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Abstract

Providing Prognostic and Diagnostic Tools towards Melanoma Diagnosis

Shima Nofallah

Chair of the Supervisory Committee:
Linda Shapiro
Paul G. Allen School of Computer Science & Engineering

The number of melanoma diagnoses has increased dramatically over the past three decades,
outpacing almost all other cancers. Nearly 1 in 4 skin biopsies are of melanocytic lesions,
highlighting the clinical and public health importance of correct diagnosis. Pathologists
analyze biopsy material at both the cellular and structural level to determine diagnosis and
cancer stage. Deep learning image analysis methods may improve and complement current
diagnostic and prognostic capabilities. Mitotic figures are surrogate biomarkers of cellular
proliferation that can provide prognostic information; thus, their precise detection is an
important factor for clinical care. In addition, semantic segmentation of clinically important
structures in skin biopsies is a crucial step toward an accurate diagnosis. We aim to provide
prognostic and diagnostic information that consists of the detection of cellular level entities,
clinically important structures, and other important factors in the diagnosis of skin biopsy
images. This dissertation contains four main projects on melanocytic lesion biopsy images:
mitotic figure classification, semantic segmentation of clinically important tissue structures,
classification of segmented dermal nests, and improving whole slide image diagnosis using

segmentation masks.
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Chapter 1

INTRODUCTION

Cancer is a disease in which some of the body’s cells grow uncontrollably and spread to
other parts of the body. Normally, human cells grow and multiply to form new cells as the
body needs them. Sometimes this orderly process breaks down, and abnormal or damaged
cells grow and multiply when they shouldn’t. These cells may form tumors, which are lumps
of tissue. Tumors can be cancerous or non-cancerous. Cancer can start almost anywhere in
the human body. There are more than 100 types of cancer, such as lung cancer, brain cancer,

and skin cancer [56].

Skin cancer is the most common type of cancer. The main types of skin cancer are
squamous cell carcinoma, basal cell carcinoma, and melanoma. Melanoma is much less
common than the other types but much more likely to invade nearby tissue and spread to
other parts of the body. Most deaths from skin cancer are caused by melanoma. Melanoma
is a cancer that begins in melanocytes, which are specialized cells that make melanin (the
pigment that gives skin its color). Most melanomas form on the skin, but melanomas can
also form in other pigmented tissues, such as the eye [56]. The incidence of melanoma is

rising faster than any other cancer [69] 36}, 25].

The current gold standard for melanoma diagnosis is the microscopic examination of skin
biopsies using hematoxylin and eosin (H&E) stained tissue sections; however, the histologic
interpretation of melanocytic lesions is often inconsistent for pathologists. Pathologists’
diagnostic interpretations are usually not verified by another pathologist. This is concerning,
as diagnostic errors when interpreting melanocytic lesions occur much more frequently than
in other tissues. Our research team has highlighted these challenges by demonstrating that

pathologists disagree on up to 60% of cases of melanoma in-situ and T'la invasive melanoma,



which can lead to both overtreatment and undertreatment [19].

Whole slide digital imaging of pathology specimens can be used to create digitized slides,
which in turn can be included in biorepositories or used in telepathology to enable diagnosis
at a distance. By investigating the potential of computer technology to improve diagnoses
using digitized slides and associated image characteristics, there is a possibility of providing
clinical support tools for pathologists. Researchers have shown that automated diagnosis
holds promise for improving accuracy and reproducibility in the diagnosis of histopathology
[78, 21, 53], 92].

Layers of the skin on biopsy specimens are as follow: the epidermis on top, the dermis
below it, and the hypodermis below that layer. Pathologists then look for two main types
of evidence of invasive melanoma: cellular atypia and abnormal architecture. The presence,
count, shape, size, and location of cellular entities such as nuclei, melanocytes, and mitotic
figures play important diagnostic and prognostic roles in analyzing each skin biopsy image.
Abnormality in structural levels such as dermis, epidermis, epidermal nests, and dermal nests
also indicate the possibility of a cancerous component in the skin biopsy images.

Cellular level entities such as nuclei, melanocyte, and mitotic figures have diagnostic and
prognostic value in the analysis of the skin biopsy images. The detection of nuclei is critical
to the diagnosis of invasive melanoma. Melanocytic nuclei are the most important subset of
the detected nuclei regions. Mitotic figures are surrogate biomarkers of cellular proliferation
that can provide prognostic information; thus, their precise detection is an important factor
for clinical care. Among the independent predictors of melanoma-specific survival, the mitotic
rate is the strongest prognostic factor after tumor thickness [81].

