 | 0.74 0.78 0.78 0.64
Texture Features 5 0.76 | 0.75£0.01 0.70+0.03 0.78+0.02 0.68+0.03 | 0.74 0.67 0.78 0.64
Graph-based Features 5 0.75 | 0.76£0.01 0.79+0.02 0.79+0.03 0.72+0.03 | 0.76 0.80 0.78 0.73
Wavelet Features 9 0.82 | 0.83£0.02 0.84+0.03 0.80+0.04 0.83+0.02 | 0.82 0.87 0.81 0.82
All Features 7 0.85 | 0.84£0.03 0.89+0.04 0.84+0.04 0.82+0.02 | 0.84 0.90 0.85 0.82

Abbreviations: Acc = accuracy; AUC = area under the curve; Sen = sensitivity; Spec = specificity; Tr = train; Te =

test; Val = validation
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Figure 4.5. Receiver operating characteristic (ROC) curves on the independent test set for the predictive models
developed with the selected features obtained in different experiments. In the last experiment and from all feature
subsets, 7 wavelet and graph-based features were selected.
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4.4 Discussion

In this study, a GBM multi-feature ML model was investigated with various sets of
clinicopathological and quantitative pathomic features derived from pre-treatment core biopsy
specimens to predict the therapy response of breast cancer patients undergoing NAC. Seven
experiments were conducted to explore the efficacy of various feature subsets in predicting the
therapy outcome. The results demonstrated superior performance of the wavelet and graph-based
feature in the predictive modeling of NAC response at pre-treatment. The best results were obtained
in the final experiment where all the clinical and pathomic features were included in the initial
feature set. The response signature developed in this experiment consisted of seven features,
including four wavelet and three graph-based features. Results of descriptive analysis demonstrated
a promising separation among the quartiles and median of these features between the two response
cohorts. The ML model developed using this biomarker predicted the NAC response of the patients
in the independent set with a sensitivity, specificity, and AUC of 85%, 82% and 0.90, respectively.
The multivariate GBM demonstrated that the non-linear combination of the selected pathomic

features has a very good predictive ability for NAC response at pre-treatment

The results of experiments conducted in this study demonstrate that the pathomic features
outperform the clinical variables in NAC response prediction. Whereas a few pathomic feature
subsets including the morphological, intensity-based and texture features could differentiate the
response cohorts with slightly better prediction accuracy compared to the clinical features, the
wavelet and graph-based features demonstrated a considerably better efficacy. This observation was
further confirmed in the last experiment where among all features, only the pathomic features from
these two subsets were selected in the optimal biomarker with no feature from the clinicopathologic

subset. Among the seven features included in this biomarker, the three graph-based features

72



characterize the variations in spatial distribution of the intra-tumor nuclei with different measures.
Specifically, the Voronoi_Max_Distance_Disorder feature measures the variations in maximum
distance within polygons in Voronoi diagram of the nuclei, while Delaunay Sides_Stddev and
Delaunay_Area_Stddev measure the variations in the side length and area of triangles in Delaunay
triangulation graph generated using the Voronoi partitions [193]. The wavelet features selected in
the biomarker, on the other hand, characterize the spatial heterogeneity within the tumor nuclei by
quantifying the gray-level dependencies in the associated wavelet-filtered images. Specifically, the
Wavelet HL_GLDM_DE, Wavelet HL_GLDM_SDE, Wavelet HL_GLDM_LDHGLE,
Wavelet HH_GLDM_DNU features measure the entropy in gray-level intensity dependence,
texture homogeneity, distribution of close similarities with higher intensity values, and the

uniformity of intensity values within the nuclei [194].

Imaging features confer information about cell-cell interactions and activity within the tumor
microenvironment [195]. Determining actionable biomarker signatures, derived by mapping tumor
subcomponents and characterizing the biological heterogeneity has the potential to improve
diagnosis and response-guided treatment strategies. Previous studies have investigated the efficacy
of the pathomic features in conjunction with the genomic features for other applications of cancer
diagnosis and prognosis [196], [197]. The findings of those studies are in agreement with the
observations in this study. The genomic data, however, are not routinely acquired for LABC.
Therefore, incorporating these parameters in predictive modeling of therapy outcome requires extra
data acquisition and processing that may not be always feasible. A number of other studies have
explored the performance of quantitative imaging data (radiomic features) acquired at early stage of
diagnosis for NAC response prediction [198][199][200]. The observations of those studies confirm

that the breast cancer characteristics such as intra-tumor heterogeneity quantified using pretreatment

73



imaging can reasonably be correlated to the NAC outcome. One limitation associated with predictive
modeling using the imaging-based features is that the performance of such systems could possibly
be affected by imaging acquisition protocols including variations in resolution, magnification, and
gain parameters [201]. A number of previous studies have focused on post-treatment nonsurgical
techniques including biopsy and imaging to detect residual cancer in the breast or axilla after NAC
[202], [203]. Specifically, pre-surgical vacuum-assisted biopsy (VAB) coupled with machine
learning methods have been investigated to identify patients with pCR to NAC who may not need
to undergo surgery. The results demonstrate that combining the clinical, imaging and VAB variables
integrated with machine learning models can improve the performance in pre-surgical NAC response
identification. Whereas applying such methods at post-treatment may spare the patients with pCR
from an unnecessary mastectomy or lumpectomy, they cannot facilitate treatment adjustments or

switching to alternative treatments for non-responders.

The results of this study were obtained using a relatively small dataset (n = 149) acquired from a
single institution. A test set was randomly selected and kept completely unseen during the model
development and tuning to assess the performance of the models independently. Whereas similar
performance of the models on the validation and independent test sets can imply a good
generalizability of the models on unseen samples, no external test set was available in this study to
minimize the chance of bias in model evaluations. As such, to evaluate the robustness of the methods
and assess the performance and applicability of the developed models in clinic rigorously, further

investigations are required on larger cohorts of patients with multi-institutional data.

