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Abstract

The sentinel lymph node is a predictor of breast cancer aggressiveness. The hazard ratio
reported was 2.14, 95% confidence interval, shows that the patient with micro-metastasis
(MM) have higher probability of poorer Disease-free survival (DFS) and overall survival
(OS) relative to those who are node-negative, therefore early detection of micro-metastasis
analysis appears to be the approach most advantageous for patients. This work proposes an
automatic detection of micro-metastasis by quantifying local cellular changes. The proposed
strategy characterizes nuclei morphometry, color and texture to establish differences between
MM and normal tissue. The color model is obtained from the plane [(r —b), g] while texture
corresponds to the Haralick’s features from five different orders of the co-occurrence matrix.
This description is complemented by the cellular area obtained from a conventional watershed
segmentation.

Keywords: Histopathology, Detection,Breast Cancer, Micro-Metastasis.
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Resumen

El ganglio linfatico centinela es un predictor de la agresividad del cancer de mama. La
tasa de riesgo reportado fue de 2,14 con un intervalo de confianza del 95 %, muestra que
la paciente con micro-metéstasis (MM) tiene una mayor probabilidad de peor supervivencia
libre de enfermedad (SSE) y supervivencia global (SG) en relacién con aquellos que tienen los
ganglios negativos, por lo que la deteccion temprana del andlisis de micro-metastasis parece
ser el enforque mas ventajoso para los pacientes. Este trabajo propopone una deteccion
automatica de micro-metéstasis mediante la cuantificacion de cambios celulares locales. La
estrategia propuesta caracteriza la morfometria, el color y la textura de los nicleos para
establecer diferencias entre MM y el tejido normal. El modelo de color se obtiene del plano
[((r — 1), g] mientras que la textura corresponde a las caracteristicas de Haralick de cinco
ordenes diferentes de la matriz de co-ocurrencia. Esta descripciéon se complementa con el
area celular obtenida de una segmentaciéon de cuenca convencional.

Palabras clave: Histopatologia, Deteccién, Cancer de mama , Micro-Metastasis.
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1 Introduction

In 2020, breast cancer disease ranked first in incidence, estimating 2.3 million of new cases.
This cancer represents 11.7 % of all cancer cases, becoming the fifth cause of cancer mortality
worldwide. Around 685.000 deaths are reported every year[47]. In Colombia, breast cancer
has the highest cancer incidence and prevalence, representing nearly 13% of all cancers, being
the leading cause of total cancer deaths [29]. Early diagnosis of this disease is crucial for
effective treatment and favorable prognosis. A significantly lower probability of dying and
higher survival rate is observed in patients with smaller tumors at the time of diagnosis [22].
However, breast cancer is often diagnosed in advanced stages, leading to severe outcomes.
Early diagnosis and intervention are essential towards favorable outcomes [63].

1.0.1

Breast cancer is the uncontrolled growth of breast cells. During the cell life cycle, cells grow
and divide as needed. When cells become abnormal or old, they usually die. Cancer starts
when the cell cycle is altered, new cells are produced, and abnormal or old cells do not die
when they should [5]. Breast cancer can spread from its origin to other parts of the body.
Tumor cells spread from other body parts through the lymph node system (cancer cells
end up in the nodes) or the bloodstream (the possibility of reaching more distant organs
increases)[3]. The stage of breast cancer is crucial in selecting the best treatment for the
patient. The lowest stage (Stage I and II) means that cancer does not spread. The highest
stage (Stage III and IV) means cancer has spread from elsewhere [1].

The first method to analyze if cancer has spread and how far it has spread is to analyze the
lymph nodes. Lymph node staging is essential for both prognosis (of early-stage disease) and
treatment (for regional disease control) in patients with breast cancer[23]. This procedure
consists of an axillary lymph node dissection (ALND) to perform cancer staging [24]. The
sentinel lymph nodes are regional nodes that directly drain lymph from the primary tumor;
this is possible because the malignant cells of the primary tumor migrate to the lymphatic
vessels. Sentinel node biopsy (SNB) is the most common procedure for lymph node analy-
sis to find metastasis (including micro-metastasis) presence when primary breast cancer is
found at an early stage (I or II). Some studies show that the SNB is adequate to determine
the staging of breast cancer and determine the survival rate [6, 8, 24]. This analysis has
been globally adopted in the American Joint Committee on Cancer (AJCC) tumor-node-
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metastasis (TNM) staging system [61], where the number the lymph nodes affected with
metastasis and the size of metastasis are essential parameters.

The presence of positive axillary nodes are biomarkers to control cancer spread by evaluating
local and distant regions[51]. Generally, the survival rate in patients with node-positive is up
to 40% lower compared with the patients with node-negative [51, 20]. Besides, the 30% to
40% the patients with stage II and lymph nodes negative development recurrence cancer [61].
The task of finding lymph node metastasis is a statistical exercise of probability. Pathologists
have succeeded in detecting metastasis in SLN, most with small-volume metastasis, such as
isolated tumor cells (ITC) and micro-metastasis (MM). The micro-metastasis presence in
the SLN suggests that the patient has a poorer prognosis than those who do not have the
presence of micro-metastasis; that is to say, SLN is negative. The SLN diagnosis is the
principal cause of determining the possible treatment [41, 44, 42].

The histopathological analysis is the gold standard for breast cancer attention and is unique
to the diagnosis, the classification, and the standing of tumors [32]. However, the manual
analysis in the histopathology causes intra- or inter-observers variation even for experienced
pathologists [38]; for this reason, the analysis results can be inaccurate evaluation[14]. Hema-
toxylin, Eosin (H&E), and immunohistochemical (IHC) stained tissue are available histology
images for detecting and quantifying metastasis. Nevertheless, these analyses are expensive,
time-consuming tasks and highly a pathologist’s expertise. Besides, during the examination,
some micro-metastasis are unnoticed, becoming complex.

The digital microscopy is an useful alternative to conventional light microscopy [43]. The
digital tissue section, called Whole Slide Image (WSI), opens the door to applying different
technics of analysis to the application of artificial intelligence (AI) and machine learning
techniques[32]. This image modality has allowed to develop some methods for automatic
whole slide image (WSI) analysis that can be perform to detect SNL metastasis. In this work,
we perform an automatic strategy to identify micro-metastasis, in Hemathoxylin and Eosin
(H&E) images, that allow to quantify the disease and potentially support a personalized
treatment.

1.1 Breast Cancer disease

The breast is the organ located over the upper ribs and chest muscles. It comprises three
main parts: lobules, ducts, and connective tissue,as show in the 1-1. The lobules, which are
a gland, produce milk for the baby. The ducts are small canals that come from the lobules
and carry the milk to the nipple and. The connective tissue (which consists of fibrous and
fatty tissue) surrounds and holds everything together.

Cancer is produced by changes in the cells and mutations in the genes that regulate the
growth of cells. Breast cancer is when mammary cells acquire the ability to divide without
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any control or order, thus producing more of the same cells and generating a tumor [21]. The
tumor can be benign (is not dangerous to health) or malignant (potentially dangerous). The
begging tumor is not considered cancerous because the cells have a normal appearance, grow
slowly, and do not invade nearby tissues or spread to other body parts. The malign tumor
is cancerous and more likely to disseminate to other body parts [5]. The principal breast
cancer detection methods are self-examination, clinical examination, and mammography.
The possible treatment depends on the biopsy and the tumor pathology. However, the
treatment can be individualized because the biology of each tumor is different [2].

Lobular cells .

Lobule

T Fatty connective tissue

Figure 1-1: Breast anatomy

taken from: www.cancer.org

Breast cancer can start in different parts of the breast, and the type of breast cancer depends
on the kind of cell affected. There are many types of breast cancer and many different ways
to describe them. The most common cancers are ductal (cancer cells originate in the ductal)
and lobular carcinoma (cancer cells originate in the lobular). However, the type of breast
cancer also depends on whether the cancer cell invades other tissues. The term nvasive or
infiltrating defines any breast cancer that has spread (invaded) into the surrounding breast

tissue, and the term in — situ refers to the fact that cancer has not grown into the rest of
the breast tissue [4].

1.1.1 Breast Cancer Stages

The prognosis of breast cancer usually expresses the survivor rate. This survivor rate is based
on the cancer stage at the diagnosis. The stage of breast cancer is essential to determine the
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best treatment and describe how much cancer the body has [1]. The stage is determined by
features such as size and hormonal receptors. However, the principal analysis to determine
this is using the TNM classifier adopted by the American Joint Committee on Cancer (AJCC)
[61].