Pathologists look at a skin biopsy slide and determine if its overall structure is normal,
abnormal, or malignant. An automated approach for recognizing this structure requires a
structure finder that looks for structural entities to determine if they are normal, abnormal
(yet benign), or malignant. A normal (e.g., benign mole/nevus) structure contains well-spaced
nests of melanocytes, sometimes forming a single layer with keratinocytes between them

at the bottom of the epidermis. Abnormal structures are groups of melanocytes that can



be of non-uniform size or abnormally large, can form a bridge between two rete ridges (e.g.
downward projections of epidermis into the dermis), can move up into the epidermis, or can
appear in large groups in the dermis; such features are suggestive of malignancy.

There are variety of challenges in working with a medical dataset in general, especially the
private medical sets. The private dataset is usually fairly small, which makes the process of
training computational algorithms and validating those trained algorithms difficult. Another
challenge in working with a medical dataset is the limitation of fine annotation as ground
truth. The main reason is that annotation of large images is a labor-intensive task. This
issue becomes especially pronounced in a medical image dataset in which expert annotation
is the gold standard. In working on our skin biopsy dataset, both on the cellular level and
structural level, we faced the challenge of scarce data annotation.

Numerous studies have introduced diagnosis models using histopathology images. In [52]
utilizing variable-sized regions of interest, a CNN-based deep feature extraction framework was
introduced to build slide-level feature representations via weighted aggregation of the patch
representations. In another work, [38] utilized a self-supervised contrastive learning algorithm
to extract representations from patches, and used an aggregator that models the relations of
the instances in a dual-stream architecture with trainable distance measurement to train a
MIL model called a Dual-stream Multiple Instance Learning Network (DSMIL). With the
emergence of transformers in the filed of machine learning and computer vision, [9] proposed
a Multiple Instance Learning (MIL) method that first selects the top-k patches, and then uses
these patches for instance-learning and bag-representation learning. Clustering-constrained
Attention Multiple (CLAM) instance learning is a deep-learning based weakly-supervised
method introduced by [45] that uses attention-based learning to automatically identify sub-
regions of high diagnostic value in order to accurately classify the whole slide, while also
utilizing instance-level clustering.

There is various work related to the diagnosis of biopsy images of other types of cancers than
melanoma, especially on breast histopathological Whole Slide Images (WSI) [51], 53, 57, 92];

however, related work for melanoma diagnosis using skin biopsy WSIs is very limited. There



are works on staining other than H&E, such as Ki-67 stain [I], which is not the standard
stain for melanoma diagnosis in clinical care. Most existing work on melanoma diagnosis are
either binary classification systems or are on not very challenging categories to distinguish
[44, 93] [82], 29], which while still valuable, do not cover the whole spectrum of the diagnosis
categories, especially the classes which are challenging for pathologists.

In this dissertation, four of our main projects on skin biopsy images are summarized:
classification of mitotic figures, segmentation of important tissues in skin biopsy images,
classification of dermal nests, and improvement of WSI diagnoses using segmentation masks.
In Chapter 2], an overview of the main dataset that is used throughout this project is provided.
In Chapter [3, the mitosis classification project is summarized. In Chapter [4] the segmentation
of skin biopsy images using coarse and sparse annotation is described. In Chapter [f a
summary of classification of dermal nests is provided. In Chapter[6] the WSI diagnosis project
and the potential of improving the diagnosis using segmentation masks from Chapter [] and
Chapter [f] are discussed. In chapter [7], the conclusions of all the projects and possible future

work are discussed.



Chapter 2
M-PATH DATASET

Our dataset includes 240 hematoxylin and eosin (HE) stained slides of digitized skin biopsy
images, acquired by a Bellevue, Washington dermatopathology laboratory for the M-Path
study [19]. The study was approved by the Institutional Review Board at the University
of Washington with protocol number STUDY00008506. This dataset contains melanocytic
skin lesions from shave, punch, and excisional specimens. The cases can be classified
into five different MPATH-Dx (Melanocytic Pathology Assessment Tool and Hierarchy for
Diagnosis) simplified categories based on presumed risk of the lesion and suggested treatment
recommendations [65]. Example diagnostic terms for each MPATH-Dx class are as follows: I)
Mildly Dysplastic Nevi, II) Moderately Dysplastic Nevi, IITI) Melanoma in Situ and Severely
Dysplastic Nevi, IV) Invasive Melanoma Stage Tla and V) Invasive Melanoma Stage T1b.
Table shows the distribution of the diagnostic categories of the M-path dataset. Figure
2.1 shows an example of three different WSIs in the M-Path dataset.