In conclusion, this study demonstrates a very good potential of hand-crafted pathomic features
integrated with ML techniques in predicting the pathological response of breast cancer patient to

NAC. The promising results obtained in this study is a step forward toward a priori chemotherapy
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response prediction in high-risk breast cancer patients using smart quantitative histopathology
methodologies at pre-treatment. Early prediction of NAC response permits timely therapy
adjustment by oncologists or switching to more effective treatment for individual patients. A
personalized oncology paradigm for breast cancer patients is expected to improve their overall
therapy outcome and quality of life. The promising results obtained in this study pave the way for
further investigations and encourage future studies to integrate more advanced ML methodologies
including the end-to-end deep learning architectures with digital histopathology for NAC response

prediction.
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Chapter 5

A Hierarchical Self-Attention-Guided Deep Learning
Framework to Predict Pathological Complete Response to
Chemotherapy in Breast Cancer Patients using Pre-Treatment
Tumor Biopsies”

5.1 Introduction

About 20% of breast cancer patients are diagnosed with locally advanced breast cancer (LABC)
[204], [205]. LABC includes stage Il and a subdivision of stage 11B breast cancer, with a tumor size
of usually greater than 5 cm that may extend to the skin and/or chest wall, or with axillary lymph
node involvement [22], [199], [206]. LABC patients typically have poorer prognosis compared to
early-stage breast cancer due to high risk of cancer progression, local recurrence and metastasis
[207]-[209]. LABC is currently treated with neoadjuvant chemotherapy (NAC) followed by surgery
and, if needed, hormone therapy, targeted therapy, and/or adjuvant radiotherapy [210], [211].
Despite multimodal treatment plans, LABC patients still have low overall survival, highly dependent
on tumor response to NAC [212]. Pathological response to NAC has shown high correlations with
patient survival [169]. However, only up to about 30% of LABC patients present pathological
complete response (pCR) to standard NAC [167], [213]. The definitive method for pathological

assessment of response to NAC is through histopathology on surgical specimens at post-treatment.

*A version of the material presented in this chapter has been submitted for publication in Medical Physics, 2022.
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However, the options for modifying NAC based on tumor response are limited at late stages during
the treatment course. Predicting response to NAC either before or early after the treatment initiation
could potentially improve the therapy outcomes through facilitating personalized patient care [214],

[215].

Prior research has explored various quantitative imaging approaches for assessing chemotherapy
response in breast cancer patients at the diagnosis stage or early after starting the treatment [215]—
[218]. Quantitative biomarkers derived using different medical imaging modalities, including
ultrasound, diffuse optical imaging, magnetic resonance imaging (MRI), and positron emission
tomography (PET), have shown promise in characterizing breast cancer in terms of responsiveness
to chemotherapy, particularly when coupled with machine learning (ML) models [219]-[222].
However, histopathological assessment remains the gold standard approach for cancer diagnosis and
characterization in clinical practice. In Chapter 4 of this dissertation, digital histopathology images
of diagnostic tumor biopsies have been applied for predicting pCR to NAC in breast cancer patients
using a pathomic framework. The results show the potential of quantitative information derived from
the pre-treatment digital pathology images for predicting NAC outcome. However, the hand-crafted
pathomic features that are defined based on closed-form mathematical equations may not capture all

the salient information from the digital pathology images.

Recent research has explored the efficacy of deep learning (DL) methods in various medical image
analysis applications [104]. One superiority of these methods compared to conventional ML models
is that the process of extracting hand-crafted features can be eliminated [105]. Previous studies have
investigated the performance of various DL frameworks in analyzing histopathology images for
tumor grading and subtyping, and predicting the patient survival [106]-[109]. These studies have
demonstrated the potential of the DL models and specifically the deep convolutional networks in

digital pathology image analysis. The size of whole slide images (WSIs), however, remains as a
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constraint in training the DL models, due to memory limitations. Specifically, developing adequate
DL models for analyzing the WSIs at high magnification is a challenging task as the size of the high-
resolution WSiIs can be as large as 150000 x 150000 pixels [223], [224]. This issue can possibly be
addressed by resizing (downscaling) the WSIs and/or extracting small patches from them for
analysis by the DL models. Downscaling reduces the image resolution and potentially the efficacy
of the information derived by the model. The patching approach requires development of efficient
strategies for fusing the patch-level information, while considering the global dependencies, to make

relevant conclusions on the WSI level.

Several recent studies have focused on developing efficient DL models for image analysis and
classification in computer vision applications. The recent state-of-the-art models are categorized into
three general approaches. The first category includes the convolutional neural network (CNN)
models. The Xception model [225], a well-known model in this group, is an extended version of the
Inception-V3 architecture [226] in which the Inception modules have been replaced by depth-wise
separable convolutions. This model could outperform the Inception-VV3 model in classifying the
ImageNet dataset [227]. The second category comprises the transformers [228] that utilize an
encoder-decoder architecture with self-attention mechanism [229]. The self-attention mechanism in
the transformers differentially weights the significance of each part of the input data for the target
analysis. The recently introduced vision transformer (ViT) architecture [230] has demonstrated a
high performance in extracting the global relations in the input images [231]. However, compared
to the CNN-based models, this architecture requires larger amount of training data to yield an
adequate generalizability [232]. The last category includes the networks that combine the
convolutional layers with the attention mechanisms. The convolutional block attention module
(CBAM) [133], a recently proposed attention mechanism, can be used to infer independent channel

and spatial attention maps. The CoAtNet [233] is the most recent state-of-the-art architecture that
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stacks depth-wise convolutional layers and the self-attention mechanism to improve the

generalizability of the model [233].

In this chapter, a hierarchical attention-guided deep learning framework is proposed to predict
pCR to NAC in breast cancer patients using digital histopathology images of pre-treatment biopsy
specimens. The proposed model consists of three modules, including patch-level processing, tumor-
level processing, and patient-level response prediction. The hierarchical flow presented in this study
could overcome the difficulty of deriving the global relations between different tumor areas in high-

resolution WSIs while utilizing the local information within the tumor regions in the analysis.

5.2 Materials and Methods

5.2.1 Dataset

This retrospective study was conducted in accordance with the institutional ethics review board
(IRB) approval from Sunnybrook Health Sciences Centre, Toronto, Canada. The inclusion criteria
for the study included: biopsy-confirmed diagnosis of invasive breast cancer, age (18+), and
treatment with Anthracycline and/or Taxane based neoadjuvant chemotherapy followed by surgery
(any type). Following these criteria, 207 patients were included in the study. The patients aged
between 28 — 79 years with a mean and standard deviation of 51.1 + 10.4 years. The patients had an
initial tumor size in the range of 1.1 — 15.5 cm with a mean and standard deviation of 5.01 + 2.9 c¢m.
The clinical N stage was 0 (no positive lymph nodes) for 24.6% (n = 51); 1 (1-3 positive lymph
nodes) for 66.2% (n = 137); 2 (4-9 positive lymph nodes) for 8.2% (n = 17); and 3 (>10 positive
lymph nodes) for 1% (n = 2) of the patients. Among 207 patients, 62.3%, 54.1%, 62.3% and 41.5%

had tumors with an ER+, PR+, and HER2+ receptor status, respectively. Most of the patients (n =

79



192; 93%) had invasive ductal carcinoma (IDC), with a minority (n = 15;7%) diagnosed with

invasive lobular carcinoma (ILC).