The medical may refer to the stage of the breast as stages I and II as early stages and the
stage I1IB and III as the advance stage.

e Stage 0: This stage describes breast cancer as not invasive and is restricted to the
ducts or lobules. There is no evidence of cancer cells outside the area where they
originated.

e Stage I: The cancer cells invading the normal mammary tissue. The stage I is divide
in two categories as IA (the tumor is invasive but has not spread to the lymph nodes)
and IB (The tumor is propagated to the lymph node, and tumor size is between 0.2mm
and 2 mm ).

e Stage ITA: This state meets conditions such as:

— There is no tumor in the breast, but the cancer is disseminated from the lymph
node (1 at 3 lymph nodes).

— The tumor size is smaller 20mm, and it is disseminated from the lymph nodes.
— The tumor size is between 20mm and 50mm, and it is not disseminated from the
lymph nodes.
e Stage IIB: This state meets conditions such as:

— The tumor size is between 20mm and 50mm,and the cancer is disseminated from
the lymph node (1 at 3 lymph nodes).

— The tumor size is larger 50mm, and it is not disseminated from the lymph nodes.

e Stage IITA: The cancer is disseminated from the lymph nodes (4 at 9 lymph nodes)
independently of the tumor size. Alternatively, the tumor is larger by 50 mm but only
affects 1 at 3 lymph nodes.

e Stage IIIB: The tumor is disseminated from the thorax wall or skin of the breast and
produces inflammation or an ulcer.

e Stage IIIC: The cancer is disseminated from the lymph node in more that 10 lymph
nodes.

e Stage IV (Metastastic): The tumor can be any size and disseminated from other
organs, such as the lung, bone, skin, brain, etc.

e Recurrence: It is cancer that appears after treatment.
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1.1.2 TNM Staging System

Breast cancer can spread outside the breast through blood and lymph vessels. When breast
cancer spreads to other body parts, it is said to have metastasized [5]. The most common
medical tool to describe the stage of the breast cancer is the TNM system: Tumor(T)
describes the primary tumor, Node(N) indicates if the tumor propagates to the lymph
nodes, and Metastasis(M) indicator if the cancer was metastasis to other body parts [1].

e Primary tumor (T): To determine how much and where the cancer is in the body,
the medical analyse the primary tumor. Analyze the size and the localization of the
tumor.

— TX: This means that there is no information about the primary tumor or that it
cannot be measured.

— T0: This means that there is no evidence of cancer in the mammary gland.

— Tis This means that the cancer cells are only growing in the layer of cells where
they started, without growing into deeper layers. This may also be called in-situ
cancer.

— A number after the T (such as T1, T2, T3, or T4) might describe the tumor
size and amount of spread into nearby structures. The higher the T number, the
larger the tumor and/or the more it has grown into nearby tissues.

e Lymph Nodes (N): This category describes the lymph node close to the primary
tumor, with the proposal to determine if cancer disseminates to them before arriving
at other body parts.

— NX: This means it does not have information about the lymph nodes close or
that cannot be evaluated.

— NO: This means that the lymph nodes do not have cancer.

— A number after the N (such as N1, N2, N3, or N4) might describe how many
lymph nodes close are affected. The higher the N number, the more significant
the propagation of cancer in the lymph nodes.

e Metastasis (M): This category examines other body parts whit the proposal to de-
termine if cancer disseminates. The primary cancer propagation from the other body
parts is known as metastasis.

— MO: This means that primary cancer has not spread.

— M1: This means that primary cancer has spread from the other body part.
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1.2 Importance of Sentinel lymph node in Breast Cancer

The lymphatic system is a vital part of the immune system; this is similar to the circulatory
system and a network of lymph nodes connected by lymphatic vessels that transport lymph
throughout the body. The lymph is formed from the fluid that seeps through the thin walls
of the capillaries into the body’s tissues; this fluid contains oxygen, proteins, and other
nutrients that nourish the tissues. Lymph also carries foreign substances (such as bacteria),
cancer cells, and dead or damaged cells that may be present in the tissues of the lymphatic
vessels and organs for removal. All substances carried by lymph pass through at least one
lymph node, where foreign substances are filtered out and destroyed before the fluid returns
to the bloodstream. Therefore, the main functions of the lymphatic system are to remove
damaged cells from the body and to provide protection against the spread of infections and
cancer [31].

Breast cancer usually spreads to the axillary lymph nodes (ALN) before any other location.
Given their proximity to the breasts, show the 1-2, these lymph nodes are a common site
for spreading breast cancer. If cancer cells have spread to the lymph nodes, there is a
greater chance that the cells have traveled through the lymphatic system and have spread
(metastasized) to other parts of the body. Axillary lymph node dissection (ALND) is an
essential component of the surgical treatment of breast cancer, as it is a cancer staging
procedure. However, this procedure is associated with unpleasant side effects; sentinel lymph
node biopsy (SLNB) was implemented to reduce side effects; this analysis reduces the adverse
effect with the proposed staging of breast cancer [50]. Historically, node-negative patients
underwent SLNB, while node-positive patients underwent ALND. The sentinel lymph node
is the first lymph node where the cancer cell can spread to another body part. Therefore,
its involvement is the most important prognostic factor in breast cancer patients [52], as it
determines the status of breast cancer, possible recurrence, survival, and possible treatment
44, 19].

The SLNB is surgical procedure used to determine if cancer has spread outside the main
tumor into the lymphatic system. The fist step is localize the node, for this, the surgeon
injects a radioactive substance with the proposal to highlight the nodes are dyed blue. Once
the sentinel lymph node is found, the surgeon makes a small incision in the overlying skin and
removes the node. Finally, a pathologist then analyzes the sentinel lymph node to check for
the presence of cancer cells [59]. In general, sentinel lymph node biopsy is done at the same
time the primary tumor is removed, in some cases, it is also possible to do the procedure
before or after the tumor is removed. This will depend on how much the lymph ducts have
been affected.

The micro-metastasis (MM) are defined small deposits of tumor cells less than 2 mm in
diameter. The MM are distinguished from macro-metastasis because they do not have their
own source of blood supply and are fed through passive diffusion of nutrients and oxygen,
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Nipple

- Ducts
— Lobules

Figure 1-2: Lymph Nodes on the Breast

taken from: www.cancer.org

which limits their growth. These small groups of cells could remain for long periods of
time, until the immune system eliminates them or until the formation of new blood vessels
through angiogenesis, making the growth of micro-metastasis possible [34]. These small
cellular focus are not detected by conventional imaging techniques, requiring the application
of more sophisticated methods such as cytometric or molecular imaging.

1.3 Automatic methods to analysis metastasis in the SLN

Every year the number of diagnosed cancer cases increases, taking into account the statistics
[47], which implies a high flow of samples to be processed and an increase in the complexity of
the cases; due to this, the responsibility of the pathologists is greater. Many computational
strategies have been developed to support the work of pathologists, with the proposal to
reduce the time consuming and improve the precision in the diagnosis [36, 10, 15, 45]. Digital
pathology has the potential to change the way cancer is diagnosed once the imaging in
pathology evolves to whole-slide imaging (WSI); these are a great source of information due
to high resolution, presence of color information (H&E and immunohistochemistry), and
availability of information at multiple scales which allow to serves as an enabling platform
for the application of artificial intelligence (AL) in digital pathology [40].
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Different computational strategies were created to evaluate the metastasis presence; the prin-
cipal challenge to evaluate computational systems for the automated detection of metastatic
breast cancer in H&E whole slide images of the sentinel lymph node was organized by the
International Symposium on Biomedical Imaging (ISBI). Camelyon 16 is the first challenge
with the proposal to evaluate the capacity of the algorithm to identify metastasis in the
SLN, deep learning algorithms submitted as part of a challenge competition or pathologist
interpretation. The results show that the area under the receiver operating characteristic
curve (AUC) for the algorithms ranged from 0.556 to 0.994; hence, the algorithm perfor-
mance was comparable with an expert pathologist interpreting whole-slide images without
time constraints [9]. The second challenge is Camelyon 17, the proposal to evaluate algo-
rithms to classify three types of sizes the metastasis (macro-metastasis, micro-metastasis,
and Isolated tumor cell) present in the SLN; the best result was combined algorithms of the
participants obtaining kappa metric with 0.93. However, the confusion matrix analysis re-
vealed that all participants struggled with reliably identifying the minor type of metastasis,
with detection rates below 40% [7, 25]. Studies to detect micro-metastasis include different
techniques to identify, as presented by [62]. The principal objective is to identify MM in
draining lymph nodes by flow cytometry. Another study report was presented by [11]; the
objective is the same however, the method to evaluate was infrared micro-spectral imaging,
take into account that the studies on micro-metastasis detect few, exist the need to explore
and improve these tasks, due to, the micro-metastasis presence is an essential factor to the
determine the prognosis disease and the possible recurrence [6, 55].