Figure 2.1: Three examples of WSIs in the M-Path dataset

A consensus panel of three dermatopathologists with internationally recognized expertise

met over several days to reach consensus diagnoses for all cases, using the aforementioned



Table 2.1: Distribution of diagnostic categories in M-Path data

Diagnostic Category #Cases
Class I (e.g. Mildly Dysplastic Nevi) 25
Class II (e.g. Moderately Dysplastic Nevi) 36
Class III (e.g. Melanoma in Situ) 60
Class IV (e.g. Invasive Melanoma Stage T1a) 72
Class V (e.g. Invasive Melanoma Stage T1b) > T1b 47
Total 240

MPATH-Dx classification tool [5] explained in . Following these consensus meetings, the
consensus panel members, as well as an additional dermatopathologist on the M-Path research
team (S. Knezevich), utilized digitized images of all cases to identify one rectangular area as
a Region of Interest (ROI) per case. These regions represent an important area of the WSI
for the diagnosis. The size of these ROIs is not fixed and varies from one case to another
(Figure . We can extract the ROIs using their coordinates and perform various analyses
on them to improve the overall diagnosis (Figure .



Figure 2.2: Examples of variable-sized whole slide images are shown. Regions of interest

(ROIs) that helped pathologists in diagnosis are shown in red boxes.



Figure 2.3: Examples of four variable-sized ROIs with different diagnoses in the M-PATH
dataset. (a) MPATH-Dx Class I: Mildly Nevus. (b) MPATH-Dx Class II: Moderately Nevus.
(c) MPATH-Dx Class III: Melanoma in-Situ. (d) MPATH-Dx Class IV: Invasive Melanoma

Stage Tla.



Chapter 3
MITOSIS CLASSIFICATION

3.1 Introduction

Melanoma diagnosis involves histological analysis of various cellular and architectural features.
Melanocytic lesions range across a broad spectrum of categories: I) Mildly Nevus, II)
Moderately Nevus, III) Melanoma in Situ, IV) Invasive Melanoma Stage Tla and V) Invasive
Melanoma Stage > T1b. [65]. A mitosis (or mitotic figure) remains an important entity in
the review of skin biopsy cases as its presence may aid in the diagnosis of a melanoma in
addition to being associated with poorer prognosis. A high mitotic rate in a primary invasive
melanoma is associated with a lower survival probability. Among the independent predictors
of melanoma-specific survival, mitotic rate is the strongest prognostic factor after tumor
thickness [81]. Thus, the accurate detection of mitotic activity is an important role for the
pathologist in making cancer diagnoses, and because mitoses are small objects with various
shapes that can resemble normal nuclei, mitosis detection remains a challenging task for
humans. Because of its clinical importance, the development of automated mitosis detection
has become an active area of research with the goal of developing decision support systems
to assist pathologists [40].

Various approaches have been applied to detect mitotic figures. [76] computed the
probability map based on the likelihood functions and then used a component-wise two-step
thresholding to find mitoses in neuroblastoma. A graph-based multi-resolution approach with
color and texture features was used by [72] for mitosis extraction in breast biopsy images.
Irshad et al. used morphological features to identify cellular entities in a breast biopsy dataset
[32].

In recent years, with the development of fast and accessible Graphics Processing Units
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(GPUs), Convolutional Neural Networks (CNNs) have gained attention for medical image
analysis, primarily because of their capability to learn strong structural representations about
objects of interest (e.g. cellular entities [I1] or tissues [49, [70]). For example, [I1] used a
CNN-based method for mitosis detection and won the International Conference on Pattern
Recognition 2012 (ICPR 2012) mitosis detection challenge by a significant margin. Since
then, much of the research on mitosis detection in breast cancer biopsy images has used
CNNs. [77,132] and [88] developed different methods that merge CNN image descriptors and
handcrafted features to improve the detection. [7] proposed a two-stage mitosis detection
pipeline, with a coarse retrieval model, followed by a fine discrimination model. In recent
work, [40] used a deep detection network using residual connection when only the weak label
is given. [42] introduced a pyramidal model to detect mitoses. On each pyramid level, a
Bayesian convolutional neural network is trained to compute class prediction and uncertainty
on each pixel.