All patients had a breast core needle biopsy before NAC with a pathological review as part of
their standard of care. The formalin-fixed paraffin embedded (FFPE) blocks containing core biopsy
specimens were microtomed into 4 pm sections. The specimen sections were prepared onto
histopathology slides and stained with hematoxylin and eosin (H&E). Digital histopathology images
of the H&E-stained slides were acquired using a digital pathology imaging system (Huron Digital
Pathology, St. Jacob’s Canada). The images were acquired at 40x (pixel size: 2 um) for all patients.
The digital WSIs were manually reviewed for artifacts or occlusions within the specimen before

analysis and any slides associated with a distorted or blurry image was re-imaged.

The treatment response was assessed for each patient after surgery and categorized into
pathological complete response (pCR; i.e., complete eradication of invasive tumor cells in the breast
and lymph nodes) versus pathological non-complete response (non-pCR; i.e., exhibiting residual
cancer), as ground truth labels for evaluating the developed models. A standard assessment method
using the residual cancer burden index (RCBI) was applied for assessment of treatment response.
An RCBI score of 0 (i.e., pCR) was defined as the absence of residual invasive and nodal disease
[234]. Patients who demonstrated residual disease were classified as non-pCR (i.e., RCBI > 0) [234].
All pathology reviews (pre-treatment and post-surgery histopathology) were performed by a board-
certified breast pathologist as part of the patient’s standard of care. The Pathological evaluations
after surgery demonstrated 25.2% (n = 52) of patients with a pCR and 74.8% (n = 155) with a non-

pCR.
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5.2.2 Preprocessing and Dataset Splitting

Using the Sedeen software package [235], an expert pathologist annotated the tumor bed areas on
the WSIs. The tumor bed annotations were pre-processed on the three-channel RGB images for patch
extraction. Tumor margins were included, when required, to obtain non-overlapping patches with a
size of 512 x 512 pixels (pixel size: 2 um) from the annotated tumor regions. However, only the
patches with more than 10% tumor tissue and less than 10% white background were retained for

the study (Figure 5.1). In total, 1,733,421 patches were included in this study.
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Figure 5.1. Overview of preprocessing steps. The tumor beds were annotated (green contours) in the WSI (40x) by
an expert pathologist. Patches of size of 512x 512 pixels were extracted from the tumor beds. Patches with more
than 10% tumor tissues and fewer than 10% white background were kept.

Out of the 207 patients in this study, 155 and 52 patients were labeled as the non-pCR and pCR,
respectively. The number of patches for each patient varied from 30 to 14418 (median = 1755). The
non-pCR and pCR classes included 1,423,210 and 310,211 patches, respectively. As such, the ratio
of the pCR to non-pCR class at the patient- and patch-level was 25.2% and 17.9%, respectively.

Figure 5.2(a) shows the distribution and quartiles of the number of patches per patient in the pCR

and non-pCR classes of the dataset. A stratified random splitting approach was applied to split the
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data at patient level into the training (70%; n = 144 with 9,430 annotated tumor beds and 1,559,784
patches) and test sets (30%; n = 63 with 3,574 annotated tumor beds and 173,637 patches). The
stratified random splitting was performed considering the response label and the number of extracted
patches for each patient. The first quartile, median and the third quartile of the number of patches in
each response class (pCR and non-pCR) were used to stratify the patients into eight different bins
for random sampling, as shown in Figure 5.2(b). A similar procedure was used to utilize five-fold
cross-validation on the training set for optimizing the framework’s hyperparameters (described
further in Section 5.2.4). The training and test sets obtained using the stratified random splitting
approach were assessed, using statistical tests, for possible inhomogeneities in terms of clinical
feature distribution between the two sets. The Pearson's chi-squared homogeneity test was used for
categorical variables. The continuous variables were assessed using the t-test. Table 1 presents the

clinical information of the patients in the training and test sets, along with the statistical test results.

Class Criterion Stratifying bin number:
(PCR =0, non-pCR =1)  Discretized number of patches 4xClass + criterion
14000 - ’ ¢ 0 0 (< quartile1) 0
)
12000 - ’ 0 1 (>quartile1, <median) 1
@
o ]
s 10000 ! 0 2 (>median, <quartile3) 2
S 8000 - ¢
- . 0 3 (>quartile3) 3
E 6000 - [
£ N 1 0 (< quartile1) 4
2 4000 1 3805
1 1 (>quartile1, <median 5
2000 - 1812 H’“%m&s Ca :
966.5 965
0 - 1 2 (>median, <quartile3) 6
Non-pCR ul PCR 1 3 (>quartile3) 7
ass

Figure 5.2. Stratified random splitting of data at patient level based on the number of patches in each class
of the dataset. (a) Box plot presents the distribution and quartiles of the number of patches per patient in
each class. (b) The criterion for stratification.
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Table 5.1. Demographic and clinical characteristics of the patients. The distribution of each variable was
compared between the training and test sets using the Pearson's chi-squared homogeneity test for categorical
variables and the t-test for continuous variables; the p-values are reported in the last column.

Patient demographics and Count (%) p-value
clinicopathological Training (n=144) Test (n=63)

characteristics PCR (n=36) | non-pCR (n=108) | pCR (n=16) | non-pCR (n=47) | p =091
Median Age (Years) 475 51 495 51 p =0.61
Menopausal Status

Pre/Peri-menopausal 15 (42%) 56 (52%) 9 (56%) 24 (51%) B
Post-menopausal 21 (58%) 52 (48%) 7 (44%) 23 (49%) p=069
Tumor Size

Mean Tumor Size (mm; +SD) [ 39.8+21.1 | 558295 [ 37.1+239 [496+307 p =022
Nodal Status (N Stage)

No Positive Lymph Nodes (NO) 14 (39%) 22 (21%) 7 (44%) 8 (17%)

1-3 Positive Lymph Nodes (N1) | 21 (58%) 75 (69%) 8 (50%) 33 (70%) ~

4-9 Positive Lymph Nodes (N2) | 1 (3%) 10 (9%) 1 (6%) 5 (11%) p=059
>10 Positive Lymph Nodes (N3) | 0 (0%) 1 (1%) 0 (0%) 1 (2%)

Receptor Status

ER Positive 13 (36%) 79 (73%) 3 (19%) 34 (72%) p=0.81
PR Positive 12 (33%) 68 (63%) 2 (13%) 30 (64%) p =0.27
HER? Positive 24 (67%) 38 (35%) 10 (63%) 14 (30%) p=051
Histology

Invasive Ductal Carcinoma 36 (100%) 96 (89%) 16 (100%) 44 (94%) _
Invasive Lobular Carcinoma 0(0%) 12 (11%) 0 (0%) 3 (6%) p=053
Nottingham Grade

1 1 (3%) 4 (4%) 0 (0%) 1 (2%)

