
©Copyright 2024

Wenjun Wu



Transformative Diagnostics: Applying Transformer Networks and

Semantic Guidance to Whole Slide Images

Wenjun Wu

A dissertation

submitted in partial fulfillment of the

requirements for the degree of

Doctor of Philosophy

University of Washington

2024

Reading Committee:

Linda Shapiro, Chair

Sachin Mehta

Joann Elmore

Program Authorized to Offer Degree:

Biomedical Informatics and Medical Education



University of Washington

Abstract

Transformative Diagnostics: Applying Transformer Networks and Semantic Guidance to
Whole Slide Images

Wenjun Wu

Chair of the Supervisory Committee:

Linda Shapiro

Computer Science & Engineering

This dissertation advances the field of digital pathology by introducing innovative deep

learning approaches to improve the analysis and diagnosis of skin and breast cancers from

whole slide images (WSIs). Given the complexity and variability inherent in WSIs, tradi-

tional diagnostic methods often struggle with accuracy and efficiency. This work addresses

these challenges through a series of projects leveraging advanced segmentation techniques,

transformer-based models, and a novel Semantics-Aware Attention Guidance (SAG) frame-

work.

The initial focus of the research is on enhancing the detection and segmentation of diag-

nostically significant structures within WSIs. The introduction of VSGD-Net and a two-stage

segmentation approach demonstrates significant improvements in identifying melanocytes

and other critical features with minimal reliance on extensive annotated data. Building on

this foundation, the dissertation explores the application of transformer networks, such as

HATNet and ScATNet, utilizing self-attention mechanisms to effectively learn contextual

relationships across different scales in WSIs.

The culmination of this research is the development of the SAG framework, which in-

tegrates semantic information into the diagnostic process, guiding attention mechanisms to

focus on areas of potential malignancy. This approach not only enhances the accuracy and



precision of the models but also improves their interpretability, a critical factor in clinical

settings.

Empirical evaluations across multiple cancer datasets demonstrate that the proposed

methods outperform existing state-of-the-art models in terms of diagnostic accuracy, robust-

ness, and efficiency. These advancements hold significant promise for transforming cancer

diagnosis, providing pathologists with powerful tools to enhance decision-making and poten-

tially improve patient outcomes.

By bridging the gap between computational models and clinical applications, this dis-

sertation contributes to the broader goal of utilizing artificial intelligence in medicine to

facilitate early detection, accurate diagnosis, and personalized treatment of cancer.



TABLE OF CONTENTS

Page

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii

Chapter 1: Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

Chapter 2: Datasets and Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . 5

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.2 Skin Biopsy Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.3 Breast Biopsy Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.4 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

Chapter 3: Semantic Segmentation of Diagnostic Entities in Whole Slide Images . 14

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

3.2 VSGD-Net: Virtual Staining Guided Melanocyte Detection on Histopatho-
logical Images . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

3.3 Segmenting Skin Biopsy Images with Coarse and Sparse Annotations using
U-Net . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

3.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

Chapter 4: Transformer Network for Diagnosis . . . . . . . . . . . . . . . . . . . . 26

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

4.2 End-to-End diagnosis of breast biopsy images with transformers (HATNet) . . 27

4.3 Scale-Aware Transformers for Diagnosing Melanocytic Lesions (ScATNet) . . 31

4.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

Chapter 5: Semantics-Aware Attention Guidance . . . . . . . . . . . . . . . . . . . 52

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

5.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

5.3 SAG . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

i



5.4 Implementation Details . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

5.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

5.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

Chapter 6: Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

6.1 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

6.2 Future Directions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

Bibliography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

ii



LIST OF FIGURES

Figure Number Page

2.1 Three examples of WSIs in the MPATH Study . . . . . . . . . . . . . . . . . 5

2.2 Sample H&E stained image and Sox10 stained image. The Sox10 stain high-
lights the nuclei of melanocytes in red, while the nuclei of other cells appear
in blue. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.3 Preprocessing steps: Initially, raw Sox10 images (b) are aligned to template
H&E images (a) using Histokat software[1], resulting in aligned Sox10 images
(c). Subsequently, a Random Forest classifier distinguishes melanocytes from
non-melanocyte pixels. Finally, the pretrained NuSeT [2] separates adjacent
nuclei and refines the nuclear masks. . . . . . . . . . . . . . . . . . . . . . . 9

2.4 Examples from Camelyon16 dataset . . . . . . . . . . . . . . . . . . . . . . . 10

2.5 Two examples of WSIs in the Digipath dataset. Regions of interest (ROIs)
that helped pathologists in diagnosis are shown in red boxes. . . . . . . . . . 11

3.1 VSGDNet framework: H&E images are virtually stained to Sox10. The jointly
trained detection branch utilizes the intermediate features in the generator to
detect melanocytes and provides feedback to the generator to enhance syn-
thesis quality. The inference phase only uses the upper part of the architecture. 16

3.2 The qualitative comparison of VSGDNet with other virtual staining methods . 19

3.3 Overview of our approach. The image first goes to stage 1, and the segmen-
tation mask of entities (COR, stratum corneum; EP, epidermis; DE, dermis;
BG, background; and UL, unlabeled) in stage 1 is generated. Then this mask
is used to remove the epidermis from stage 2-Dermis input and remove the
dermis from stage 2-Epidermis input. The modifed images are fed to their cor-
responding trained model. Stage 2-Dermis generates the segmentation masks
of entities present in the dermis (DMN, dermal nests), and stage 2-Epidermis
generates the entities in the epidermis (EPN, epidermal nests). In the end,
stage 2-Dermis and stage 2-Epidermis segmentation masks are overlaid on the
stage 1 mask, and the final tissue-level segmentation mask is generated. . . . 20

iii



3.4 Visualization of results by our published two-step segmentation method [3].
(a) Examples of original image; (b) sparse expert annotation; (c) fine-detailed
epidermal and dermal nest annotation by expert for evaluation; (d) segmen-
tation results by our published work. The annotation and segmentation im-
ages contain the dermis (DM -yellow), epidermis (EP -blue), stratum corneum
(COR-pink), background (BG-gray), dermal nests (DMN -light green), and
epidermal nests (EPN -dark green). . . . . . . . . . . . . . . . . . . . . . . . 24

3.5 Examples of original WSI (left) and its corresponding segmentation mask(right).
Slices of each WSI are extracted and concatenated vertically. The segmen-
tation images contain Dermis (DE-yellow), Epidermis (EP-blue), Stratum
Corneum (COR-pink), Background (BGgray), Dermal Nests (DMN-light green),
and Epidermal Nests (EPN-dark green). The model has been trained on coarse
and sparse annotations. The captions show the dermatopathologists’ quali-
tative grading on each WSI segmentation mask for dermal nests (DMN) and
epidermal nests (EPN). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

4.1 (a) HATNet: Our end-to-end holistic attention network for classifying breast
biopsy images models the relationships between bags and words in a hier-
archical manner using self-attention. (b-d) Word-to-word, word-to-bag, and
bag-to-bag attention modules are visualized; they allow the learning of re-
lationships between bags and words using a bottom-up method. Note that
the word-to-bag attention module for processing Bcnn and the bag-to-image
attention module for processing Bb2b are similar to (c) and therefore, we do
not visualize them here. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

4.2 Comparison with state-of-the-art networks. HATNet outperformed existing
methods by a significant margin. Network parameters are reported for single
models only. We use majority voting for ensembling the models. These works
split the dataset (240 slides) into training (180 slides) and validation (60 slides)
sets, and reports the performance on validation set. For completeness, we only
report the accuracy of these methods. Note that the performance of networks
in R8-R14 is on the same independent test set of 119 slides. . . . . . . . . . 29

4.3 Example results of bags and words identified using HATNet across different
diagnostic categories. HATNet aggregates information from different parts of
the image and different textures. Here, each sub-figure of the breast biopsy
image is shown on the left of each panel with the top-30% bags (top-4 in green,
the rest in blue) identified using HATNet overlayed on the image. The upper
right in each panel shows the top-4 bags, and the bottom right in each panel
shows the top-4 words in each bag. . . . . . . . . . . . . . . . . . . . . . . . 30

iv



4.4 Overview of ScATNet for classifying skin biopsy images. To learn representa-
tions from these large WSIs at multiple input scales in an end-to-end fashion,
ScATNet factorizes the classification pipeline into three steps. The first step
involves learning local patch-wise embeddings using an off-the-shelf CNN for
each input scale independently. In the second step, ScATNet learns inter-patch
representations using transformers and produces contextualized patch embed-
dings for each input scale. In the last step, ScATNet learns inter-scale represen-
tations from concatenated multi-scale contextualized patch embeddings using
another transformer network and produces scale-aware embeddings, which are
then classified linearly into diagnostic categories. . . . . . . . . . . . . . . . . 33

4.5 The transformer network stacks L transformer units sequentially. Each trans-
former unit consists of self-attention and feed-forward modules. . . . . . . . 35

4.6 Overview of Soft labels calculation . Diagnostically constrained soft labels are
calculated for tissue slices without an ROI using singular value decomposition
(see Section 4.3.4). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

4.7 (a) shows different labeling methods, including our soft label method, for
an pT1a skin biopsy image with three tissue slices and one representative
region of interest (red box) that helped expert pathologists in diagnosing the
image. (b) compares the performance of different labeling methods. Our soft
labeling method is simple and effective; it reduces the ambiguity that arises
during training because of multiple tissue slices in a WSI that do not have a
ROI and helps improve the performance. In (b), we do not report sensitivity
and specificity, because their values are the same as accuracy. . . . . . . . . 49

4.8 Effect of number of crops (m) on the performance of ScATNet (single scale)
for inputs at three different scale levels (7.5×, 10×, and 12.5×). . . . . . . . 50

4.9 Comparison of class-wise accuracy with state-of-the-art WSI classification
methods on the test set. Diagnostic terms are defined as the following:
mild and moderate dysplastic nevi (MMD), melanoma in situ (MIS ), inva-
sive melanoma stage pT1a (pT1a), invasive melanoma stage ≥ pT1b (pT1b).
Overall, ScATNet delivered better performance across all diagnostic categories
except the pT1b category. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

v



4.10 Effect of single and multiple input scales. For single and multiple input scales,
we compared the overall performance of ScATNet across different metrics in
(a) while in (b), we compared the class-wise accuracy. With multiple input
scales, overall and class-wise performance, especially in invasive cancer cate-
gories (pT1a and pT1b), of ScATNet improved across all evaluation metrics.
Diagnostic terms are defined as the following: mild and moderate dysplas-
tic nevi (MMD), melanoma in situ (MIS ), invasive melanoma stage pT1a
(pT1a), invasive melanoma stage ≥ pT1b (pT1b). . . . . . . . . . . . . . . . 51

5.1 Visualization of the baseline model’s (ScAtNet [4]) attention on (a) skin biopsy
WSIs in the melanoma dataset and (b) breast biopsy WSIs in the Camelyon16
dataset. Green boxes show examples of the baseline model mistakenly focusing
on background regions. The signal and attention values are normalized for
visualization purposes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

5.2 Overview of the SAG approach for improving WSIs diagnosis models. The
process begins by dividing a high-resolution histopathological image into n
non-overlapping patches, following the methodologies described in ScATNet.
These patches are then processed to extract embeddings using an off-the-shelf
feature extractor g, similar to the initial steps in ScATNet. A diagnostic
network subsequently utilizes the n × f -dimensional feature vector for clas-
sification into distinct categories. Throughout training, heuristic guidance
(HG) and tissue guidance (TG) are employed to direct the model’s attention
towards areas of diagnostic relevance. . . . . . . . . . . . . . . . . . . . . . . 56

5.3 Generation of attention guidance: (a) H&E sample image. (b) Tissue segmen-
tation mask. (c) HG and TG. The values are normalized for visualization
purpose. (d) Cellular entities detected (zoom-in for best view). (e) Convex
hull of cellular clusters. (f) A zoomed-in view of the red boxes in (d) and (e).
The convex hull is rendered with red color. . . . . . . . . . . . . . . . . . . . 59

5.4 Comparative visualizations of HG and the models’ attention under SAG’s
training on the melanoma and Camelyon16 datasets. The images are sampled
from test set. The HG and attention values are normalized for visualization
purpose. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

vi



ACKNOWLEDGMENTS

As I navigate the challenging path of my PhD, I feel deeply grateful to the many individu-

als who have supported me along the way. Foremost is my PhD advisor, Linda Shapiro. Her

exceptional dedication to her students and her unwavering confidence in my abilities have

been incredibly inspiring. I know that completing this PhD would have been much more

difficult without her guidance. Linda’s support has been a consistent source of motivation

for me, and I am profoundly thankful for everything she has done.

I am profoundly grateful to Dr. Sachin Mehta and Dr. Joann Elmore for their invaluable

contributions to my doctoral journey. Dr. Sachin Mehta, a senior labmate, has been a pillar

of support and an exceptional mentor throughout my PhD. His guidance, patience, and

deep understanding of our research field have significantly shaped my academic experience,

providing me with the insights and encouragement needed to navigate the complexities of

this journey. I also owe a great debt of gratitude to Dr. Joann Elmore for her mentorship

and for sharing her extensive medical domain knowledge. As a co-PI of my advisor, Dr.

Elmore has enriched my research with critical perspectives on medical applications, which

have been instrumental in grounding my work in real-world clinical relevance. Her guidance

on various papers and projects has not only enhanced my research outcomes but also my

growth as a scholar. Their support has been pivotal in my development and achievements,

and I am profoundly thankful for their mentorship.

I extend my deepest thanks to my committee members, Dr. Kat Steele and Dr. Neil F.

Abernethy, for their insightful feedback on my talks and dissertation, which has significantly

improved my work. Additionally, I am grateful to my early academic mentors, Dr. Janani

Venugopalan and Dr. Zhenglun Wei, for introducing me to the world of research during my

vii



undergraduate studies and influencing my research interests and career trajectory.

I am also indebted to my fantastic labmates who have contributed to various projects

throughout this journey: Nicholas Nuechterlein, Ezgi Mercan, Bindita Chaudhuri, Mehmet

Saygin Seyfioglu, Fatemeh Ghezloo, Jie Gao, Kalyani Sunil Marathe, Ananditha Raghunath,

Zixuan Liu, Wisdom Ikezogwo, and Rajesh Rao.