Several CNN-based methods have been proposed for mitosis detection in different tissues,
including breast [I1}, B2], [7], stem cells [100], and skin [42]. Unlike natural image datasets
(e.g. the ImageNet [I7]), the number of training samples are limited in medical image
datasets usually by an order of a few hundred (|71), 84], 83]. To achieve strong performance
on these datasets, CNNs have been complemented with several methods, including hand-
crafted features ([73, 32] [18]) and better augmentation strategies [70]. U-Net [70] introduced
an encoder-decoder architecture with skip-connections for segmenting different biological
structures in images and demonstrated good performance across several datasets.

Most research in mitosis detection has been conducted on biopsy images other than the
skin (73], 53} 49, [7]). However, skin biopsy images are different from these biopsy images
in terms of texture, color, and mitosis shape, as shown in Figure [3.1] As a result, existing
CNN-based classifiers trained on these biopsy images may have poor performance on skin
biopsies. Moreover, to the best of our knowledge, there are no publicly available skin biopsy
datasets with mitosis annotations. Given the importance of mitosis detection in skin cancer

diagnosis, we created a new dataset with mitosis-level markings from an expert pathologist.
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We studied and compared the performance of two different state-of-the-art CNNs, one that
is lightweight in terms of parameters and execution time and one that is much bigger, in
terms of accuracy, sensitivity, specificity, precision, recall, and F-score. We then compared the
performance of these two CNNs with two additional state-of-the-art architectures on a public
breast cancer data set in terms of precision, recall, F-score, architecture, training time, and
inference time. Our work has several contributions: 1) This is the first work to experiment
with finding mitotic figures in whole slide melanoma biopsies. 2) After determining the best
possible performances on the melanoma biopsy slide images, we showed that this pipeline
could be applied to a well-known breast cancer data set (MITOS) and compared the results
from our two models (ESPNet, which was chosen for lightweight network and speed, and
DenseNet, which was an example of a state-of-the-art network) with the results from several
published papers, showing that DenseNet could beat all of them and ESPNet came close
(Table [3.4). 3) We ran two more models, ResNet and ShuffleNet, on the MITOS dataset for
further comparison and found that DenseNet is still the best performer in terms of F-1 score
(DenseNet 0.927, ESPNet 0.890, ResNet 0.865 and ShuffleNet 0.847) and, particularly, in
terms of Recall (DenseNet 0.916, ESPNet 0.866, ResNet 0.870 and ShuffieNet 0.753), which
is very important for cancer grading. 4) Our research, in general, gives a methodology and
architecture for mitosis finding in both melanoma and breast cancer whole slide images, and

that is likely to be useful for finding mitoses in any whole slide biopsy images.
3.2 Dataset

An experienced pathologist (S. Knezevich) chose six skin biopsy cases of > T1b invasive
melanoma, a diagnostic category known to be associated with high mitotic activity, from
our dataset and cropped 34 areas in the whole slide images (WSIs) of these cases. The size
of the areas and the number of areas per each case were not fixed but were based on the
pathologist’s judgment with the aim of marking as many mitoses as possible. A total of 628
mitoses in the cropped image areas were marked by the same pathologist with a green dot on

each mitosis, using the Sedeen Viewer. These marked mitoses provide “class mitosis” samples
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Figure 3.1: Example crops of biopsy images with mitoses in them; (top) skin; (bottom) breast.
These biopsies are different in terms of color, texture, and mitosis phase and shape. A mitosis

in each image is present near the center and is marked with a green circle for visualization.

for training and validation of our binary classifiers. The details about our skin biopsy dataset
are summarized in Table Bl

Distinguishing mitoses from normal nuclei is a challenge for automated mitosis classifiers.
Mitoses and nuclei can appear very similar in color and shape; thus, the classifiers require a
large number of nuclei samples to differentiate between these cellular entities. If the whole
non-mitosis regions of the image were to be sampled uniformly, many of the non-interesting
instances such as background would be in the class “non-mitosis” and training a strong
classifier would be inefficient. To avoid this, we used a standard watershed-based nuclei
segmentation method [I3] to find nuclei in the images and used them as examples for the
class non-mitosis. Figure [3.2] shows the output of this nuclei detector on a cropped portion of
a skin biopsy.