2 9 (25%) 39 (36%) 2 (13%) 22 (47%) p=0.47
3 26 (72%) 65 (60%) 14 (87%) 24 (51%)

Other Clinical Information

Inflammatory Breast Cancer 2 (6%) | 11 (10%) 2 (13%) | 5(11%) p = 0.64

5.2.3 Response Prediction Framework

Figure 5.3 demonstrates the scheme of the proposed hierarchical deep-learning framework for
therapy response prediction. The patient-wise sampler in the framework addresses the unbalance
issue of the training data at patient and patch levels. The sampler applies a weighted sampling
strategy for under-sampling the majority class in the training set based on the total number of patches

and the number of patients in each class using Equation (5.1).
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Figure 5.3. Scheme of proposed hierarchical deep-learning framework for NAC outcome prediction. The framework
() consists of a patch-level sampler for training, and three level of processing. Detailed architectures of the
processing modules are shown for patch-level processing module (b), tumor-level processing module (c), and
patient-level response prediction module (d). The component colors in (b), (c) and (d) shows the associated
block in (a).

Spt

Wp = 51
P S, X Sy (5.1)

In Equation (5.1), w,, is the calculated weight for each patient, S,,; is the total number of patches in
the training set, S, is the total number of patches for the patient, and S, is the total number of

patches in the associated class of the patient (pCR or non-pCR). After calculating the weights for all
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patients in the training set, they are normalized such that the sum of all weights adds up to one. All
patches of each patient are assigned equal weights for selection by the sampler. The sampler size

(number of patches in each epoch) is tuned as a hyperparameter during the system’s training process.

The framework includes a hierarchical flow of the patch-level processing, tumor-level processing,
and the patient-level response prediction. It utilizes a self-attention-guided convolutional network
architecture followed by two customized ViT network architectures for a hierarchical deep-learning-
based analysis of the digital histopathology images for NAC response prediction. In the patch-level
processing module, a modified CoAtNet model with two convolutional components followed by two
self-attention modules (Figure 5.3(b)) extracts the descriptive features from histopathology image
patches that are downsampled to 256 x 256 pixels using a two-layer convolutional block. A feature
map of size 768 associated with each patch is collected from the last layer (global pooling layer)
before the fully connected layer in the network. The sequence of feature maps for each tumor bed is
generated by stacking the sorted patch-level feature maps of the corresponding tumor bed annotation
in the associated histopathology image. Specifically, the feature maps are sorted based on the
position of their associated patch in the tumor bed from top left to bottom right. The generated feature
map sequence is fed as input to the first VIiT model that includes sixteen encoder blocks (Figure
5.3(c)) to explore the relations in aggregated features of each tumor bed. The initial positional
encoding vector for the tumor-level processing module is defined based on the generated sequence
of the sorted patches. To adapt the sequence of feature maps for the ViT architecture, the input size
is defined as the (sequence length x size of feature map vector). Since the number of patches varies
for different tumor beds, a threshold is set for the maximum length of the sequence (tuned as a
hyperparameter during the system’s training process). For the tumor beds with a smaller number of

patches than the threshold, a zero-masking approach is applied, while for the beds with a larger
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number of patches, the starting patch of sequence is randomly selected. A similar approach is applied
in the patient-level response prediction network (Figure 5.3(d)) to aggregate the information
obtained at tumor-level processing and exploiting the global dependencies between the tumor areas
for therapy response prediction. A feature map of size 1024 associated with each tumor bed is
extracted from the last layer (mean pooling layer) of the tumor-level processing ViT before the fully
connected layer. A sequence of the feature maps is generated for each patient to feed into the patient-
level response prediction ViT network that includes two encoder blocks. Similar feature map sorting
and sequence length thresholding strategies applied for the tumor-level processing ViT are used to

create the input sequence of this ViT network.
5.2.4 System Training

The framework’s hyperparameters were optimized using a grid search approach with five-fold cross
validation on the training set. The sampler size was tuned to 10000 patches for each training epoch.
The number of patches per tumor bed, and the number of tumor bed regions per patient varied
between 1 to 3879 (median = 6), and 1 to 285 (median = 44), respectively. Accordingly, the threshold
for maximum length of the sequence in the tumor-level and patient-level processing modules was
tuned to 10 and 50, respectively. These thresholds resulted in an input size of 10 x 768 and
50 x 1024 for the associated networks, respectively. The batch size was tuned to 200 for all three
networks. A maximum number of 100 epochs was used for training each network. The learning rate
was tuned to 0.05 for the patch-level and tumor-level processing networks and 0.01 for the patient-
level response prediction network. After the hyperparameter tuning, 20% of the training set patients
(n = 29) were selected as the validation set using the stratified random splitting approach and the

framework with optimized hyperparameters was trained using the remaining patients in the training

86



set (80% of the training set, n = 115). Early stopping was utilized for all networks based on the

validation loss during the training process to prevent overfitting.

5.2.4 Evaluation

The performance of the proposed framework was assessed on the independent unseen test set using
the accuracy, sensitivity, specificity, loss, Fl-score, and area under the receiver operating
characteristics (ROC) curve (AUC). A threshold value of 0.5 was used as the cut-off to calculate the
sensitivity and specificity. To evaluate the performance and effectiveness of the proposed
hierarchical framework, ablation experiments were performed with models that only incorporated
the patch-level processing, patch-level + tumor-level, and patch-level + patient-level processing
modules. In another set of experiments, maximum voting was applied on the output of the patch-
level and patch-level + tumor-level models to obtain the tumor-level and patient-level response
prediction results, for comparison with those of the hierarchical models. Separate sets of experiments
were conducted using two other frameworks that utilized an Xception model coupled with CBAM
attention as a state-of-the-art CNN-based model, and a pure self-attended architecture with a ViT

model as their patch-level processing network.

A gradient class activation map (Grad-CAM) approach [236] was applied for visualization of the
trained patch-level processing attention mechanisms. The Grad-CAM approach provides
information on salient regions in an image for a specific class to permit interpreting the network
decisions based on the model attention. The attention heatmaps were generated for the patches
presented to the trained framework based on their predicted label. The generated heatmaps were
stitched together using their position information to create complete attention maps for individual
tumor areas. The visualization heatmaps were reviewed to assess and compare the efficacy of
attention mechanisms in different networks.
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5.3 Results

Table 5.2 presents the evaluation results of different balancing strategies in the patch-level module.
The results show the superiority of the proposed patient-wised sampler compared to the weighted
loss function approach and label-wised sampler in the patch-level module using the CoAtNet
architecture. While the weighted loss function approach could achieve the best training loss of 0.55
compared to the label-wised and patient-wised sampler with the training losses of 0.58 and 0.56,
respectively, the difference between the sensitivity and specificity results is higher in this approach.
The patient-wised sampler strategy could achieve the best accuracy, sensitivity and specificity on
the training, validation and test sets, while the label-wised sampler could generally outperform the
weighted loss function approach in terms of these metrics.
Table 5.2. Comparison between different training set balancing strategies at the patch-level module with CoAtNet

architecture. The best value in each column is in bold. Acc: accuracy, Sens: sensitivity, Spec: specificity, AUC: area
under the ROC curve.

