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Abstract

In this thesis we focus on Deep Learning models that classify whole-slide images without the need
of region of interest annotations. With these models, we would like to enhance the workflow of a
pathologist and essentially let the model be a second pair of eyes. We choose weakly-supervised
models, since annotating whole-slide images is a tedious and time-consuming job due to the large
resolution of these images (e.g. 100.000 × 100.000 pixels).

We evaluate the models on three different tasks, which are breast cancer grade classification
in young women, lymph node metastases detection and melanoma pathway classification. Fur-
thermore, we propose our own top-k average pooling multiple-instance learning method which
outperforms various other weakly-supervised methods on the breast cancer grade classification
task. We also explore the field of self-supervised learning for feature extraction and compare this
with a feature extractor pre-trained on ImageNet.

From our results we can conclude that building models without region of interest annotations
requires expressive feature extractors which can extract valuable information from tissue sections
and use these features in a context-aware manner. Furthermore, we think that models should
provide a level of interpretation for the pathologist, since it is important to know what the model
finds relevant for the classification.
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Chapter 1

Introduction

Pathology is the study of disease. When a patient is suspected to have a certain disease, the
patient can get a biopsy to get a better understanding of the situation. The pathologists can
examine the tissue of the patient and possibly diagnose the patient in collaboration with other
medical experts.

A technological development within pathology is the use of digital slide scanners. Given a
tissue sample on a glass slide, these scanners produce a digitized image called a whole-slide image
(WSI) [1]. Examiners use WSI image viewers to inspect WSI, since these images frequently have
a large resolution, e.g. 100.000 × 100.000 pixels; and can zoom in at different magnifications.
Often they also include tools to make comments and annotations, which examiners can use to
mark regions of interest (ROI) within a WSI.

Since WSI are digital they have several benefits over examining tissue slides using microscopes,
namely they can be shared more easily, the quality stays constant and it allows for automated image
analysis [2]. Examples of adapting artificial intelligence (AI) within automated image analysis are
nuclei segmentation/classification [3] and slide-level classification [4].

1.1 Motivation

Classification tasks on WSI for digital pathology faces different kinds of problems then conventional
image classification tasks, such as classification on the ImageNet dataset [5]. The main challenge
of WSI classification is that the resolution of WSI are vastly greater than that of classical image
datasets. Although many Deep Learning architectures vary greatly from each other, they often
incorporate convolutional layers to extract features from feature maps [6]. Applying state-of-the-
art architectures for image classification directly on a WSI is infeasable due to the computational
load.

Another challenge that the size of WSI introduces is the lack of annotated data [7]. Since WSI
are very large, it is infeasible to annotate ROI of large sets of WSI. Annotating WSI requires a
vast amount of time/concentration and expert medical knowledge, which is not reasonable.

We want to give pathologists a second pair of eyes for classification tasks on WSI to enhance
their workflow. Having an automated image analysis tool that can classify WSI and possibly
indicate ROI would be a major benefit for pathologists.

1.2 Objective

Our thesis project focuses on WSI classification without using ROI annotations. We apply our
experiments on breast cancer grade classification in young women (≤ 40 years of age), lymph node
metastases detection and melanoma pathway classification.

Whole-slide Image Classification in Digital Pathology using Deep Learning 1



CHAPTER 1. INTRODUCTION

1.3 Contributions

Our main contributions are:

• Our custom multiple-instance-learning (MIL) with top-k average pooling implementation,
which outperforms the MIL with max-pooling and clustering-constrained-attention multiple-
instance learning (CLAM) models on the breast cancer grade classification task.

• A comparison between different feature extractors and their impact on model performance.
We mainly focus on two types of feature extractors, a ResNet-50 pre-trained on ImageNet
and a self-supervised feature extractor based on SimCLR.

• We extend the options for data augmentation of Neural Image Compression by adding arbit-
rary angle rotation, horizontal/vertical flipping, Gaussian blurring, brightness change and
color jitter on a tissue region scale.

1.4 Outline

The remainder of this work is presented as follows. Chapter 2 contains the problem statement. In
Chapter 3, the literature analysis is given. In Chapter 4, the Materials and Methods are described.
In Chapter 5, we evaluate the models on the different tasks. Finally, in Chapter 6, we give our
conclusions, limitations and possible future work.

2 Whole-slide Image Classification in Digital Pathology using Deep Learning



Chapter 2

Problem statement

In this section, we explain the underlying tasks of breast cancer grade classification in young
women, lymph node metastases detection and melanoma pathway classification. Furthermore, we
elaborate on the main research question of this project.

2.1 Classification tasks

2.1.1 Breast Cancer Grade Classification in Young Women

Breast cancer is the most prevalent cancer in women, with 2.261.419 new occurrences and 684.996
deaths counted in 2020 alone [8]. In case of young women (≤ 40 years of age), breast cancer is
often more aggressive and their prognosis is less favorable than older women with breast cancer
[9]. However, there is a proportion of young women that fall into the low-risk category, where
their prognosis is favorable after locoregional treatment without the need of adjuvant systemic
therapy [10]. Applying adjuvant systemic therapy to low-risk patients is considered overtreatment
and might cause age-related side effects [11]. Therefore, to reduce overtreatment in young women
with breast cancer, it is important to distinguish low-risk patients from high-risk patients.

An initiative called PAtients with bReAst cancer DIaGnosed preMenopausally (PARADIGM)
aims to reduce overtreatment of patients with breast cancer under the age of 40 [11]. PARADIGM
created a dataset that contains 3525 patients that were diagnosed between 1989 and 2000, ages
≤ 40, and who did not receive adjuvant systemic or hormonal therapy. Henceforth, we call this
dataset the YBCP dataset. Similarly to Wetstein et al. [12], we consider patients with main
diagnosis of the case invasive ductal (no special type) carcinoma, with no other cancer types
present. Furthermore, pathologists of the PARADIGM initiative assigned these patients a grade
based on the Nottingham modification of the Bloom-Richardson system [13], which indicates the
severity of the cancer. Since the grade of the cancer is linked to the risk factor, our goal is to
classify WSI into low/intermediate grade and high grade.

2.1.2 Lymph Node Metastases Detection in Women with Breast Cancer

Detecting metastases in the lymph nodes of the breast is an important aspect in determining the
breast cancer stage in patients. A well-known challenge within the field of automated image ana-
lysis for digital pathology is Cancer Metastases in Lymph Nodes Challenge 2016 (Camelyon16),
which purpose is two-fold; (I) identification of individual metastases and (II) classification of meta-
stases on slide-level. For this thesis project, we are only interested in task II. Our goal is to classify
a WSI in either normal lymph node or lymph node containing metastases.

Whole-slide Image Classification in Digital Pathology using Deep Learning 3



CHAPTER 2. PROBLEM STATEMENT

2.1.3 Melanoma Pathway Classification

Melanoma [14] is a deadly form of skin cancer, which is a malignancy of melanocytes [15]; skin
cells which are responsible for the pigmentation of the skin and offer protection against ultraviolet
radiation. According to [8], the number of new melanoma cases in 2020 alone are 324.635 and the
number of new deaths are 57.043, which makes melanoma the deadliest form of skin cancer.

The World Health Organization (WHO) defined 9 pathways/subtypes of melanoma [16], each
described by their epidemiology, morphology and genomic characteristics. The WHO further
grouped the 9 pathways into two groups; Cumulative Solar Damage (CSD) for pathways I-III and
non-CSD for pathways IV-IX. For the purpose of this project, we are primarily interested in cases
which belong to pathways I or IV, since they are the most occurring diagnoses within patients.

Pathway I consists of superficial spreading melanoma (SSM), which are melanoma with low-
CSD. Low-CSD melanoma are characterized by the relative low amount of solar elastosis [17],
opposed to pathways II and III, which contain cases of high-CSD. SSM is a spreading lesion
primarily characterized by its radial growth phase (RGP), and according to [18] the neoplastic
cells in the epidermis make a pattern that resembles the Paget’s disease of the breast [19]. A tissue
lesion is said to be in RGP if it grows alongside the horizontal axis within the skin, opposed to
a vertical growth phase (VGP), which grows alongside the vertical axis below and/or above the
skin. On the other hand, Pathway IV consists of spitz melanoma, which is a non-CSD melanoma.
According to [16], Spitz melanoma are characterized by lesions containing large spindle and/or
epithelioid melanocytes.

Our project focuses on the classification of melanoma of pathway I, IV and Remaining (WSI
that fall into the remaining pathways).

4 Whole-slide Image Classification in Digital Pathology using Deep Learning



CHAPTER 2. PROBLEM STATEMENT

2.2 Formalization

A WSI x has a variable resolution and typically is around 100.000 by 100.000 pixels. An example
of a WSI can be seen in Figure 2.1. To demonstrate the size of the WSI we extract 3 patches from
this slide at the same location with three different magnification levels, see Figure 2.2. The patch
of 5× magnification is marked green in Figure 2.1.

In this example, the slide was scanned using a Philips UFS scanner 1.6.1.3 RA, where the
micrometer per pixel ratio is 0.25 at 40× magnification.

Figure 2.1: A WSI of size 100,352 by 106,496

(a) Patch at 20×
magnification with 0.5

µm/pixel

(b) Patch at 10×
magnification with 1 µm/pixel

(c) Patch at 5× magnification
with 2 µm/pixel

Figure 2.2: Patches from x = 50, 000 and y = 20, 000 with the same image size, at different
magnification levels. We can see how the patches at higher magnifications fit into the lower
magnification patches

Given a WSI x and a model f , we make a prediction f(x) = ŷ, where ŷ is an array of
probabilities where each entry ŷi denotes the probability of slide x being of class i. More formally,
ŷ = [ŷ1, . . . , ŷn], where (

∑n
i=1 ŷi) = 1 and ∀ŷi ∈ ŷ : (0 ≤ ŷi ≤ 1), where n is the number of classes.

Whole-slide Image Classification in Digital Pathology using Deep Learning 5



CHAPTER 2. PROBLEM STATEMENT

We evaluate the performance of the model by calculating three classification metrics, namely
Area-Under-the-Curve (AUC), accuracy and F1-score. The AUC metric tells us how well the model
performs under different thresholds, the accuracy tells us a percentage of how many samples were
correctly classified out of the whole dataset and the F1-score is an aggregate metric, which takes
into account the precision and recall of the model.

2.3 Research question

Since we have three different tasks and datasets, we face different kinds of challenges. However,
there should be some common ground in the characteristics of the dataset and models used.
Therefore, our main research question for this project is:

Which factors play an important role for classification on histopathology slides?

6 Whole-slide Image Classification in Digital Pathology using Deep Learning



Chapter 3

Literature Analysis

We first elaborate on the field of Deep Learning and in particular Convolutional Neural Networks
(CNNs). Thereafter, since we are interested in classifying WSI without using ROI annotations, we
explore weakly-supervised learning, which is a sub-field of machine learning (ML) that deals with
inexact, incomplete and inaccurate data. Next, we will discuss several frameworks that classify
WSI, which are based on MIL and/or spatial context-aware approaches. Thereafter, we will discuss
several works that quantify the performance of feature extractors. Finally, we will summarize our
findings of the literature analysis.

Whole-slide Image Classification in Digital Pathology using Deep Learning 7



CHAPTER 3. LITERATURE ANALYSIS

3.1 Deep Learning

Deep Learning is a field in AI which enables models to automatically learn representations from
data [20]. Prior to Deep Learning, many conventional machine learning methods required hand-
crafted feature extractors build by experts with domain knowledge.

The rise of Deep Learning in recent years has been contributed to the availability of big datasets,
computational power by graphical processing units (GPUs) and improving techniques/architec-
tures by the research community [20]. It has seen a wide variety of applications, namely in visual,
audio and text-related tasks.

In a supervised setting for a classification task, the goal is to learn a function f , such that
given an input x, f predicts ŷ that gives a probability score which ideally aligns with the true
label y. Initially, the function f does not perform well as it has not been trained. In a neural
network setting, f is the whole neural network, which contains the network parameters (weights
and biases of the network). To achieve good predictions, these internal parameters need to be
tuned during the training process of the network using stochastic gradient descent (SGD). With
SGD, the network predicts the labels of the input, calculates the errors of the prediction using
a loss function and adjusts the internal parameters of the network based on the accumulated
gradients. The model stops training when the loss converges. Thereafter, the model can be used
for inference. Note that during inference, the weights and biases will not be updated as the training
procedure has finished.