1.4 Contribution and Academic products

The detection of micro-metastasis in the sentinel node is a very hard diagnosis and therefore
a time consuming process. Yet micro-metastasis is associated with cancer recurrence [57,
55, 58], their precise role and physio-pathology in cancer evolution is still under discussion
[18]. They may go undetected in routine exploration by their relatively little occurrence, a
crucial limitation to any modern machine learning algorithm. Unlike other approaches, this
work proposes a set of robust histopathological color, texture and geometrical descriptors
that capture differences in Hematoxylin and Eosin (H&E) stains .

Academic products

Results of this work were published in:

e Molano, Leidy T., Ricardo A. Moncayo, and Eduardo Romero. ”Detecting micro-
metastases in the sentinel lymph node by characterizing micro-environments.” 17th
International Symposium on Medical Information Processing and Analysis. Vol. 12088.
SPIE, 2021.
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1.5 Document Organization
The remaining chapters of this thesis are organized as follows:

e Chapter 2: Detecting micro-metastasis in the sentinel lymph node by
characterizing micro-environments. This chapter presents a classification ap-
proach for micro-metastasis detect based on pleomorphic features, as, area, color and
texture, these were computed to build feature descriptor.

e Chapter 3: Complementary results from experimental setup. This chapter
present the classification task to each pleomorphic feature as, area, color, texture and
combination between them. The proposal is to analyze the contribution for each feature
independently to identify micro-metatasis.

e Chaptery: Conclusions and perspectives. This final chapter presents the main
conclusions of the proposed work, highlighting the main contribution achieved and its
impact in the research area. In addition, it depicts some perspectives promoted by this
thesis.



2 Detecting micro-metastasis in the
sentinel lymph node by characterizing
micro-environments

This chapter presents an approach to classify micro-metastasis in H&E images based on an
analysis of color area and texture features. For them, the pixel area was calculated from nu-
clei segmentation, then, a color analysis was performed based on a color space transformation
(R — B, (@) and finally a texture analysis was performed where five different neighborhoods
were analyzed and haralick’s texture descriptor were extracted from each one, with this in-
formation a feature vector was created to finally classify using an AdaBoost and a SVM
with linear kernel. The results obtained an accuracy of 0.86 and an F-score of 0.87 for the
proposed model, however, this model was compared with a ResNet 50, obtaining results of
0.74 in accuracy and 0.77 in F-score. The results demonstrated that the proposed model
is a robust method to identify the presence of micro-metastasis in H&E images despite the
amount of data. A complete version of this chapter has been accepted for publication as a
research article in the proceedings of 17th International Seminar on Medical Infor-
mation Processing and Analysis (see reference [39]).

2.1 Introduction

Breast cancer (BC) is a neoplasm with approximately 49.7 cases per 100,000 habitants [12].
Analysis of axillary lymph nodes (ALN) is an important predictor of survival in patients with
breast cancer (BC) [27, 17, 60]. Evidence suggests a 3.6% of the patients with axillary node
findings have relapses [13]. Node analysis provides information about relapse risk, helps to
estimate the risk and treatment [44, 19].The Sentinel Lymph Node (SNL) is the first lymph
node reached by metastasising cells from a primary tumour [48], the examination of the
SLN can be either positive or negative, this analysis accounts the presence of tumor cells
and their respective size to specify the state of cancer and the possible treatment. A positive
node can have macro-metastases if cellular clusters are larger than 2 mm, micro-metastases
when tumor zones vary between 0.2 mm and 2mm and finally the isolated tumor cells, with
sizes smaller than 0.2 mm [49, 25], as illustrated in figure 2-1 Most tumor therapies require
metastasis information to determine patient’s management and risk.
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Figure 2-1: Stratified Metastasis [25]

Overall, micro-metastasis (MM) are missed and the node analysis is usually negative SLN,
indicating low recurrence risk, yet patient with micro-metastasis detected have been reported

as high risk [17, 44, 30].

Of course the ability to locate micro-metastasis is dependent on the pathologist expertise
and the sections from the sample, both factors highly variable and dependent on the reduced
size of the affected area[58, 25, 33]. Figure 2-2 shows, at the same scale, how the abnormal
nuclei of each tumor stage looks like. The risk introduced by missing micro-metastasis is
still unclear, but the risk of missing metastases varies between 2% to 9%][56]. Some studies
have reported macro-metastasis detection in SNL is 15.9% greater than in no sentinel lymph
node (NSLN), while occult metastases have been identified in 4.09% of SNL and in 0.35%

of NSLN [57].

(a) Macro-metastasis (b) Micro-metéstasis (c) Isoled Tumor Cell

Figure 2-2: Stratified Metastasis [25]. The magnification from these are 40x.

Computational strategies have been developed to identify metastasis, as in the challenge
Camelyon 2016 and 2017 in H&E, but the presented investigation is focused in only micro-
metastasis detection since this is the actual pathology challenge and the clinic interest. Some
studies report pathologists assisted by algorithms improve their report detecting metastasis,
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compared to algorithms alone or pathologists alone. Assistance with algorithms has been
reported to increase sensitivity of metastasis detection (91% vs. 83%, p = 0.02), while the
analysis time decreased significantly both for detection of micro-metastasis (61 vs. 116 s,
p = 0.02) and for negative cases (111 vs. 137s,p = 0.018)[46]. Most computational ap-
proaches have applied deep learning strategies to identify metastasis [9, 54|, particularly
during the Camelyon challenge organized for the International Symposium on Biomedical
Imaging (ISBI), a test for computational systems to automatically detect metastatic breast
cancer in whole slide images of the sentinel lymph node. In 2017 the same challenge separated
metastasis and micro-metastasis tasks and while detection of metastasis reached an accuracy
of 0.91, the micro-metastasis constituted a much more difficult task and the reported mean
accuracy was 0.71, being the lowest 0.53 and the highest 0.84 [7]. Few micro-metastasis
detection works since then have been reported, but the presented by [11], in which infrared
microscopy measures cell populations and micro-metastasis presence is determined by statis-
tic inference.

Clearly then detection of micro-metastasis in the sentinel node is a very hard diagnosis and
therefore a time consuming process. Yet micro-metastasis is associated with cancer recur-
rence [57, 55, 58], their precise role and physio-pathology in cancer evolution is still under
discussion [18]. They may go undetected in routine exploration by their relatively little
occurrence, a crucial limitation to any modern machine learning algorithm. Unlike other ap-
proaches, this work proposes a set of robust histopathological color, texture and geometrical
descriptors that capture differences in Hematoxylin and Eosin stains (H&E), nuclei texture
at different scales, and shape and size nuclei variations, facilitating interpretation and inte-
gration of this analysis with the pathology report. The proposed model is robust and very
competitive with CNN approaches to characterize small differences in micro-metastasis.

2.2 Methodology

A main objective of this work was to achieve automatic detection of micro-metastasis using
features with meaning to the expert. For so doing, characteristics such as area, color and
texture nuclei were captured.

The pipeline of the proposed methodology is presented in figure 2-3. The method starts by
a conventional nuclei detection procedure using a watershed segmentation [16]. Afterwards,
lymphocytes are detected, removed and the remaining nuclei segmented to be characterized
with area, color, and texture features.
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Figure 2-3: Proposed methodology

2.2.1 Color deconvolution and watershed-based nuclei detection

Nuclei are processed in two steps: firstly, lymphocytes are detected and removed from the
image with the proposal to improve the abnormal nuclei segmentation, and secondly the
remaining cells are segmented by tuning the segmentation watershed algorithm to find tumor
cells.