Training Set Validation Set Independent Test Set

Balancing Strategy
Loss |Acc |Sens [Spec|Loss |Acc |Sens [Spec [Loss |Acc |Sens [Spec

Weighted Loss Function 0.55|0.75(0.71{0.80| 0.64 | 0.76 | 0.70 | 0.78 | 0.64 | 0.76 | 0.71 | 0.78
Label-wised Sampler 0.580.76 | 0.72{0.78| 0.61 | 0.77 | 0.72| 0.79 | 0.60 | 0.78 | 0.74 | 0.80
Patient-wised Sampler 0.56 | 0.78 | 0.76 {0.80| 0.58 | 0.78 | 0.74| 0.80 | 0.54 | 0.81 | 0.78 | 0.82

Table 5.3 shows the performance of the proposed framework compared with other similar models.
The results demonstrate that the CoAtNet architecture as the patch-level processing module
outperformed the Xception model with CBAM attention and the ViT model, with an accuracy of
81% on the test set, compared to accuracies of 79% and 78% respectively. Results of the ablation
experiments demonstrate that the three-level hierarchical frameworks could outperform the patch-

level only and the two-level (patch-level + tumor-level and patch-level + patient-level) processing
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frameworks. The patch-level + tumor-level and patch-level + patient-level processing frameworks
consisting of cascaded ViT models resulted in an AUC of 0.78 and 0.77, respectively, on the test set,
while the similar architecture with three-level hierarchy resulted in an AUC of 0.80. Also, the two-
level hierarchical models (patch-level + tumor-level and patch-level + patient-level) with the
Xception + CBAM architecture followed by the VIiT module could achieve an AUC of 0.80 and
0.82, respectively, whereas the similar model with three levels of processing could achieve an AUC
of 0.86. The tumor-level and patient-level results obtained through maximum voting on the outputs
of the patch-level and patch-level + tumor-level models demonstrate a better performance of the
corresponding hierarchical models in response prediction. The best performance was achieved by
the proposed framework with three-level hierarchy consisting of the CoAtNet architecture as a
patch-level processing module and two ViT architectures for the tumor-level processing and patient-
level response prediction. This model resulted in an accuracy of 86% on the test set, and a sensitivity,

specificity, F1-score and AUC of 87%, 83%, 90% and 0.89 respectively.

Figure 5.4 compares the AUC of the two-level and three-level hierarchical architectures with
different patch-level processing modules (ViT, Xception+CBAM, and CoAtNet). The AUCs are in
the range of 0.77 and 0.89 with the best results associated with the three-level hierarchical

framework using the CoAtNet as the patch-level processing component.
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Table 5.3. Performance of different architectures in predicting NAC response using pre-treatment digitized histopathology slides of core
needle biopsies. The best value in each column is in bold. Acc: accuracy, Sens: sensitivity, Spec: specificity, AUC: area under the ROC

curve.
Training Set Validation Set Independent Test set
Model E1l-
Loss| Acc |Sens| Spec |Loss| Acc |Sens|Spec|Loss| Acc |Sens|Spec| AUC score
Patch-level 0.61(0.76 | 0.76 | 0.75 [ 0.61|0.77|{0.78|0.740.59 | 0.780.79 | 0.75| 0.78 | 0.84
Max-voting on Patch-level
- 10.73|0.73{ 073 | - |0.74|0.75|0.72| - |0.74]0.75|0.73| - 0.82
(Tumor-level Results)
Max-voting on Patch-level 0.72(0.73| 0.72 0.72(0.73|0.71 0.73(0.74]0.72 0.81
(Patient-level Results) e : : e ' ' e ' ' i '
i Patch-level 0.60{0.77|0.78| 0.75 | 0.60|0.780.79 |0.75|0.59 (0.79|0.80 | 0.75| 0.78 | 0.85
VIT ) + Tumor-level . . . . . . . . . . . . . .
+ (None/ViT) M ti Patch-level + T level
+ (None/ViT ax-voting on Patch-leve umor-level| i i i
( ) (Patient-level Results) 0.760.77| 0.75 0.76 |0.77 | 0.74 0.78]0.79{0.75 0.84
Patch-level 79079 0.7 780.79 | 0.76 | 0.57 1/078| 0.77
+ Patient-level 0.5910.79|0.79| 0.78 | 0.60|0.780.79|0.76 | 0.57 | 0.80|0.81 | 0.78 | 0. 0.86
Patch-level
+ Tumor-level 0.57{0.80|0.80| 0.79 | 0.58|0.79|0.80|0.76 | 0.55|0.82|0.83|0.79| 0.80 | 0.87
+ Patient-level
Patch-level 0.5710.77|0.80| 0.74 | 0.58|0.77|0.79 |0.73|0.56 | 0.79|0.80 | 0.76 | 0.79 | 0.85
Max-voting on Patch-level
- |0.76|0.78( 0.75 | - |0.77|0.78|0.74| - |0.78(0.79|0.76 | - 0.84
(Tumor-level Results)
Max-voting on Patch-level
. - |0.76|0.77| 0.76 | - |0.76|0.77|0.74| - |0.76|0.77|0.75| - 0.83
(Patient-level Results)
; Patch-level
Xception 0.55/0.80|0.81 | 0.77 [0.56|0.80|0.81|0.75|0.55[0.81|0.82|0.77 | 0.80 | 0.86
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Figure 5.4. Receiver operating characteristic (ROC) curves on the independent test set for the predictive
models developed with two-level (patch-level + patient-level: ViT + ViT, Xception + ViT, and CoAtNet
+ VIiT) and three-level (patch-level + tumor-level + patient-level: ViT + ViT + ViT, Xception + VIiT +
ViT, and CoAtNet + VIiT + ViT) hierarchical framework. Different patch-level processing modules were
utilized for comparison.

In a separate experiment, the clinical features described in Section 4.2.1 were incorporated into
the patient-level response prediction module as a new token input to the VIT architecture to evaluate
the possible contribution of the clinical features to the response prediction models. The categorical
features were encoded using one-hot vectors, and the continuous features were normalized between
0 and 1 using the training set data, before inputting the model. The results demonstrated that
incorporating the clinical features into the framework could not improve the performance of the

prediction models.