CNNs have been shown to work well in the area of computer vision the past decade [20]. What
characterizes CNNs is the series of convolutional layers, followed by a non-linearity and pooling
layers. To predict the class of an image, the neural network flattens the feature maps into a vector,
applies a linear fully connected layer followed by a softmax layer to get the predictions per class.
An example of a CNN can be seen in Figure 3.1. Naturally, there are many variations to CNN
architectures, e.g. ResNets [21] and VGG-networks [22], however a commonality between these
networks is that they use convolutional and pooling layers.

A convolutional layer applies a series of convolutional operations on the input feature maps
using a learnable filter to produce the next feature map. Within a convolutional layer, n filters are
used to produce the next n feature maps. These learnable filter are often 3×3 or 5×5 in size, and
therefore can learn local patterns within feature maps. A pooling layer reduces the dimensionality
of a feature map by extracting the most significant features within a feature map. By applying
a series of convolutional/pooling layers, the network can extract import features from the input
image.

Figure 3.1: An example of a CNN which classifies the structural condition of an aircraft. Image
is from [23]

8 Whole-slide Image Classification in Digital Pathology using Deep Learning



CHAPTER 3. LITERATURE ANALYSIS

3.2 Weakly-Supervised Learning

AI practitioners use weakly-supervised learning when labeling the dataset is tedious, time-consuming
or infeasible. In [24], the author distinguished three types of weakly-supervised learning techniques,
which includes inexact, incomplete and inaccurate supervision.

Inexact supervision deals with datasets where a set of instances — often referred to as bag —
receives a single label. An example of inexact supervision is MIL [25]. MIL is a binary classification
problem and is defined as follows: Given a bag X containing instances x1, ..., xn, then X is positive
if at least one instance of X is positive, and X is negative if all instances of X are negative, see
Figure 3.2. However, the labels of the dataset are not on instance-level, but on bag-level, which
makes MIL an inexact weakly-supervised problem. MIL-classification problems are mainly solved
in two ways; (I) aggregating the instance-level predictions (e.g. max-pooling) or (II) creating a
bag-level feature representation.

In incomplete supervision only a subset of the dataset contains labels. Two main techniques
fall under incomplete supervision, which are active learning and semi-supervised learning. Active
learning requires a human-in-the-loop, where the machine learning algorithm can query the human
for labels for unlabeled data [26]. Semi-supervised learning on the other hand requires no human
intervention — the algorithm tries to learn from both the labeled and unlabeled data [27].

Inaccurate supervision deals with datasets that contain incorrect labels [24], an example of
this is crowdsourcing [28]. In crowdsourcing, machine learning algorithms rely on workers who are
outsourced to label the dataset. Naturally, not every worker can produce correct labels consistently
due to difference in human judgement.

In our case, the most relevant form of weakly-supervised learning is inexact supervision. As
already mentioned in the Introduction, the main challenge of WSI is the image resolution. For
pathologists, it is infeasible to annotate detailed ROI in WSI by hand as it is very time-consuming.
MIL is a viable option for WSI classification and has often been used with success [4; 29; 30]. In
the task of WSI classification, the WSI can be seen as the bag, whereas patches sampled from the
WSI can be seen as instances of that bag.

(a) A bag is positive if at least one
instance of that bag is positive

(b) A bag is negative if all
instances in that bag are negative

Figure 3.2: The multiple-instance learning principle in a binary classification task.

Whole-slide Image Classification in Digital Pathology using Deep Learning 9



CHAPTER 3. LITERATURE ANALYSIS

3.3 WSI classification methods

In this section we elaborate on WSI classification models which are MIL-based and spatial context-
aware.

3.3.1 MIL-based approaches

3.3.1.1 Aggregating patch features by using recurrent neural networks

Campanella et al. uses the MIL-framework to classify WSI using only slide-level labels. Their
model f first segments tissue from non-tissue area in a slide and then creates patches of size P×P .
Then for the training procedure, they do a full inference pass on all the patches of a slide and
calculate their probabilities of being positive or negative (where positive indicates presence of the
class). Thereafter, they update the model by using the top-1 ranked patch in the slide. They
applied their model on a prostate cancer classification task containing roughly 12.000 slides and
achieved an AUC of 0.977 with the model that uses VGG11-BN as backbone.

MIL-RNN [4] is an extension that builds on the MIL approach of Campanella et al. [31].
The framework has been tested on three different binary classification tasks: prostatic carcinoma,
basal cell carcinoma and breast cancer metastasis in axillary lymph nodes. In total, the authors
evaluated MIL-RNN on 44.732 WSI from 15.187 patients without data curation, thus the WSI
contained common scanning artifacts due to irregularities. Examples of these artifacts include air
bubbles, tissue folding and pen markings.

The MIL-RNN framework consists of two models, which are a tile-based classifier f and RNN
aggregator g. The model f differs slightly from the model in their previous work. Instead of
updating the model with the top-1 ranked patch, the model updates its weights with the top-K
ranked patches.

After training the tile-based classifier f , the model trains the RNN-based aggregator g. Simil-
arly to f , the model segments the WSI and extracts patches from it. Thereafter, it does a forward
pass of those patches using f to retrieve the patch predictions. Next, the model uses the second-
to-last layer of f to extract embeddings from the S most probable patches in the slide. Finally,
aggregator g does a forward pass using these embeddings to retrieve the slide-level prediction.

The authors experimented on the prostate cancer dataset to check the influence of the dataset
size on model performance. They set aside 2.000 validation WSI and trained their model using
different training set sizes: 100, 200, 500, 1.000, 2.000, 4.000, 6.000, 8.000 WSI, where each training
set was a superset of the previous datasets. They observed that an increase in training set size
also improves model performance and concluded that at least 10.000 slides are needed to achieve
satisfactory results. However, access to that many slides may not be feasible in classification tasks
of rare diseases.

3.3.1.2 Multi-task learning with top-k MIL pooling

Wetstein et al. [12] uses only the tile-based classifier f of the MIL-RNN approach [4]. They
extended their approach by adding a multi-task learning (MTL) approach [32]. In MTL we try to
learn auxiliary tasks alongside the main task, which gives extra supervisory signal to the model.
Wetstein et al. uses a hard-parameter sharing approach, where the base of the model is shared
among the different tasks, while the different classification heads remain separate, see Figure
3.3. They applied the model to breast cancer grade classification in young patients, which is the
task described in Section 2.1.1. Their single-head classification model achieved an accuracy of
0.77 ± 0.05, whereas their multi-task model, which uses the component grades (nuclear, tubular,
and mitosis scores) as additional tasks, achieved an accuracy of 0.80 ± 0.05. This study showed
that the supervisory signal of additional task could improve the overall performance of the model.

10 Whole-slide Image Classification in Digital Pathology using Deep Learning



CHAPTER 3. LITERATURE ANALYSIS

Figure 3.3: Hard parameter sharing between tasks. From [33]

3.3.1.3 Attention-based MIL models

Ilse et al. introduced Attention-based Deep MIL [29]. The attention-mechanism allows Attention-
based Deep MIL to find key instances that it attends to for the final slide-level prediction. Their
framework consists of three components, which include a dimensionality reduction of patches to
low-level embeddings, a permutation-invariant attention-based pooling mechanism and a bag-level
classifier.

Given a bag of embeddings H = {h1, ..., hk}, the pooling operation z is defined as follows:

z =

K∑
k=1

akhk (3.1)

where ak is defined as:

ak =
exp{wT tanh(V hTk )}∑K
j=1 exp{wT tanh(V hTj )}

(3.2)

and w and V are trainable parameters.

However, the authors noted that the pooling mechanism was suboptimal for tanh(x) when
x ∈ [−1, 1] due to the linearity that it introduces. Therefore, the authors added the gating
mechanism [34] to the pooling operation, which would retain the model’s ability to learn complex
relations. The gated attention mechanism changes ak to the following:

ak =
exp{wT tanh(V hTk )� sigmoid(UhTk )}∑K
j=1 exp{wT tanh(V hTj )� sigmoid(UhTj )}

(3.3)

where U is a set of trainable parameters and � is an element-wise multiplication.

What makes Attention-based Deep MIL interpretable is that the attention scores in the pooling
operation z can be used to visualize patches that are important for the bag-level prediction. This
is especially important in a clinical setting, since the model can justify its decisions to a certain
extend.

CLAM [30] is an extension of Attention-based Deep MIL, which is suitable for multi-class
classification problems. Furthermore, it introduces instance-level clustering over high- and low
diagnostic-valued patches to refine the feature space.

The authors evaluated CLAM on three classification tasks, which are renal-cell carcinoma
(RCC) subtyping, non-small-cell-lung-cancer (NSCLC) subtyping and breast cancer lymph node

Whole-slide Image Classification in Digital Pathology using Deep Learning 11
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metastases detection. The authors highlight in the paper that data efficiency is an important aspect
with classification tasks of rare diseases, as there are limited WSI available. They concluded that
different tasks require varying number of slides to achieve an AUC > 0.9.

Possible improvements for both Attention-based Deep MIL and CLAM is that they use fixed
feature extractors to compute embeddings of patches. These feature extractors are often pre-
trained ResNets and are not adapted to the dataset. A possible improvement for the feature
extractor is to make it domain specific.

The authors of CLAM proposed a different method called Tumor Origin Assessment via Deep
Learning (TOAD), which uses a similar attention mechanism for WSI prediction as CLAM. How-
ever, the use case of TOAD is different, as it is a multi-task classification network which can
predict whether a WSI contains primary or metastatic tumor and the site of origin of the tumor
e.g. breast, lung and skin. In addition to the WSI as input, the authors also provide the network
the sex of the patient as additional input, which has been shown to be beneficial for the slide-level
prediction according to their ablation studies.

TOAD can be applied in cases of cancer of unknown primary (CUP) origin, which are cases
where the primary site of origin of the tumor is undetermined. This will help pathologist narrow
down possible sites of origins, and thus help in the process of finding a diagnosis.

Another extension of Attention-based Deep MIL is Self-supervised pre-training and heterogeneity-
aware deep Multiple Instance LEarning (DeepSMILE) [35]. The main limitations that DeepSMILE
addresses in Attention-based Deep MIL are: (1) the feature extractor trained on ImageNet is sub-
optimal to extract features from medical images and (2) the attention-based pooling is unable to
capture global patterns in WSI.

To address the first limitation, DeepSMILE uses SimCLR [36], which is a self-supervised fea-
ture extractor, to extract features from patches. In their paper, they evaluated SimCLR on 12
different classification tasks and it achieved results on par with supervised baselines. Furthermore,
DeepSMILE addresses the second limitation by calculating the variability between features across
tiles, which allows the model to capture global features within a WSI.

The authors evaluated DeepSMILE on Homologous recombination deficiency (HRD) and mi-
crosatellite instability (MSI) prediction and achieved for both tasks state-of-the-art performance
with an AUC of 0.8379 and 0.9032 respectively. Furthermore, their model with SimCLR as feature
extractor performed better than their model with an pre-trained ImageNet feature extractor.

3.3.1.4 Large margin principle MIL

The authors of [37] take a more traditional machine learning approach to solve the binary WSI
classification problem. They adapt the large-margin principle in the MIL framework, where the
large margin classifier tries to maximize the margin between two different classes, while minimizing
the false positives. They use two loss functions to optimize their model. In case of a negative
case, they incur loss when at least one instance of the ROI within a slide is positive. In case of a
positive slide, they incur a loss when all ROI within a slide is negative. Both loss functions align
with the MIL framework. The ROI are extracted by first converting them into CIELAB color
space, and consequently applying a clustering algorithm to segment cytological components from
the ROI. Thereafter, Haralick texture descriptors are used to extract a feature vector of length 9
from the ROI. A limitation of this work is that the feature extractor is untrainable unlike feature
extractors such as neural networks.
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3.3.2 Spatial context-aware approaches

Most MIL models for WSI classification are patch-based and do not consider a larger spatial
context. In this section we elaborate on several methods that do take into account a larger spatial
context and thus can extract more global features from WSI.