Figure |3.3| shows some examples of mitoses and normal nuclei, which we note are very
similar in terms of texture, color, and shape. In the process of sampling mitoses and nuclei,
based on our experiments, we used a 101 x 101 patch approximately centered on the target
entity’s center. If a part of this window lies outside of the image borders, the image is

padded using mirroring of the border pixels. To help our classifier learn rotation, scale,
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Table 3.1: Mitosis dataset summary — Melanoma.

Case ID | #slices #cells in WSI #areas #mitosis
Case #1 5 ~ 250k 14 197
Case #2 3 ~ 237k 6 32
Case #3 6 ~ 320k 7 232
Case #4 1 ~ 115k 5 156
Case #5 3 ~ 49k 1 6
Case #1 4 ~ 39k 1 5
Total - - 34 628

and translation-invariant representations, we augmented our training set with standard
augmentation methods such as rotation (45, 90, 135 or 225 degrees) and mirroring (horizontal

and vertical).

The number of mitoses per slide is an order of magnitude fewer than other entities, such
as nuclei and melanocytes present in the slide. In other words, the dataset is imbalanced. If
we train a classifier with such an imbalanced dataset, then the classifier will be biased towards
the entities with more samples. To address this imbalance, a standard approach [66] 67] is to
maintain a good ratio between positive samples (patches that contain mitoses) and negative
samples (patches that do not contain mitoses). For our dataset, we empirically found that
this ratio is 1:3 i.e. the number of negative samples available for training is approximately
3 times the number of positive samples; resulting in 4364 mitoses and 12,640 non-mitosis
samples after data augmentation. Since we used a watershed-based nuclei segmentation [13]

as a pre-processing method, non-mitosis samples mostly contain nuclei.

We split our dataset randomly into training (80 %) and validation (20 %) sets, respectively.

The validation set was withheld during the training phase. After the training was complete,
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Figure 3.2: Examples of applying the nuclei segmentation method [13] on a crop of skin
biopsy image (a) original crop (b) nuclei segmentation result. Two mitoses that are present
in the original crop are marked with red dots for visualization. Segmentation method was

able to find the mitoses. We marked them here with red boxes for visualization.

Figure 3.3: Examples of (top) sampled mitoses, and (bottom) sampled nuclei that are not

mitoses. These two entities have similarity in color, surrounding and texture.
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the validation set was used to evaluate the trained model performance.

3.3 DMethod and Model

3.3.1 Training and Inference

Our classification network uses a standard pipeline |37, 28] that stacks encoding and down-
sampling units to learn latent representations. In our experiments, we used two state-of-the-art
encoding units: 1) Efficient Spatial Pyramid of Dilated Convolutions (ESPNet) [50] and 2)
Densely Connected Convolutional Networks (DenseNet) [31]. The same dataset split was
used for both ESPNet and DenseNet training and validation.

Efficient spatial pyramid of dilated convolutions (ESPNet): ESPNet [50] is a fast and
efficient CNN that was designed for semantic segmentation on mobile devices. The core
building block of the ESPNet architecture is the ESP unit that decomposes a standard
convolution into a point-wise convolution and a spatial pyramid of dilated convolution. This
factorization reduces the computational complexity of the ESP unit in comparison to the
standard convolution. Figure visualizes the ESP unit. We chose this unit in our study
because of its good performance in segmenting breast biopsy whole slide images[49].

Densely Connected Convolutional Networks (DenseNet): DenseNet, densely connected
convolutional neural network [31], introduces a novel connectivity mechanism to improve the
flow of information between different stacked convolutional layers. As shown in Figure [3.4D)]
this unit establishes a direct link between different convolutional layers. This connectivity
pattern provides multiple paths for gradients to flow back to the input and thus, helps in

learning better representations.