Figure 5.5 presents the attention heatmaps obtained for two representative tumor regions: one with

a pCR and the other one with a non-pCR outcome after NAC. The heatmaps were generated for each
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patch in the tumor bed region (contoured by an expert pathologist) using the Grad-CAM approach
and overlaid on the original histopathology image for visualization. A comparison between the
heatmaps associated with different patch-level processing modules shows that the CoAtNet

architecture has demonstrated more focus on the tumor regions compared to the other two networks.
Attention

0.8
0.6
0.4
0.2
0.0
e P
i \""x\
o
2N 3
Y i
5
\

Figure 5.5. Comparison of Grad-CAM attention heatmaps associated with different patch-level processing modules for
two representative tumor regions with a pCR (top row) and non-pCR (bottom row) outcome after NAC, respectively: (a, b)
tumor areas extracted from the H&E-stained WSIs (40x), (c, d) attention heatmaps of ViT, (e, f) attention heatmaps of
Xception + CBAM, (g, h) attention heatmaps of CoAtNet. The contours show the tumor bed annotations drawn by an expert
pathologist. The CoAtNet architecture demonstrates more focus on tumor area, compared to the other networks.
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5.4 Discussion and Conclusion

In this chapter, a hierarchical deep learning framework was proposed for the first time to predict
breast cancer response to NAC using digital histopathology images of pre-treatment biopsy
specimens. The proposed model consists of a patch-level processing module followed by a tumor-
level processing module and a patient-level response prediction module. A self-attention-guided
convolutional network based on the CoAtNet architecture has been adapted for the patch-level
processing step, with two ViT models for aggregating the sequence of feature maps at the tumor-
level and predicting the therapy response, respectively. The patch-level processing module was
applied to capture the local correlations within the tumor microenvironment and extract the feature
maps carrying relevant information of the pathology image patches. The tumor-level processing step
has been used to aggregate the local information for each tumor region. The patient-level prediction
module utilized the sequence of information for various tumor regions to derive the global relations
and predict the patient response to NAC. The proposed model could predict the NAC response of
the patients in an independent test set with a sensitivity, specificity, and F1-score of 87%, 83%, and
90%, respectively. A comparison between the attention heatmaps generated by various patch-level
processing architectures demonstrates that the CoAtNet architecture paid more attention to the tumor
areas compared to surrounding the healthy tissues. The performance of the proposed hierarchical
model shows that the combination of convolutional blocks with self-attention modules adapted as
the patch-level processing component can effectively extract local information within the tumor
patches, while the relations between these features in each tumor area and at patient-level for NAC
response prediction can be successfully modelled using the vision transformer modules. The model
performance on the validation and test sets is slightly better compared to the training set. A possible

reason for this pattern can be due to the fact that for addressing the imbalance issue of the dataset, a
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number of regulations were applied during the training process such as using a patient-wise sampler
and an early stopping strategy based on the performance on the validation set. Also, as the validation
and test sets are imbalance, slight improvements in predicting the majority class (non-pCR) would

have a magnified effect on the overall performance of the model.

The proposed hierarchical framework provides an effective approach for analyzing the WSiIs at
high-resolution. Results of the ablation experiments in this study demonstrate that the three-level
hierarchical model could outperform the patch-level only and the two-level hierarchical models in
predicting the NAC response. The performance of a purely convolutional architecture, a completely
self-attention-based model, and a combination of convolutional and self-attention components in
extracting informative features from the tumor patches were compared. The results demonstrate that
coupling the convolutional and self-attention modules is a more effective architecture for extracting
local features. The positional embedding approach proposed in this study, enables the framework to
extract global relations within and between different tumor areas and predict the pCR/non-pCR

outcome for each patient using multi-head attention modules.

The obtained results in this study show that the local features extracted at the patch and tumor
levels carry meaningful information for NAC response prediction. However, the relations within the
aggregated patch-level information and the global dependencies between the tumor areas should also
be taken into account for a more accurate response prediction at the tumor and patient levels. This
is supported by the results of the comparative evaluations performed with maximum voting for
predicting NAC response at the tumor and patient levels. Specifically, while the models with
maximum voting receive the information from all patches or tumors in a WSI, they have
demonstrated inferior performance compared to their hierarchical-model counterparts. Further,

aggregating the patch- or tumor-level information using the maximum voting strategy has resulted
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in slightly lower accuracy in response prediction compared to the individual patch/tumor level
results. These observations highlight the importance of a systematized strategy to fuse the
patch/tumor-level information on the tumor/patient level for NAC response prediction. The size and
number of the tumor beds are quite variable among the biopsy samples, leading to large variations
in the number of patches per tumor bed and WSI. Such variations can potentially lead to inferior
aggregated results on the tumor level and patient level based on maximum voting, compared to the

corresponding patch-level and patch-level + tumor-level models.

Information on cellular interactions and activities within the tumor microenvironment can
potentially be captured from imaging. It may be possible to enhance diagnostic and response-guided
therapy approaches by identifying biomarker signatures obtained through mapping tumor
subcomponents and assessing biological heterogeneity in digital pathology images.[195] Previous
studies have investigated the use of radiomic features from different medical imaging data collected
at early stages of diagnosis for predicting the NAC response in breast cancer [198], [200], [217].
The results obtained in those investigations demonstrate that intra-tumor heterogeneity quantified
on imaging at pre-treatment can be associated with response to NAC. However, these images may
not be acquired routinely for breast cancer diagnosis. As such, integrating this information into a
therapy response prediction framework may necessitate additional imaging data collection and

processing that would not be always possible.

The study presented in Chapter 4 of this dissertation has demonstrated the potential of hand-
crafted pathomic features coupled with conventional ML models in predicting breast cancer response
to NAC [237]. The ML models were developed using the training data acquired from 111 patients,
where the best model achieved an accuracy of 84% (sensitivity: 85%; specificity: 82%) on the test

set (38 patients). The observations of that research are in agreement with the results obtained in this
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study. However, extracting hand-crafted features could possibly be affected by feature extraction
protocols that influence their reproducibility. Also, while the hand-crafted feature-based
conventional ML models have a decent potential in analyzing imaging data, they are bounded with
the information provided by a set of mathematically defined features. The data-driven deep-learning
models such as the one implemented in this study have shown higher performance in analyzing
large-scale data, and better scalability with growing datasets. In a very recent study, deep learning
methods have been applied to predict breast cancer response to NAC using three parallel pathology
images as the input [238]. The digital pathology images were obtained from the histopathology slides
with H&E staining and Ki67 and phosphohistone H3 (PHH3) immunohistochemistry. The models
were developed using a training set of 43 patients and evaluated on a test set with 30 patients. Using
maximum voting on the patch-level results, their best model achieved a test accuracy of 93% on the
patient level for detecting pCR to NAC. Those results, albeit obtained on a relatively small dataset,
support the utility of deep learning models in conjunction with digital pathology images of tumor
biopsies for NAC response prediction. However, the models developed in that study require multi-
modal pathology images with immunohistochemistry that are not routinely performed on pre-

treatment tumor biopsies in the clinic.