3.3.2.1 Compression-based models

Neural Image Compression (NIC) is a framework that compresses a WSI x into x′ and consequently
classify x′ [38]. The authors applied NIC on a synthetic dataset, the Camelyon16 dataset [39],
TUPAC16 dataset [40] and a rectal carcinoma dataset [41].

Given x with dimensions W ×H × 3, NIC compresses x into x′ with dimensions W
S ×

H
S ×C,

where W is the width, H is the height, S is the stride and C is the compression length. NIC
creates a grid of x by dividing it into patches of size P × P × 3 with a stride of S. For each
patch in the grid, it compresses the patch into an embedding/feature vector of length C using
an encoder. In the paper, they explore unsupervised learning methods to extract embeddings
from the patches — these methods include Variational Auto-encoders (VAEs) [42], Bidirectional
Generative Adversarial Networks (BiGANs) [43] and contrastive learning [44]. See Figure 3.4 for
an overview of compressing a WSI.

After training the encoder in the compression step, NIC trains a convolutional neural network
(CNN) to classify x′. By using a CNN on x′, the authors argue that NIC is able to capture not
only local features of patches, but also the spatial relations among patches.

The authors noticed several drawbacks of NIC. Firstly, NIC has troubles classifying WSI with
small tumor lesions, which might be caused by the expressiveness of the encoders. A better
encoder may lead to better results in slides with low witness rates. Secondly, the CNN of NIC
can overfit easily due to the lack of data augmentation on the WSI (only 90-degrees rotations and
mirroring on the WSI) and small dataset size. Lastly, NIC is computationally expensive which
makes optimizing hyperparameters unfeasible.

Figure 3.4: NIC compresses each patch in the WSI by using the trained encoder. Image is from
[38]

An extension of NIC is presented in [45], where the authors use a MTL approach for encoding
patches. In their method, they have a network consisting of an encoder and four separate classific-
ation heads. The goal of the network is to classify patches of four separate tasks, using the same
encoder, which would make the encoder highly transferable among different tasks. After training
the encoder network, they followed the same procedure as NIC for the classifier. The authors
argue that training an encoder in a multi-task supervised manner produces more discriminative
embeddings of the patches and therefore enhances the classification accuracy, compared to an
unsupervised feature extraction. For the TUPAC16 challenge [40], they achieved state-of-the-art
performance with an AUC of 0.632 on the test set. However supervised encoding for NIC may
be infeasible when labeled datasets of patches are not available. This is usually the case as these
datasets are time-consuming and tedious to construct.

Shaban et al. [46] propose a technique which is similar to NIC. In their work, they also make
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a compression of a region, however this region is considerable smaller than of NIC 1.792 × 1.792
versus 50.000 × 50.000. Furthermore, Shaban et al. employ an attention mechanism which can
localize areas that of high importance within a compressed tissue region. The slide-level prediction
is based on majority vote, whereas NIC averages the predictions of each compressed tissue region.
Both approaches may suffer from slides which contain a small tissue region.

3.3.2.2 Multi-scale approach

Hashimoto et al. [47] propose a framework called Multi-scale Domain-adversarial Multiple-instance
CNN, which they applied to malignant lymphoma sub-type classification. Their contributions are
two-fold; (I) extracting local and global features from multiple magnifications from a WSI and (II)
robustness against differences in staining conditions among hospitals/specimens by using domain
adversarial normalization.

Their approach consists of training n feature extractors for n magnification-levels. The feature
extractors in their framework are also referred to as DA-MIL. For each feature extractor, they
incur two losses; a classification loss and a loss for the domain predictor. The classification is
calculated using the attention mechanism of Ilse et al. [29], in which they calculate an attention
score per patch and then compute an attention-weighted bag-level feature vector. Furthermore,
the domain predictor gives a prediction on the possible domains, where in their case each patient
is seen as a single domain.

After training the n DA-MIL models, they train a multi-scale model, which they call MS-DA-
MIL. This model incorporates the n DA-MIL models trained previously. This training process for
MS-DA-MIL is similar to training DA-MIL, however they only compute the classification task and
disregard the domain adversarial training. For the classification task, they extract features from
multiple magnifications and apply the attention mechanism to compute the attention-weighted
bag-level feature vector, which is consequently used for classification.

In their work, they applied MS-DA-MIL with 10× and 20× magnification, however it would
be interesting how the model would perform by using more than 2 magnification levels, e.g. 5× or
40×. Furthermore, they did not include an ablation study on the effect of the domain adversarial
normalization.

Wetteland et al. [48] takes a different approach to incorporating multiple magnifications into
their network. Their model has a branch for each magnification level input and concatenate the
features from all the branches before the classification layer. They experimented with combining
2 and 3 different magnification levels for their models and achieved better performance than using
a single magnification level.

However, the models in this work are only patch-based classifiers and have not been applied
in a WSI setting.

3.3.2.3 Context by large area

Bejnordi et al. [49] propose a framework called Context-aware stacked CNN (CAS-CNN) for the
classification of breast WSI into normal, ductal carcinoma in situ and invasive ductal carcinoma.
The model incorporates two CNNs. The first CNN extracts features from patches of size 224×224
with a wide-ResNet-architecture, which they call WRN-4-2. After training this network, the
filters are used to train the CAS-CNN model. The authors use a larger patch size for this network
to capture more global/contextual features. They experimented with patch sizes of (512 × 512,
786× 786 and 1024× 1024) for the CAS-CNN.

The authors found that increasing input size for the CAS-CNN model improves the model
performance, which comes at the cost of computational efficiency. It would be interesting to see
how this method compares to a model that uses the same patch regions as CAS-CNN, but with
lower magnification levels. By using a lower magnification level, we reduce the computational load
of the model, while maintaining high contextual information. However, we might lose some level
of detail since we use a lower magnification level, which does not pose a problem for CAS-CNN,
since it uses the same magnification level as WRN-4-2.

14 Whole-slide Image Classification in Digital Pathology using Deep Learning



CHAPTER 3. LITERATURE ANALYSIS

3.3.2.4 Clustering approach

Gueréndel et al. [50] explore a novel approach in creating context-aware WSI classification models.
Their main contribution is a slide-level representation of a slide based on k-means clustering of
feature vectors of instances.

Firstly, they extract tiles from a WSI by using a segmentation network and then pass these
tiles through two tile-validation networks. These networks validate whether the tile is in-focus and
whether they have pen-markings. These tile-validation networks can be seen as a pre-processing
step, which filters out tiles containing scanning artifacts. Secondly, they extract features from
these tiles using a ResNet-18 which was trained for tissue classification. Thirdly, they apply a
k-means clustering algorithm to cluster patch features. Thereafter, they construct a slide-level
representation by checking the proportion of patches within a cluster. Finally, this slide-level
representation is used for training a WSI classifier based on XGBoost [51].
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3.4 Feature Extraction

We discussed several ways of feature extraction within WSI classification models in Section 3.3 and
came across strategies which use supervised learning, weakly-supervised learning and unsupervised
learning, see Figure 3.5. However, these papers often do not compare the performance of feature
extractors or quantify their expressiveness. In this section, we address these two problems with
feature extractors using MTL and self-supervised learning.

Feature Extraction

Supervised (with
patch-labels or ROI

annotations) /
Transfer learning


Single-taskMulti-task

Unsupervised

VAE GAN Self-supervised

Weakly-supervised

Figure 3.5: Various feature extraction strategies

Performance by accuracy metrics
Mormont et al. [52] did a study on the performance of different deep transfer learning strategies
for pathology images. They concluded that fine-tuning networks outperforms pre-trained networks
feature extractors.

Mormont et al. [53] extended their previous work in feature extraction by exploring the field
of pre-training models using MTL. They constructed a large dataset from many digital pathology
datasets to create 22 classification tasks with roughly 900k images.

They adopt a leave-one-task-out (LOTO) protocol to evaluate the transferability of their MTL
model. Given task t ∈ T , they leave t out of the MTL model and train the MTL model on T \ t.
The MTL model contains base layers and classification heads for the T \ t tasks. They adopt the
LOTO strategy to check how the MTL model performs for task t, and thus are not necessarily
interested in the performance of the MTL model on the tasks of T \ t.

After training the MTL model, there are two different strategies they explored for using the
MTL model; (I) train a linear support vector machine classifier on the features extracted from
MTL model for task t or (II) remove the classification heads of the MTL model and attach a fully
connected and softmax layer to further fine-tune the network for task t. In (I), they only use the
MTL network as feature extraction, whereas in (II) they further fine-tune the network.

Their results show that using a MTL model as feature extractor achieves comparable results
to a pre-trained model on ImageNet and in some instances improve upon that. Furthermore, their
fine-tuned networks improve upon the MTL models which only act as feature extractors. It would
be interesting to see how the performance of these models would compare on features extracted
from different layers of the network.

Ciga et al. [54] compares feature extractors of three different types; self-supervised learning
using SimCLR, pre-trained models on ImageNet and randomly initialized models. In their experi-
ments, all three model types had a similar backbone based on ResNet. They applied their feature
extractors on classification, segmentation and regression tasks and concluded that self-supervised
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pre-training outperforms pre-trained models on ImageNet and randomly initialized models. Fur-
thermore, they found that using a wide variety of datasets from different organs improves the
quality of feature extraction in the self-supervised feature extractor. The increase in performance
by using data from multiple organ sites aligns with the findings of Mormont et al. [53] and Tellez
et al. [45].

Performance by similarity
Gildenblat et al. [55] explore the field of self-supervised learning for feature extraction and quan-
tifies the expressiveness of their feature extractor. Their model is build on the Siamese network
framework which learns a similarity function based on pairs of patches. The pairs of patches are
either similar or non-similar, where similarity is based on the spatial distance between patches.
The authors assume spacial continuity in patches, thus patches that are close to each other are
similar and patches that are distant to each other non-similar. They defined a metric called global
Average Descriptor Distance Ratio (ADDR) as: ’the ratio of the average descriptor distance of
non-similar pairs and the average descriptor distance‘, where the descriptor is an embedding of a
patch.

They compared their Siamese network with a ResNet-50 pre-trained on ImageNet and a
Non-Parametric Instance Discrimination method and found that their Siamese network achieved
best performance based on the ADDR metric.

However, the authors noted that the spatial continuity assumption in WSI is not completely
sound, as their approach could lead to false-positive pairs. For instance, in case we select a patch
in the border of a tumor cluster, then a similar patch is within the proximity of that tumor patch,
which could be either a tumor patch or a non-tumor patch. We could mitigate this problem by
enforcing additional constraints on the pair construction of the dataset. For instance, we could
use the same strategy for measuring performance (distance between descriptors) as a prerequisite
for pairs, for which we would then use a ResNet-50 pre-trained on ImageNet. This way, we take
into account both the spatial distance, as well as the similarity between patches. Note that this
is limited by the expressiveness of the pre-trained model.

Another area that could be further looked into is the encoding size. In this particular study,
they used an encoder length of 128 for the descriptor/patch, however a larger encoding size could
lead to better performance. Note that this does come at the cost of computation.

In their work, they have performed their analysis on the Camelyon16 challenge using its
annotations. It would be interesting to see whether such self-supervised method could also be
used in a weakly-supervised manner and how it would compare with using these annotations.
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3.5 Summary

In this literature analysis, we first elaborated on the field of Deep Learning and weakly-supervised
learning. We argue that a weakly-supervised approach to solving classification tasks on WSI is
necessary in case we do not have ROI annotations. This is usually the case as annotating ROI
for pathologists is a time-consuming and tedious job due to the large resolution size of WSI.
We mainly focused on techniques which use neural networks, as their automatic representation
learning approach has been shown to be effective in the field of computer vision.

Thereafter, we explored weakly-supervised WSI classification models which we grouped into
MIL-based methods and spatial context-aware methods.

For the MIL-based category, we explored a traditional MIL approach by Campanella et al. [31]
which uses max-pooling as an aggregation method for pooling the patch based predictions. They
extended their work by using a model on top of their patch-based classifier, which could aggregate
patch features by using an RNN. A downside of these models is that they need thousands of slides
to achieve good performance.