3.3.2  Hyperparameters and Loss Function

We trained our classifiers using the ADAM optimizer [34] for a total of 20 epochs with an
initial learning rate of 0.001. We decayed the learning rate by 0.1 after every 5 epochs. During

training, we minimized the cross-entropy loss [16].
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an input and produces a 3D tensor with width W, height H, and depth M as an output. The

projection channel dimension in ESPNet unit is represented by d while in DenseNet unit, it is

represented by d;. For ESPNet, output tensor depth is M = k x d, where k is the number of

parallel branches in the ESPNet unit (k = 3 in (a)), the size of the point-wise convolution is 1
x 1, and n; is the size of the dilated convolutional layers. For more information, see [50]. For
the DenseNet unit, output tensor depth is M = > d; ,i = 1,..., L, where L represents the

number of stacked layers (L = 3 in (b)). It is common to use 3 x 3 standard convolutional

layers in DenseNets. For more information, see [31].
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3.4 Results

3.4.1 Fvaluation Metrics

We evaluated the performance of our classifier on the melanoma dataset using six metrics:
four standard metrics (precision, recall, F-score, and accuracy) and two widely used metrics

in clinical care (sensitivity and specificity):

e Accuracy = (TP+TN)/(TP+ FP+ FN+TN)

Precision =TP/(TP + FP)

Recall =TP/(TP + FN)

Precision.Recall
Precision+ Recall

F'1 score =2 x

Sensitivity = TP/(TP + FN)
e Specificity=TN/(TN + FP)

where TP is the number of true positives and F'P the number of false positives; TN is the
number of true negatives and FN the number of false negatives; F'I score is the harmonic

mean of precision and recall.

3.4.2  Mitosis detection results on Melanoma dataset

Table summarizes the results of our classifiers using two different encoding units: 1)
ESPNet and 2) DenseNet. Both networks achieved high accuracy on classifying mitoses with
a sensitivity of 0.976 and 0.968, and specificity of 0.987 and 0.995, respectively. Though
DenseNet outperformed ESPNet, this outperformance was not statistically significant (p-value

is 0.5716), and the training time of ESPNet is about a third that of DenseNet (see Table
(Table 3.3).
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Table 3.2: Quantitative results of ESPNet and DenseNet on validation set Melanoma

Metrics ESPNet DenseNet
Accuracy 0.984 0.988
Precision 0.961 0.984
Recall 0.976 0.968
F1 Score 0.968 0.976
Sensitivity 0.976 0.968
Specificity 0.987 0.995
FP, FN 5,3 2,4
TP, TN 122, 370 121, 373
Training time | 3bm & 6s  106m & 32s

3.4.8  Generalizability to the MITOS dataset

To study the generalization ability of our classifiers on other datasets, we evaluated the
performance on a publicly available mitosis dataset for breast biopsies: MITOS [71]. The
dataset consists of 50 images corresponding to 50 high-power fields in 5 different breast cancer
slides stained with hematoxylin and eosin. We first compared our two classifiers (ESPNet and
DenseNet) to the results reported in several papers in the recent literature [73, 111, 40, 42, [18].

The architectures of these classifiers can be summarized as follows:

e Saha, et al. The deep learning consists of two parts: (1) a convolutional neural
network and (2) a handcrafted feature extractor. The deep architecture contains five

convolution layers, four max-pooling layers, four ReLLUs, and two fully connected layers.

e Dodballapur et al. In this work, handcrafted features extracted from the masks

generated from the Mask R-CNN network are combined with deep features to classify
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the candidate cells. To extract an image-level representation, the Xception network

pre-trained on ImageNet without the last two fully connected layers was used.

e Li, et al. Their pipeline consists of three components: (1) a deep detection model
(DeepDet) that produces primary detection results, (2) a deep verification model
(DeepVer) that verifies these detections and eliminates false positives, and (3) a deep
segmentation model (DeepSeg) that segment the images and generates bounding box
annotations around segmented regions to provide weak box-level annotations. The
DeepDet model consists of an RPN (Region Proposal Network) and a region-based
classifier. The DeepVer model is based on the ResNet.

e L “opez-Tapia, et al. Their pipeline consists of two components: first, a coarse-to-fine
cascade of CNN Bayesian models for mitosis detection; then, to make the model resistant
to local and shape deformations, a Spatial Transforming Layer is applied before the 4th

and 7th residual blocks in scale x40.

e Cires.an, et al. They trained two DNNs and ensembled the performance evaluation
results: DNN1 contains five convolutional layers, five max-pooling layers, and two fully
connected layers. DNN2 contains four convolutional layers, four max-pooling layers,

and two fully connected layers.