Lymphocytes Segmentation

Cells are detected [53] by applying a blob detector watershed [35], as shown in figure 2-1(b).
A support vector machine (SVM) with a polynomial kernel is then trained to differentiate
lymphocytes from the other cells using as features: vector area, eccentricity, red color median,
entropy and the minimum intensity value as already proposed [16]. In this work, lymphocytes
from 4 different cases (206 lymphocytes) were labeled by a pathologist. The model was
trained with 140 cells and tested with 66 cells. lymphocyte and non-lymphocyte classes
were balanced, the non-lymphocyte class was also examined by the expert. Qualitative
results are illustrated in figure 2-4, and quantitative results shown in table 2-1. Notice the
F-score of 0.86 demonstrates the method acceptably recognizes most lymphocyte patterns.

Results
Model Acc Sens Spec F-score
SVM (Polynomial) 0,86 0.87 0.84 0.86

Table 2-1: Lymphocyte identification training results
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This detector is used to find lymphocytes in the complete data-set and remove them from
each patch. This lymphocyte removal facilitates the strategy focuses in metastatic nuclei,
as shown in the figure 2-4.

(b) Nuclei Segmentation (¢) Lymphocyte detection (d) Lymphocyte Removal

Figure 2-4: Process to identify lymphocytes and remove them from the analysis.

Tumoral Nuclei Segmentation

Candidates to Tumor cells are then detected by a re-parameterized watershed algorithm [53]
applied to an patch with a minimal number of lymphocytes. Watershed parameters are tuned
to detect larger areas in a hematoxylin channel obtained from a color deconvolution technique
[37] note that in the staining process the hematoxylin color have the nuclei information. An
illustration is presented in figure 2-5.

S T A

‘ oy e S e
(a) Lymphocyte Removal (b) Hematoxylin channel (¢) Eosin channel (d) Nuclei Segmentation

Figure 2-5: Process to segment abnormal nuclei

2.2.2 Feature extraction based on area, color and texture.

Nuclei variations (Pleomorphism) influence the type of cells detected. The analysis uses
area, color and texture patterns. This information represents a small patch with a variable
number of nuclei, reason why each feature vector per patch is normalized by the number of
nuclei in the patch.
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Area Analysis

Each nucleus is characterized by its area and the patch is represented by the histogram of

occurrences of the possible area values in the database. For so doing, the minimum and

maximum area values for the whole dataset is split into 10 bins.

Color Analysis

The purpose of this analysis is to compute Hematoxylin and Eosin (H&E) color variations.

Basically, normal cells are intensely purple while metastatic ones are smoothly pink, a dif-

ference captured by projecting the original (R, G, B) nucleus to the [(R — B), G| plane. The
G axis is divided in 25 intervals and each of them is in due turn split into 30 bins in the

direction of the projected R — B axis. Each R, G, B pixel from the patch is a occurrence in

a unique bin of this bi-dimensional conditional probability. The obtained feature vector is

composed of 750 values, i.e., 25 histograms x 30 bins ,as shown in figure 2-6.
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Figure 2-6: Color Analysis

Texture Analysis

Feature Color per Patch

A first step of the texture analysis is to select a gray level channel with an optimal contrast

between intensity levels. Nuclei images in the primary color space (R, G, B) are transformed

to the (L, A, B) color space and the B channel is selected since it is the bluest one.

The texture analysis computes second-order statistical moments from a gray level co-occurrence

matrix (GLCM), which esentially is a discrete approximation to a marginal spatial probabil-
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ity distribution. GLCM was quantized to 64 gray levels and was calculated for diagonal and
vertical-horizontal neighbors and different scales from the first up to the fifth order. Then,
the 14 Haralick’s texture descriptors are calculated by each the five scales of co-occurrence
[26], as illustrated in figure 2-7. Finally, each Haralick’s feature is represented as a histogram
of occurrences by quantizing the dynamic range, the difference between the maximum and
minimum values for the whole database, into ten intervals. The final vector of frequencies
is normalized.
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Figure 2-7: Texture analysis

2.2.3 Classification

A binary classification task was performed by detecting patches with high probability of
having tumoral nuclei. Positive class was a patch with metastases and negative class corre-
sponded to patches with normal cells. A feature matrix was constructed by concatenating
the resulting feature vectors and it was used to train AdaBoost and SVM with lineal kernel
models. Performance metrics were accuracy (Acc), sensitivity (Sens), specificity (Spec) and
F-score.

2.3 Experimental Setup

The proposed approach was evaluated in the Camelyon 16 Database [25], which contains a
total of 50 annotated cases, but only 25 with micro-metastasis and macro-metastasis were
used ,the remaining cases were excluded since are labeled either as isolated tumor cells or
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low quality WSI. From each case, patches of 350 x 350 pixels were extracted from regions
annotated by an expert as containing macro-metastasis, micro-metastasis and normal tissue
patches.

A model is built with a training-validate set composed of 18 cases with normal and metastatic
tissue, including micro and macro metastasis patches.As a result, a total of 3222 patches
were extracted, 1611 with metastases and 1611 control patches. Then, under a 10-fold cross
validation the accuracy in each fold is computed and the model with higher accuracy is
selected and used to validate the method in a new sets of cases: 5 cases only with micro-
metastasis, as total 334 patches to test.

AdaBoost and SVM with lineal kernel classifiers were trained. Both validation sets were
also compared with a ResNet50 [28] a convolutional neural network (CNN) trained from
scratch, with a learning rate of 1 x 1074, a batch size of 64, with data augmentation and
rotations, vertical and Horizontal flips, random brightness, random Contrast and RGB shift
with 200 epochs. This CNN model was also evaluated with transfer learning using ImageNet
to pre-training weights . The network uses an ADAM optimizer and the loss function is
the categorical crossentropy. The best model tested was the one with the lowest value of
the loss function during training/validation. The ResNet50 was selected because of its good
performance in the detection of metastasis [9].

2.4 Results

The results of the 10-fold validation scheme are shown in table 2-2. The mean of the 10
folds for ACC, Sens, Spec and F-score are presented for the models trained with AdaBoost
and SVM with lineal kernel. The model trained with the AdaBoost (0.79 F-score) classifier
outperforms the SVM with lineal kernel(0.73 F-score) for all metrics. These models are
applied to evaluate the blind micro-metastasis dataset.

Validation (K-fold)

Acc Sens Spec F-score
Mean Best Value Mean Best Value Mean Best Value Mean Best Value
AdaBoost 0.80(£0.06) 0.86 0.75(£0.01) 0.77 0.85(£0.09) 0.94 0.79(£0.07) 0.84
SVM Lineal 0.76(£0.07) 0.89 0.68(£0.13) 0.81 0.84(£0.10) 0.97 0.73(£0.011) 0.88

Model

Table 2-2: Results of 10-fold cross validation and the best model.

Results of the validation with micro-metastasis are presented in table 2-3. The method with
AdaBoost classifier outperforms the SVM with linear kernel, F-scores were respectively 0.88
and 0.82. Interestingly, the obtained F-score with the ResNet-50 plus data augmentation
was 0.77, while this F-score was 0.61 without data augmentation. The confuse matrix show
in the table
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Results - Test
Model Acc  Sens Spec F-score
Proposed Approach AdaBoost 0.86 0.89 0.83 0.87
Proposed Approach SVM Lineal 0.82 0.96 0.69 0.84
Deep Learning -
Base without Augmentation ResNet -50 0.64 0.56 0.73 0.61

Deel Learning -
Base Augmentation ResNet -50 0.74 0.86 0.63 0.77

Table 2-3: table of results for the micro-metastasis dataset.

These results with a standard CNN are similar to the ones reported in the challenge Camelyon
17 to identify micro-metastasis. The four best teams informed accuracies varying from 0.53 to
0.83 and using different deep learning architectures. The presented approach with AdaBoost
obtained an accuracy 0.86 for the same task.

2.5 Discussion and Conclusion

This work proposes a method to find out micro-metastasis, very likely the most difficult task
when exploring the sentinel node. Micro-metastasis role in the dissemination of cancer is
still unclear, probably because they go undetected in many cases. A better understanding
of their role pass by detecting them with high confidence levels and this is not the case so
far.

The proposed characterization showed similar results to classify macro-metastasis (data not
shown), but above all outperformed the other approaches at finding out micro-metastasis.
Although deep learning approaches are widely used in many medical applications, the few
available micro-metastasis data are a limitation for their application. In contrast, approaches
like the one herein presented are less dependent on data, more stable and completely inter-
pretable in terms of the classic pathology analysis.