Thereafter, we explored MIL models which were based on attention. These models could give
patches an attention scores which tells the relative importance of the patch for the slide-level
diagnosis. Lu et al. [30] in particular found that their CLAM method was more data-efficient
than MIL with max-pooling and thus needed less slides to train their model.

Within these models, various different feature extractors were used, e.g. a ResNet-50 pre-
trained on ImageNet and a self-supervised SimCLR model in DeepSMILE [35]. They found that
in DeepSMILE that their model performed better with the self-supervised feature extractor than
an ImageNet feature extractor.

For the spatial context-aware category, we explored methods that could be aware of a larger
spatial context within a slide. The first context-aware methods we discussed were compression-
based models. These models consist of a compression step and a classification step. Since WSI are
large, MIL-models often create patches out of WSI to reduce the computational load. However,
when we apply a permutation-invariant aggregation technique in MIL, we lose spatial context.
Compression-based models try to extract features from WSI both on local (patch-level) as well as
global (grid of patches) features. The compression-based models would compress a large region in
a slide, where this region is a grid of patches. Thereafter, the compressed tissue region in a slide
is passed through a classification model, which then gives the prediction of that tissue region in a
slide. To predict a WSI, they classify all the tissue regions within a slide and aggregate the results
(e.g. average-pooling or majority vote). However, the disadvantage of these models is that small
ROI might go unnoticed due to expressiveness of the feature extractor or due to the sub-optimal
aggregation strategy.

Thereafter, we have seen models which tries to achieve context by extracting features from
multiple scales/magnifications. They found that the multi-scale approaches often would perform
better than single-scale approaches.

Furthermore, we have seen an approach which tries to achieve context by taking in consideration
a large area. Typically in WSI models, the input patches range from 100× 100 pixels to 256× 256
pixels, however in this case, the authors experimented with patch sizes of 512×512, 786×786 and
1024 × 1024. They found that models which use a larger patch size achieve better performance
than models which use a smaller patch size, however this does come at the cost of computational
load. Lastly, we have seen a novel approach which is based on k-means clustering of patch features
to create a bag-level representation.

From these MIL-based and context-aware models, different feature extraction strategies were
used. A common feature extractor that we have seen is a pre-trained model on ImageNet, but
we have also seen feature extractors based on supervised learning, weakly-supervised learning,
unsupervised learning and self-supervised learning. We saw two main ways to quantify the per-
formance of these feature extractors, which are based on performance metrics (such as accuracy
or F1-score) and feature similarity based on spatial proximity.
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Materials and Methods

This chapter elaborates on the datasets and methods used for this project.

4.1 Materials

4.1.1 Young Breast Cancer Patients Dataset

The dataset for training and validation of the model consists of 706 slides and there is an inde-
pendent test set of 686 slides, see Table 4.1. We use the same data split as in the work by Wetstein
et al. [12] and also combine the low/intermediate class with each other. Furthermore, we only
consider cases of invasive ductal carcinoma.

Dataset Low/Intermediate High
Train/validation 357 349
Test 327 359
Total 684 708

Table 4.1: Number of slides for the train/validation set and test set for the YBCP dataset

Pathologists used the Nottingham modification of the Bloom-Richardson system [56] to grade
the slides. The factors that determine the breast cancer grade is the level of nuclear atypia,
the mitotic count and tubule formation. An overall grade is assigned to the slide based on the
summation of the sores of these three factors, which is either Grade 1, 2 and 3. In our dataset,
Grade 1, 2 and 3 are labeled low, intermediate and high-grade respectively.

4.1.2 Camelyon16 Dataset

The Camelyon16 dataset is collected from the Radboud University Medical Center (RUMC)
and the UMCU, where the train/validation set contains 270 images and the independent test
set contains 129 images, see Table 4.2. For the train/validation set, we have 160 slides with no
metastases and 110 slides with metastases, and for the test set we have 80 slides with no metastases
and 49 with metastases.

The cases containing metastatic lymph nodes are further divided into macro- and micrometa-
stases, where macrometastases has a tumor cell cluster ≥ 2mm and micrometastases has a tumor
cell cluster between 0.2mm and 2mm. For the Camelyon16 challenge, the cases containing
macro- or micrometastases are combined into a single group, thus making the problem a binary
classification problem with the classes Normal and Metastases.
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Dataset Hospital No metastases Macro metastases Micro metastases

Train/Validation
RUMC 100 35 35
UMCU 60 26 14

Test
RUMC 50 14 15
UMCU 30 8 12

Total 240 83 76

Table 4.2: The number of slides collected per institution and their labels.

4.1.3 Melanoma Dataset

The melanoma dataset contains 505 WSI sampled from 225 patients, see Table 4.3 for the data
distribution. These slides were scanned during the period of September 2018 till February 2021
at the University Medical Center Utrecht (UMCU) in the Netherlands.

Pathway I Pathway IV Remaining
Count 245 215 43

Table 4.3: Number of slides per pathway and their diagnosis for the melanoma dataset
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4.2 Methods

In this section we explain the different variations of CLAM and elaborate on our approach of NIC.
We chose CLAM because it is highly interpretable due to the attention mechanism and we chose
NIC since this approach could in theory capture local features from patches and combine these
features on a more global level, which other methods often lack.

4.2.1 CLAM and MIL

The code for CLAM comes from a public GitHub repository and is available at https://github.
com/mahmoodlab/CLAM. The CLAM workflow consists of WSI tissue segmentation, WSI patching,
patch feature extraction and model training.

4.2.1.1 Tissue segmentation and patching

For each WSI in the dataset, CLAM segments tissue from non-tissue area. CLAM computes
the segmentation mask on a downscaled version of the WSI, since this is more efficient in terms
of memory. Firstly, CLAM converts the WSI from RGB to HSV, then blurs the image and
creates a binary mask by thresholding the saturation channel. The binary mask serves as the
segmentation mask. After the segmentation step, CLAM can extract tissue patches from the
WSI. The segmentation and patching step can be seen in Figure 4.1.

Figure 4.1: CLAM segments tissue from non-tissue area and extracts patches from the WSI. From
[30].

4.2.1.2 Feature extraction

After localizing the patches for every slide, CLAM extracts features from these patches by feeding
patches of size 3×P×P through a Resnet-50 [21] pre-trained on ImageNet [5]. The dimensionality
reduction serves two purposes: (I) extracting important features from patches and (II) reduce
computational load.

As an alternative feature extractor, we use SimCLR. SimCLR is a self-supervised method which
aims to learn representations of the dataset using contrastive learning [36]. We choose SimCLR
since it has been shown that this self-supervised method performed better than a pre-trained
network in various works [35; 54]. Furthermore, this method is one of the state-of-the-art methods
in self-supervised learning [36].

The SimCLR model has two different types of input; pairs of patches that are from the same
location, or pairs of patches that are different from different locations. In the first scenario,
SimCLR applies two random data augmentations on a patch x, which creates two different images
x̂i and x̂j . In the second scenario, two different patches are augmented. The data augmentations
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include cropping, resizing, color distortion (drop and jitter), rotation (90◦, 180◦ and 270◦), cutouts,
Gaussian blurring and sobel filter.

Therafter, SimCLR extracts features from both augmented images with a function f(·), which
is a Resnet [21]. Next, the model inputs these representation into a projection head g(·). The
outputs of the projection head are used to calculate the loss. The procedure of this process can
be seen in Figure 4.2.

Figure 4.2: SimCLR augments a patch x, extracts a representation from it and at the end passes
it through a projection head to calculate the loss. From [36]

The loss function that SimCLR uses is called NT-Xent, which tries to maximize agreement
between pairs of patches that are from the same location, with respect to pairs of patches from
different locations. The loss of a positive pair is l(i, j) is defined as:

li,j = −log
exp(sim(zi, zj)/τ)∑2N

k=1 1[k 6=i] exp(sim(zi, zk)/τ)
(4.1)

For every epoch, SimCLR samples a mini-batch of size N and augments every patch, which
results into 2N augmented patches. Given the augmented set, we take the cross product of G and
calculate a similarity measure between every pair.

We calculate the total loss of a single mini batch by averaging the loss of all positive pairs, see
Equation 4.2.

L =
1

2N

N∑
k=1

[l(2k − 1, 2k) + l(2k, 2k − 1)] (4.2)

After training the SimCLR model, we remove the projection head g and keep the feature
extractor f as patch encoder.
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4.2.1.3 Model architectures

There are two main architectures within CLAM, which are CLAM single-branch (SB) and CLAM
multi-branch (MB). Aside from the CLAM models, the authors also provide two MIL approaches,
which are binary-MIL and n-arity MIL. Both MIL-versions come with max-pooling and our own
average-pooling implementation.

The architecture of the CLAM SB model can be seen in Figure 4.3. The input of the model
is a bag of feature vectors, in the diagram this bag is called x, the number of patches in the bag
is denoted as b and 1024 is the length of each feature vector. x passes through a fully connected
linear layer with a relu-activation function with 512 neurons and dropout of 25%, which produces
h. Thereafter, the model feeds h into the gated attention layer, which is marked in blue. h passes
through separate layers in the gated attention layer, which produce a and b. These layers only differ
in activation function, where the layer that produces a uses a tanh-activation function, whereas
the layer that produces b uses a sigmoid activation function. Next, a pairwise multiplication of a
and b produces c, which is then fed to a fully connected linear layer with a softmax -activation to
produce A, which can be seen as the attention score per feature vector in x. An entry ak in A is
formalized in Equation 3.3.

After the gated attention layer, we apply a matrix multiplication of A′ and h to produce M ,
where M can be seen as the vector containing the features that are important according to the
attention scores of the patches. The model feeds M into a fully connected layer with n classes
as number of neurons to produce the raw logits of the model. We obtain the class probabilities
by applying a softmax layer on the logits.

x:
(b, 1024)

h:
(b, 512)

Fully connected

Linear + RELU
Dropout(25%)


a:

(b, SIZE)

Fully connected
Linear + Tanh
Dropout(25%)


b:
(b, SIZE)

Fully connected
Linear + Sigmoid


Dropout(25%)

mul c:
(b, SIZE)

Transpose
A:


(b, 1)
Fully connected

Linear + Softmax


M:
(1, 512)

matrix
multiplication

A' · h

=

=

logits:
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Fully connected

Linear


probabilities:
(n_classes)

Softmax

A'
(1, b)


Figure 4.3: CLAM SB architecture
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The CLAM MB architecture can be seen in Figure 4.4. A difference between the CLAM
MB model and the CLAM SB model is that the CLAM MB produces attention scores for each
class, whereas CLAM SB produces only a single attention vector. The logits are also calculated
differently. Given M of size (n classes, 512), we feed each row its own fully connected layer to
produce a single entry in the logits vector. Similarly to the CLAM SB model, we obtain the class
probabilities by applying a softmax layer on the logits.

x:
(b, 1024)

h:
(b, 512)

Fully connected

Linear + RELU
Dropout(25%)


a:

(b, SIZE)

Fully connected
Linear + Tanh
Dropout(25%)


b:
(b, SIZE)

Fully connected
Linear + Sigmoid


Dropout(25%)

mul c:
(b, SIZE)

Transpose
A:


(b, n_classes)

Fully connected

Linear + Softmax


M:
(n_classes, 512)

matrix
multiplication

A' · h

=

=

logits 1:
(512, 1)

Fully connected
Linear


probabilities:
(n_classes)

Softmax

A'
(n_classes, b)


logits n_classes:
(512, 1)

Fully connected
Linear


n_classes of 

linear layers

logits:
(512, n_classes)
Fully connected

Linear


Figure 4.4: CLAM MB architecture

The third and fourth architecture are the binary MIL-architecture and the n-arity MIL-
architecture, which can be seen in Figures 4.5 and 4.6. Both models produce a matrix h, which
represents the features for each instance of the WSI. The raw logits of the models are calculated
differently, the binary MIL-model creates logits by passing forward h to a linear layer with 2 neur-
ons, whereas the n-arity MIL-model has n linear layers of 1 neuron to produce the logits matrix.
Thereafter, both models use a softmax layer to calculate the probability scores for each instance in
the bag. Finally, to obtain the class prediction, we apply max-pooling over the predictions of the
whole set of instances within that bag. The main difference between the CLAM and MIL architec-
ture is that CLAM creates a slide-level embedding M to make the slide prediction, whereas MIL
derives its prediction from individual patch-level predictions (with either max-pooling or average
pooling in our case).