The data in this study was acquired from a single institution retrospectively. Future multi-
institutional studies with external validation are required for more rigorous evaluation of the
developed framework for NAC response prediction. The current framework relies on the manual
annotation of the tumor beds by expert pathologists on WSIs that is time consuming in the clinical
setting. Future works can possibly address this issue by developing automated tumor annotation
methods and investigating their efficacy when integrated with the NAC response prediction

framework. The framework proposed in this study directly analyses the pathology image patches
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with no explicit pre-processing step for nucleus detection and tumor cell classification. Future
studies can investigate potential impacts of incorporating such pre-processing steps in the framework
to extract tumor microenvironment features of the cancer cells specifically. The methods proposed
in this study can potentially be adapted for the analysis of digital pathology WSIs in other
applications. This includes diagnostic and prognostic applications for different cancer types such as

the breast [239], prostate [240], liver [241], and the lung cancer [242].

In conclusion, this study presented an automated hierarchical framework for analyzing digital
histopathology images of biopsy specimens and predicting NAC response at pre-treatment with
promising results. The effectiveness of combining convolutional blocks with self-attention modules
for hierarchical analysis of high-resolution histopathology images was demonstrated. The results of
this study pave the way toward a response-guided therapy paradigm for individual breast cancer
patients and motivate future studies on larger multi-institutional datasets for further investigation of

the proposed methodologies.
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Chapter 6

Conclusion and Future Directions

6.1 Summary and Conclusion

In this dissertation project, various machine learning and quantitative image analysis methods have
been developed, optimized, and investigated to analyze digital histopathology images automatically.
These methods have been integrated into innovative systems for tissue characterization, to
streamline the histopathology assessments workflow, and therapy response prediction in breast
cancer, using the data available at pre-treatment. The overarching goal of the project is to pave the
way toward a precision oncology paradigm for breast cancer, potentially leading to enhanced therapy
outcomes, and improved patient survival and quality of life. To pursue the project’s objectives four

main studies have been conducted and investigated, as summarized below.

First, a novel multi-scale attention-guided deep learning model was proposed and investigated for
breast tissue characterization workflow to classify digitized biopsy specimens into normal, benign,
in situ and invasive carcinoma tissues, automatically. In the next step, a new cascaded U-Net-based
architecture was developed, optimized, and evaluated for segmenting the nuclei accurately in whole
slide digital histopathology images. Ultimately, two novel approaches were investigated to predict
breast cancer response to NAC prior to the start of treatment using digital histopathology images. In the
first approach, a novel NAC response prediction framework was developed and investigated using

hand-crafted pathomic features in conjunction with conventional machine learning methods. In the
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second approach, an innovative end-to-end deep learning platform was introduced and
comprehensively investigated for NAC response prediction using digital histopathology images of
pre-treatment tumor biopsy specimens. The investigations conducted in this dissertation were
presented in four chapters. A summary of the key research contributions, main findings, and

conclusions for each chapter is presented below.

6.1.1 Chapter 2: Breast Tissue Characterization in Digital Histopathology Images

In Chapter 2, a multi-scale attention-guided deep learning model has been proposed to characterize
breast tissue in digital histopathology images according to four histological types, including normal,
benign, in situ carcinoma and invasive carcinoma. The framework includes two parallel
convolutional neural networks with a modified VGG16 architecture. The first network analyzes the
whole-sample images at low magnification. The second network focuses on the patches extracted
from the whole-sample images at high magnification. In the low-magnification network, a global
average pooling layer is added at the end of the network to extract the class activation maps for the
attention model. A long short-term memory (LSTM) network is adapted as a recurrent attention
mechanism to increase the contribution of the relevant parts of each image for classification. In the
high-magnification network, the probability vectors are averaged over all patches extracted from an
image to obtain the probability vectors associated with the four histological types for each sample.
The probability vectors for each sample from the high-magnification network and the attention
model are fused using a multilayer perceptron network to generate a classification label. Obtained

results on the test set demonstrated an average accuracy of 97.5% =+ 1.0% for the proposed model.

An average accuracy of 94.5%, 93.5%, and 96.3% was obtained, respectively, for the separate high-

and low-magnification networks, and the multi-scale model without an attention mechanism. The
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results demonstrate that a multi-scale strategy coupled with an attention mechanism can improve the

accuracy of deep learning models in classifying digital histopathology images.

6.1.2 Chapter 3: Nuclei Segmentation in Digital Histopathology Images

A novel cascaded architecture has been developed and evaluated to segment the nuclei in digital
histopathology images accurately. The models proposed previously for this task can hardly find the
exact border of nuclei, and in practice, the models cannot usually segment the touching or very
closed nuclei accurately. To overcome this challenge, the segmentation framework proposed in this
chapter consists of a U-Net-based model with customized pixel-wised weighted loss function,
followed by a U-Net-based model with a VGG16 backbone and a soft Dice loss function. The output
of the weighted U-Net model, which is a probability mask for the input image, is passed to the
Vanilla U-Net model to generate the final binary mask. The proposed cascaded model could
outperform the other state-of-the-art models with an AJl of 0.72 and a F1-score of 0.83 on the
MoNuSeg test set. The results demonstrate the effectiveness of cascading U-Net based architectures

in delineating the challenging nuclei accurately.

6.1.3 Chapter 4: Quantitative Pathomic Features with Conventional Machine Learning
Models for Therapy Response Prediction

Chapter 4 has presented, for the first time, a machine learning framework for quantitative analysis
of digital histopathology images acquired at pre-treatment to predict breast cancer response to NAC.
In this framework, the hand-crafted pathomic features are extracted from the segmented nuclei
within the tumor regions. For this purpose, a number of pre-processing steps are performed on the
whole slide histopathology images. The annotated tumor regions are processed to extract non-
overlapping tiles, and the proposed nuclei segmentation model is utilized to segment the nuclei.
Several pathomic features are extracted from each segmented image tile for analysis. The clinical
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and pathomic features are analyzed through a feature reduction and selection process on the training
set to develop optimal biomarkers for NAC response prediction. Independent experiments have been
performed on different initial subsets of the features to compare their performance. Gradient
boosting machine (GBM) models have been adapted and optimized as conventional multi-feature
machine learning classifiers for feature selection and optimal biomarker development, and for pCR
prediction using the optimal pathomic biomarkers developed. The predictive model developed with
optimal feature set outperformed the other models, with an accuracy of 84%, a sensitivity of 85%
and a specificity of 82% on the independent test set. The results demonstrate the potential of
quantitative digital histopathology features integrated with ML methods in predicting breast cancer

response to NAC.