Moreover, I would like to thank all my co-authors: Kechun Liu, Ximing Lu, Beibin

Li, Shima Nofallah, Donald Weaver, Mojgan Mokhtari, Stevan Knezevich, Caitlin May,

Oliver Chang, and other members of the MPATH and IMPACT groups. Without their

collaboration, my publications would not have been possible.

I owe my mental well-being to my friends who have been pillars of support throughout the

challenging phases of my PhD, especially during the pandemic. Special thanks to Xingfan

Huang, Ellen Xu, Jasmine Li, Sonic Yao, Ernasto Chen, Di Huang, and Aleksander Holynski

for our victorious moments as the ”Little Giants” on the volleyball court. I will always

cherish those memories.

I also thank Sinan Xie, Xingfan Huang, Qisheng Li, Beibin Li, Chien-yu Lin, Jiayin Qu,

Yue Guo, Hao Peng, Xiaoshi Quan, and Aleksander Holynski for exploring the roads and

mountains of the Pacific Northwest with me.

My sincere thanks to Lianhui Qin, Raven Yan, Qianye Mei, Dylan Du, and Yiran Zhao

for the countless enriching conversations we’ve had over the years.

Special thanks go to Gwen Yimiao the Cat, Hulu and Sydney the Cats, Sweet Potato the

Corgi, and Popcorn the Goldendoodle. Their endearing presence has been a constant source

of comfort and delight.

Lastly, my deepest gratitude goes to my family — my mother, Yiqing Lu, and my father,

Qingping Wu. Their encouragement during challenging times has been invaluable. I will

always be grateful for their unconditional support.

viii



1

Chapter 1

INTRODUCTION

Cancer occurs when normal cell growth goes awry. Instead of following the body’s in-

structions, some cells multiply uncontrollably, forming tumors that can be malignant or

benign. This abnormal growth can occur in various tissues throughout the body, leading

to a diverse range of cancers such as lung, brain, and skin cancers. For many cancers,

the ”gold standard” for diagnosis relies on the visual assessments of biopsy specimens from

pathologists. Unfortunately, diagnostic errors are common, and even expert pathologists

may not reach consensus on diagnostically challenging cases in many areas within pathology

[5–8]. For instance, pathologists disagree in up to 60% of cases when diagnosing invasive

melanoma [9]. Variability in diagnostic decisions is a serious problem and can cause sub-

stantial patient harm. To address this problem, computer-aided diagnostic (CAD) systems

are being explored as a potential second reader to assist pathologists. These systems can

leverage various techniques, including machine learning algorithms, to analyze digital whole

slide images (WSIs) and provide insights to support pathologists’ diagnoses [10–12].

In recent years, deep learning, a subfield of machine learning, has emerged as a powerful

tool for image analysis. Deep learning models can learn complex patterns from large datasets,

achieving impressive results in various computer vision tasks [13–17], but learning from

gigapixel whole slide images (WSIs) remains a difficult problem due to their massive size.

One of the most widely used natural image dataset, ImageNet [18] has 1, 281, 167 training

images, 50, 000 validation images and 100, 000 test images. The average size of ImageNet

images is 482×418 pixels. Each image comes with clearly marked and easily comprehensible

labels. Whole slide images, on the opposite, can be as large as 100, 000 × 100, 000 pixels.
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One of the largest WSI datasets, a prostate core biopsy dataset of Campanella et al.[19] has

44,732 images, about 100× smaller than the ImageNet dataset. Moreoever, diagnostic labels

for WSIs may have the following issue: 1) diagnostic labels may be only represented by

small regions or a few cells in gigapixel WSIs, while other regions may correspond to other

diagnostic categories; 2) variability in diagnostic decisions means labels contain noise; and

3) diagnostic labels may be represented by the entire composition of the slides and require

an understanding of the interaction between different components (e.g., stroma, melanocytic

nests, mitotic counts, and structures like ducts) [3, 20–23].

Due to the enormous size of WSIs, end-to-end learning has high computational complex-

ity. Thus, WSI classification methods often follow a bag-of-words (BoW) model for learning

representations, wherein a bigger patch of a whole slide image is treated as a bag while smaller

image patches inside a bag are treated as words (or instances). Following this BoW model,

many studies adopt a multiple instance learning-based (MIL) approach, which involves first

extracting word-level feature representations and then applying global aggregation to bags

of word-level representations to obtain WSI-level representation. These approaches are good

at reducing the computational cost and solving the first issue of diagnostic labels (i.e. they

are only representative in small regions). Now, the problem is reduced to discriminating

word-level visual concepts (e.g. classification of cancerous vs. non-cancerous regions). How-

ever, diagnostic standards used by pathologists usually require modeling various complicated

visual concepts that cannot be discerned by the MIL framework. For example, one of the

key factors in skin lesion diagnosis, according to our expert pathologists, is melanocyte mat-

uration, which refers to melanocytes becoming smaller and less pigmented with progressive

descent into the dermis. To address this limitation and learn representations that capture

such intricate relationships within WSIs, we need to achieve two goals: 1) identify clinically

relevant entities, and 2) enable mid-to-long-range interactions between those entities.

My research addresses challenges in applying deep learning to whole slide image analysis

for skin and breast cancer diagnosis. Limited labels, small datasets, and the need for efficient

learning were key hurdles. We explored methods for overcoming these limitations, includ-
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ing virtual staining for melanocyte detection, efficient WSI segmentation labeling, and self-

attention networks for cancer classification. Notably, a novel framework (Semantics-Aware

Attention Guidance) incorporates diagnostically relevant information into attention-based

models, demonstrating promise for improving the accuracy and efficiency of future cancer

diagnoses.

In this dissertation, projects are introduced to showcase the power of cutting-edge models

in addressing different challenges presented by whole slide image analysis in the area of skin

and breast cancer diagnosis.

Chapter 2 provides an overview of the three main datasets explored in this dissertation:

a dataset of skin biopsies used for melanoma classification and two additional datasets for

breast cancer diagnosis. By employing datasets with distinct characteristics and purposes

related to different cancer types, this dissertation demonstrates the generalizability of the

proposed deep learning methods across cancer diagnosis applications.

Chapter 3 describes two deep learning projects focused on segmenting diagnostically im-

portant structures within WSIs. The first project introduces VSGD-Net [24], a novel de-

tection network that leverages virtual staining for melanocyte identification in skin cancer

images. VSGD-Net learns by transferring knowledge from H&E stained images to virtual

stains mimicking the appearance of Sox10, a specific biomarker for melanocytes. The second

project, Skin Biopsy Segmentation [3], tackles the challenge of limited annotated training

data in deep learning for skin cancer diagnosis. This project employs a two-stage segmen-

tation approach that leverages coarse and sparse annotations on a small region of the WSI

for training. Despite requiring minimal annotations, this method demonstrates promising

performance on whole slide image segmentation tasks.

Chapter 4 summarizes two projects that leverage transformer networks for breast cancer

diagnosis. The first project, HATNet [25], tackles breast cancer classification by directly
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learning image representations from whole slide images using a holistic attention mechanism.

This approach leverages a modified bag-of-words concept with self-attention to capture global

information and identify clinically relevant structures within the tissue, all without explicit

supervision. Building upon the success of HATNet, we developed ScATNet [4], which learns

multi-scale representations directly from whole slide images, capturing both fine-grained

details and broader contextual information.

Chapter 5. Expanding on our prior work in segmentation and transformer-based diagnosis

models, Chapter 5 introduces a novel framework called Semantics-Aware Attention Guidance

(SAG). SAG incorporates two key elements:

• Entity-to-Attention Conversion: This innovative technique transforms diagnostically

relevant entities, like tissue anatomy and cancerous regions, into attention signals.

These signals guide the model’s focus on crucial areas within the WSI.

• Flexible Attention Loss Function: SAG employs a flexible attention loss function that

efficiently integrates this semantically significant information. This approach optimizes

the model’s learning process by leveraging the inherent relationships between entities

and the overall diagnosis task.

This innovative approach demonstrably improves accuracy, precision, and recall compared

to state-of-the-art models on two independent cancer datasets. The content of this chapter

is based on Liu and Wu et al.[26].

This dissertation draws upon my published work (Chapters 3 & 4) and under review work

(Chapter 5). Each chapter commences with a review of relevant prior work, establishing a

firm foundation and contextualizing my contributions within the existing research landscape.

This context will showcase the existing research landscape and underscore the innovative

contributions of my projects.
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Chapter 2

DATASETS AND EVALUATION METRICS

2.1 Introduction

This chapter introduces the cornerstone of our investigation: the datasets utilized in this

dissertation to develop deep learning models for whole slide image (WSI) analysis in cancer

diagnosis. We focus on two prevalent cancer types: skin cancer and breast cancer. With the

diversity in data sources, we aim to establish a foundation for exploring the generalizability of

our approaches across various cancer diagnoses in later chapters. Understanding the inherent

properties and challenges associated with each dataset is crucial for designing effective and

adaptable deep learning models.

2.2 Skin Biopsy Dataset

Figure 2.1: Three examples of WSIs in the MPATH Study
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Diagnostic Number of WSIs Average WSI size

Category Training Validation Test Total (in pixels)

MMD 26 6 29 61 11843 × 10315

MIS 25 5 30 60 9133 × 8501

pT1a 33 6 34 73 9490 × 7984

pT1b 18 6 22 46 14858 × 12154

Total 102 23 115 240 11130 × 9603

Table 2.1: Statistics of the skin biopsy whole slide image (WSI) dataset. The average WSI

size is computed at a magnification factor of 10×. Diagnostic terms for the dataset used

in this study are as follows: mild and moderate dysplastic nevi (MMD), melanoma in situ

(MIS), invasive melanoma stage pT1a (pT1a), invasive melanoma stage ≥ pT1b (pT1b).

MPATH Dataset. The dataset used for melanoma diagnosis experiments was acquired

as a part of the MPATH study (R01CA151306) and consists of 240 skin biopsy images (Fig-

ure 2.1) with hematoxylin and eosin (H&E) staining [9]. The MPATH study was approved

by the Institutional Review Board at the University of Washington with protocol number

STUDY00008506. These biopsy images were interpreted by a consensus panel of three expe-

rienced dermatopathologists using the modified Delphi approach [27]. The consensus panel

assessments were grouped into five different MPATH-Dx (Melanocytic Pathology Assess-

ment Tool and Hierarchy for Diagnosis) [28] simplified categories based on perceived risk

for progression. Example diagnostic terms for each MPATH-Dx class are as follows: (I)

mildly dysplastic nevi, (II) moderately dysplastic nevi, (III) melanoma in situ and severely

dysplastic nevi, plastic nevi, (IV) invasive melanoma stage T1a, and (V) invasive melanoma

stage ≥ T1b. (IV) invasive melanoma stage T1a, and (V) invasive melanoma stage ≥ T1b.

These five classes were regrouped to four diagnostic classes for the classification task due

to limited sample size in Classes I and II and because the clinical risk for progression of both
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Class I and Class II is extremely low. The diagnostic terms we use for each class are as

follows: 1) Class I-II: mild and moderate dysplastic nevi (MMD), which is very low risk to

low risk, 2) Class III: melanoma in situ (MIS), which is higher risk than MMD, 3) Class IV:

invasive melanoma stage pT1a (pT1a), which is higher risk for local/regional progression,

and 4) Class V: invasive melanoma stage ≥ pT1b (pT1b), which is the greatest risk for

regional and/or distant metastases. For diagnosis studies, we randomly split 240 WSIs into

102 training, 23 validation, and 115 test WSIs (see Table 2.1).

The consensus panel of three experienced dermatopathologists and an additional der-

matopathologist on the MPATH research team marked a total 240 regions of interest (ROIs)

that best defined the diagnostic classification of each case during the review process. These

ROIs were annotated coarsely and sparsely by an expert pathologist (Mojgan Mokhtari) for

training the semantic segmentation model described in Chapter 3. The tissue structures of

skin biopsy WSIs used in this report are:

• background (BG): the pixels that do not contain any tissue.

• epidermis (EP): the outermost layer of the skin. It’s the part you can see and touch.

The epidermis provides a protective barrier for the body.

• dermis (DM ): located just below the epidermis, the dermis is a thicker layer of skin.

It contains blood vessels, nerves, hair follicles, and glands. This layer supports and

strengthens the skin.

• stratum corneum (COR): the outermost part of the epidermis. It’s made up of dead

skin cells that have flattened and become tough to protect the underlying living cells.

• epidermal melanocytic nest (EPN ): clusters of melanocytes (cells that produce pig-

ment) found within the epidermis. They are often examined to check for skin abnor-

malities or conditions like moles or melanoma.
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• dermal melanocytic nest (DMN ): similar to the epidermal nests, these are clusters of

melanocytes, but they are located within the dermis. These nests are also important

for diagnosing skin conditions.

In summary, these describe different parts and features of the skin that are visible in the

biopsy images. Understanding these structures helps in diagnosing and studying skin condi-

tions.

(a) H&E Staining (b) Sox10 Staining – melanocytes are red (c) Crop from Sox10 

Figure 2.2: Sample H&E stained image and Sox10 stained image. The Sox10 stain highlights

the nuclei of melanocytes in red, while the nuclei of other cells appear in blue.

Melanocyte Detection. In addition to the MPATH dataset, there is a supplementary

melanocyte dataset, specifically collected for studying melanocyte detection. This dataset

comprises 15 additional skin biopsy images, containing samples from 3 of the original 5

diagnostic categories present in MPATH [28]. Each biopsy was meticulously sectioned into 4-

6 thin slices for magnified microscopic examination at 20x. This meticulous sectioning process

resulted in a total of 75 image slices for analysis. Each WSI is stained with H&E first (see

Figure 2.2a). Then they are carefully destained and re-stained with Sox10 (Figure 2.2(b)),

a stain that differentiates melanocyte nuclei (red) from other cell nuclei (blue) (ground truth

for melanocyte vs. non-melanocyte classification, (Figure 2.3(e)).