We extend the MIL-method by allowing an average pooling operation over the top-k most
probable patches. In the case of max-pooling, the model is more susceptible for false positive
patches, whereas in average-pooling we try to reduce noise of the supervisory signal by taking
into account the top-k patches. We incorporate domain knowledge into the pooling operation,
since we know that a slide that contains tumor has more than 1 patch containing tumor, hence
max-pooling would not be sufficient. By taking into account a larger context (top-k patches), we
make a more representative WSI prediction. Naturally, we try to seek the optimal k, such that
the noise in the supervisory signal is reduced, as well as keeping this supervisory signal strong.
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Figure 4.5: Binary MIL architecture
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Figure 4.6: n-arity MIL architecture

4.2.1.4 Instance-level clustering

CLAM provides an instance-level clustering feature, which constraints the feature space by clus-
tering lowly attended patches against highly attended patches. By constraining the feature space,
the model can better differentiate between important and less important patches, and hence the
performance of the model increases.

4.2.1.5 Visualization of the attention scores

The multi- and single-attention branch models are capable of generating attention heatmaps of a
WSI. These attention heatmaps visualize the attention score per patch of a WSI, where a high
attention score indicates great importance of the patch for the slide-level prediction, and a low
attention score indicates that the patch was not of importance for the prediction. To make the
attention heatmap fine-grained, CLAM chooses a high overlap percentage between patches and
averages the attention scores in regions.
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4.2.2 NIC

As already discussed in Section 3.3.2, NIC is a framework which compresses a WSI x into x′ and
consequently classifies x′. However, there are some slight nuances to our implementation, as x is
variable in resolution, we classify fixed size compressed tissue regions of a slide, and in the end
aggregate the results by averaging the predictions. In our case, a tissue region can be considered
a grid of patches of size M ×N × P × P × 3, where M is the number of rows, N is the number
of columns and P is the patch size. Furthermore, a compressed tissue region has dimensions
M ×N × C, where C is the encoder length.

Firstly, NIC trains a patch encoder, which is extracts important features from a tissue patch.
Secondly, for each WSI, NIC proposes tissue regions, augments these regions and compresses them.
Lastly, NIC uses the compressed tissue regions to train the WSI classifier.

4.2.2.1 Patch encoder

The goal of the encoder is to reduce the dimensionality of a patch and extract features from it.
Given a patch of size 3×P ×P , the encoder compresses the patch to an embedding vector of size
C, where P is the patch width/height and C is the encoder length.

We implement an adaptation of the contrastive model presented in the NIC paper. The dataset
for the contrastive model consists of three kinds of pairs of patches; pairs from the exact same
location, pairs from different locations that are close to each other and pairs from different locations
that are located far away from each other. In the second and third case, the method calculates
the distance between patches using the euclidean distance between the coordinates of the centers
of those patches.

The goal of the contrastive model is to distinguish the three different classes. This dataset
construction deviates from the one described in the NIC paper, where originally they only have
two kinds of pairs; pairs from the same location and pairs from different locations. The intuition
behind our dataset construction is that the model should extract more discriminative features
from the patches, since the task has become harder. We argue that patches that are close to each
other look similar, while patches that are far away from each other do not look similar. This
principle is based on spatial contintuity, similarly to [55].

Figure 4.7 describes a single forward pass of the model. After training the contrastive model,
NIC uses the feature extractor f(·) as an encoder and throws away the head g(·).

r

r′ s′

t′ ∼ T t̂ ∼ T

r̂ ŝ

r̂_ŝ

f(·) f(·)

Concatenate
features

ŷ

Extract features

Augment patches

Prediction

g(·)

s

Figure 4.7: The method applies data augmentation sampled from T on patches r and s. From
those augmented patches, the model extract features using f(·) and concatenates them. Finally,
the model does a forward pass of the concatenated features using g(·), which gives a prediction ŷ.
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4.2.2.2 Tissue region localization, augmentation and compression

For each WSI, we apply a region extraction algorithm. Given a WSI, we first segment tissue from
non-tissue area using Otsu’s method [57]. To reduce the computational load of the segmentation
step, we segment the WSI on a downscaled version. Thereafter, we pick parameters W and H,
which indicate the width and the height of the tissue region box. Since we know the tissue borders
of the WSI, we can apply a sliding window approach to extract tissue regions of the slide. This
sliding window approach places a bounding box on the tissue area and slides it horizontally and
vertically, thereby extracting all tissue regions of a tissue area. See Figure 4.8 for an example of
the tissue region proposals on a WSI.

Figure 4.8: Tissue region proposals of a WSI. Note that blue and orange borders are drawn around
the tissue area, which indicate the output of the segmentation. The red borders indicate the fixed
size tissue region boxes. As can be seen in this example, overlap between tissue regions may occur

After localizing the tissue regions, we augment and compress the tissue regions. We extend the
work of NIC [38] with their data augmentation approach, since their data augmentation is limited
to 90-degree rotations and mirroring of tissue regions. Our data augmentation on the other hand
includes arbitrary angle rotation, horizontal/vertical flipping, Gaussian blurring, brightness change
and color jitter. For each patch in the grid/tissue region, we apply the random augmentations
and compress the patch using the encoder as mentioned in 4.2.2.1. See Appendix 6.1 for the
pseudocode for WSI compression.

4.2.2.3 Offline versus online data augmentation/compression of tissue regions

Data augmentation/compression on tissue regions can be applied either offline or online. In an
offline setting, NIC compresses the tissue regions n times before training. The reason why offline
data augmentation/compression is a viable option is due to the large image resolution of WSI.
Augmenting and compressing the tissue regions for every epoch is not feasible due to computational
load and training time, especially in high magnifications such as 40×.

However, data augmentation/compression of tissue regions can also be applied online, during
every epoch. A prerequisite of applying online data augmentation/compression is that the dimen-
sionality of the data (number of patches in a slide) is small. This is the case when we apply NIC
on a smaller magnification level such as 10×. We would then need far less operations to compress
a single tissue region.

4.2.2.4 NIC classifier

Given a single WSI, the NIC classifier takes as input m randomly sampled compressed tissue
regions and for each tissue region predicts the class. The final slide-level prediction is the average
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of all the tissue region prediction probabilities.
The NIC classifier consists of 5 blocks of strided convolutional layers of 128 filters with a

kernel size of 3 × 3, batch normalization layers, leaky relu activation layers, dropout layers with a
probability of 20% dropout. These blocks are followed by a dense layer of 128 neurons with batch
normalization and leaky relu, and in the end a classification head. This architecture is based on
the architecture presented in the Supplementary work of NIC [38].
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Figure 4.9: NIC classifier architecture
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Evaluation

In this chapter we elaborate on the results of the experiments on breast cancer grade classification,
lymph node metastases detection and melanoma pathway classification. We evaluated the per-
formance of the models using the AUC metric, accuracy and F1-Score, which are common metrics
for classification tasks.

We ran experiments on the High-Performance-Cluster (HPC) of the UMCU, which has dedic-
ated GPUs available that were randomly assigned to the jobs that were submitted. These GPUs
include Nvidia RTX2080TIs, Tesla V100s and RTX6000s.

5.1 Grade Classification for Young Breast Cancer Patients

For the YBCP dataset, we trained our model on 5 different train/validation folds and evaluate
the model on an independent test set. The ratio of slides for the training and validation sets were
80% and 20% respectively.

Our experiments included models using a magnification of 10× and 20× with the default feature
extractor1 and models using a magnification of 10× with 3 custom SimCLR feature extractors. As
mentioned in [36], SimCLR benefits from a large model, a large batch size and many epochs. The
SimCLR models that we evaluated are the SimCLR models based on ResNet-18 with a batch
size of 128 running for 100 epochs, ResNet-18 with a batch size of 300 running for 100 epochs
and a ResNet-50 with a batch size of 128 running for 100 epochs. Due to time constraints,
we did not train feature extractors with more training epochs, and for the SimCLR MIL Top-k
average pooling models, we only considered the model with k = 50. We chose k = 50, since for
this k, the performance was best for the models which use the default feature extractor at 10×
magnification. We used 15% of the training set for the SimCLR models and made sure that within
each training fold, the 15% for the SimCLR models is contained within the training fold. We do
not consider this strategy as data leakage, as the SimCLR model uses a subset of the training
fold of the classification models. Hence, there is no data leakage from the SimCLR model to the
validation and test set of the classification model. We applied this strategy, since we wanted to
compare different classification models under the same training fold. Another strategy that could
have been chosen was that 15% of the training set was set aside only for the SimCLR models to
use, however in this strategy the classification models would train under different folds, which is
not ideal.

For the experiments done on 20× magnification, we tried various MIL top-k with average
pooling models with larger numbers of k compared to the experiments done at 10× magnification,
since a patch at 20× magnification fits 4 times in a patch of 10× magnification of the same image
resolution. Aside from the AUC, accuracy and F1-score, we also report the accuracy of each
specific grade class (low, intermediate and high) separately. We report these accuracies to gain a
better understanding of what our models find easy/difficult to classify.

1The default feature extractor is a ResNet-50 pre-trained on ImageNet
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5.1.1 Results

Model AUC Accuracy F1-Score
Accuracy

(Low)
Accuracy

(Intermediate)
Accuracy

(High)
CLAM SB - Small 0.842 ± 0.01 0.762 ± 0.01 0.778 ± 0.01 0.861 ± 0.04 0.668 ± 0.04 0.799 ± 0.03
CLAM SB - Big 0.834 ± 0.01 0.749 ± 0.01 0.762 ± 0.02 0.865 ± 0.03 0.674 ± 0.06 0.770 ± 0.05

CLAM MB - Small 0.834 ± 0.01 0.756 ± 0.01 0.763 ± 0.00 0.876 ± 0.02 0.650 ± 0.02 0.797 ± 0.01
CLAM MB - Big 0.840 ± 0.01 0.763 ± 0.00 0.783 ± 0.01 0.870 ± 0.03 0.640 ± 0.03 0.817 ± 0.02
MIL Max-pooling 0.806 ± 0.04 0.731 ± 0.03 0.774 ± 0.02 0.827 ± 0.04 0.642 ± 0.08 0.767 ± 0.03

MIL Top-50 avg-pooling 0.858 ± 0.00 0.785 ± 0.01 0.796 ± 0.02 0.872 ± 0.01 0.721 ± 0.04 0.805 ± 0.04
MIL Top-75 avg-pooling 0.857 ± 0.00 0.784 ± 0.01 0.797 ± 0.01 0.876 ± 0.03 0.706 ± 0.04 0.812 ± 0.03
MIL Top-100 avg-pooling 0.857 ± 0.00 0.779 ± 0.01 0.793 ± 0.01 0.874 ± 0.03 0.701 ± 0.03 0.808 ± 0.03

Table 5.1: 10× Magnification models using a ResNet-50 pre-trained on ImageNet

Model AUC Accuracy F1-Score
Accuracy

(Low)
Accuracy

(Intermediate)
Accuracy

(High)
CLAM SB - Small 0.848 ± 0.01 0.775 ± 0.01 0.793 ± 0.02 0.879 ± 0.02 0.659 ± 0.05 0.826 ± 0.04
CLAM SB - Big 0.849 ± 0.00 0.768 ± 0.00 0.783 ± 0.01 0.885 ± 0.02 0.673 ± 0.04 0.802 ± 0.04

CLAM MB - Small 0.844 ± 0.01 0.778 ± 0.01 0.796 ± 0.01 0.874 ± 0.03 0.667 ± 0.07 0.827 ± 0.04
CLAM MB - Big 0.850 ± 0.01 0.790 ± 0.01 0.807 ± 0.01 0.892 ± 0.02 0.679 ± 0.03 0.838 ± 0.02
MIL Max-pooling 0.731 ± 0.06 0.671 ± 0.06 0.687 ± 0.07 0.789 ± 0.07 0.578 ± 0.10 0.703 ± 0.11