For comparison, the architectures of ESPNet and DenseNet are as follows:

e ESPNet: Our classification network uses a standard pipeline that stacks encoding
and down-sampling units to learn latent representations. The model contains one
conventional 2D convolution layer, five ESP blocks, four down-sampling layers, one

average-pooling, and two fully connected layers.

e DenseNet: We used the DenseNet161 architecture which contains one conventional
2D convolution layer, four Dense block, three Transition layers, one max-pooling, and

two fully connected layers.
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Table 3.3: Quantitative results of ESPNet and DenseNet on MITOS [7]]

Metrics ESPNet DenseNet
Accuracy 0.946 0.964
Precision 0.916 0.939
Recall 0.866 0.916
F'1 Score 0.891 0.927
Sensitivity 0.866 0.916
Specificity 0.973 0.980
FP, FN 16, 27 12, 17
TP, TN 175, 586 185, 586

In comparison to existing state-of-the-art methods (see Table [3.4)), our classifiers achieve
a competitive performance. In particular, our DenseNet-based classifier is 2% more accurate

than [73].

In order to compare more thoroughly, we added two more state-ofthe-art CNNs, ResNet
[28] and ShuffleNet [98] to the original two (ESPNet and DenseNet). We compared all four
classifiers on precision, recall, and F-score (as is standard for MITOS) and measures of

architecture and speed.

Results with precision, recall and F-score are summarized in Table |3.5l DenseNet is the
clear winner in this contest with F-score of 0.927 compared to 0.890 for ESPNet, 0.865 for
ResNet and 0.847 for ShuffleNet. Furthermore, results with respect to architecture and speed

are summarized in Table 3.6 Here ResNet is the most efficient with ESPNet a close second.
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Table 3.4: Performance comparison of ESPNet and DenseNet with other approaches on

MITOS [71] reported in the literature.

Method | ESPNet DenseNet [73] [18] [40] [42] [11]
(Ours) (Ours)

Precision | 0.916 0.939 0.92 0.93 0.854 N/A 0.866
Recall 0.866 0.916 0.88 0.80 0.812 N/A 0.70
F1 Score | 0.890 0.927 0.90 0.87 0.832 0.826 0.782

Table 3.5: Quantitative results of ESPNet, DenseNet, ResNet, and ShuffleNet on MITOS
1]

Metrics | ESPNet DenseNet ResNet ShuffleNet

Precision 0.916 0.939 0.931 0.968
Recall 0.866 0.916 0.807 0.753
F1 Score 0.891 0.927 0.865 0.847

3.5 Summary

One microscopic parameter that is both helpful to the pathologist in establishing a cancer
diagnosis and in assessing prognosis, is the presence or absence of mitotic figures; a micro-
scopically visible nuclear feature closely tied to cellular proliferation. In mitosis a cell divides
to form two new cells. Cancer tissue generally has more mitotic activity than normal tissues,
and this is assessed by calculation of the mitotic index — the number of cells in mitosis divided
by the total number of cells However, measurement of the mitotic index depends on the
subjective visual analysis by pathologists who have a hard time both in identifying and also

counting mitotic figures and total cell counts [35]. Thus, development of supporting tools
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Table 3.6: Architecture, training and inference time comparison of ESPNet, DenseNet, ResNet,

and ShuffleNet on MITOS [71]

Network | #parameters #block # channels Training Inference
(in million) (depth) (width) time time
ESPNet 0.078 16 16 to 64 6 min 8 sec
DenseNet 28.68 161 48 to 2024 19 min 31 sec
ResNet 11.69 12 64 to 512 4 min 6 sec
ShuffleNet 2.28 56 24 to 1024 6 min 11 sec

that can be more accurate and reproducible would greatly aid clinical care. Machine learning
techniques, including CNNs, have shown incredible performance in visual recognition tasks,
and thus have the potential to improve histologic diagnostics, both as aids for pathologists
to improve the quality and reproducibility of their diagnoses and in the medical research
domain [49] 68|, 33].

In this work, we trained two CNN methods, ESPNet and DenseNet, as two separate
classifiers; both CNNs had high accuracy on our dataset of skin biopsies of invasive melanoma.
We further generalized our classifiers to the MITOS breast biopsy dataset and compared
our results with the existing state-of-the-art on the MITOS dataset with high accuracy in
classifying mitoses [73, 1T, [7, 40}, 42, 18] and ran experiments with two more state-of-the-art
CNNs to make more thorough comparisons. We achieved competitive accuracy on the MITOS
dataset compared to the existing state-of-the-art methods.

No study is without limitations, and our research is not an exception. First, both the
melanoma dataset and the MITOS dataset (as well as other public digital datasets) make
use of less information than a microscopic examination, in which a typical tissue section is 5
pm and on which the pathologist can focus through an infinite number of planes, ensuring

all cells of interest are in optimal focus. Secondly, for the public datasets, the use of only
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two-dimensional images with no recourse to looking at three-dimensional tissue sections makes
it difficult to confirm the given diagnoses.