1https://histoapp.mevis.fraunhofer.de/
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Figure 2.3: Preprocessing steps: Initially, raw Sox10 images (b) are aligned to template H&E

images (a) using Histokat software1[1], resulting in aligned Sox10 images (c). Subsequently,

a Random Forest classifier distinguishes melanocytes from non-melanocyte pixels. Finally,

the pretrained NuSeT [2] separates adjacent nuclei and refines the nuclear masks.

To generate ground truth labels for melanocyte detection, we developed a semi-automated

procedure. A Random Forest classifier, trained on a set of 100 manually labeled melanocytes

in Sox10 images, is used to create preliminary melanocyte masks. Next, a pre-trained nuclei

detection model, NuSeT [2], is employed to refine these masks by separating clusters of

touching nuclei. This two-step process effectively generates accurate melanocyte masks that

serve as reliable ground truth labels for our study (Figure 2.3). For computational efficiency,

while preserving image details, we cropped the registered-pair images into 256x256 patches at

10x magnification. Background patches were excluded, resulting in a usable dataset of 25,314

patches. To ensure a fair evaluation, we reserved 9652 paired image patches from 5 patients

for the testing set. The remaining patches were used for training and validation, guaranteeing

that data from the testing set was entirely separate from the training and validation data.

Both the training and testing sets encompass the full spectrum of MPATH-Dx diagnostic
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(a) An Example WSI (b) Example metastasis annotations

Figure 2.4: Examples from Camelyon16 dataset

classes.

2.3 Breast Biopsy Datasets

Two breast biopsy datasets are used in this dissertation — the Camelyon16 dataset [29] and

the Digipath dataset [8].

Camelyon16 The Camelyon16 dataset [29] is a standard benchmarking dataset in the field

of medical image analysis, especially in the area of cancer pathology. Originating from the

Camelyon16 challenge, this dataset includes 400 whole-slide images (WSIs) of lymph node

sections, which are annotated to show regions with metastatic cancer (see Figure 2.4). These

annotations were meticulously provided by experienced pathologists, making the dataset a

gold standard for training and testing algorithms aimed at detecting cancer metastases,

specifically in breast cancer patients. There are two classes in this dataset: normal and

tumor.
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Figure 2.5: Two examples of WSIs in the Digipath dataset. Regions of interest (ROIs) that

helped pathologists in diagnosis are shown in red boxes.

Digipath This dataset consists of 240 whole slide images stained with hematoxylin and

eosin (H&E) [8]. Three expert pathologists independently reviewed these cases, followed

by a consensus meeting using a modified Delphi method to establish a reference consensus

label for each slide [30]. The pathologists’ assessments were categorized into four groups:

(1) benign without atypia, (2) atypia, (3) ductal carcinoma in situ (DCIS), and (4) invasive

carcinoma. These consensus labels serve as our ground truth diagnoses.

Benign ADH DCIS INV Total

Slide

Training set 34 35 41 10 120

Test set 22 48 38 12 120

ROI

Training set 60 58 85 17 220

Test set 37 81 80 19 217

Table 2.2: Class distribution of slides and ROIs in the Digipath dataset.
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The expert pathologists also identified 422 regions of interest (ROIs), that best supported

their diagnoses (Figure 2.5. Consistent with previous studies utilizing this dataset for

computer-aided second opinion systems [31–35], we used these ROIs to train and evaluate

our method. Following previous studies on this dataset that aims to build directed computer-

aided second opinion systems [31, 35–37], the dataset was randomly split into 164 training

ROIs, 42 validation ROIs, and 216 test ROIs (See Table 2.2). It’s important to note that

clinically, each slide can contain multiple ROIs. To prevent information leakage, we ensured

all ROIs from a single slide were assigned to the same set (either training and validation or

test set).

2.4 Evaluation Metrics

In evaluating the performance of classification models, outcome metrics provide insights

into different aspects of the model’s accuracy and reliability. Below are the definitions and

formulas for the key metrics relevant to this thesis:

• Classification (or Top-1) accuracy counts the number of times the predicted label is

the same as the ground truth label and is defined as:

Accuracy =
TP + TN

TP + FP + TN + FN

where TP, FP, TN, and FN denote the true positives, false positives, true negatives,

and false negatives, respectively.

• F1-score is a harmonic mean of precision P and recall R and is defined as:

F1-score =
2PR

P + R

where P = TP
TP + FP

and R = TP
TP + FN

.

• Sensitivity (also known as Recall) measures the proportion of the positive cases that

are correctly classified and is defined as:

Sensitivity =
TP

TP + FN
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• Specificity measures the proportion of the negative cases that are correctly classified

and is defined as:

Specificity =
TN

TN + FP

• Area under the receiver operating characteristics curve (ROC-AUC) is a graph obtained

by varying the threshold for diagnostic decision, illustrating the discrimination ability

of the classifier. We use a One-vs-Rest scheme, which computes the AUC of each class

against the rest [38].

• Precision-Recall (P-R) curve is a plot that illustrates the trade-off between precision

(positive predictive value) and recall (sensitivity) for different threshold values. The

curve helps understand a model’s ability to balance precision and recall.

• Jaccard Index (also known as Intersection over Union) measures the similarity between

two sets and is defined as:

Jaccard Index =
TP

TP + FP + FN

It quantifies the overlap between the predicted positives and the actual positives.

• Peak Signal-to-Noise Ratio (PSNR): A metric used to quantify the quality of a recon-

structed image compared to a noise-free original. It is expressed in decibels (dB) and

calculated as:

PSNR = 10 log10

(
MAX2

I

MSE

)
, (2.1)

where MAXI is the maximum possible pixel value of the image (e.g., 255 for an 8-bit

image) and MSE is the Mean Squared Error between the original and reconstructed

images. Higher PSNR indicates a better reconstruction/image generation quality, with

minimal noise introduced in the process.
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Chapter 3

SEMANTIC SEGMENTATION OF DIAGNOSTIC ENTITIES
IN WHOLE SLIDE IMAGES

3.1 Introduction

This chapter explores the integration of deep learning technologies to enhance diagnostic pre-

cision. It emphasizes identifying key structures such as the epidermis, dermis, melanocytes,

and nuclei within skin biopsy specimens and discusses how advanced computational tech-

niques, such as deep neural networks, can address the challenges inherent in traditional

diagnostic methods.

Nuclei Detection Recent advances in instance segmentation have significantly improved

nuclei detection by allowing for more precise and accurate identification of individual nuclei

within complex tissue samples. Techniques like Mask R-CNN [14] and StarDist [39], which

employs star-convex polygons for precise localization, are complemented by Hover-Net [40]

which introduces a ”Hover” branch for segmenting connected nuclei. Additionally, CHR-Net

[41] enhances nuclei mapping through a two-stage process. However, these methods often

rely on extracting relevant features directly from the H&E stained image, which can be

challenging due to limitations in stain variations and overlapping structures.

Image-to-Image Translation Image-to-image translation techniques such as Pix2Pix [42]

and CycleGAN [43] have revolutionized stain normalization and virtual staining tasks in

histopathology. Despite their potential, these methods often underutilize informative fea-

tures critical for tasks like nuclei detection. VSGDNet addresses these limitations by simul-

taneously optimizing image synthesis and nuclei detection, thereby enhancing both processes.
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Semantic and instance segmentation The challenge of accurately identifying and dif-

ferentiating between tissue layers such as the dermis and epidermis, as well as detecting

abnormal structures like dermal nests, is critical for diagnosing melanoma. Semantic seg-

mentation is an invaluable tool in this context, though its effectiveness is limited by the

availability of extensive, pixel-level annotations. While instance segmentation techniques

like Mask R-CNN offer more granular object delineation, they often require a significant

amount of annotated data for each individual instance within the image. In scenarios with

limited annotations, as in this project, simpler semantic segmentation models can be more

effective for learning robust representations from scarce data. Additionally, semantic seg-

mentation methods can be computationally more efficient, making them a more practical

choice for real-world applications with large WSIs.

Projects Two methods were proposed to address the aforementioned challenges. The first

project, VSGDNet [24], revolutionizes melanocyte detection by employing virtual staining

techniques, which facilitate the identification of specific biomarkers without the need for ad-

ditional physical staining processes. By transferring knowledge from standard H&E stained

images to virtual stains that mimic the appearance of Sox10, VSGDNet offers a novel approach

to overcoming the limitations of traditional staining methods in dermatopathology.

The second project, Skin Biopsy Segmentation [3], addresses the challenge posed by the

scarcity of annotated training data, which is a common bottleneck in the application of deep

learning models. By implementing a two-stage segmentation strategy that utilizes coarse and

sparse annotations for training, this method demonstrates significant potential in improving

the segmentation accuracy of WSIs with minimal annotations.

Together these two projects highlight the innovative integration of deep learning tech-

niques in skin cancer diagnosis, illustrating their potential to transform traditional practices

by enhancing diagnostic precision and reducing reliance on extensive annotated datasets.
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3.2 VSGD-Net: Virtual Staining Guided Melanocyte Detection on Histopatho-
logical Images

This section introduces VSGDNet, a state-of-the-art virtual-staining-guided detection archi-

tecture designed to enhance the accuracy of melanocyte detection in skin biopsy images.

The development and effectiveness of VSGDNet, detailed in the work of Liu, Li, and Wu et

al. [24], leverage both H&E and Sox10 stains to integrate and analyze complex diagnostic

features (Figure 3.1).

1282x64
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82x2048
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level

Fine 
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Real?
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Real?
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Figure 3.1: VSGDNet framework: H&E images are virtually stained to Sox10. The jointly

trained detection branch utilizes the intermediate features in the generator to detect

melanocytes and provides feedback to the generator to enhance synthesis quality. The infer-

ence phase only uses the upper part of the architecture.

3.2.1 VSGDNet

At its core, VSGDNet incorporates a U-Net [44] architecture with a ResNet-50 [13] encoder

to extract features efficiently. It also includes attention mechanisms [45] within the decoder
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to focus specifically on melanocytes during the virtual staining process. The realism of

the generated Sox10 images is further refined by a multi-scale discriminator, inspired by

Pix2PixHD [46], which ensures the generator (G) produces high-fidelity outputs.

The detection component of VSGDNet mirrors the structure of Mask R-CNN [14], in-

corporating a Feature Pyramid Network (FPN), a Region Proposal Network (RPN), and

specialized detection heads. These elements are strategically embedded within the decoder

to utilize the enriched Sox10-aligned features, optimizing the system for precise melanocyte

identification. This strategic placement has been substantiated by extensive ablation studies,

indicating a higher correlation and effectiveness in utilizing Sox10 features for melanocyte

detection [24].

3.2.2 Results and Discussion

Table 3.1: Comparison with nuclei detection methods.

Method P R F1 Jaccard

RLS [47] 0.443 0.570 0.499 0.332

Nuclei Classification 0.693 0.506 0.585 0.413

Mask R-CNN [14] 0.735 0.514 0.605 0.434

U-Net [44] 0.630 0.639 0.635 0.465

StarDist [48] 0.745 0.426 0.542 0.372

HoverNet [40] 0.729 0.499 0.592 0.421

CHR-Net [49] 0.607 0.688 0.645 0.476

Ours 0.660 0.710 0.684 0.520

We evaluated VSGDNet on the melanocyte dataset (described in Chapter 2.2). Melanocyte

detection was assessed quantitatively using precision, recall, F1-score, and Jaccard index (def-
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Table 3.2: Comparison with GAN-based methods.

Method P R F1 Jaccard

StainGAN [50] 0.476 0.299 0.367 0.225

PC-StainGAN [51] 0.591 0.343 0.434 0.277

GAN-based Segmentation 0.569 0.719 0.636 0.466

Ours 0.660 0.710 0.684 0.520

initions in Chapter 2.4). Sox10 image quality was evaluated with both Peak Signal-to-Noise

Ratio (PSNR), as defined in Chapter 2.4), and qualitative analysis.

Melanocyte Detection Our results in Table 3.1 shows that VSGDNet outperformed spe-

cialized detection methods (RLS [47], Mask R-CNN [14], U-Net [44], StarDist [48], HoverNet

[40], CHRNet [49]). As shown in Table 3.2, it also achieved a higher F1 -score and Jaccard

index compared to GAN-based segmentation methods (StainGAN [50], PC-StainGAN [51],

our self-implemented model). While StarDist and the GAN segmentation method showed

high precision and recall, respectively, their F1 and Jaccard scores suffered due to imbalanced

prediction (over-prediction or under-prediction).

Image Synthesis Though secondary to detection, we evaluated the quality of synthesized

Sox10 images to demonstrate the effectiveness of shared features. VSGDNet achieved the

highest PSNR (indicating the most reliable virtual staining) and comparable SSIM to PC-

StainGAN (measuring structural similarity). Qualitative results (Figure 3.2) showcase high-

fidelity virtual staining by VSGDNet.
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Figure 3.2: The qualitative comparison of VSGDNet with other virtual staining methods

3.3 Segmenting Skin Biopsy Images with Coarse and Sparse Annotations us-
ing U-Net

In this section, we present a novel two-step segmentation pipeline. Our approach leverages

coarse and sparse annotations, allowing for the segmentation of larger anatomical structures

(like epidermis and dermis) and smaller entities (like melanocytes) within the WSI separately

(Figure 3.3). By reducing the annotation burden, our method paves the way for more efficient

development of deep learning-based tools for skin cancer diagnosis. The content of this

chapter is based on the work of Nofallah, Mokhtari and Wu et al.[3].

3.3.1 Related Work

Limited data annotation poses a significant challenge in medical image segmentation. To

mitigate this, various strategies such as data augmentation (e.g., image sharpening, mixup)

have been utilized to enhance segmentation [52]. Although active learning shows potential,

it requires a base model and extensive annotation efforts, which are often impractical with

sparse data [53]. Adjustments to loss functions, like class-balancing techniques, have also

proven helpful in contexts with limited annotations [53].
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Figure 3.3: Overview of our approach. The image first goes to stage 1, and the segmentation

mask of entities (COR, stratum corneum; EP, epidermis; DE, dermis; BG, background; and

UL, unlabeled) in stage 1 is generated. Then this mask is used to remove the epidermis from

stage 2-Dermis input and remove the dermis from stage 2-Epidermis input. The modifed

images are fed to their corresponding trained model. Stage 2-Dermis generates the segmen-

tation masks of entities present in the dermis (DMN, dermal nests), and stage 2-Epidermis

generates the entities in the epidermis (EPN, epidermal nests). In the end, stage 2-Dermis

and stage 2-Epidermis segmentation masks are overlaid on the stage 1 mask, and the final

tissue-level segmentation mask is generated.