6.1.4 Chapter 5: A Hierarchical Attention-guided Deep Learning Architecture for
Therapy Response Prediction using Pre-treatment Tumor Biopsies

The second approach proposed for predicting NAC response using pre-treatment digital
histopathology images has been presented in this chapter. A hierarchical self-attention-guided deep
learning framework has been introduced to predict pathological complete response to chemotherapy
in breast cancer patients using pre-treatment tumor biopsies. The digital histopathology images are
processed through the proposed hierarchical framework consisting of patch-level and tumor-level
processing modules followed by a patient-level response prediction component. A combination of
convolutional layers and transformer self-attention blocks are utilized in the patch-level processing
architecture to generate optimized feature maps. The feature map sequences are defined based on
the patch positions within the tumor beds and the bed positions within the biopsy slide for analysis
through two adapted vision transformer architectures for tumor-level processing and patient-level

response prediction components, respectively. Obtained results on the independent test set showed
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an accuracy, sensitivity and specificity of 0.86, 83%, and 87%, respectively, for the proposed
hierarchical framework in predicting pCR to NAC a priori. Experimental results demonstrate that
incorporating the clinical features into the framework (by inputting a new embedding vector
consisting of the one-hot-encoded clinical features to the patient-level ViT architecture) could not
improve the prediction model's performance. This finding is in agreement with the observations of
the study presented in Chapter 4, where none of the clinical features were selected along with the
quantitative pathomic features in the optimal feature set for the final predictive model. The results
obtained in this project, demonstrate the high potential of the proposed hierarchical deep-learning
methodology in analyzing very large-size histopathology images to predict pathological response to

NAC at pre-treatment.

6. 2 Limitations and Future Directions

This dissertation project has proposed and investigated different computational and machine
learning techniques to streamline or potentially improve various steps in the clinical management of
breast cancer. The promising results reported in Chapters 2 to 4 for the proposed frameworks are
encouraging and demonstrate the high potential of these methods for paving the way toward a
personalized oncology paradigm for breast cancer patients. However, further studies on larger
patient cohorts with multi-institutional data and external validation are needed to evaluate the
efficacy and robustness of the proposed pipeline more rigorously before they can be recommended
and approved for clinical applications. Especially, due to the nature of deep learning architectures
and the number of parameters that should be optimized in these models, a larger training set is
required to ensure high generalization ability of the models in clinic. Availability of larger datasets

could potentially improve the performance of the deep learning models developed in this research
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and allow researchers to investigate more expansive, complicated, and possibly powerful
architectures for such applications in future. Data acquisition for the studies on NAC response
prediction requires an extensive period of time due to the long clinical process involved from
diagnosis to definitive response and outcome determination for each patient. Therefore, collecting
large yet complete datasets for these studies would be challenging. Also, due to the privacy concerns,
clinical institutions can hardly share their collected data with other researchers. This would make
the multi-institutional data acquisition more challenging. Another impediment in data collection for
the studies aiming at ML model development and optimization is related to the current rate of the
complete pathological response to NAC in LABC patients (about 30%). Hence, collecting more data

would not necessarily resolve the imbalance issue of dataset in such studies.

Nowadays, deep learning approaches are growing fast, and specifically, several new state-of-the-
art architectures are being developed for image analysis [243], [244]. As lack of data is always a
barrier in medical image analysis, exploring new efficient architectures with fewer parameters would
be an interesting future path for this research. Such architectures may permit developing end-to-end
models with all components being trained simultaneously to analyze the entire WSIs for tissue

characterization or therapy response prediction with no human interactions.

The focus of this study was on analyzing of the tumor regions on WSIs annotated by the expert
pathologists. However, the manual annotation of WSIs is time consuming and could be associated
with human bias and error. Developing an automated annotating system could accelerate the process
of histopathology image analysis, potentially with high confidence. In this dissertation, an automated
framework for tissue characterization was proposed in Chapter 2. However, the proposed model
could classify the histology type of the tissue in a relatively small patch. The recently proposed ViT-

Adapter-L network [245] has yielded state-of-the-art performance in various dense prediction tasks,
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including object detection, instance segmentation, and semantic segmentation. The proposed model
utilizes the ViT architecture as the backbone of its framework to learn representations from large-
scale multi-modal data. This network can potentially be adapted for the task of tumor region
annotation in high-resolution WSIs. Another recent study has proposed a novel ViT architecture,
namely Hierarchical Image Pyramid Transformer (HIPT) [246], to analyze the high-resolution
histopathology images. The proposed model uses two levels of self-supervised learning to learn
high-resolution image representations by exploiting the natural hierarchical structure inherent in
WSIs. These studies have shown the potential of the deep-learning-based segmentation models for
annotating the tumor regions in WSIs. Such methods can be adapted and further investigated in
future to assess their performance and reliability when integrated with the systems proposed in this

study for tissue characterization and NAC response prediction.

Other complementary information can be integrated into the proposed response prediction
frameworks to enhance, possibly, the performance of the models. Previous studies have shown the
correlation of specific genes with breast tumor behavior [247]. Accordingly, investigating machine
learning models that input the digital histopathology images along with patient’s genomic data, and
exploring possible mutual correlations and contribution of this information to therapy response
prediction in breast cancer, can be an interesting future direction for this research project. Collecting
genomic data, that are currently not acquired as part of the standard of care, from breast cancer

patients along with digital histopathology data is a necessity for such investigations.

The methodologies and algorithms developed and investigated in this dissertation project can
potentially be extended to other applications for automated analysis of digital histopathology images,
tissue characterization and prediction of therapy response and outcome in different types of

malignancies, including lung cancer, prostate cancer, and colorectal cancer. The promising results
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reported in this dissertation encourage future studies on the development of computational data-
driven models as valuable decision support tools for the diagnosis and prognosis of various primary
and metastatic cancers treated with different modalities including systemic therapies and/or

radiotherapy.

6.3 Closing Remarks

Various computational frameworks have been introduced and investigated in this dissertation project
to develop intelligent systems for automated tissue characterization and treatment response
prediction in breast cancer using pre-treatment digital histopathology images. The results obtained
in this research have shown the high potential of machine learning approaches, including state-of-
the-art deep learning architectures in high-throughput analysis of digital histopathology images for
different tasks, including tissue characterization, nuclei segmentation, and treatment response
prediction. However, further investigations, including multi-institutional data are required to assess

the efficacy, robustness, and reliability of the proposed systems in clinic more rigorously.
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