MIL Top-150 avg-pooling 0.859 ± 0.01 0.799 ± 0.01 0.814 ± 0.01 0.906 ± 0.02 0.696 ± 0.01 0.842 ± 0.03
MIL Top-200 avg-pooling 0.860 ± 0.01 0.801 ± 0.01 0.815 ± 0.01 0.912 ± 0.00 0.696 ± 0.02 0.842 ± 0.02
MIL Top-250 avg-pooling 0.864 ± 0.01 0.803 ± 0.01 0.816 ± 0.01 0.903 ± 0.02 0.711 ± 0.02 0.838 ± 0.02
MIL Top-300 avg-pooling 0.865 ± 0.00 0.797 ± 0.01 0.807 ± 0.02 0.915 ± 0.01 0.731 ± 0.01 0.812 ± 0.03
MIL Top-350 avg-pooling 0.866 ± 0.00 0.799 ± 0.01 0.809 ± 0.01 0.917 ± 0.01 0.734 ± 0.01 0.813 ± 0.02
MIL Top-400 avg-pooling 0.869 ± 0.01 0.802 ± 0.01 0.817 ± 0.01 0.901 ± 0.02 0.704 ± 0.04 0.842 ± 0.03

Table 5.2: 20× Magnification models using a ResNet-50 pre-trained on ImageNet

Model AUC Accuracy F1-Score
Accuracy

(Low)
Accuracy

(Intermediate)
Accuracy

(High)
CLAM SB - Small 0.712 ± 0.01 0.673 ± 0.01 0.685 ± 0.01 0.825 ± 0.02 0.604 ± 0.03 0.681 ± 0.03
CLAM SB - Big 0.712 ± 0.01 0.665 ± 0.00 0.684 ± 0.02 0.784 ± 0.03 0.576 ± 0.06 0.695 ± 0.05

CLAM MB - Small 0.714 ± 0.01 0.663 ± 0.01 0.682 ± 0.00 0.782 ± 0.06 0.574 ± 0.07 0.692 ± 0.05
CLAM MB - Big 0.723 ± 0.00 0.667 ± 0.00 0.692 ± 0.01 0.820 ± 0.05 0.592 ± 0.06 0.697 ± 0.05
MIL Max-pooling 0.674 ± 0.01 0.631 ± 0.01 0.657 ± 0.04 0.654 ± 0.10 0.537 ± 0.12 0.689 ± 0.11

MIL Top-50 avg-pooling 0.731 ± 0.01 0.673 ± 0.01 0.701 ± 0.02 0.769 ± 0.03 0.543 ± 0.04 0.735 ± 0.05

Table 5.3: 10× Magnification models using a SimCLR feature extractor with a ResNet-18 back-
bone ran trained with a batch-size of 128 for 100 epochs

Model AUC Accuracy F1-Score
Accuracy

(Low)
Accuracy

(Intermediate)
Accuracy

(High)
CLAM SB - Small 0.704 ± 0.01 0.654 ± 0.01 0.676 ± 0.02 0.755 ± 0.05 0.559 ± 0.05 0.691 ± 0.05
CLAM SB - Big 0.705 ± 0.01 0.651 ± 0.01 0.677 ± 0.01 0.744 ± 0.03 0.543 ± 0.03 0.700 ± 0.03

CLAM MB - Small 0.705 ± 0.01 0.647 ± 0.01 0.669 ± 0.02 0.751 ± 0.06 0.552 ± 0.08 0.684 ± 0.06
CLAM MB - Big 0.706 ± 0.00 0.645 ± 0.00 0.666 ± 0.02 0.751 ± 0.07 0.555 ± 0.09 0.679 ± 0.06
MIL Max-pooling 0.676 ± 0.01 0.609 ± 0.03 0.633 ± 0.05 0.600 ± 0.26 0.524 ± 0.25 0.668 ± 0.18

MIL Top-50 avg-pooling 0.735 ± 0.01 0.683 ± 0.01 0.700 ± 0.02 0.827 ± 0.02 0.591 ± 0.04 0.709 ± 0.04

Table 5.4: 10× Magnification models using a SimCLR feature extractor with a ResNet-18 back-
bone ran trained with a batch-size of 300 for 100 epochs .

Model AUC Accuracy F1-Score
Accuracy

(Low)
Accuracy

(Intermediate)
Accuracy

(High)
CLAM SB - Small 0.703 ± 0.01 0.656 ± 0.01 0.675 ± 0.02 0.744 ± 0.07 0.578 ± 0.05 0.685 ± 0.04
CLAM SB - Big 0.703 ± 0.01 0.654 ± 0.01 0.675 ± 0.02 0.737 ± 0.09 0.567 ± 0.07 0.691 ± 0.06

CLAM MB - Small 0.704 ± 0.02 0.650 ± 0.01 0.688 ± 0.01 0.665 ± 0.06 0.513 ± 0.05 0.738 ± 0.03
CLAM MB - Big 0.720 ± 0.01 0.657 ± 0.02 0.695 ± 0.01 0.681 ± 0.10 0.514 ± 0.07 0.747 ± 0.04
MIL Max-pooling 0.652 ± 0.01 0.595 ± 0.04 0.622 ± 0.08 0.616 ± 0.25 0.466 ± 0.21 0.676 ± 0.20

MIL Top-50 avg-pooling 0.742 ± 0.01 0.670 ± 0.01 0.687 ± 0.03 0.780 ± 0.08 0.588 ± 0.07 0.697 ± 0.07

Table 5.5: 10× Magnification models using a SimCLR feature extractor with a ResNet-50 back-
bone ran trained with a batch-size of 128 for 100 epochs
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Results that are marked bold are the highest performing with respect to their experiment and
results that are colored red are the highest performing over all the experiments.

We noticed that the models which use a ResNet-50 pre-trained on ImageNet as the feature
extractor outperformed the models which use a variant of SimCLR as the feature extractor. On
both 10× as well as 20× magnification, our MIL top-k average-pooling method beat the CLAM
and MIL max-pooling methods in terms of AUC, accuracy and F1-Score. Furthermore, we see
an increase in these classification metrics if we go from 10× magnification to 20× magnification,
mainly in the low and high-grade accuracy. Furthermore, we outperform the model of Wetstein
et al. [12], where they achieved for the exact same task an accuracy of 0.77± 0.05 on the test set.

We noticed that there was not much difference in model performance in the CLAM models
which used the SimCLR variants as feature extractor, see Tables 5.3, 5.4 and 5.5. In [36], the
authors state that contrastive learning benefits from larger models and a larger batch size. How-
ever, in our case we did not experience these claims, which may be caused by that our increase in
model- and batch-size were insignificant. In [36], the authors experiment with batch sizes ranging
from 256 all the way to 8192 and with models which have up till roughly 400 million network
parameters, which is computationally infeasible in our case. Another aspect that could have im-
pacted the performance of the SimCLR feature extractors is the imbalance in healthy and tumor
patches in the dataset.

In general, the difference in model performance of ‘small’ models and ‘big’ models was un-
noticeable, which implies that the ‘small’ model-variants have enough model-capacity to learn.
Therefore, we favor the small model over the big model versions, since a smaller model requires
less training/inference time and is less likely to overfit. We also do not see any noticeable differ-
ence between the SB and MB variants of CLAM, even though the MB models should be more
expressive, since they assign attention scores to a patch per class, whereas the SB version only
assigns a single attention score.

A pattern that we see in the results of the models is that the max-pooling MIL-models per-
formed the worst. The reason why this might be the case is that tubule formation can not be
captured in a single patch, which is an important factor for determining the breast cancer grade.
The CLAM and MIL with average pooling models did not suffer from this problem, as their pre-
dictions depended on a number of patches, thus taking into account a larger context of the WSI.
We have not found a clear explanation why MIL with average pooling performed better than the
CLAM models, as in theory the CLAM models would be more flexible than the average pooling
MIL method. The CLAM models assigns attention scores to every patch, which indicate the patch
importance, whereas average pooling uses a fixed k for the k most probable patches.

Lastly, we noticed that the most misclassified cases belong to the intermediate-grade within our
low/intermediate class along all the different models. The reason for this is that the intermediate-
grade is morphologically not as well defined as low or high-grade, since intermediate-grade is in
between those grades. Due to the low inter-class variability of the intermediate-grade between
the low and high-grades, it is difficult to train the model and hence the dataset construction is a
limiting factor in model performance.
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5.1.2 Visualization of attention scores

We use the CLAM model that has the highest accuracy on 10× magnification, due to compu-
tational efficiency, see Table 5.1. See Section 4.2.1.5 for an explanation of the attention scores.
Furthermore, we compare the heatmaps with the annotations of the pathologists to check for
correspondence. The examples given in this section are from slides from the test set.

� Normal
� Tumor

Table 5.6: Annotation color legend

5.1.2.1 High correspondence cases

Figure 5.1 shows 2 cases of high-grade tumor, in which there is a high correspondence of ROI
between the pathologist and the model. This indicates that the model has an understanding of
what high-grade tumor tissue looks like.

(a) Annotated WSI (b) Attention heatmap of Figure 5.1a.

(c) Annotated WSI (d) Attention heatmap of Figure 5.1c.

Figure 5.1: Two high-grade cases which contain high attention scores in the annotated area
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To examine the malignant areas of the slide in Figure 5.1a we extracted the top-4 patches
with the highest attention score of the WSI prediction, see Figure 5.2. In these patches, we see
low-levels of tubule formation, prominent nucleoli and a high mitotic count, which are all factors
of high-grade tumor.

(a) Patch 1 (b) Patch 2 (c) Patch 3 (d) Patch 4

Figure 5.2: The top-4 patches with highest attention scores.

Figures 5.3a and 5.3b show a low/intermediate grade case in which the model captured the
healthy tissue in the center of the tissue well. Annotating a WSI is a very time-consuming task
for pathologists, therefore they often make a rough annotation of the ROI.

(a) Annotated WSI (b) Attention heatmap of Figure 5.3a

Figure 5.3: An example case where the attention heatmap detects healthy tissue within the an-
notated area of the pathologist
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5.1.2.2 High correspondence with moderate attention outside of the ROI

Figures 5.4a and 5.4c show a high-grade and a low/intermediate grade WSI respectively. In both
WSI, we can see that the model captures the tumor in the annotated area, however there are areas
outside of the annotation which contain healthy tissue that seems to be of moderate attention as
well. This implies that the model could assign moderate attention scores to areas which are not
relevant for the diagnosis. The heatmaps of these specific instances are still usable by a pathologist,
since there is a clear distinction between high attention and moderate attention.

(a) Annotated WSI with high-grade tumor (b) Attention heatmap of Figure 5.4a.

(c) Annotated WSI with low/intermediate grade tumor (d) Attention heatmap of Figure 5.4c.

Figure 5.4: An example case which contains high attention scores in the annotated area, but also
outside of that area
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5.1.2.3 Invalid cases

Figures 5.5a and 5.5b show a high-grade WSI where the model places high attention in areas
that are not of importance, and places low attention in the annotated areas. This means that the
model interpreted the slide completely different from the pathologist. Even though this discrepancy
exists, the model and pathologist both gave the slide a diagnosis of high-grade.

(a) Annotated WSI (b) Attention heatmap of Figure 5.5a

Figure 5.5: An example case where the attention heatmap is completely different from the an-
notations of the pathologist

Figures 5.5a and 5.5b show a scanning artifact and its heatmap. During the process of obtaining
a WSI, we can encounter scanning artifacts such as bubbles, cuts and other imperfections. In this
specific case, the model gave high attention on the artifact, which is undesirable.

(a) Artifact (b) Attention heatmap

Figure 5.6: A scanning artifact that contains moderately high attention

5.1.2.4 Conclusions of the attention score visualization

We have shown scenarios in which the attention heatmaps corresponded well with the annotations
that the pathologist made. However, there were cases for which the model predicted moderate
attention in areas that were not of importance. Furthermore, in some instances the attention
scores and annotations of the pathologist do not correspond at all, such as in scanning artifacts.
The faulty attention heatmaps are likely a consequence of the sub-optimal accuracy of the model,
which was 76.3%± 0.0.