While domain adaptation and external data usage have advanced segmentation in other

fields, their application to skin biopsy images is hindered by the scarcity of large, labeled

datasets and notable morphological diversity [54]. Research in skin biopsy segmentation has

generally focused on individual structures such as the epidermis or dermis, with semantic

segmentation of a broader range of structures still largely unexplored, particularly in datasets

with limited and imperfect annotations.
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Table 3.3: Evaluation of the segmentation model on ROI testing set

Segmentation Stage Dice Score IoU

Stage 1 (all tissues) 0.942 0.906

Stage 2-Dermis (DMN) 0.558 0.638

Stage 2-Epidermis (EPN) 0.332 0.558

3.3.2 Method

Our approach allows training a convolutional neural network (CNN) on images with coarse

and sparse annotations to segment multiple clinically important structures within whole slide

images (WSIs). The system uses a modified U-Net architecture for segmenting skin biopsy

images in a two-stage approach (See Figure 3.3). The first stage utilizes a U-Net pre-trained

on ImageNet to segment large anatomical structures (background, epidermis, dermis). The

second stage tackles smaller entities (e.g., melanocytic nests) by focusing separately on the

dermis and epidermis regions, using ground truth labels specific to each area. This approach

addresses the challenge of sparse annotations for smaller structures by training separate

models for different size ranges, aiming to improve segmentation accuracy for all entities of

interest in skin biopsies.

3.3.3 Results and Discussion

During testing, the Stage 1 segmentation mask (all tissues) from the model was used to

extract dermis and epidermis regions for the Stage 2 branches (focusing on DMN and EPN,

respectively). These entities were then overlaid on the Stage 1 mask to create the final

segmentation (Figure 3.3). Quantitative results are shown in Table 3.3. Figure 3.4 shows

example ROIs with annotations and the corresponding model predictions.

The final goal was to generate segmentation masks for whole slide images (WSIs) using
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the model trained on ROIs with coarse annotations. We adopted the validation pipeline

from Figure 3.3. WSIs were first divided into slices to reduce image size and eliminate the

effect of slide orientation. These slices underwent preprocessing similar to ROIs and were

fed into the model. The resulting segmentation masks were merged to create the final WSI

segmentation mask.

While WSI segmentation masks (Figure 3.5) suggest promising results using sparse and

coarse annotations, limitations were identified. Noise in the training data, such as inac-

curate borders and missing labels for similar structures (e.g., inflammatory cells), led to

over-labeling of nests, particularly epidermal nests (reflecting the noisier annotations for

them). Accurate diagnosis requires both high sensitivity (finding all nests) and high speci-

ficity (reducing false positives). Therefore, mitigating noise in sparse annotations is crucial.

This can be achieved by having a separate pathologist review the ground truth data.

3.4 Summary

This chapter highlights two innovative projects designed to segment diagnostically impor-

tant entities within whole slide images (WSIs), each addressing specific challenges in der-

matopathology through advanced deep learning techniques:

1. VSGDNet [24] introduces an innovative virtual staining technique. By simulating the

appearance of specific biomarkers, such as Sox10, it overcomes the limitations of tradi-

tional staining methods. This approach not only enhances the detection accuracy but

also reduces the reliance on physical staining processes, which are resource-intensive

and time-consuming.

2. Skin Biopsy Segmentation [3]: this project tackles the challenge of limited anno-

tated data availability, employing a two-stage segmentation approach that effectively

utilizes sparse annotations to improve the accuracy of whole slide image (WSI) seg-

mentation.
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Together, these projects demonstrate how modern computation methods can reduce depen-

dency on extensive annotated data sets. The structures segmented by these projects will

later provide crucial cues for the diagnosis network (Chapter 5).
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Figure 3.4: Visualization of results by our published two-step segmentation method [3]. (a)

Examples of original image; (b) sparse expert annotation; (c) fine-detailed epidermal and

dermal nest annotation by expert for evaluation; (d) segmentation results by our published

work. The annotation and segmentation images contain the dermis (DM -yellow), epidermis

(EP -blue), stratum corneum (COR-pink), background (BG-gray), dermal nests (DMN -light

green), and epidermal nests (EPN -dark green).
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(a) DMN: High sensitivity, high specificity,

EPN: High sensitivity, low specificity)

(b) DMN: High sensitivity, medium speci-

ficity, EPN: High sensitivity, low specificity

(c) DMN: High sensitivity, medium speci-

ficity, EPN: High sensitivity, low specificity

(d) DMN: High sensitivity, low specificity,

EPN: High sensitivity, medium specificity

(e) DMN: Medium sensitivity, low specificity, EPN: medium sensitivity, low specificity

Figure 3.5: Examples of original WSI (left) and its corresponding segmentation mask(right).

Slices of each WSI are extracted and concatenated vertically. The segmentation images

contain Dermis (DE-yellow), Epidermis (EP-blue), Stratum Corneum (COR-pink), Back-

ground (BGgray), Dermal Nests (DMN-light green), and Epidermal Nests (EPN-dark green).

The model has been trained on coarse and sparse annotations. The captions show the

dermatopathologists’ qualitative grading on each WSI segmentation mask for dermal nests

(DMN) and epidermal nests (EPN).
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Chapter 4

TRANSFORMER NETWORK FOR DIAGNOSIS

4.1 Introduction

While Chapter 3 focuses on the application of deep learning to detect diagnostically impor-

tant structures (e.g. tissues and cellular entities), Chapter 4 shifts the focus to diagnosis

based on the entire whole slide image, where the complexities of diagnosis require not only

high precision but also a nuanced understanding of diverse histopathological features. In

this chapter, we explore the deployment of transformer networks, renowned for their capa-

bility to handle sequential data in natural language processing, to the domain of medical

imaging [55]. This transition is motivated by the need to develop more sophisticated models

that can learn from the vast and intricate data presented by whole slide images without the

constraints of traditional supervised learning frameworks.

The first project detailed in this chapter, HATNet [25], introduces a groundbreaking ap-

proach to breast cancer classification. It utilizes a holistic attention mechanism that allows

for the direct learning of image representations from WSIs. This method incorporates a

modified bag-of-words model combined with self-attention to effectively capture and utilize

global contextual information from the images, highlighting clinically significant structures

without the need for explicit annotation.

Building on the foundations laid by HATNet, the subsequent project, ScATNet [4], extends

these concepts to include the learning of multi-scale representations. By doing so, ScATNet is

not only able to discern fine-grained details critical for accurate diagnosis but also integrates

broader contextual understanding, thereby enhancing the model’s diagnostic capabilities

across varying levels of detail and scale.

The advancements in transformer technology presented in this chapter signify a pivotal
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development in medical imaging, offering the potential to greatly enhance the accuracy and

efficiency of cancer diagnosis processes. This chapter aims to demonstrate how transformer-

based models can be innovatively applied to the challenges of medical image analysis, par-

ticularly in handling the scale and complexity of WSIs.

4.2 End-to-End diagnosis of breast biopsy images with transformers (HATNet)

The content of this section is based on the work of Mehta, Lu and Wu et al.[25].

4.2.1 Introduction

Breast cancer is the most common non-skin cancer among women, accounting for approxi-

mately 25% of all cancer cases worldwide. Diagnosis largely relies on the subjective visual

evaluation of breast biopsy specimens by pathologists, leading to significant variability and

potential misdiagnoses with serious clinical repercussions [5–8, 56–58].

Addressing these challenges, this section describes the Holistic ATtention Network (HATNet),

a self-attention-based neural network that enhances breast biopsy image classification. In-

spired by Vaswani et al. [55], HATNet uses a modified bag-of-words model and self-attention

to decompose and analyze biopsy images, enabling the integration of global contextual in-

formation for accurate diagnosis. Empirical results show that HATNet improves diagnostic

accuracy by 8% and doubles the processing speed compared to Y-Net [33], effectively focusing

on crucial diagnostic features like stromal tissue and ducts.
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4.2.2 HATNet: Holistic Attention Network

Figure 4.1: (a) HATNet: Our end-to-end holistic attention network for classifying breast

biopsy images models the relationships between bags and words in a hierarchical manner

using self-attention. (b-d) Word-to-word, word-to-bag, and bag-to-bag attention modules

are visualized; they allow the learning of relationships between bags and words using a

bottom-up method. Note that the word-to-bag attention module for processing Bcnn and

the bag-to-image attention module for processing Bb2b are similar to (c) and therefore, we

do not visualize them here.

HATNet, depicted in Figure 4.1, enhances the transformer architecture by incorporating a

bag-of-words approach. The architecture of HATNet strategically refines data from the gran-

ular level of words to bags and eventually to the entire image to finalize the classification

decision. Initially, HATNet processes inter-word relationships through self-attention, amalga-

mating these into coherent bag-level data points. Subsequent layers of attention synthesize

these data points into a unified image-level representation, which is then utilized to determine

the diagnostic category.

The progressive, bottom-up approach—from words to bags to the complete image—enables

HATNet to capture and express detailed and clinically significant patterns within the WSIs
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Figure 4.2: Comparison with state-of-the-art networks. HATNet outperformed existing meth-

ods by a significant margin. Network parameters are reported for single models only. We

use majority voting for ensembling the models. These works split the dataset (240 slides)

into training (180 slides) and validation (60 slides) sets, and reports the performance on

validation set. For completeness, we only report the accuracy of these methods. Note that

the performance of networks in R8-R14 is on the same independent test set of 119 slides.

effectively. This capability not only enhances diagnostic accuracy but also facilitates the de-

velopment of tools that can automatically annotate and explain decisions based on clinically

relevant features within the images.

Dataset The main dataset used in this study is the Digipath dataset, described in Chap-

ter 2.3. Regions of interests (ROIs) are randomly split into 164 training, 42 validation, and

216 test ROIs.

4.2.3 Main Results

Performance Comparison In a comprehensive evaluation, HATNet outstripped existing

models across several key performance metrics. Notably, it exhibited an 8% increase in

F1-score over the previously leading segmentation-based method and, when combined with

ensemble techniques, it further improved accuracy and sensitivity by an additional 1%. The
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Figure 4.3: Example results of bags and words identified using HATNet across different di-

agnostic categories. HATNet aggregates information from different parts of the image and

different textures. Here, each sub-figure of the breast biopsy image is shown on the left of

each panel with the top-30% bags (top-4 in green, the rest in blue) identified using HATNet

overlayed on the image. The upper right in each panel shows the top-4 bags, and the bottom

right in each panel shows the top-4 words in each bag.

comparative analysis detailed in Table 4.2 underscores HATNet’s superior diagnostic accu-

racy and robustness, positioning it as a significant advancement in histopathological image

analysis.

Saliency and Annotation Concordance One of the standout features of HATNet is its

ability to identify and focus on clinically significant regions within histopathological slides.

The model’s attention mechanism is adept at highlighting areas like ductal and stromal

tissues, which are crucial for accurate breast cancer diagnosis. Quantitative analysis using

dice scores shows high agreement between HATNet’s saliency maps and expert annotations,

reinforcing the model’s relevance and applicability in clinical settings.
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4.2.4 Summary

The results presented in this section not only validate the effectiveness of HATNet but also

highlight its potential to transform histopathological diagnosis. By automating complex

diagnostic tasks with high accuracy and speed, HATNet could significantly reduce the cogni-

tive load on pathologists and decrease the likelihood of diagnostic errors. Furthermore, its

ability to generate interpretable saliency maps aligns well with the increasing demand for

transparency in AI-driven medical applications.

4.3 Scale-Aware Transformers for Diagnosing Melanocytic Lesions (ScATNet)

4.3.1 Introduction

Invasive melanoma continues to pose significant diagnostic challenges within the field of

oncology, with over 100,000 new cases estimated in 2021 alone [59]. Despite advancements in

diagnostic techniques, the interpretation of skin biopsy specimens remains prone to significant

variability, leading to potential misdiagnoses and patient harm, especially in ambiguous cases

[5–9]. The need for enhanced diagnostic accuracy and consistency is imperative.

Building on the foundational success of HATNet (described in Chapter 4.2), which intro-

duced holistic attention mechanisms for breast cancer classification, r 4.2), which leverages

self-attention for breast cancer classification, we introduces the Scale-Aware Transformer

Network (ScATNet ) [4]. ScATNet extends the innovative principles of transformer technol-

ogy to address the unique challenges of melanoma diagnosis in whole slide images (WSIs).

Unlike HATNet, which focuses on a single-scale analysis, ScATNet is engineered to interpret

and integrate multi-scale histopathological features effectively, recognizing that critical diag-

nostic information can vary significantly across different magnifications and tissue structures.

Illustrated in Figure 4.4, ScATNet uniquely combines a convolutional neural network

(CNN) with transformer technology to analyze patch-wise representations independently at

multiple scales. This approach allows the model to capture a broad spectrum of diagnostic

features, from very fine details to overarching tissue patterns. As a result, ScATNet offers im-
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proved precision in discriminating between benign and malignant lesions, addressing complex

diagnostic challenges and capturing intricate details critical for accurate medical analysis.

Furthermore, ScATNet introduces a soft-label assignment technique to alleviate the chal-

lenges associated with ambiguous tissue slice classifications within a single WSI, thereby

refining the diagnostic process. This approach not only clarifies the diagnostic pathway but

also optimizes the performance by focusing on the most informative tissue slices, reducing

the ambiguity inherent in complex cases.

The effectiveness of ScATNet is demonstrated through rigorous testing against current

state-of-the-art methods, where it shows significant improvements in diagnostic accuracy,

outperforming existing models by substantial margins [60, 61]. These results underscore

ScATNet ’s potential as a powerful tool for pathologists, offering a level of precision compa-

rable to expert human analysis.