Future studies comprises the use of more cases and the accurate segmentation of the micro-
metastasis in large population studies to estimate patient’s risk and prognosis.



3 Evaluation and analysis of proposed
features

This chapter is a complementary experimental setup with the proposal to evaluate the per-
formance of the model, the idea is analyze the contribution of each feature from separate
(area,color and texture).

3.1 Complementary Results

The proposal approach was evaluated each feature for separate with the proposal to analyze
the importance of each feature extracted to identify the micro-metastasis. The experimental
set up is similar to the last analysis, however, the difference was evaluated each feature for
separated. The experimental setup is the same to the section (2.3), the evaluation was in
the Camelyon 16 Database [25], the distribution of the cases is the same. A model from each
feature is built with a training-validate set composed of 18 cases with normal and metastatic
tissue, including micro and macro metastasis patches. Then, under a 10-fold cross validation
the accuracy in each fold is computed. So, the fold where the model select in the previous
analysis with highlight accuracy is consider to the select each model to analyzed each feature
with the proposal to does not have variability in the experiment.Then, each model is validate
in the blind set with the same 5 cases. The model to trainer are AdaBoost and SVM with
linear kernel to area, color and texture feature.

3.1.1 Results

The results of the 10-fold validation scheme for each feature are shown to continue. The
mean on the 10 folds for ACC,Sens,Spec and F-score are presented for each model trained
with AdaBoost and SVM with linear kernel.

Once we have the major model, an additional experiment was selected depending best per-
formance to identify micro-metastasis. In this case, the color feature was combined with the
area and texture to analyze the models.
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Results to the Area Feature

The results of the 10-fold validation scheme to the area feature are show in the table 3-1.
The model training with AdaBoost (0.68 F-score) outperforms the SVM with linear kernel
(0.66 F-score), however, the Specificity for both models is higher.

Validation (K-fold)

Acc Sens Spec F-score
Mean Best Value Mean Best Value Mean Best Value Mean Best Value
AdaBoost 0.70(£0.07) 0.78 0.66(=£0.16) 0.82 0.74(+£0.06) 0.74 0.68(£0.10) 0.78
SVM Lineal 0.71(£0.09) 0.82 0.59(£0.18) 0.77 0.82(£0.07) 0.87 0.66(£0.013) 0.81

Model

Table 3-1: Results of 10-fold cross validation and the best model for the Area feature.

The results for the micro-metastasis from area feature independent are shown in the table
3-2. The results evidence that the AdaBoost classifier (0.78 F-score) outperforms the SVM
with the linear kernel(0.75 F-score). Although both models have the same accuracy (0.77
Acc), the best model to identify the true positive is the AdaBoost (0.80 Sens); this means
that it is the best model for detecting cases with the true presence of micro-metastasis.

Results - Test
Model Acc  Sens Spec F-score
AdaBoost 0.77 0.80 0.73 0.78
SVM Lineal 0.77 0.71 0.83 0.75

Table 3-2: Results of micro-metastasis dataset with Area feature only.

Results to the Color Feature

The results of the 10-fold validation scheme to the color feature are show in the table 3-3.
The model training with AdaBoost (0.78 F-score) outperforms the SVM with linear kernel
(0.73 F-score) in all metrics.

Validation (K-fold)

Acc Sens Spec F-score
Mean Best Value Mean Best Value Mean Best Value Mean Best Value
AdaBoost 0.79(=£0.05) 0.82 0.76(£0.13) 0.71 0.81(£0.09) 0.93 0.78(40.06) 0.81
SVM Lineal 0.75(£0.07) 0.78 0.72(£0.21) 0.79 0.78(£0.17) 0.77 0.73(£0.11) 0.79

Model

Table 3-3: Results of 10-fold cross validation and the best model for the Color feature.

The results for the micro-metastasis from color feature independent are shown in the table
3-4. The results evidence that each feature contributes to the detection; the color feature is
the most relevant feature, taking into account the model with SVM with the linear kernel
(0.87 F-score) outperforms the AdaBoost(.82 F-score). The SVM classification is a model
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identify micro-metastasis with an accuracy highlight (0.87); however, the model has high
specificity (0.87) to detect the true negative cases.

Results - Test
Model Acc  Sens Spec F-score
AdaBoost 0.82 0.84 0.80 0.82
SVM Lineal 0.87 0.86 0.87 0.87

Table 3-4: Results of micro-metastasis dataset with Color feature only.

Results to the texture Feature

The results of the 10-fold validation scheme to the texture feature are show in the ta-
ble 3-5. The model training with SVM with linear kernel (0.76 F-score) outperforms the
AdaBoost(0.70 F-score) in all metrics.

Validation (K-fold)

Acc Sens Spec F-score
Mean Best Value Mean Best Value Mean Best Value Mean Best Value
AdaBoost 0.71(%0.05) 0.74 0.70(£0.15) 0.78 0.71(£0.12) 0.70 0.70(£0.07) 0.75
SVM Lineal 0.75(£0.07) 0.83 0.79(£0.14) 0.79 0.72(£0.01) 0.88 0.76(40.08) 0.83

Model

Table 3-5: Results of 10-fold cross validation and the best model for the Texture feature.

The results for the micro-metastasis from texture feature independent are shown in the
table 3-6. The results evidence that the micro-metastasis detection with texture feature is
performed with the AdaBoost model ( 0.84 F-score) compared with the SVM with the linear
kernel (0.80 F-score). This model has a high probability of detecting true negative cases
(0.84 Spec).

Results - Test
Model Acc  Sens Spec F-score
AdaBoost 0.84 0.83 0.84 0.84
SVM Lineal 0.77 0.92 0.62 0.80

Table 3-6: Results of micro-metastasis dataset with Texture feature only.

Once the model with the best contribution to identify micro-metastasis was defined, in this
case, the color characteristics, we combined color-area and color-texture. The results are

shown below:
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Results to the Color and Area Feature

Once The results of the 10-fold validation scheme to the color and area features are show in
the table 3-7. The model training with AdaBoost (0.79 F-score) outperforms the SVM with
linear kernel (0.77 F-score) in all metrics.

Validation (K-fold)

Acc Sens Spec F-score
Mean Best Value Mean Best Value Mean Best Value Mean Best Value
AdaBoost 0.80(=£0.06) 0.86 0.78(£0.14) 0.81 0.82(£0.07) 0.91 0.79(£0.07) 0.86
SVM Lineal 0.79(=£0.06) 0.81 0.75(+£0.16) 0.68 0.83(£0.12) 0.94 0.77(40.08) 0.78

Model

Table 3-7: Results of 10-fold cross validation and the best model for the color and area
feature.

The micro-metastasis results from the color-area feature are shown in the table 3-6. The
results evidence that each feature contributes to the detection; the color feature is the most
relevant. The SVM with the linear kernel model (0.89 F-score) outperforms the AdaBoost
(0.87 F-score). However, the SVM model has a high probability of detecting true negative
cases (0.92 Spec) compared with AdaBoost (0.84 Spec). Considering that the idea is to find
true micro-metastasis, the model AdaBoost has better results in Sensitivity (0.89 Sens) than
the SVM (0.84 Sens).

Results - Test
Model Acc  Sens Spec F-score
AdaBoost 0.86 0.89 0.84 0.87
SVM Lineal 0.89 0.87 0.92 0.89

Table 3-8: Results of micro-metastasis dataset with color and area features.

Results to the Color and Texture Feature

The results of the 10-fold validation scheme to the color and texture feature are show in the
table 3-9. The model training with AdaBoost (0.76 F-score) outperforms the SVM with
linrar kernel (0.73 F-score) in all metrics.

Validation (K-fold)

Acc Sens Spec F-score
Mean Best Value Mean Best Value Mean Best Value Mean Best Value
AdaBoost 0.77(£0.01) 0.79 0.73(£0.02) 0.66 0.81(£0.01) 0.92 0.76(£0.01) 0.76
SVM Lineal 0.75(40.02) 0.83 0.72(£0.03) 0.79 0.79(=£0.009) 0.87 0.73(£0.03) 0.83

Model

Table 3-9: Results of 10-fold cross validation and the best model for the color and texture
feature.
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The results for the micro-metastasis from each feature independent are shown in the table
3-6. The results evidence the model with SVM with the linear kernel (0.86 F-score) out-
performs the AdaBoost (0.85 F-score); this model has a high probability of detecting true
positive cases (0.96 Sens); however, the accuracy is slower compared as this.