We can conclude that it is important to know how the model interprets the data. Even though
it might be the case that the model made a correct WSI prediction, the attention map of the
WSI can still be invalid as has been shown in Figure 5.5. Understanding of the interpretations
of the model leads to more confidence in what the model can and cannot do, and therefore is an
important factor in employing these models in practice.
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5.2 Detecting Lymph Node Metastases in Breast Cancer
Patients

The main reason why we use Camelyon16 is to validate our custom average pooling MIL-method,
since this method was the best performing in the YBCP task, see Table 5.2. For the experiments,
we used a pre-trained ResNet-50 on ImageNet as feature extractor, since the models that used
this feature extractor in the breast cancer grade classification task achieved the best performance.

We performed three types of experiments; (I) 10× magnification, (II) 20× magnification and
(III) 20× magnification with Otsu’s thresholding [57]. Experiments I and II both use the de-
fault segmentation algorithm as described in Section 4.2.1.1, while experiment III uses Otsu’s
thresholding as tissue segmentation method. We performed experiment III since we noticed that
the attention heatmaps of the CLAM models on experiment II would often have high attention in
fat tissue, which was not ignored properly by the models. The masks produced by using Otsu’s
thresholding would often not include fat tissue, thus mitigating the problem. Moreover, we wanted
to see the effects of using a higher magnification level, thus we performed experiments on 20×
magnification.

The results of experiment I, II and III can be seen in Tables 5.7, 5.8 and 5.9 respectively. Aside
from the AUC, accuracy, and F1-score, we also include the accuracy percentages of normal lymph
nodes, macrometastases and micrometastases.
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5.2.1 Results

Model AUC Accuracy F1-Score
Accuracy
(Normal)

Accuracy
(Macrometastases)

Accuracy
(Micrometastases)

CLAM SB - Small 0.747 ± 0.02 0.757 ± 0.03 0.613 ± 0.02 0.910 ± 0.05 0.964 ± 0.02 0.133 ± 0.04
CLAM SB - Big 0.751 ± 0.01 0.743 ± 0.02 0.595 ± 0.04 0.890 ± 0.05 0.936 ± 0.04 0.148 ± 0.10

CLAM MB - Small 0.750 ± 0.02 0.726 ± 0.03 0.578 ± 0.02 0.868 ± 0.07 0.936 ± 0.04 0.133 ± 0.06
CLAM MB - Big 0.743 ± 0.02 0.741 ± 0.02 0.581 ± 0.04 0.905 ± 0.03 0.918 ± 0.03 0.111 ± 0.05
MIL Max-pooling 0.713 ± 0.07 0.747 ± 0.09 0.622 ± 0.07 0.882 ± 0.14 0.873 ± 0.19 0.244 ± 0.14

MIL Top-2 avg-pooling 0.673 ± 0.08 0.684 ± 0.10 0.579 ± 0.08 0.765 ± 0.18 0.836 ± 0.20 0.319 ± 0.17
MIL Top-5 avg-pooling 0.725 ± 0.01 0.767 ± 0.04 0.629 ± 0.03 0.922 ± 0.07 0.955 ± 0.00 0.156 ± 0.05
MIL Top-10 avg-pooling 0.715 ±0.02 0.760 ±0.02 0.611 ±0.03 0.920 ± 0.03 0.955 ± 0.00 0.126 ± 0.07
MIL Top-50 avg-pooling 0.665 ±0.05 0.705 ±0.08 0.540 ±0.04 0.865 ± 0.15 0.818 ± 0.09 0.141 ± 0.15

Table 5.7: Results on Camelyon16 test set using 10× magnification

Model AUC Accuracy F1-Score
Accuracy
(Normal)

Accuracy
(Macrometastases)

Accuracy
(Micrometastases)

CLAM SB - Small 0.814 ± 0.04 0.797 ± 0.02 0.691 ± 0.04 0.918 ± 0.04 0.945 ± 0.02 0.319 ± 0.12
CLAM SB - Big 0.839 ± 0.02 0.803 ± 0.03 0.693 ± 0.04 0.932 ± 0.03 0.955 ± 0.00 0.296 ± 0.12

CLAM MB - Small 0.805 ± 0.09 0.794 ± 0.03 0.677 ± 0.06 0.925 ± 0.02 0.955 ± 0.00 0.274 ± 0.16
CLAM MB - Big 0.817 ± 0.05 0.797 ± 0.02 0.690 ± 0.05 0.915 ± 0.03 0.955 ± 0.00 0.319 ± 0.15
MIL Max-pooling 0.678 ± 0.12 0.690 ± 0.11 0.478 ± 0.26 0.845 ± 0.17 0.609 ± 0.36 0.296 ± 0.16

MIL Top-2 avg-pooling 0.661 ± 0.07 0.665 ± 0.07 0.411 ± 0.21 0.847 ± 0.15 0.455 ± 0.32 0.296 ± 0.21
MIL Top-5 avg-pooling 0.639 ± 0.09 0.639 ± 0.08 0.397 ± 0.18 0.817 ± 0.13 0.391 ± 0.29 0.311 ± 0.19
MIL Top-10 avg-pooling 0.678 ±0.12 0.690 ±0.11 0.478 ±0.26 0.845 ± 0.17 0.609 ± 0.36 0.296 ± 0.16
MIL Top-50 avg-pooling 0.641 ± 0.10 0.668 ± 0.13 0.513 ± 0.13 0.812 ± 0.17 0.727 ± 0.28 0.193 ± 0.12
MIL Top-100 avg-pooling 0.641 ±0.09 0.673 ±0.11 0.515 ±0.11 0.818 ± 0.14 0.727 ± 0.28 0.200 ± 0.14
MIL Top-200 avg-pooling 0.727 ±0.01 0.744 ±0.02 0.605 ±0.03 0.883 ± 0.05 0.882 ± 0.04 0.222 ± 0.08

Table 5.8: Results on Camelyon16 test set using 20× magnification

Model AUC Accuracy F1-Score
Accuracy
(Normal)

Accuracy
(macrometastases)

Accuracy
(Micrometastases)

CLAM SB - Small 0.825 ± 0.03 0.840 ± 0.03 0.759 ± 0.03 0.950 ± 0.03 0.936 ± 0.02 0.437 ± 0.01
CLAM SB - Big 0.823 ± 0.02 0.828 ± 0.02 0.752 ± 0.03 0.918 ± 0.05 0.945 ± 0.02 0.467 ± 0.05

CLAM MB - Small 0.837 ± 0.01 0.842 ± 0.01 0.765 ± 0.03 0.945 ± 0.04 0.955 ± 0.03 0.444 ± 0.02
CLAM MB - Big 0.829 ± 0.02 0.837 ± 0.02 0.753 ± 0.02 0.950 ± 0.03 0.927 ± 0.02 0.430 ± 0.06
MIL Max-pooling 0.639 ± 0.14 0.682 ± 0.14 0.466 ± 0.28 0.845 ± 0.18 0.573 ± 0.36 0.289 ± 0.15

MIL Top-2 avg-pooling 0.599 ± 0.11 0.633 ± 0.11 0.361 ± 0.23 0.823 ± 0.20 0.427 ± 0.34 0.237 ± 0.15
MIL Top-5 avg-pooling 0.700 ± 0.09 0.726 ± 0.10 0.408 ± 0.34 0.960 ± 0.05 0.555 ± 0.45 0.170 ± 0.16
MIL Top-10 avg-pooling 0.742 ± 0.08 0.747 ± 0.07 0.527 ± 0.26 0.932 ± 0.07 0.764 ± 0.38 0.185 ± 0.12
MIL Top-50 avg-pooling 0.711 ± 0.01 0.766 ± 0.01 0.599 ± 0.02 0.953 ± 0.01 0.955 ± 0.00 0.059 ± 0.04
MIL Top-100 avg-pooling 0.698 ± 0.01 0.758 ± 0.01 0.587 ± 0.02 0.945 ± 0.01 0.955 ± 0.00 0.044 ± 0.03
MIL Top-200 avg-pooling 0.683 ± 0.01 0.746 ± 0.01 0.566 ± 0.02 0.935 ± 0.01 0.909 ± 0.03 0.052 ± 0.03

Table 5.9: Results on Camelyon16 test set using 20× magnification with Otsu’s thresholding as
segmentation algorithm

Results that are marked bold are the highest performing with respect to their experiment and
results that are colored red are the highest performing over all the experiments.

Models from experiment III had an overall higher total accuracy, F1-score, normal lymph node
accuracy and micro-metastases accuracy. With regards to detecting macrometastases, the CLAM
SB small model from experiment I has the best accuracy, followed by a shared second place for
experiments II and III. Finally, the AUC of the CLAM-SB Big model from experiment II had the
best AUC, followed by experiment III and I.

We suspect that the experiments on 20× magnification perform better than the experiments
on 10× magnification due to the extra level of detail that the 20× magnification images provide,
which is supported by the micrometastases accuracy of the CLAM models in experiment III.
Furthermore, we also suspect that experiment III performs better than experiment II, since the
input data is less noisy due to Otsu’s thresholding. Otsu’s thresholding technique disregards fat
tissue, which is irrelevant for detecting metastases in lymph nodes. By not including the fat tissue
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in the slides, we feed the model less noisy data and therefore experience an increase in model
performance. Furthermore, we suspect that the small tumor regions of micrometastases in a slide
makes this case especially hard to classify.

CLAM models perform better on this dataset, since the models can assign attention scores to
patches, thus making it more flexible than top-k avg pooling models. Therefore, CLAM models
can deal with both macrometastases as well as micrometastases.

A trend we see in top-k avg pooling-models is that with increasing k, the accuracy of mac-
rometastases increases, whereas the accuracy of micrometastases decreases. The reason why this
occurs is that macrometastases are tumor cell clusters ≥ 2mm, whereas micrometastases are tumor
cell clusters between 0.2 and 2mm. Thus, detecting macrometastases requires a larger k, while
detecting micrometastases can be detected with smaller k. This makes top-k avg pooling models
sub-optimal, since finding an optimal k is contradictory due to the nature of the different sizes of
metastases.

From the experiments, we can also conclude that MIL with top-k avg pooling outperforms
MIL with max-pooling, in the case of detecting normal lymph nodes and lymph nodes containing
macrometastases. We suspect this behaviour occurs due to the larger area that the top-k avg
pooling MIL models takes into account. However, we see that this behaviour does not count for
the accuracy of micrometastases, since micrometastases can likely be captured within a single
patch of a slide.

We found that the authors of CLAM had an AUC of 0.938 [30] using 40× magnification,
Campanella et al. achieved an AUC of 0.899 at 20× magnification [4] and that Tellez et al.
achieved an AUC of 0.704 at 20× magnification [38] with NIC. These models were all trained
in a weakly-supervised manner, thus without ROI annotations. Our best performing MIL Top-k
avg-pooling model in terms of AUC was for k = 10 on experiment III, which had an AUC of 0.742
± 0.08, which is slightly higher than NIC. Tellez et al. also stated that NIC had difficulties with
detecting micrometastases. We suspect that due to averaging the predictions from k-tissue regions
to get the slide-level prediction, the supervisory signal from the micrometastases gets lost.
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5.2.2 Visualization of attention scores

We visualize the attention heatmaps of two models; the CLAM SB - Big model at 20× magnific-
ation and the CLAM MB - Small model at 20× magnification using Otsu’s thresholding, let us
refer to these models as model A and model B respectively. Both models have the highest AUC
and accuracy for their respecting experiment. Furthermore, we would like to see the difference in
attention heatmaps between a model that uses the default segmentation method versus a model
that uses Otsu’s thresholding. We compare the results of the models with the annotations of the
pathologists, which are annotated in yellow.

In Figure 5.7, we can see the annotated WSI and the attention heatmaps of models A and B.
This specific case contains macrometastases. We can see that both models have high correspond-
ence with the annotation of the pathologist, however both models suffer from different problems.
Model A has moderate attention in fat tissue, which is unimportant for the classification task. On
the other hand, model B has high attention surrounding the ROI annotation, which is undesirable.

We can say that the attention heatmap of model A is better than the one of model B in Figure
5.7 due to two reasons; (I) attention in fat tissue can be ignored in the heatmap of model A, and
(II) model B has high attention in tissue area outside of the annotation.