The primary contributions of this work are threefold: the development of a multi-scale,

self-attention-based framework for classifying WSIs (ScATNet ), a novel soft-label assignment

method to enhance diagnostic accuracy, and a comprehensive evaluation that highlights

ScATNet ’s superior performance in clinical settings (Sections 4.3.3, 4.3.4, and 4.3.7).

4.3.2 Related Work

ScATNet builds on the foundational successes of various methodologies within the realm of

whole slide image (WSI) classification and transformer technologies. These approaches are

discussed briefly below.

Multiple instance learning (MIL) Unlike images in standard datasets (e.g., ImageNet

[62]), WSIs are orders of magnitude larger and cannot be processed in an end-to-end fashion

using CNNs. The MIL framework has been widely studied for classifying different types of

WSIs, such as lung [63], kidney [64], and breast [31]. In short, the input WSI is divided

into instances (or patches) and the same classification label is assigned to all instances

during training. During evaluation, methods such as averaging and majority voting are used
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Figure 4.4: Overview of ScATNet for classifying skin biopsy images. To learn representations

from these large WSIs at multiple input scales in an end-to-end fashion, ScATNet factorizes

the classification pipeline into three steps. The first step involves learning local patch-

wise embeddings using an off-the-shelf CNN for each input scale independently. In the

second step, ScATNet learns inter-patch representations using transformers and produces

contextualized patch embeddings for each input scale. In the last step, ScATNet learns inter-

scale representations from concatenated multi-scale contextualized patch embeddings using

another transformer network and produces scale-aware embeddings, which are then classified

linearly into diagnostic categories.

to aggregate the information from all instances in an image and produce an image-level

classification label. Though these approaches are effective, they learn local instance-wise

representations and do not allow global or long-range feature interactions. ScATNet extends

the MIL framework with the transformers of Vaswani et al.[55] to learn global representations

in an end-to-end fashion.

Patch-based Feature Aggregation Patch-based methods provide a solution to the gi-

gapixel size of WSIs, while only requiring slide-level labels. However, learning robust instance

representations is challenging due to the ambiguity in instance-level labels. To address this,

many recent methods [37, 63] adopt a two-step approach that consists of (1) training an
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instance encoder for obtaining a prediction score or low-dimensional features, and (2) learn-

ing a model that aggregates the features extracted by the learned instance encoder to form

instance-level information for slide-level prediction. Although this approach has had some

success, it often suffers from worse performance when noisy labels are present, causing the

features to not be representative of their given labels.

Segmentation-based methods. These approaches use semantic information about tis-

sues in a WSI to produce an image-level decision [33, 35, 65–67]. Typically, these approaches

have three steps: (1) produce a tissue-level semantic segmentation mask using CNNs for an

input WSI, (2) extract features, such as distribution of tissues, from these semantic masks,

and (3) produce an image-level decision using the features extracted from the semantic masks.

These approaches learn global representations (information from segmentation masks) and

have been found to be more effective than plain patch- and MIL-based approaches. However,

one key challenge with these approaches is that they require tissue-level segmentation masks

whose collection is challenging, because (1) domain experts are required for annotations and

(2) pixel-wise annotations on images of gigapixel order is very time consuming. In contrast,

ScATNet is a method for learning global representations from histopathological WSIs without

the need for tissue-level segmentation masks.

End-to-end learning. Recent attempts at WSI classification focus on designing a single

neural network that aggregates information from the entire image in a single shot [25, 68].

These methods extend the MIL-based approach with gradient check-pointing and advanced

feature-fusion methods, such as self-attention. Inspired by model-level parallelism [15] and

gradient check-pointing [69], these approaches break down the WSI classification pipeline

into multiple stages and cache the intermediate results of CNN layers during forward and

backward passes, allowing the systems to learn representations in an end-to-end fashion. For

example, HATNet uses the transformers of Vaswani et al. [55] to aggregate the information

from all instances in a breast biopsy image, while Pinckaers et al.[68] stitches the instance-
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wise feature maps of a prostate cancer image at a very low-spatial resolution obtained from

a CNN to produce an image-level feature map. ScATNet extends these approaches for clas-

sifying skin biopsies. Unlike these approaches that use WSIs at a single scale (typically at

a zoom-level of 10×) for classification, this work proposes a scale-aware transformer that

adapts to and uses the representations from multiple input scales to achieve higher clas-

sification performance. In our experiments, we compared our method with a CNN-based

end-to-end WSI classification framework developed by Pinckaers et al.[68], details of this

which are described in section 4.3.6.

Vision Transformers The transformers of Vaswani et al. [55], initially introduced for

the task of machine translation (e.g., [70, 71]), are being explored for modeling images

and computer vision tasks (e.g., [72, 73]). Transformers use self-attention, which allows the

inputs (e.g., words in a sentence) to interact with each other and learn global representations.

Carion et al.extended the standard encoder-decoder network of Vaswani et al.for the task of

object detection. Recent work has extended transformers using a patch-based approach to

image recognition at a large scale [72, 73]. Concurrent work has also utilized transformers

and self-attention to medical image segmentation [74–77] and classification [78].
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4.3.3 ScATNet: Scale-aware Transformer Network

Patch-based CNNs are state-of-the-art WSI classification methods that allow computer sys-

tems to learn representations from gigapixel size images (e.g. [31, 33, 63, 64, 79]). One

of the main limitations of such systems is that they learn local representations, since the

context capturing ability of such systems is limited to the patch-level. Another challenge is

learning representations from multiple input scales. Because of limited GPU memory and

the sheer size of these images, training multi-scale classification systems is computationally

intractable. For example, the average size of a WSI (11K × 9.5K) in our dataset is 2000

times larger than the standard image classification dataset: the ImageNet [18] (224 × 224).

Motivated by the recent advancements in computer vision, especially vision transformers

and the importance of input scales in clinical settings, this paper introduces scale-aware trans-

formers in ScATNet, which allows our system to learn local and global representations from

multiple input scales in an end-to-end fashion. Figure 4.4 shows the overview of ScATNet,

which has three main steps: (1) learn local patch-wise embeddings using a CNN for each

input scale, (2) learn contextualized patch-embeddings for each input scale using transform-

ers, and (3) learn scale-aware embeddings across multiple input scales using transformers.

These steps are described below.

Patch embeddings. The input WSI image Xsc ∈ RW×H at scale sc with width W and

height H is divided into m non-overlapping patches Xsc = (xsc
1 , · · · ,xsc

m), where xsc
i is the

i-th patch with width W√
m

and height H√
m

. Patch-wise feature representations, referred to as

patch embeddings, are obtained using an off-the-shelf CNN. The patch embedding PEsc
i ∈ Re

for the i-th patch xsc
i is thus:

PEsc
i = CNN (xsc

i ) (4.1)

Contextualized patch embeddings. The patch embeddings PEsc ∈ Rm×e are produced

independently for each patch. In other words, these embeddings PEsc do not encode inter-

patch relationships. These embeddings PEsc are fed to a transformer to learn inter-patch
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Figure 4.6: Overview of Soft labels calculation . Diagnostically constrained soft labels are

calculated for tissue slices without an ROI using singular value decomposition (see Section

4.3.4).

relationships. Similar to vision transformers [72], patch-wise sinusoidal positional embed-

dings PPEsc ∈ Rm×e are added to PEsc to encode the position of input patches. The

resultant embeddings are then fed to a transformer to produce contextualized patch embed-

dings CPEsc ∈ Rm×e.

CPEsc = Transformer (PEsc + PPEsc) (4.2)

These contextualized embeddings CPEsc ∈ Rm×e are then averaged along the m-dimension

to produce an e-dimensional embedding vector CPE
sc ∈ Re. CPE

sc
encodes the local (from

CNN) and global (from Transformer) information in an image Xsc.

Contextualized scale embeddings. The embedding CPE
sc

encodes the information in

an image Xsc at scale sc. Let us assume that we have S scales. For each scale sc ∈
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[0, ...,S ], we produce embedding vector CPE
sc

and concatenate them to produce scale-

level embeddings SE = Concat(CPE
1
, · · · ,CPE

S
). These embeddings SE ∈ RS×e do not

encode information about the relationships between the different scales. To learn scale-aware

representations while retaining positional information about each scale, scale-level learnable

positional embeddings PSE ∈ Rsc×e are added1to SEsc×e. The resultant embeddings are

then fed to another transformer to produce contextualized scale embeddings CSE ∈ Rsc×e.

CSE = Transformer (SE + PSE) (4.3)

For predicting the diagnostic class, ScATNet first flattens the scale-aware embeddings CSE ∈

Rsc×e to produce a (sc · e)-dimensional vector and then classifies it using a linear classifier

into C diagnostic categories.

4.3.4 Soft-labels for Skin Biopsy Images

Skin biopsy images often contain multiple tissue slices on a single WSI, as shown in Figure

4.7a. In general, the representative regions-of-interest (ROIs; shown in red in Figure 4.7a)

that helped pathologists in diagnosis belong to one or two tissue slices, while the other tissue

slices may correspond to other diagnosis categories. Assigning the same diagnostic label to

all tissue slices (similar to MIL-based approaches) results in more false tissue-label pairs and

hinders learning representations. To address this, we propose a soft labeling method, as

illustrated in Figure 4.6.

Given a dataset D with N training WSIs along with representative ROIs for each WSI

(each WSI contains multiple slices) that helped in diagnosis, we aim to assign soft labels

to tissue slices that do not have ROIs. Tissue slices from each WSI are extracted and then

categorized into one of the two sets: (1) tissue slices R with an ROI and (2) tissue slices

NR without an ROI. Since each slice in R has a representative ROI, we further split R into

C subsets, R = {R1, · · · , RC}, based on the diagnostic category, where Ri represents the

1Unlike the number of patches m, the number of scales S is fixed. Therefore, we learned the positional
embeddings for each scale using torch.nn.Embedding in PyTorch. Compared to sinusoidal positional
embeddings, learned embeddings improves the performance by about 0.5-1.0%.
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subset for diagnostic category i and C denotes the number of diagnostic categories. Next,

we compute the mean singular value vector s̄i for each subset Ri as:

s̄i =
1

n

n∑
j=1

sji (4.4)

where sji is the d-dimensional singular-value vector obtained after applying singular-value

decomposition (SVD) to the j-th tissue slice in Ri. The idea is to use these vectors to

represent the appearance of the diagnostic categories. We used singular values because of

their uniqueness and robustness properties [80–83]. However, other dimensionality reduction

methods could also be used.

For the j-th slice in NR, the C-dimensional soft label vector ŷj is computed as:

ŷj = softmax
(
s̄ · ŝj

)
(4.5)

where ŝj is a d-dimensional singular value vector obtained after applying SVD to the j-th

tissue slice in NR and s̄ = {s̄1, . . . , s̄C}.

Tissue slices without an ROI do not help in diagnosis decisions. Clinically, such slices can

often belong to lower diagnostic categories than the category assigned to the WSI they are

part of. We incorporate this diagnostic constraint in our soft labeling method. For a four-

class dataset (1: MMD, 2: MIS, 3: pT1a, and 4: pT1b), suppose that a WSI corresponding

to class k has m tissue slices and one of the tissue slices has an ROI, as shown in Figure

4.7a. Soft label vectors ŷj for the jth slices without ROI (j ∈ [0,m − 1]) can be obtained

from equation 6. Then, to take one step further, diagnostically constrained soft label vector

ỹj = {ỹj1, ..., ỹ
j
C} is computed as:

ỹjc =
ŷjc∑k
c=0 ŷ

j
c

, if c < k

ỹjc = 0 if c ≥ k (4.6)

Figure 4.7a illustrated an example WSI corresponding to class 3 (pT1a), which has three

tissue slices, and one of the tissue slices has an ROI. If the soft label vectors ŷj for these
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two slices without ROI are [0.46, 0.39, 0.08, 0.07], [0.21, 0.54, 0.1, 0.15], the resulting soft label

vectors with the diagnostic constraint ỹj are [0.54, 0.46, 0, 0], and [0.28, 0.72, 0, 0] respectively.

4.3.5 Dataset and Implementation details

Dataset and Accuracy Data from Pathologists The dataset used in this study is the

Skin Biopsy Dataset described in Chapter 2.2. To compare the results from ScATNet with

the interpretations of practicing U.S. pathologists, we used data from a prior clinical study

in which 187 pathologists interpreted the same WSIs [9]. Each pathologist interpreted a

random subset of 36 cases, and their diagnoses were classified into the same four diagnostic

categories. This resulted in 10 independent diagnostic labels (on an average) per slide and

provided a way to compare the classifications performed by human pathologist to ScATNet.

These interpretations are only used for independent evaluation. The ground truth diagnosis

of each slide is the consensus diagnosis of three experienced dermatopathologists.

Extracting tissue slices from WSIs. The original WSIs were collected at a zoom level

of 40×. Because WSIs at 40× require extensive computational resources, we extracted WSIs

at lower zoom levels of 7.5× (average size 8348 x 7202), 10× (average size 11130 x 9603), and

12.5× (average size 13913 x12003). These zoom levels were selected based on previous work

on histopathological image classification for different tissues [33, 63, 79], since they provide

a good tradeoff for 1) capturing sufficient local context without including irrelevant details

and 2) providing variable local information without losing similar correlation. We refer to

different zoom levels as “input scales” in this work. Each WSI has multiple tissue slices with a

background region between the slices that does not aid in diagnosis (Figure 4.7a). Therefore,

individual tissue slices were extracted using a histogram-based segmentation method of Otsu

[84] followed by morphological operations (opening-closing and hole filling) and contour-

related operations available in OpenCV.
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Soft-labels. To assign soft labels for tissue slices without an ROI, SVD is applied to obtain

d-dimensional singular-value vectors as described in the Methods section. In this study, d is

set to 50.

Architecture. We use MobileNetv2 [85] pretrained on the ImageNet dataset [18] as our

CNN for extracting patch-wise embeddings. MobileNetv2 was chosen, because it is light-

weight, fast, and delivers state-of-the-art performance across different machine vision tasks,

such as classification, detection, and segmentation. ScATNet is not limited to a particular

CNN and other CNNs, such as VGG [86] and ResNet [13] may also be suitable for extracting

patch-wise embeddings.