Results - Test
Model Acc  Sens Spec F-score
AdaBoost 0.85 0.86 0.83 0.85
SVM Lineal 0.84 0.96 0.72 0.86

Table 3-10: Results of micro-metastasis dataset with color and texture features.

3.1.2 Discussion and Conclusion

This step to analyze the proposal approach evidence that each method supports the micro-
metastasis detection, and each feature show significant provides that improve the detection.
The color methodology is the approach that contributes the most to the identification of
micro-metastasis. The combination between color and area demonstrates that it is possible
to identify micro-metastasis using only this. Last but not least, this study comprises more
cases and explores the proposal technique in other cases to identify if, only using the color
and/or area, it is possible to characterize cancerous cells to estimate the patient with risk.



4 Conclusions and perspectives

4.1 Conclusions

This thesis has developed an approach to detect micro-metastasis from basic characteristics
such as area, color, and nuclei texture through histopathology images stained with hema-
toxylin and eosin. Omne of the contributions of this work has been the identification of
micro-metastasis through pleomorphic features taking into account the main features used
by experts for histopathological analysis.

This work demonstrated that color analysis could become a more robust descriptor in iden-
tifying cancer cells, taking into account that color is one of the most informative features in
histopathology analysis.

We were able to introduce a descriptor to characterize histopathology images of SLNs by
capturing area, color, and texture features that proved to be useful for the identification of
micro-metastasis despite the small amount of data, in contrast to the results obtained from
neural networks where it is evident that the lack of data influences the low performance for
the detection of micro-metastasis.

4.2 Perspectives

This thesis has contributed to identifying micro-metastasis from the features of area, color,
and texture in the sentinel lymph node, which are pleomorphic characteristics frequently
used by pathologists in histopathological analysis. Despite the quantity of data evaluated,
the model presents a good performance in contrast to neural networks, which have been
characterized by requiring a large quantity of data and higher computational costs to present
better results. This proposed methodology is a door that, in the future, can be implemented
in another histopathological problem that requires the analysis of nuclei due to the similarity
of characteristics analyzed by the pathologists. Future work will evaluate the model on
another data set to assess feasibility and performance without forgetting the possibility of
the preceding recurrence of lymph node analysis using part of the proposed model.



References

Cancer Staging — cancer.org. https://www.cancer.org/treatment /understanding-your-
diagnosis/staging.html. — [Accessed 30-Nov-2022]

CzE1;ncer de mama — CancerQuest — cancerquest.orq.
https://www.cancerquest.org/es/para-los-pacientes/cancer-por-tipo/cancer-de-mama.
— [Accessed 01-Dec-2022]

CAjncer de mama - Estadios — cancer.net. https://www.cancer.net /es/tipos-de-
cancer-de-mama/estadios. — [Accessed 30-Nov-2022]

Types  of Breast Cancer —  About  Breast Cancer —  cancer.oryg.
https://www.cancer.org/cancer/breast-cancer /about/types-of-breast-cancer.html.
— [Accessed 30-Nov-2022]

What Is Breast Cancer? —  American  Cancer Society — cancer.oryg.
https://www.cancer.org/cancer/breast-cancer /about/what-is-breast-cancer.html. -
[Accessed 30-Nov-2022]

APPLE, Sophia K.: Sentinel lymph node in breast cancer: review article from a pathol-
ogista€™s point of view. En: Journal of pathology and translational medicine 50 (2016),
Nr. 2, p. 83

BANDI, Peter ; GEESSINK, Oscar ; MANSON, Quirine ; VAN D1JK, Marcory ; BALKEN-
HOL, Maschenka ; HERMSEN, Meyke ; BEJINORDI, Babak E. ; LEE, Byungjae ; PAENG,
Kyunghyun ; ZHONG, Aoxiao [u. a.]: From detection of individual metastases to classi-
fication of lymph node status at the patient level: the camelyonl7 challenge. En: IFEFE
transactions on medical imaging 38 (2018), Nr. 2, p. 550-560

Bass, Siddharth S. ; Cox, Charles E. ; Ku, Ni N. ; BERMAN, Claudia ; REINTGEN,
Douglas S.: The role of sentinel lymph node biopsy in breast cancer. En: Journal of
the American College of Surgeons 189 (1999), Nr. 2, p. 183-194

BEJNORDI, Babak E. ; VETA, Mitko ; VAN DIEST, Paul J. ; VAN GINNEKEN, Bram
; KARSSEMEIJER, Nico ; LITJENS, Geert ; VAN DER LAAK, Jeroen A. ; HERMSEN,
Meyke ; MANSON, Quirine F. ; BALKENHOL, Maschenka [u. a.]: Diagnostic assessment
of deep learning algorithms for detection of lymph node metastases in women with
breast cancer. En: Jama 318 (2017), Nr. 22, p. 2199-2210



28

References

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

BERA, Kaustav ; SCHALPER, Kurt A. ; RimM, David L. ; VELCHETI, Vamsidhar
: MADABHUSHI, Anant: Artificial intelligence in digital pathologya€”new tools for

diagnosis and precision oncology. En: Nature reviews Clinical oncology 16 (2019), Nr.
11, p. 703-715

BIRD, Benjamin ; BEDROSSIAN, Kristi ; LAVER, Nora ; MILJKOVIC, Milo§ ; ROMEO,

Melissa J. ; DIEM, Max: Detection of breast micro-metastases in axillary lymph nodes
by infrared micro-spectral imaging. En: Analyst 134 (2009), Nr. 6, p. 1067-1076

BrAy, Freddie ; FERLAY, Jacques ; SOERJOMATARAM, Isabelle ; SIEGEL, Rebecca L.
; TORRE, Lindsey A. ; JEMAL, Ahmedin: Global cancer statistics 2018: GLOBOCAN
estimates of incidence and mortality worldwide for 36 cancers in 185 countries. En: CA:
a cancer journal for clinicians 68 (2018), Nr. 6, p. 394-424

CAsSTRO, CL ; AMAT, M ; MYSLER, DC ; CosTaANzO, MV ; NERvO, AA ; CoLO,
FA ; LozA, JB ; CHACON, R: Ganglio centinela positivo sin linfadenectomia axilar:
aplicabilidad de las nuevas guias internacionales. En: REVISTA ARGENTINA DE
MASTOLOGYA 36 (2017), Nr. 130

CHEN, Jia-Mei ; L1, Yan ; Xu, Jun ; GONG, Lei ; WANG, Lin-Wei ; Liu, Wen-
Lou ; Liu, Juan: Computer-aided prognosis on breast cancer with hematoxylin and
eosin histopathology images: A review. En: Tumor Biology 39 (2017), Nr. 3, p.
1010428317694550

CoLLiNG, Richard ; PiTMAN, Helen ; OIEN, Karin ; RAJPOOT, Nasir ; MACKLIN,
Philip ; 1IN HISTOPATHOLOGY WORKING GROUP, CM-Path A. ; BACHTIAR, Velicia
; BoOoTH, Richard ; BRYANT, Alyson ; BULL, Joshua [u. a.]: Artificial intelligence in
digital pathology: a roadmap to routine use in clinical practice. En: The Journal of
pathology 249 (2019), Nr. 2, p. 143-150

CORREDOR, Germéan ; WANG, Xiangxue ; LU, Cheng ; VELCHETI, Vamsidhar ;
ROMERO, Eduardo ; MADABHUSHI, Anant: A watershed and feature-based approach
for automated detection of lymphocytes on lung cancer images. En: Medical Imaging
2018: Digital Pathology Vol. 10581 International Society for Optics and Photonics,
2018, p. 105810R,

Cox, Charles E. ; KiLUK, John V. ; RIKER, Adam I. ; CoX, John M. ; ALLRED, Nathon
: RAMOSs, Daniel C. ; DUPONT, Elisabeth L. ; VRCEL, Vesna ; D1AZ, Nils ; BOULWARE,

David: Significance of sentinel lymph node micrometastases in human breast cancer.
En: Journal of the American College of Surgeons 206 (2008), Nr. 2, p. 261-268