(a) Annotated WSI with
macrometastases

(b) Attention heatmap of Figure 5.7a
using model A

(c) Attention heatmap of Figure 5.7a
using model B

Figure 5.7: A WSI with macrometastases in the lymph nodes

Figure 5.8 shows a WSI containing macrometastases. Both models have a high overlap between
the annotation of the pathologist and the attention scores.

(a) Annotated WSI with
macrometastases

(b) Attention heatmap of Figure 5.8a
using model A

(c) Attention heatmap of Figure 5.8a
using model B

Figure 5.8: A WSI with macrometastases in the lymph nodes
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Figure 5.9 shows a case containing micrometastases. Both models captured the annotation on
the left side, however both cases missed the small right annotation. In this WSI, both models suffer
from the same problem as in Figure 5.7, where in case of model B the effect is more exaggerated.
As expected due to the model performance, the areas containing micrometastases are difficult to
capture.

(a) Annotated WSI with
micrometastases

(b) Attention heatmap of Figure 5.9a
using model A

(c) Attention heatmap of Figure 5.9a
using model B

Figure 5.9: A WSI with micrometastases in the lymph nodes

We can conclude that the attention heatmaps of both models can capture macrometastases
well. However, both models suffer from their own problems. Model A often assigns high attention
to fat tissue, which is irrelevant for the diagnosis and model B often gives high attention to tissue
area outside of the ROI. These problems arise due to the sub-optimal performance of the network,
especially in the case of detecting micrometastases.
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5.3 Melanoma pathway prediction

For this task, we apply 5-fold cross-validation with 70-15-15% for training, validation and testing
respectively. We evaluate the CLAM SB, MB and MIL models on this task, see Table 5.10. Note
that the AUC and F1-score are calculated with a one-versus-rest approach and averaging the
results.

Model AUC Accuracy F1-Score
CLAM SB - Small 0.601 ± 0.08 0.568 ± 0.08 0.427 ± 0.15
CLAM SB - Big 0.641 ± 0.04 0.536 ± 0.04 0.374 ± 0.11
CLAM MB - Small 0.589 ± 0.11 0.599 ± 0.08 0.478 ± 0.07
CLAM MB - Big 0.570 ± 0.11 0.605 ± 0.11 0.464 ± 0.13
MIL Max-pooling 0.581 ± 0.10 0.594 ± 0.10 0.416 ± 0.04
MIL Top-50 avg-pooling 0.622 ± 0.11 0.525 ± 0.11 0.378 ± 0.11

Table 5.10: 40× Magnification models using a ResNet-50 feature extractor pre-trained on Im-
ageNet

We noticed that the dataset for melanoma pathway prediction is a very difficult dataset to work
with due to the several reasons. Pathways I and IV both contain subtypes of melanoma, which
increases the intra-class variability. This makes the prediction of pathways I and IV a difficult
task since these classes are not well-defined. Moreover, the Remaining class is the remainder of
the dataset that does not fall into pathways I or IV, and inherently since this class contains a wide
variety of melanoma subtypes, the same problem of high intra-class variability exists. A more
concrete indication that the dataset is poor is that the model performance is highly-dependant on
the split that was used, as the standard deviations for the classification metrics are very high.

We also tried to apply our NIC model on this task, but results were also not favorable and
terminated this approach. We suspect that the main issues of applying the NIC model are:

• Patch encoder does not extract important features from the tissue region. From our self-
supervised feature extractor experiments on the breast cancer grade classification task, we
noticed that these feature extractors perform worse than a pre-trained ResNet-50 on Im-
ageNet. However, further work must be done to compare different feature extractors.

• Lack of data augmented tissue regions due to offline data augmentation, see Section 4.2.2.3
for an explanation of offline versus online data augmentation.

• We average the predictions of each tissue region within a slide, however this operation
assumes that every tissue region is of equal importance, which is not the case.
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Conclusions

Automated WSI classification can be used by pathologists as a second pair of eyes and thus
help pathologist in their workflow. In our work we investigated WSI classification models on
three different tasks; breast cancer grade classification in young women, lymph node metastases
detection and melanoma pathway classification. We only consider weakly-supervised learning
methods, since annotating WSI is a time-consuming and tedious job for pathologists, therefore it
is often infeasible to obtain datasets which contain ROI annotations.

For breast cancer grade classification on the YBCP dataset, we can conclude that our custom
implemented MIL Top-250 average pooling model on 20× magnification has the best performance
in terms of accuracy. It has an accuracy of 0.803 ± 0.01, which outperforms the CLAM and MIL
with max-pooling models of [30], as well as the model accuracy of Wetstein et al. [12].

For this task, we also experimented with self-supervised learning for feature extraction using
several SimCLR models [36], however the performance did not exceed that of a ResNet-50 pre-
trained on ImageNet. We suspect that it might be due to the limited dataset that is used for the
SimCLR models, as well as the limitation in compute power. SimCLR benefits from a large batch
size, large model capacity and many training epochs, which was infeasible in our case.

For lymph node metastases detection on the Camelyon16 dataset, the CLAM MB - Small
model at 20× magnification using Otsu’s thresholding as tissue segmentation method has the
best accuracy of 0.842 ± 0.01. We think CLAM outperforms MIL with Top-k average-pooling
due to the flexible nature of assigning attention scores to patches, whereas MIL Top-k average-
pooling has a constant k. This constant k negatively impacts the performance, since we want
to classify macrometastases (tumor cell cluster ≥ 2mm), as well as micrometastases (tumor cell
cluster between 0.2mm and 2mm). In case of macrometastases we require a large k, whereas
in case of micrometastases we need a small k, therefore both cases contradict each other, which
limits model performance. Furthermore, we noticed that the models at 20× magnification perform
better in terms of micrometastases accuracy than the models at 10× magnification, which is likely
due to the extra level of detail that the 20× magnification patches provide.

Our main research question that we defined in Section 2.3 was:

Which factors play an important role for classification on histopathology slides?

From our experiments we can conclude that feature extraction plays an important role for
model performance. Most WSI classification methods work in a patch-based manner, in which
the model extracts features from patches and consequently uses these features in various ways,
see Section 3.3. We have experimented with two kinds of feature extractors, and saw a significant
difference in model performance due to their expressiveness.

Aside from feature extraction of patches, it is important how these features are used. Various
models have different takes on this manner. We think that context-awareness is an important
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factor in model performance. For instance, MIL with max-pooling only uses a single patch for
their WSI classification, and thus does not take into account a larger context. CLAM and MIL
with top-k average pooling on the other hand do take into account a larger collection of patches and
thus could make a more representative WSI prediction, thus can be considered more context-aware
approaches.

From our results we can conclude that ambiguously defined classes are a limiting factor in model
performance. We experienced this behavior in the intermediate-grade within the low/intermediate
class for the breast cancer grade classification task and all the classes of the melanoma pathway
classification task. This ambiguity led the melanoma pathway classification task to be infeasible.

We can also conclude that visual inspection of the model interpretations is of great importance
to understand what the model finds relevant for the slide-level prediction. We have shown cases
in which there is high correspondence between the heatmaps of the model and the annotations
of the pathologist, however there could be cases in which there is no correspondence even though
the prediction of the model may be correct. Therefore, it is important to evaluate the model’s
interpretation before using it in practice, to make sure that the ROI of the model aligns with the
corresponding class.

6.1 Future work

Robustness of Models

A limiting factor of CLAM is that there is no data augmentation of patches. Naturally, the reason
for this is due to the huge computational load of feature extraction of patches. We require roughly
14 hours to extract features from patches over our entire YBCP dataset at 10× magnification. If
we would train our CLAM model with data augmentation, then we would need to augment the
patches and extract features from these patches during every epoch, which is unfeasible. Future
work may include on how to apply data augmentation in an efficient manner.

Furthermore, on the topic of robustness it would be interesting to see how models would
perform on data from different institutions. There is often variability in the staining/scanning
procedure, which could lead to a drop in performance. Data augmentation and in particular stain
normalization should make these models more robust against these types of variabilities [45].

Neural Image Compression

Unfortunately, due to the infeasibility of the melanoma pathway classification task, we also had to
terminate the development of NIC, as NIC was developed initially for this specific task and there
was no time to fix its issues and apply NIC on a different dataset. An area that has been unexplored
in NIC is the use of a pre-trained network on ImageNet as feature extractor. We have experienced
that this feature extractor performed the best in case of breast cancer grade classification for
CLAM and MIL-models, and therefore it might be an interesting feature extractor for NIC.

When developing NIC we noticed that we could only use offline data augmentation, since we
used a 40× magnification level for the melanoma pathway prediction task. However, we think
that online data augmentation may be feasible when using a smaller magnification level, since we
need less tissue compressions.

For NIC, we average the predictions of the tissue regions within a slide to compute our slide-
level prediction. However, this approach assumes that the importance of each tissue region is equal,
which is not realistic since particular regions in a slide are more important than others (malignant
tumor tissue versus healthy tissue). Therefore, future work may include on how to give importance
to tissue regions. An example on how this can be achieved is by using the attention mechanism
of CLAM.

Pre-training Feature Extractors from Multiple Organ Sites

The work from [45; 54; 53] experimented with pre-training feature extractors using data from
multiple organ sites and experienced an increase in performance of their models, opposed to using
only the data from the main task. Future models should consider a similar strategy, as it has
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been shown that domain-specific feature extractors could perform better than non-domain specific
feature extractors (e.g. a model pre-trained on ImageNet).

Automated Machine Learning
Another area that could be investigated is the use of intelligent hyperparameter tuning and Neural
Architecture Search (NAS). WSI classification models take a long time to train, which implies that
exhaustive tuning of the architecture/hyperparameters is often infeasible. A method to solve these
problems could be in the form of Automated Machine Learning (AutoML) [58], which is a field that
focuses on building Deep Learning models without human assistance. By leveraging on AutoML,
we could optimize WSI models in a more efficient and guided manner.
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Appendix A: WSI Compression
pseudo algorithm

Algorithm 1 Neural Image Compression of a single slide

1: procedure Compress(WSI, encoder)
2: compressedRegions = list()
3: mask = TissueSegmentation(WSI)
4: regions = LocalizeRegions(mask)
5: randomAugmentations = InitializeRandomAugmentations()
6: for region ∈ regions do
7: for yi ∈ region.height/patch.height do
8: offsetY = region.offsetY + patch.height * yi
9: for xi ∈ region.width/patch.width do

10: offsetX = region.offsetX + patch.width * xi
11: x = offsetX + patch.width/2
12: y = offsetY + patch.height/2
13: sourcePatchCenter = localizeSourcePatch(x, y, region.center, randomAugment-

ations.angle)
14: patch = extractPatchFromWSI(WSI, sourcePatchCenter)
15: augmentedPatch = patchAugmentations(patch, randomAugmentations)
16: compressedPatch = encoder(augmentedPatch)
17: compressedRegions[region][xi][yi] = compressedPatch
18: end for
19: end for
20: compressedRegions[region] = wsiAugmentations(compressedRegions[region], rando-

mAugmentations)
21: end for
22: return compressedRegions
23: end procedure
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Appendix B: Top-k patches

Figures 6.1, 6.2 and 6.3 show the top-4 patches of slides of various breast cancer grades.

(a) Patch 1 (b) Patch 2 (c) Patch 3 (d) Patch 4

Figure 6.1: The top-4 patches of Figure 5.1d, which is a high-grade tumor

(a) Patch 1 (b) Patch 2 (c) Patch 3 (d) Patch 4

Figure 6.2: The top-4 patches of Figure 5.3b, which is a low/intermediate-grade tumor

(a) Patch 1 (b) Patch 2 (c) Patch 3 (d) Patch 4

Figure 6.3: The top-4 patches of Figure 5.4b, which is a high-grade tumor
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Figures 6.4 and 6.5 show the top-4 patches of slides which contain macrometastases in lymph
nodes.

(a) Patch 1 (b) Patch 2 (c) Patch 3 (d) Patch 4

Figure 6.4: The top-4 patches with highest attention scores of Figure 5.7c

(a) Patch 1 (b) Patch 2 (c) Patch 3 (d) Patch 4

Figure 6.5: The top-4 patches with highest attention scores of Figure 5.9c
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