MobileNetv2 outputs 1280-dimensional patch-wise embeddings after global average pool-

ing. ScATNet projects these patch-wise embeddings linearly to a 128-dimensional space

(e = 128) and then learns contextualized patch-wise and scale-wise embeddings using trans-

formers. For learning contextualized patch-wise and scale-wise representations, a stack of

two transformer units is used. Also, in each transformer unit, the number of heads in the

self-attention layer is set to 4, and the feed forward network dimension is set to 512.

Training Details ScATNet is trained for 200 epochs in an end-to-end fashion using the

ADAM optimizer with a linear learning rate warm-up strategy and step learning rate decay.

The learning rate is first warmed up from 10−6 to 5 × 10−4 in 500 steps. In the next 50

epochs, the model is trained with a learning rate of 5 × 10−4. After that, the learning

rate is reduced by half at the 100-th and 150-th epochs. Because of the large size of these

images, extensive computational resources are required. To learn representations with limited

computational resources, we freeze the convolutional layers in a CNN and train only the

transformer networks. Our models are trained on a single NVIDIA GeForce 2080 GPU

with 10 GB GPU memory. Similar to other medical imaging datasets, our dataset is small.

Therefore, to improve its robustness against stochastic noise, we average best 3 and best 5

model checkpoints within a single training process [87] and select the one that performs best
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on the validation set. We then evaluate it on the (unseen) test set. A WSI in a test set

may contain multiple tissue slices. To predict the final diagnostic label, we use max-voting.

This choice is inspired by pathologists’ diagnosing behavior, i.e., if one of the tissue slices

in a WSI is invasive melanoma, then the entire WSI corresponds to invasive melanoma and

cannot be MMD or MIS.

4.3.6 Baseline Methods

ScATNet’s performance is compared with five recent whole slide image classification methods.

Patch-based classification. The first method is a standard patch-based CNN classifi-

cation framework that was built following saliency-based methods, related to the work of

Hou et. al. [63] and that of E. Mercan et al. [36], (R1 and R2 in Table 4.1). This method

treats each patch independently and assigns the same diagnostic label to all patches in the

WSI during training. During evaluation, majority-voting is used for predicting the slide-level

diagnostic label. Similar to the use of ScATNet, Mobilenetv2, pretrained on the ImageNet

dataset was used as the CNN model.

Weighted feature aggregation. The second method is a CNN-based deep feature extrac-

tion framework developed by C. Mercan et al. [37] that builds slide-level feature representa-

tions via weighted aggregation of the patch representations (R3 and R4 in Table 4.1). Under

this framework, feature extraction is performed in three steps: (1) using a CNN (e.g. VGG16)

to extract features on a patch-by-patch basis; (2) concatenating the weighted instances of the

extracted feature activations using either penultimate layer features (penultimate-weighted)

or hypercolumn features (hypercolumn-weighted) to form patch-level feature representations;

and (3) fusing the patch-level representations via average pooling to form the slide-level rep-

resentation.
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ChikonMIL. The method of Chikontwe et al.(ChikonMIL) (R3 in Table 4.1) [60] first

selects the top-k patches, and then uses these patches for instance- and bag-representation

learning. This method also uses a center loss that reduces intra-class variability and a soft

assignment to learned diagnostic centroid for final diagnosis.

MS-DA-MIL . Multi-scale Domain-adversarial Multiple-instance (MS-DA-MIL) CNN de-

veloped by Hashimoto et al. [61] (R7 and R8 in Table 4.1) is a framework that learns from

groups of patches extracted different scales (x10 and x20) with attention mechanism. How-

ever, in contrast to the proposed end-to-end learning framework, MS-DA-MIL-CNN first

trains a single-scale MIL network to classify for each scale. Then, a multi-scale network is

trained using the features extracted using pre-trained single-scale MIL networks.

Streaming CNN. Streaming CNN is a work of Pinckaers et al. [68] (R4 in Table 4.1).

This method uses a patch-based approach with gradient checkpointing and streaming, which

allows it to classify whole slide images in an end-to-end fashion.

4.3.7 Results

Hard vs. soft labels. The performance of our soft labeling method (Section 4.3.4) is

compared with three other labeling methods. For illustration, for the four classes in our

dataset (1: MMD, 2: MIS, 3: pT1a, and 4: pT1b), we use a WSI corresponding to pT1a

(class 3; shown in Figure 4.7a) with 3 slices, one having a ROI.

• Hard labels: Similar to MIL-based approaches, all tissue slices in the WSI are assigned

the same diagnostic label. For the above example, each tissue slice will have a label of

[0, 0, 1, 0] (one-hot vector encoding).

• Label smoothing: The label smoothing method of Szegedyet et al. [88] produces soft

labels that are a weighted average of the hard labels and the uniform distribution over

labels. It regularizes the network and helps improve the performance [89]. For the
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Row # Method Accuracy F1 Sensitivity Specificity AUC

R1 Patch-based (SSC) 0.35 0.35 0.35 0.79 0.67

R2 Patch-based (MSC) 0.40 0.40 0.40 0.80 0.68

R3 Penultimate-weighted (SSC) 0.44 0.44 0.44 0.81 0.67

R4 Hypercolumn-weighted (SSC) 0.43 0.43 0.43 0.43 0.67

R5 Streaming CNN (SSC) 0.32 0.32 0.32 0.77 0.58

R6 ChikonMIL (SSC) 0.56 0.56 0.56 0.85 0.74

R7 MS-DA-MIL (SSC) 0.49 0.49 0.49 0.83 0.68

R8 MS-DA-MIL (MSC*) 0.58 0.58 0.58 0.86 0.75

R9 ScATNet (SSC) 0.60 0.60 0.60 0.87 0.77

R10 ScATNet (MSC) 0.64 0.64 0.64 0.88 0.79

Table 4.1: Comparison of overall performance with state-of-the-art WSI classification meth-

ods across different metrics on the test set. Here, SSC denotes single input scale (10×).

MSC denotes multiple input scales (7.5×, 10×, 12.5×). MSC* denotes multiple input scales

(10×, 20×)

same example, the soft labels for each of these slices would be [0.033, 0.033, 0.9, 0.033]

with a label smoothing value of 0.1. In other words, the label for class 3 is smoothed

from 1 to 0.9 and the remaining mass of 0.1 is equally distributed among the remaining

three classes.

• Constrained label smoothing: This extends the hard labels and label smoothing meth-

ods by incorporating the diagnostic constraint that tissue slices without a ROI should

belong to lower diagnostic categories. For example, if the WSI has a hard label of pT1a

(i.e. class 3), then the tissue slices without a ROI can only belong to lower diagnostic

categories (i.e., MMD and MIS ). For the same example as above, the slice with an ROI
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will have a label of [0, 0, 1, 0] while the slices without an ROI will have constrained

labels of [0.5, 0.5, 0, 0].

Figure 4.7b contrasts our soft labeling method with these methods while quantitative com-

parison between these methods is given in Figure 4.7b. These experiments demonstrated

that our soft labeling method is more effective as compared to these existing methods. In

subsequent experiments, we use our soft labeling method.

Impact of number of patches m. Figure 4.8 compares the performance of single scale

ScATNet with different numbers of crops m at three different input resolutions (7.5×, 10×,

and 12.5×). Using fewer crops at larger resolution (e.g., 25 crops at a resolution of 12.5×)

and more crops at smaller resolutions (e.g., 81 crops at a resolution of 7.5×) hurts the

performance. This is likely because MobileNetv2, the CNN used in this work, is pre-trained

on the ImageNet dataset at a fixed image size of 224 × 224. With very large (fewer number

of crops at larger image resolution) or very small (larger number of crops at smaller image

resolution) patch sizes, the CNNs may have difficulty in capturing representative features

and yield poor patch embeddings, which hurts the performance. We note that scaling patch

size alone may not be an optimal solution and future studies, especially compound model

scaling in EfficientNet [90], may help improve the performance.

In the rest of the experiments, we used m = 25 for 7.5× input resolution, m = 49 for 10×

input resolution, and m = 81 for 12.5× input resolution, as these had the best performance.

Single vs. multiple input scales. Figure 4.10a compares the overall performance of

ScATNet across different metrics on single- and multi-scale inputs, while class-wise accuracy

is given in Figure 4.10b. With inputs at multiple scales, we observe improvements in overall

as well as class-wise performance. Notably, we observe significant improvement with multiple

scales (two and three scales) in the pT1b invasive melanoma cancer category. Compared to

two scales, the overall performance with three scales remains the same. However, with three
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scales, the performance across all diagnostic classes (Figure 4.10b) is much more evenly

distributed, which is not seen in all other combinations.

Comparison with baseline methods. Figure 4.1 compares the classification perfor-

mance of ScATNet with existing methods on the test set. ScATNet outperforms all five

existing methods to which it was compared by a significant margin across different metrics.

Furthermore, compared to the ChikonMIL method [60] and the MS-DA-MIL method [61]

with multi-scale input, which delivered the two best performances among the five baseline

methods, ScATNet delivered better performance across all diagnostic categories (see Figure

4.9), except the pT1b category. This is likely because the ChikonMIL method samples more

relevant patches corresponding to the pT1b category as compared to other diagnostic cate-

gories, while the MS-DA-MIL method uses an input at higher resolution (x20), which might

yield more information at the cellular level that helped to distinguish the pT1b category.

We believe that complementing the proposed method with the patch sampling method of

Chikontwe et al. (2020) would further improve the performance. We will investigate such

methods in the future.

Comparison with U.S. pathologists. Table 4.2 shows that ScATNet achieves similar

performance to practicing U.S. pathologists who interpreted these same cases in overall

accuracy (pathologists vs. ScATNet: 0.65 vs. 0.64), suggesting its potential as a second

reader to help pathologists in clinical settings for reducing classification uncertainties.

4.3.8 Conclusion

Diagnosis of melanocytic lesions is among the most challenging areas of pathology. Previous

studies indicate that diagnostic errors occur frequently [6–8]. False positive readings for sus-

pected melanoma range from 6% to 17% [91, 92]. Diagnostic errors may lead to inappropriate

treatment decisions and harm to patients. With FDA approval, digitized whole slide imaging

systems show great potential for improving the diagnostic performance of pathologists. In
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Diagnostic Accuracy F1 Sensitivity Specificity

Category PG Ours PG Ours PG Ours PG Ours

MMD 0.92 0.79 0.71 0.75 0.92 0.79 0.76 0.89

MIS 0.46 0.40 0.49 0.44 0.46 0.40 0.85 0.84

pT1a 0.51 0.65 0.62 0.63 0.51 0.65 0.95 0.84

pT1b 0.72 0.77 0.72 0.74 0.78 0.77 0.97 0.92

Overall 0.65 0.64 0.65 0.64 0.65 0.64 0.88 0.88

Table 4.2: Comparison of ScATNet with pathologists’ (PG) performance. Pathologists’ per-

formance data is from a prior independent clinical study of 187 pathologists [9] who inter-

preted these same 115 cases in our test set (Table 2.1). Diagnostic terms are defined as

the following: mild and moderate dysplastic nevi (MMD), melanoma in situ (MIS ), invasive

melanoma stage pT1a (pT1a), invasive melanoma stage ≥ pT1b (pT1b).

this section, we introduce the scale-aware transformer network ScATNet for learning repre-

sentations from variably-sized whole slide skin biopsy images at multiple scales. Compared

to existing methods, ScATNet delivered better performance. Importantly, ScATNet also de-

livered comparable performance to practicing U.S. pathologists who interpreted the same

cases.

4.4 Summary

This chapter delineates the innovative application of transformer networks to the field of

medical imaging, specifically addressing the complexities involved in diagnosing diseases

from whole slide images (WSIs). Two projects were described in this chapter:

1. The first project, HATNet [25] extends the bag-of-words approach and uses self-attention
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to encode global information, allowing it to learn representations from clinically rele-

vant tissue structures without any explicit supervision. It outperforms a lot of state-

of-the-art baseline methods. More importantly, our analysis reveals that HATNet learns

representations from clinically relevant structures, and it matches the classification

accuracy of 87 U.S. pathologists for this challenging test set

2. The second project, ScATNet [4] expands on HATNet to include learning a multi-scale

representation. This enhancement allows ScATNet to not only detect minute, fine-

grained details crucial for accurate diagnostics but also to comprehend broader contex-

tual nuances, thereby significantly augmenting the model’s diagnostic precision across

diverse histopathological features and scales.