CSERNI, G ; AMENDOEIRA, I ; APOSTOLIKAS, N ;: BELLOCQ, JP ; BIANCHI, S ; BUs-
SOLATI, Giovanni ; BOECKER, W ; BORISCH, B ; CoONNOLLY, CE ; DECKER, T [u. a.]:



References 29

[20]

[21]

[22]

[23]

Pathological work-up of sentinel lymph nodes in breast cancer. Review of current data
to be considered for the formulation of guidelines. En: Furopean Journal of Cancer 39
(2003), Nr. 12, p. 1654-1667

CSERNI, Géabor ; BIANCHI, Simonetta ; BOECKER, Werner ; DECKER, Thomas ; LAC-
ERDA, Manuela ; RANK, Fritz ; WELLS, Clive A. ; FOR BREAST SCREENING PATHOL-
oaY, European Working G.: Improving the reproducibility of diagnosing micrometas-
tases and isolated tumor cells. En: Cancer 103 (2005), Nr. 2, p. 358-367

DANKO, Melissa E. ; BENNETT, Kyla M. ; ZHAI, Jun ; MARKS, Jeffrey R. ; OLSON JR,
John A.. Improved staging in node-positive breast cancer patients using lymph node
ratio: results in 1,788 patients with long-term follow-up. En: Journal of the American
College of Surgeons 210 (2010), Nr. 5, p. 797-805

FOR DISEASE CONTROL, Centers ; PREVENTION
[w.  a.l. Breast — cancer in  young  women  hitps://www.  cdec.

gov/cancer/breast/young-women/bringyourbrave /pdf/breastcanceryoungwomenfactsheet.
pdf. 2018

DuncaNn, W ; KERR, GR: The curability of breast cancer. En: Br Med J 2 (1976),
Nr. 6039, p. 781-783

GIAMMARILE, Francesco ; VIDAL-SICART, Sergi ; PAEZ, Diana ; PELLET, Olivier ;
ENRIQUE, Estrada-Lobato ; MIKHAIL-LETTE, Miriam ; MOROzZOVA, Olga ; CAMILA,
Navarro Marulanda M. ; IVONNE, Rodriguez Sanchez Diana ; BOLTON, Roberto C D.
[u. a.]: Sentinel Lymph Node Methods in Breast Cancer. En: Seminars in Nuclear
Medicine Elsevier, 2022

GIULIANO, Armando E. ; DALE, Paul S. ; TURNER, Roderick R. ; MORTON, Donald L.
: EvaNs, Sheila W. ; KRASNE, David L.: Improved axillary staging of breast cancer
with sentinel lymphadenectomy. En: Annals of surgery 222 (1995), Nr. 3, p. 394

HAvriLovic, Altuna ; EHTESHAMIA BEJNORDI, Babak ; VANA DERA Laak, Jeroen
; BALKENHOL, Maschenka ; HERMSEN, Meyke ; GEESSINK, Oscar ; BULT, Peter ;
VANA DEA Loo, Rob ; VOGELS, Rob ; LITJENS, Geert ; STATHONIKOS, Nikolas ;
VANA Diest, Paul ; BANDI, Peter ; MANSON, Quirine F. ; BAIDOSHVILI, Alexi ;
WAUTERS, Carla ; VANA Dok, Marcory: 1399 H & amp;E-stained sentinel lymph
node sections of breast cancer patients: the CAMELYON dataset. En: GigaScience 7
(2018), 05, Nr. 6. — ISSN 2047-217X

HARALICK, Robert M. ; SHANMUGAM, Karthikeyan ; DINSTEIN, Its’ H.: Textural fea-

tures for image classification. En: IEEFE Transactions on systems, man, and cybernetics
(1973), Nr. 6, p. 610-621



30

References

[27]

[33]

Harouwm, Hassan A. ; JAMALI, Faek R. ; EL-SAGHIR, Nagi S. ; MusaLLAM, Khaled M.
: SEOUD, Muhieddine ; DiMASsSI, Hani ; ABBAS, Jaber ; KHALIFE, Mohamad ; BOULOS,
Fouad I. ; TAwIL, Ayman N. [u. a.]: Ratio between positive lymph nodes and total
excised axillary lymph nodes as an independent prognostic factor for overall survival in
patients with nonmetastatic lymph node-positive breast cancer. En: Indian journal of
surgical oncology 1 (2010), Nr. 1, p. 68-75

HEe, Kaiming ; ZHANG, Xiangyu ; REN, Shaoqing ; SUN, Jian: Deep residual learning
for image recognition. En: Proceedings of the IEEE conference on computer vision and
pattern recognition, 2016, p. 770-778

HERRAN, Oscar F. ; ALVAREZ, Diana C. ; QUINTERO-LESMES, Doris C.: Dietary
patterns and breast cancer in Colombia: an ecological study. En: International health
12 (2020), Nr. 4, p. 317-324

HOUVENAEGHEL, G ; SABATIER, R ; REYAL, F ; CLASSE, JM ; GIARD, S ; CHARI-
TANSKY, H ; ROUZIER, R ; FAURE, C ; GARBAY, JR ; DARAL E [u. a.]: Axillary lymph
node micrometastases decrease triple-negative early breast cancer survival. En: British
journal of cancer 115 (2016), Nr. 9, p. 1024-1031

IDIAZABAL, DRA GABRIELA M.: Histologia del sistema linfatico. En: Flebologia
y Linfologia 13 (2010), p. 797-804

JARKMAN, Sofia ; KARLBERG, Micael ; POCEVICIUTE, Milda ; BODEN, Anna ; BANDI,
Péter ; LITJENS, Geert ; LUNDSTROM, Claes ; TREANOR, Darren ; VAN DER LAAK,
Jeroen: Generalization of Deep Learning in Digital Pathology: Experience in Breast
Cancer Metastasis Detection. En: Cancers 14 (2022), Nr. 21, p. 5424

BOUQUET DE JOLINIERE, Jean ; MAJOR, A ; KHOMSI, F ; BEN ALI, N ; GuiLLOU, L ;
Fek1, A: The Sentinel Lymph Node in Breast Cancer: Problems Posed by Examination
During Surgery. A Review of Current Literature and Management. En: Frontiers in
Surgery 5 (2018), p. 56

KeLL, MR ; WINTER, DC ; O’SULLIVAN, GC ; SHANAHAN, F ; REDMOND, HP: Bi-
ological behaviour and clinical implications of micrometastases. En: British journal of
surgery 87 (2000), Nr. 12, p. 1629-1639

LEVNER, Ilya ; ZHANG, Hong: Classification-driven watershed segmentation. En: IEFE
Transactions on Image Processing 16 (2007), Nr. 5, p. 1437-1445

L1TJENS, Geert ; SANCHEZ, Clara I. ; TIMOFEEVA, Nadya ; HERMSEN, Meyke ; NAGTE-
GAAL, Iris ; KovaAcs, Iringo ; HULSBERGEN-VAN DE Kaa, Christina ; BuLT, Peter ;
VAN GINNEKEN, Bram ; VAN DER LAAK, Jeroen: Deep learning as a tool for increased



References 31

[37]

[39]

[40]

[41]

[42]

[43]

accuracy and efficiency of histopathological diagnosis. En: Scientific reports 6 (2016),
Nr. 1, p. 1-11

MACENKO, Marc ; NIETHAMMER, Marc ; MARRON, James S. ; BORLAND, David
: WOOSLEY, John T. ; GuaN, Xiaojun ; SCHMITT, Charles ; THOMAS, Nancy E.:
A method for normalizing histology slides for quantitative analysis. En: 2009 IEEE
International Symposium on Biomedical Imaging: From Nano to Macro TEEE, 2009,
p. 1107-1110

MEYER, John S. ; ALVAREZ, Consuelo ; MILIKOWSKI, Clara ; OLSON, Neal ; RUssoO,
Irma ; RUSsoO, Jose ; GLASS, Andrew ; ZEHNBAUER, Barbara A. ; LISTER, Karen
; PARWARESCH, Reza: Breast carcinoma malignancy grading by Bloom-Richardson
system vs proliferation index: reproducibility of grade and advantages of proliferation
index. En: Modern pathology 18 (2005), Nr. 8, p. 1067-1078

MoLANO, Leidy T. ; MONCAYO, Ricardo A. ; ROMERO, Eduardo: Detecting micro-
metastases in the sentinel lymph node by characterizing micro-environments. En: 17th