The chapter highlights the potential of transformer-based models to handle the immense

scale and complexity inherent in WSIs, aiming to illustrate the transformative impact these

models could have on medical diagnostics.
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TS 1 (w/o ROI)

TS 2 (w/ ROI)

TS 3 (w/o ROI)

Hard Label (one-hot encoding)

TS 1 0 0 1 0

0 0 1 0

0 0 1 0

TS 2

TS 3

Label smoothing (smoothing=0.1)

TS 1 0.033 0.033 0.9 0.033

0.033 0.033 0.9 0.033

0.033 0.033 0.9 0.033

TS 2

TS 3

Constrained label smoothing

TS 1 0.5 0.5 0 0

0 0 1 0

0.5 0.5 0 0

TS 2

TS 3

Soft labels (ours)

TS 1 0.54 0.46 0 0

0 0 1 0

0.28 0.72 0 0

TS 2

TS 3

Invasive T1a Skin Biopsy Image
(or Class 3)

(a)

Method Accuracy Specificity AUC

Hard labels 0.50 0.83 0.73

Label smoothing 0.50 0.83 0.71

Constrained label smoothing 0.56 0.85 0.77

Soft labels (Ours; Section 4.3.4) 0.60 0.87 0.77

(b)

Figure 4.7: (a) shows different labeling methods, including our soft label method, for an

pT1a skin biopsy image with three tissue slices and one representative region of interest (red

box) that helped expert pathologists in diagnosing the image. (b) compares the performance

of different labeling methods. Our soft labeling method is simple and effective; it reduces

the ambiguity that arises during training because of multiple tissue slices in a WSI that do

not have a ROI and helps improve the performance. In (b), we do not report sensitivity and

specificity, because their values are the same as accuracy.
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Figure 4.8: Effect of number of crops (m) on the performance of ScATNet (single scale) for

inputs at three different scale levels (7.5×, 10×, and 12.5×).
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Figure 4.9: Comparison of class-wise accuracy with state-of-the-art WSI classification meth-

ods on the test set. Diagnostic terms are defined as the following: mild and moderate

dysplastic nevi (MMD), melanoma in situ (MIS ), invasive melanoma stage pT1a (pT1a),

invasive melanoma stage ≥ pT1b (pT1b). Overall, ScATNet delivered better performance

across all diagnostic categories except the pT1b category.
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Input scales
Accuracy F1 Sensitivity Specificity AUC

7.5× 10× 12.5×

✓ 0.55 0.55 0.55 0.85 0.75

✓ 0.60 0.60 0.60 0.87 0.77

✓ 0.61 0.61 0.61 0.87 0.78

✓ ✓ 0.64 0.64 0.64 0.88 0.79

✓ ✓ 0.63 0.63 0.63 0.88 0.80

✓ ✓ 0.63 0.63 0.63 0.88 0.79

✓ ✓ ✓ 0.63 0.63 0.63 0.88 0.79

(a) Overall performance of ScATNet
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(b) Class-wise accuracy of ScATNet

Figure 4.10: Effect of single and multiple input scales. For single and multiple input scales,

we compared the overall performance of ScATNet across different metrics in (a) while in

(b), we compared the class-wise accuracy. With multiple input scales, overall and class-wise

performance, especially in invasive cancer categories (pT1a and pT1b), of ScATNet improved

across all evaluation metrics. Diagnostic terms are defined as the following: mild and moder-

ate dysplastic nevi (MMD), melanoma in situ (MIS ), invasive melanoma stage pT1a (pT1a),

invasive melanoma stage ≥ pT1b (pT1b).
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Chapter 5

SEMANTICS-AWARE ATTENTION GUIDANCE

5.1 Introduction

The integration of deep learning technologies, notably convolutional neural networks (CNNs)

and transformers, has dramatically transformed the landscape of histopathological image

analysis [93, 94]. However, learning from gigapixel whole slide images (WSIs) remains a

challenging problem due to their size, making end-to-end learning extremely expensive. As a

result, WSI classification methods often follow a bag-of-words (BoW) model, treating large

patches as bags and smaller image patches as words or instances, as described in Chapter 4.

However, as described in Chapter 4, human pathologists diagnose whole slide images by

identifying suspicious regions at low magnification, then switching to high magnification to

examine individual cells and structures, ultimately reaching a definitive diagnosis [95]. This

crucial multi-scale assessment is often overlooked by MIL models (described in Section 4.3.2),

which treat image patches independently, thereby missing the essential context provided by

varying magnifications.

The limitations of MIL models in capturing long-range interactions between entities hin-

der their ability to effectively capture nuanced details critical for accurate diagnosis. To

address this, transformer models have been adopted to capture interdependencies among

patches and formulate comprehensive representations, notably advancing beyond MIL’s lim-

itations [4, 96–99]. In the past few years, our research has focused on developing WSI

diagnosis pipelines using original WSIs and their diagnostic categories, including 1) an end-

to-end holistic attention network for classifying breast biopsy images (HATNet discussed in

Chapter 4) [25], and 2) an end-to-end scale-aware transformer network (ScATNet, also dis-

cussed in Chapter 4) for classifying skin biopsy images [4]. However, our analysis of the
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Figure 5.1: Visualization of the baseline model’s (ScAtNet [4]) attention on (a) skin biopsy

WSIs in the melanoma dataset and (b) breast biopsy WSIs in the Camelyon16 dataset. Green

boxes show examples of the baseline model mistakenly focusing on background regions. The

signal and attention values are normalized for visualization purposes.

attention regions produced by ScATNet revealed that these models often mistakenly focus

on non-cancerous regions or empty spaces, as shown in Fig. 5.1. This raises concerns about

the interpretability, reliability, and diagnostic accuracy of these models.

In addition to diagnosis pipelines, we have worked on detecting diagnostically important

cellular entities (discussed Section 3.2) [24], and semantic segmentation of clinically impor-

tant tissues in skin biopsy images using sparse and coarse annotations from pathologists

(discussed in Section 3.3) [3]. After achieving satisfying preliminary results, we would like

to create an end-to-end diagnosis framework that leverages the knowledge in the semantic

segmentation to further improve diagnosis performance and interpretability.

In this chapter, we introduce the SAG (Semantics-Aware Attention Guidance) framework,

an interpretable, multimodal learning framework that extends the methodologies discussed

in previous chapters. The SAG framework is designed around two core components: 1)

a technique for converting diagnostically relevant entities into attention signals, and 2) a
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flexible attention loss that efficiently integrates various semantically significant information.

The content of this chapter is based on Liu and Wu et al. [26].

5.2 Related Work

The integration of additional domain information into diagnostic models has transformed

medical imaging, particularly by enhancing diagnostic accuracy where data is scarce. Miao

et al. [100] introduced spatial prior attention with binary anatomy knowledge maps to infuse

anatomical knowledge into whole slide image (WSI) diagnosis, highlighting the potential of

integrating more complex prior knowledge. Similarly, Nofallah et al.[101] have incorporated

tissue segmentation masks into the diagnostic process [101]. These masks, generated from

sparse and coarse annotations of full skin biopsy WSIs, are used as additional channels in

the ScATNet model to enrich the input data. While this approach has shown promise in

improving model learning, especially in challenging diagnostic classes, a significant limitation

arises from the fact that these segmentation masks are integrated without any supervisory

feedback mechanism to ensure that the model effectively learns from this crucial signal. This

oversight might limit the model’s ability to fully utilize the segmented information for more

accurate predictions.

Expanding on the concept of integrating diverse data types, Chen et al. [97] combines ge-

nomics data with whole slide images (WSIs) through their Multimodal Co-Attention Trans-

former (MCAT) framework to predict patient outcomes. This model utilizes a dense co-

attention mapping to learn how histology patches attend to genes, enhancing interpretability

and reducing the computational complexity associated with handling large WSI bags. Their

method, inspired by techniques used in Visual Question Answering (VQA), consistently out-

performs existing approaches across five different cancer datasets, comprising 4,730 WSIs

and 67 million patches. Despite these advancements, the MCAT framework lacks the ability

to adapt to other forms of data like tissue maps or additional images, underscoring the ongo-

ing challenge of developing models that can seamlessly integrate various kinds of biomedical

information.
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Expanding on the concept of integrating diverse data types, Chen et al. [97] have broad-

ened the scope by integrating genomics data with whole slide images (WSIs) to predict

patient outcomes, demonstrating the benefits of using multiple types of data together. How-

ever, their model struggles to adapt to other forms of data like tissue maps or extra images,

highlighting the need for models that can effortlessly combine various kinds of biomedical

information.

In response to the shortcomings of existing approaches, we introduce the Semantics-

Attention-Guiding (SAG) framework, offering several key advancements:

• An innovative attention guiding module that can be integrated with any attention-

based multiple instance learning or Transformer models.

• A versatile attention-guiding loss designed to effectively utilize diverse semantic infor-

mation, such as tissue and cancerous region masks.

• A heuristic method for transforming diagnostically important entities into heuristic-

guidance signals.

• Demonstrating generalizability across different cancer types, showcasing robust perfor-

mance on diverse datasets.

5.3 SAG

The Semantics-Aware Attention Guidance (SAG) framework, illustrated in Fig. 5.2, addresses

a critical limitation in existing approaches by actively guiding the attention of deep learn-

ing models towards diagnostically relevant information within whole slide images (WSIs).

This targeted attention improves diagnostic accuracy and interpretability. A key strength

of SAG lies in its versatility. Unlike prior methods that are often limited to specific archi-

tectures, SAG is demonstrably compatible with various multi-instance learning (MIL) and

transformer-based architectures, making it a more broadly applicable solution.
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Figure 5.2: Overview of the SAG approach for improving WSIs diagnosis models. The process

begins by dividing a high-resolution histopathological image into n non-overlapping patches,

following the methodologies described in ScATNet. These patches are then processed to

extract embeddings using an off-the-shelf feature extractor g, similar to the initial steps in

ScATNet. A diagnostic network subsequently utilizes the n × f -dimensional feature vector

for classification into distinct categories. Throughout training, heuristic guidance (HG)

and tissue guidance (TG) are employed to direct the model’s attention towards areas of

diagnostic relevance.

5.3.1 Diagnosis Models

Utilizing a pretrained feature extractor g for deriving patch embeddings, detailed in Chap-

ter 5.4, our framework extends the versatility demonstrated by ScATNet. We apply the SAG

framework to two state-of-the-art baseline models: a transformer-based model, ScATNet [4],

and an MIL-based model, ABMIL [102], to showcase its generalizability.
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5.3.2 Attention Mechanism

ScATNet As described in Section 4.3.3), ScATNet processes each scale independently, learn-

ing the relationships between image patches using a transformer architecture. It employs

self-attention to analyze and understand the context within the patches. Initially, the input

matrix x ∈ Rpsc×d, where psc represents the number of patches at scale sc and d is the feature

dimension, is transformed into query (Q), key (K), and value (V) vectors. The self-attention

mechanism is computed as follows:

Self-attention(Q,K,V) = softmax(Q ·KT ) ·V (5.1)

This process generates the attention matrix Attnsc ∈ Rpsc×psc :

Attnsc = softmax(Qsc ·KT
sc) (5.2)

MIL methods The model attention weights (Attnm) of the MIL methods are formulated

as the weighted aggregation of instance embeddings [102]:

Attnm = σ(x) ∈ Rp, (5.3)

where σ denotes the linear layers to learn the attention weights, and x ∈ Rp×d denotes the

embeddings from p patches.

5.3.3 Attention Guidance

To regularize the model’s attention MA, we induce two types of semantic attention guidance:

tissue guidance (TG) and heuristic guidance (HG) (Fig. 5.3), each represented as a vector

∈ Rp. The generation of attention guidance is described in two steps: 1) Acquisition of tissue

mask and diagnostic heuristics, and 2) Calculation of guidance weights.

For the generation of the tissue guidance mask TG, we apply Otsu’s method [103] to

segment tissue regions effectively. This technique converts the initial input image (Fig. 5.3a)

into a binary tissue mask as displayed in Fig. 5.3b.
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The heuristic guidance HG leverages specific information relevant to the dataset and

disease, including various structures, tissues, and cell types. As depicted in Fig. 5.3, cell seg-

mentation is first performed on a targeted cell type (Fig. 5.3d). These cells are then grouped

using the density-based spatial clustering algorithm, DBSCAN [104], to form clusters. For

each cluster, a convex hull is computed [105] (Fig. 5.3e), serving as a semantic signal to

direct the model’s focus during training (Fig. 5.3f).

The guidance weights G ∈ Rp are calculated to map these semantic signals to the model’s

attention mechanism. This mapping is detailed in the following equation (Fig. 5.3c):

Gk
i =

Nk
i∑p

j=1N
k
j

, k ∈ {TG,HG}, (5.4)

where Gk
i represents the guidance weight for patch i, and Nk

i quantifies the area of the mask

within that patch relative to the total mask area.

5.3.4 Loss Functions

In our SAG framework, we design two specific loss functions to optimize the model’s atten-

tion mechanisms. The first is an inclusion-exclusion loss (Lfocus, defined in Eqn. 5.6), which

ensures that the model focuses on relevant tissue areas while ignoring background and arti-

facts. The second is an L2-loss for attention alignment (Lmse, defined in Eqn. 5.5), intended

to align the model’s attention with heuristic guidance signals indicating diagnostic relevance.

For the heuristic guidance (HG), which indicates areas of diagnostic importance, we

employ the mean squared error (MSE) loss, Lmse, to fine-tune the model’s attention outputs,

MA:

Lmse =
1

p

p∑
i=1

(V HG
i −MAi)

2. (5.5)

Conversely, tissue guidance (TG) assists the model in distinguishing relevant tissue re-

gions from background or artifacts. We use a specialized loss, Lfocus, that penalizes misplaced

attention and rewards correct focus:

Lfocus =
1

p
(−

p∑
i,V TG

i >0

MAi +

p∑
i,V TG

i =0

MAi). (5.6)
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Figure 5.3: Generation of attention guidance: (a) H&E sample image. (b) Tissue segmen-

tation mask. (c) HG and TG. The values are normalized for visualization purpose. (d)

Cellular entities detected (zoom-in for best view). (e) Convex hull of cellular clusters.

(f) A zoomed-in view of the red boxes in (d) and (e). The convex hull is rendered with red

color.

To integrate these losses effectively, we apply an uncertainty weighting strategy, UW [106],

which adapts the impact of each loss function based on each task’s specific uncertainties. The

comprehensive loss formula is:

L = UW ⊗ {Lcls, Lmse, Lfocus}, (5.7)

where Lcls is the cross-entropy loss used for the classification component.

5.4 Implementation Details

To study the generalization ability of SAG across public and in-house datasets, the Came-

lyon16 Dataset (Chapter 2.3) and the Skin Biopsy Dataset (Chapter 2.2) were used to demon-
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strate the generalizability of SAG.

5.4.1 Skin Biopsy Dataset

Feature Extraction Similar to ScATNet (Chapter 4.3.3), an ImageNet pre-trained Mo-

bileNetV2 model [85] extracts a 1280-dimensional feature vector for each patch within the

whole slide images (WSIs).

Semantic Guidance VSGDNet (described in Chapter 3.2) [24] to generate a melanocyte

map. This map is further processed as detailed in Chapter 5.3.3 to contribute to the final

heuric guidance HG. Additionally, DBSCAN clustering (scikit-learn package [107]) with

pre-defined parameters (eps=20 and min samples=5) is used to group cell entities. Finally,

tissue guidance TG is generated using Otsu’s thresholding method [103].

5.4.2 Camelyon16 Dataset

Feature Extraction A SimCLR model pre-trained by DSMIL [108] extracts a 512-dimensional

feature vector for each patch within the lymph node WSIs.

Semantic Guidance Unlike the melanoma dataset, the Camelyon16 dataset provides pre-

annotated information directly relevant to the diagnostic task. We leverage the existing

metastasis mask and tissue mask within the dataset to construct bothHGand TG.

5.4.3 Diagnosis Models and Training Details

The proposed Semantics-Aware Attention Guidance (SAG) framework is applied to two

models: a transformer model, ScAtNet (Chapter 4.3.3) [4], and a multi-instance learning

(MIL) model, ABMIL [102].

ScAtNet We incorporate TG across all attention heads and HG on half of the attention

heads. This approach maintains the model’s adaptability while mitigating potential noise in
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HG.

ABMIL For the melanoma dataset, we apply both HG and TG. For Camelyon16, we

only apply HG as the dataset already excludes background patches.

5.5 Results

This section evaluates the effectiveness of the Semantics-Aware Attention Guidance (SAG)

framework in enhancing diagnostic performance across different datasets and model archi-

tectures.

Quantitative Evaluation Table 5.1 summarizes the overall performance of SAG on both

the melanoma and Camelyon16 datasets, employing ScAtNet [4] and ABMIL [102] as back-

bone models. For each configuration, we conduct 15 experiment runs with randomly chosen

seeds and report the average accuracy.

The results demonstrate consistent improvements in diagnostic accuracy when incorpo-

rating SAG. For the melanoma dataset, significant gains are observed when using SAG with

both single-scale and multi-scale ScAtNet models. The multi-scale configuration achieves the

most notable improvement, with a 4.55% increase in accuracy (Table 5.1). Similar trends

are evident on Camelyon16, where SAG boosts accuracy across all ScAtNet configurations

(reaching a 3.81% improvement for multi-scale inputs) and also increases ABMIL’s accuracy

by 1.71% (Table 5.1). These findings highlight SAG’s effectiveness in refining the model’s

focus on diagnostically relevant information, ultimately leading to enhanced performance.

Our analysis reveals an interesting observation regarding model performance on the two

datasets. ABMIL exhibits superior diagnostic accuracy on Camelyon16 (94.73% vs. 71.60%

for ScATNet) (Table 5.1). Conversely, ScAtNet outperforms ABMIL on the melanoma dataset

(62.71% vs. 45.52%). This distinction can be attributed to the inherent characteristics of the

datasets and the strengths of each model architecture. The skin biopsy dataset, presenting

a four-class classification problem, benefits from a comprehensive understanding of the en-
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Table 5.1: Experimental Results of SAG across single-scale (SC) and multi-scale (MC) con-

figurations for Melanoma and Camelyon16 datasets. Baseline methods are indicated with a

†. Performance metrics include Accuracy (Acc), Precision (P), Recall (R), and Area Under

the Curve (AUC).

SAG Melanoma Camelyon16

Methods HG TG Acc P R AUC Acc P R AUC

ScAtNet (SC)†[4] 55.03 57.17 55.36 77.38 67.79 58.17 57.51 70.28

ScAtNet (SC) ✓ 57.14 59.57 57.31 78.75 68.71 58.50 64.01 72.39

ScAtNet (SC) ✓ ✓ 56.67 60.27 56.66 79.72 71.60 64.45 61.22 71.87

ScAtNet (MC)† 58.16 61.54 58.21 79.54 66.82 55.98 61.22 69.45

ScAtNet (MC) ✓ 59.95 64.77 60.13 81.58 67.91 57.28 66.39 72.26

ScAtNet (MC) ✓ ✓ 62.71 65.23 63.34 82.03 70.13 60.53 62.58 73.13

Best Improvement △ +4.55 +3.69 +5.13 +2.49 +3.81 +6.28 +6.50 +3.68

ABMIL†[102] 45.55 48.23 46.42 68.07 93.02 92.47 92.79 97.52

ABMIL ✓ 51.59 57.42 51.02 74.68 94.73 94.61 94.17 97.80

ABMIL ✓ ✓ 52.01 56.25 51.84 74.35 Not Applicable

Best Improvement △ +6.46 +9.19 +5.42 +6.28 +1.71 +2.14 +1.38 +0.28

tire image at various scales. This aligns well with ScATNet’s transformer-based architecture,

which excels at capturing long-range dependencies and aggregating multi-scale information

through attention mechanisms [4]. In contrast, Camelyon16 focuses on a binary classifica-

tion task, prioritizing local feature identification for accurate diagnosis. This characteristic

aligns better with ABMIL’s MIL-based approach, explaining its superior performance in

this context. Furthermore, ScATNet’s complexity and multi-scale processing might intro-

duce overfitting risks on the smaller Camelyon16 dataset, potentially limiting its benefit.

These observations emphasize the importance of selecting an appropriate model based on

the specific characteristics of the data at hand.

Qualitative Evaluation Visualization of attention maps (Figure 5.1) illustrates SAG’s

impact: through tissue attention guidance, the model focuses on diagnostically relevant areas,
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Figure 5.4: Comparative visualizations of HG and the models’ attention under SAG’s training

on the melanoma and Camelyon16 datasets. The images are sampled from test set. The

HG and attention values are normalized for visualization purpose.

avoiding background patches. This process demonstrates SAG enhance model performance

by ensuring that attention is selectively concentrated on regions essential for diagnosing,

thereby refining the model’s focus and improving its diagnostic capability.

5.6 Conclusion

In conclusion, the SAG network significantly enhances the performance of ScAtNet models

by improving attention guidance, regardless of input scales. Its application leads to a more

precise and reliable histopathological image analysis, bridging the gap between computational

models and the nuanced diagnostic processes of pathologists. By facilitating a more accurate

identification of cancerous regions, SAG emerges as a pivotal tool in the advancement of

automated diagnostic systems.
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Chapter 6

CONCLUSION

This dissertation makes significant contributions to the field of digital pathology by ad-

vancing the analysis and diagnosis of skin and breast cancer through whole slide images. It

introduces segmentation techniques that enhance the detection of crucial diagnostic entities,

paving the way for more accurate and efficient analysis with minimal annotation require-

ments. Building on this foundation, the thesis explores the application of transformer-based

models, which harness the power of deep learning to manage the vast data inherent in WSIs,

capturing essential details at multiple scales. The culmination of this work is the devel-

opment of the Semantics-Aware Attention Guidance (SAG) framework, which innovatively

integrates segmentation insights into an attention-driven diagnostic model. This integration

significantly improves the model’s focus and diagnostic accuracy, demonstrating the poten-

tial of machine learning to revolutionize medical diagnostics by making them more precise,

adaptable, and efficient.

Segmentation of Diagnostic Entities in Whole Slide Images Chapter 3 introduced

two deep learning approaches to address segmentation challenges in WSI analysis. VSGD-Net

[24] tackles melanocyte identification in skin cancer images by leveraging virtual staining and

knowledge transfer. The Skin Biopsy Segmentation project [101] tackles limited annotation

data by employing a two-stage segmentation approach, achieving promising results with

minimal supervision.

Transformer Network for Diagnosis Chapter 4 explored the application of transformer

networks for breast cancer diagnosis. HATNet [25] utilizes a holistic attention mechanism to

directly learn image representations from WSIs, capturing global information and clinically
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relevant structures. Building upon this success, ScATNet [4] was developed to learn multi-

scale representations directly from WSIs, capturing both fine-grained details and broader

contextual information.

Semantics-Aware Attention Guidance Chapter 5 introduced a novel framework, SAG

[26], that improves upon existing methods. SAG incorporates two key elements: Entity-to-

Attention Conversion, which transforms diagnostically relevant entities into attention signals,

and a Flexible Attention Loss Function, which optimizes model learning by leveraging the

relationships between these entities and the overall diagnosis task. SAG demonstrably im-

proves accuracy, precision, and recall compared to state-of-the-art models on independent

cancer datasets.

These separate projects highlight the effectiveness of deep learning in WSI analysis and

pave the way for further advancements in automated cancer diagnosis.

6.1 Limitations

While the projects presented in this dissertation demonstrate promising results, several lim-

itations must be acknowledged, highlighting areas for further research and improvement:

Limited Datasets Access to larger and more comprehensive datasets could significantly

enhance the generalizability and robustness of the proposed methods. The datasets em-

ployed, while diverse, still pose limitations in terms of size and scope. Particularly, ScATNet

was studied using a specific subset of skin biopsies—melanocytic lesions, which constitute

only about one in four skin biopsies [109]. Moreover, the test set, although independent,

comprises only 115 WSIs, which may not adequately represent the wider clinical variety

found in routine diagnostics. HATNet was also studied using a private breast cancer dataset

with 240 samples. The generalizability of discussed methods in this dissertation to other

biopsy types, such as breast and lung, while theoretically feasible, remains to be rigorously

tested across more extensive and varied datasets.
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Interpretability The Semantics-Aware Attention Guidance (SAG) framework enhances the

interpretability of diagnostic models by directing attention to clinically significant regions.

However, there is a need for further development in making these models fully transpar-

ent. Enhancing interpretability involves creating mechanisms within deep learning models

that can provide clear, understandable explanations for their diagnostic decisions, thereby

increasing their acceptance and trust among healthcare professionals.

Model Generalization and Bias The Semantics-Aware Attention Guidance (SAG) frame-

work demonstrates promising capabilities in learning to diagnose various cancers. However,

its performance on unseen, highly heterogeneous datasets or rare cancer types has not been

extensively validated. Future work should focus on testing and refining these models across

a broader range of pathological conditions to ensure their reliability and effectiveness in

real-world clinical settings.

While computer-aided diagnosis systems have the potential to significantly improve pa-

tient outcomes by providing more accurate and consistent diagnoses, there are also potential

risks that must be considered. The reliability of the training data is another critical factor

in the performance of diagnostic models. Although generally reliable, models trained on

consensus diagnoses can still be subject to biases and inconsistencies. Studies have shown

that pathologists can disagree on diagnoses in up to 60% of cases [8], indicating the potential

noisiness of the diagnostic labels. Variability and bias in human annotations, often used as

ground truth in model training, compound this issue. These factors raise important questions

about the validity of the learned models, as there is a significant risk they may inherit these

biases, leading to skewed results and errors over time. Moreover, over-reliance on automated

systems might result in decreased vigilance among pathologists, potentially exacerbating the

consequences of any errors. Furthermore, unlike humans who understand the severe conse-

quences of a misdiagnosis, holding the model accountable for the actual diagnosis is not a

trivial problem itself. Ultimately, while CAD offers significant potential, addressing these

challenges is paramount to ensure it enhances patient care without introducing new risks
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through biased algorithms or decreased human vigilance.

Computational Demands The computational intensity of the methods discussed, partic-

ularly those involving deep learning for processing gigapixel WSIs, requires significant com-

putational resources. This demand may restrict the accessibility of these advanced models

to well-resourced institutions, potentially limiting their adoption in lower-resource settings.

Efforts to optimize computational efficiency or develop more streamlined models could help

mitigate this issue, making advanced diagnostic tools more accessible across a broader range

of clinical environments.

6.2 Future Directions

This dissertation opens several avenues for extending the research on deep learning applica-

tions in digital pathology. By incorporating broader data sets and integrating these models

into clinical workflows, the potential for these technologies to enhance diagnostic processes

and patient care could be significantly realized.

Expanding Data Modalities Future research could greatly benefit from incorporating

a wider array of biomedical data across multiple modalities. This includes demographic

details such as patient age, gender, and race, along with genetic information which could

provide crucial insights into the personalization of treatment plans. Integrating such diverse

data sources may enhance the models’ diagnostic accuracy and offer a more holistic view of

patient health, aiding in personalized medicine.

Model Training with Diverse Datasets Continuing to expand the datasets used in

training these models is essential. Utilizing datasets of varying sizes and from different

cancer types can enhance the robustness and generalizability of the models. This diversifi-

cation in training data would help address one of the significant challenges in computational

pathology—working efficiently with small datasets and noisy labels. By improving mod-
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els’ capabilities to learn from limited or imperfect data, the dependency on large annotated

datasets could be reduced, simplifying the data collection process.

Integration with Clinical Workflows For deep learning models to be practically appli-

cable in medical settings, they must be seamlessly integrated into existing clinical workflows.

This involves not only ensuring computational efficiency and developing user-friendly in-

terfaces but also navigating regulatory hurdles. Effective integration requires collaboration

between technologists, clinicians, and regulatory bodies to ensure that the models are both

effective and compliant with medical standards.

Multi-Modal Learning Enhancement Exploring the integration of additional data

modalities should go beyond initial patient demographics to include clinical history, pathol-

ogy reports, and genetic markers. By synthesizing information from these varied sources,

deep learning models could offer more precise diagnostic insights and tailor treatment plans

to individual patient profiles, thus driving forward the personalized medicine initiative.

Foundation Models and Generalizability To address the limitations in generalizability,

future research could explore the use of foundation models. These models, pre-trained on

large and diverse datasets, have the potential to capture a wide range of patterns, thereby

mitigating bias and noise in the training data. By fine-tuning these models for specific tasks,

such as diagnosing certain types of cancer, we could further enhance their performance and

generalizability.

However, several challenges must be carefully considered, including the substantial com-

putational resources required, issues with model interpretability, and the risk of transferring

biases from the pre-training data. Despite these challenges, the potential of foundation mod-

els to improve the generalizability and robustness of diagnostic models presents an exciting

avenue for future research.
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Longitudinal Data Analysis Developing models that leverage longitudinal studies, which

monitor patient outcomes and disease progression over time, could transform patient man-

agement and follow-up care. These models would provide healthcare professionals with tools

to predict disease trajectories, evaluate treatment efficacy, and adjust management plans in

real-time, enhancing both immediate and long-term patient outcomes.

Computational Efficiency and Accessibility Improving the computational efficiency

of these models is crucial for their adoption in diverse clinical settings, including those with

limited resources. Research aimed at reducing the computational demands of processing

WSIs could broaden the accessibility of advanced diagnostic tools, ensuring that benefits of

digital pathology can be experienced more universally.

By addressing these directions, the field of digital pathology can leverage deep learning

to not only enhance diagnostic accuracy and efficiency but also significantly impact patient

care by enabling early detection and personalized treatment strategies.
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