International Symposium on Medical Information Processing and Analysis Vol. 12088
SPIE, 2021, p. 313-321

Niazi, Muhammad Khalid K. ; PARWANI, Anil V. ; GURCAN, Metin N.: Digital
pathology and artificial intelligence. En: The lancet oncology 20 (2019), Nr. 5, p.
e253-e261

PATaNt, Neill ; MOKBEL, Kefah: The clinical significance of sentinel lymph node

micrometastasis in breast cancer. En: Breast cancer research and treatment 114 (2009),
Nr. 3, p. 393-402

PATANI, Neill ; MOKBEL, Kefah: Clinical significance of sentinel lymph node isolated

tumour cells in breast cancer. En: Breast cancer research and treatment 127 (2011),
Nr. 2, p. 325-334

RODRIGUES-FERNANDES, Carla I. ; SPEIGHT, Paul M. ; KHURRAM, Syed A. ; ARAUJO,
Anna Luiza D. ; DA CRUz PEREZ, Danyel E. ; FONSECA, Felipe P. ; LOPES, Marcio A.
: DE ALMEIDA, Oslei P. ; VARGAS, Pablo A. ; SANTOS-S1LVA, Alan R.: The use of
digital microscopy as a teaching method for human pathology: a systematic review. En:
Virchows Archiv (2020), p. 1-12

SALHAB, Mohamed ; PATANI, Neill ; MOKBEL, Kefah: Sentinel lymph node mi-

crometastasis in human breast cancer: an update. En: Surgical oncology 20 (2011), Nr.
4, p. €195-€206

SALTO-TELLEZ, Manuel ; MAXWELL, Perry ; HAMILTON, Peter: Artificial intelligence-
the third revolution in pathology. En: Histopathology 74 (2019), Nr. 3, p. 372-376



32

References

[46]

[47]

[49]

[50]

[51]

[52]

[53]

STEINER, David F. ; MACDONALD, Robert ; Liu, Yun ; TRUSZKOWSKI, Peter ; HIPP,
Jason D. ; GAMMAGE, Christopher ; THNG, Florence ; PENG, Lily ; STUMPE, Martin C.:
Impact of deep learning assistance on the histopathologic review of lymph nodes for
metastatic breast cancer. En: The American journal of surgical pathology 42 (2018),
Nr. 12, p. 1636

SUNG, Hyuna ; FERLAY, Jacques ; SIEGEL, Rebecca L. ; LAVERSANNE, Mathieu ; So-
ERJOMATARAM, Isabelle ; JEMAL, Ahmedin ; BRAY, Freddie: Global cancer statistics
2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in
185 countries. En: CA: a cancer journal for clinicians 71 (2021), Nr. 3, p. 209-249

TaNIs, Pieter J. ; NIEWEG, Omgo E. ; OLMOS, Renato A V. ; EMIEL, J ; KROON,
Bin B.: History of sentinel node and validation of the technique. En: Breast Cancer

Research 3 (2001), Nr. 2, p. 1-4

TaAvassoLl, Fattaneh A.: World Health Organization classification of tumors. En:
Pathology and genetics of tumors of the breast and female genital organs 97 (2003)

TJaAN-HEDNEN, Vivianne C. ; BuLt, Peter ; DE WIDT-LEVERT, Louise M. ; RUERS,
Theo J. ; BEEX, Louk V.: Micro-metastases in axillary lymph nodes: an increasing
classification and treatment dilemma in breast cancer due to the introduction of the
sentinel lymph node procedure. En: Breast cancer research and treatment 70 (2001),
Nr. 2, p. 81-88

TONELLOTTO, Fabiana ; BERGMANN, Anke ; DE SOUZA ABRAHAO, Karen ;
DE AGUIAR, Suzana S. ; BELLO, Marcelo A. ; THULER, Luiz Claudio S.: Impact
of number of positive lymph nodes and lymph node ratio on survival of women with
node-positive breast cancer. En: Furopean journal of breast health 15 (2019), Nr. 2,
p. 76

TRESSERRA, F ; GRASES, PJ ; [ZQUIERDO, M ; FABREGAS, R ; FERNANDEZ-CID, A:
Detection of micrometastases in the sentinel node of patients with infiltrating breast
cancer. En: PROGRESOS DE OBSTETRICIA Y GINECOLOGIA 45 (2002), Nr. 2,
p. 37-44

VETA, Mitko ; VAN DIEST, Paul J. ; KORNEGOOR, Robert ; HUISMAN, André ;
VIERGEVER, Max A. ; PrLuiM, Josien P.: Automatic nuclei segmentation in H&E
stained breast cancer histopathology images. En: PloS one 8 (2013), Nr. 7, p. 70221

WANG, Jun ; L1vu, Qianying ; X1E, Haotian ; YANG, Zhaogang ; ZHOU, Hefeng: Boosted
efficientnet: detection of lymph node metastases in breast cancer using convolutional
neural networks. En: Cancers 13 (2021), Nr. 4, p. 661



References 33

[55]

[56]

[57]

[58]

[59]

[60]

[63]

WEAVER, DL ; KrRAG, DN ; MANNA, EA ; GILCREASE, Michael: Comparison of
pathologist-detected and automated computer-assisted image analysis detected sentinel
lymph node micrometastases in breast cancer. En: Breast Diseases 15 (2004), Nr. 2, p.

156

WEAVER, Donald L.: Sentinel lymph nodes and breast carcinoma: which micrometas-
tases are clinically significant? En: The American journal of surgical pathology 27
(2003), Nr. 6, p. 842-845

WEAVER, Donald L. ; KRAG, David N. ; ASHIKAGA, Takamaru ; HARLOW, Seth P.
; O’CONNELL, Maureen: Pathologic analysis of sentinel and nonsentinel lymph nodes
in breast carcinoma: a multicenter study. En: Cancer: Interdisciplinary International

Journal of the American Cancer Society 88 (2000), Nr. 5, p. 1099-1107

WEAVER, Donald L. ; KRAG, David N. ; MANNA, Edward A. ; ASHIKAGA, Taka ;
HArRLOW, Seth P. ; BAUER, Kenneth D.: Comparison of pathologist-detected and
automated computer-assisted image analysis detected sentinel lymph node micrometas-
tases in breast cancer. En: Modern pathology 16 (2003), Nr. 11, p. 1159-1163

WONG, Sandra L. ; FARIES, Mark B. ; KENNEDY, Erin B. ; AGARWALA, Sanjiv S. ;
AKHURST, Timothy J. ; ARIYAN, Charlotte ; BALCH, Charles M. ; BERMAN, Barry S.
; COCHRAN, Alistair ; DELMAN, Keith A. [u. a.]: Sentinel lymph node biopsy and man-
agement of regional lymph nodes in melanoma: American Society of Clinical Oncology
and Society of Surgical Oncology Clinical Practice Guideline Update. En: Annals of
surgical oncology 25 (2018), Nr. 2, p. 356-377

WONG, Stephanie M. ; ALMANA, Nora ; CHOI, Jungeun ; HU, Jiani ; GAGNON, Haley ;
NATSUHARA, Kelsey ; SHEN, Abra H. ; DESANTIS, Stephen ; DOMINICI, Laura ; GOL-
SHAN, Mehra [u. a.]: Prognostic significance of residual axillary nodal micrometastases
and isolated tumor cells after neoadjuvant chemotherapy for breast cancer. En: Annals
of surgical oncology 26 (2019), Nr. 11, p. 3502-3509

YAMAMOTO, Hirofumi: Micrometastasis in lymph nodes of colorectal cancer. FEn:
Annals of Gastroenterological Surgery (2022)

ZHANG, Lu ; Hu, Jin ; ALl ZIRAKZADEH, A ; ROSVALL, Jesper ; HEDLUND, Mats ;
Hu, Ping S. ; PA WALLIN, Robert ; SHERIF, Amir ; WINQVIST, Ola: Detection of
micro-metastases by flow cytometry in lymph nodes from patients with penile cancer.
En: BMC wrology 18 (2018), Nr. 1, p. 1-7

ZHANG, Yi ; WANG, Yuzhi ; T1AN, Gang ; JIANG, Tianhua: Long non-coding RNA-
based signatures to improve prognostic prediction of breast cancer. En: Medicine 99
(2020), Nr. 40