Marking biopsy images is an onerous task and obtaining samples with variation in the
dataset is a challenge. To expand our dataset, we generated new samples out of our existing
samples with horizontal and vertical mirroring and with rotations of 45, 90, 135 or 225
degrees. However, having samples from more patients would be beneficial for training a
precise classifier for mitosis detection.

Given the complex and dense nature of working with biopsy tissue datasets, a significant
challenge is posed in developing training sets that reflect the full spectrum of cases seen in
clinical practice and also that accurately identify the cellular entity of interest. In our skin
cancer work, the cases were carefully selected to represent the full spectrum of skin biopsies
obtained in clinical practice and a three-person expert defined consensus diagnosis was used
[19]. In addition, each case was carefully reviewed by an expert dermatopathologist to identify
and mark the individual mitotic figures.

Mitotic activity is an important biomarker that can assist in the diagnosis and may
provide prognostic information. However, each biopsy specimen may contain hundreds of
thousands of cells, making their identification a significant challenge. We have shown that
mitoses can be identified using our machine learning method with high accuracy; thus, this
method has the potential of being a powerful diagnostic and prognostic aid to practicing

pathologists.
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Chapter 4

SEGMENTATION USING IMPERFECT ANNOTATIONS

4.1 Introduction

The histologic evaluation of melanocytic lesions, including melanoma and its precursors,
involves determining whether the melanocytic population involves the epidermis, dermis, or
both. For example, the atypical melanocytes in melanoma in situ are contained within the
epidermis, whereas an invasive melanoma shows atypical melanocytes which in the the dermis.
Semantic segmentation of various structures in skin biopsy images, including accurately
distinguishing between the epidermis/dermis and identifying epidermal /dermal melanocytes,
has the potential to improve the automated diagnosis systems or serve as a diagnostic aid
in the decision-making process. The goal of semantic segmentation is to label each pixel of
an image with the corresponding class of the objects being represented. Hence, semantic
segmentation of clinically-relevant structures in skin biopsy images can play a key role in an

automated diagnosis system.

One key challenge in training a segmentation model is that it requires large-scale and fine
annotations. However, collecting fine tissue-level annotations for biopsy images is an onerous,
exhaustive, and expensive task because of the sheer size of biopsy images and the fact that
domain experts are required for annotations. As a result, full annotation of the whole slide
image (WSI) for large datasets is the leading limitation of medical imaging research. This
work introduces a simple two-step approach for learning representations with coarse and
sparse labels. An overview of our approach is shown in Figure The core principle is
to segment larger and smaller entities separately, allowing us to segment images with good

accuracy.
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Figure 4.1: 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
modified images are fed to their corresponding 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.
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4.1.1 Related Work

Various approaches have been developed to overcome imperfect and limited data annotation
and vary with the specific challenges posed by the specific dataset on which they were developed.
When a small portion of an image is fully annotated, different methods of augmentation have
proven to be helpful. [96] showed that data augmentation by adjusting image quality produces
performance gain in magnetic resonance imaging (MRI), especially image sharpening through
the application of unsharp masking, which has the largest improvement. In another study,
[41] proposed asymmetric mixup that turns soft labels generated by mixup into hard labels,

which improves the segmentation of brain tumors according to their experiments.

Active learning is another popular method in the case of limited annotation. [79] proposed
a probabilistic active learning pipeline where the probability of an unlabeled sample that is
queried in the next round of annotation is estimated based on its Fisher information. [46]
used a Bayesian neural network for active learning: using a combined metric based on noise in
the data and uncertainty over their Convolutional Neural Network (CNN) parameters, they
selected the most informative samples. [99] proposed a one-shot active learning method, which
eliminates the need for iterative sample selection and annotation. However, active learning
generally requires a base segmentation model with careful annotation; hence, a dataset with
only coarse annotations may not benefit from active learning, unless a pre-trained model

from a similar domain is available [80].

In some studies, modification of a loss function solved the sparse annotation challenge
to some extent. [3] used class-balancing methods to improve the segmentation performance
given sparse annotations without trying to fill in the missing mask pixels. In this proposed
method, only the labeled pixels contribute to a weighted segmentation loss. The dataset
used in this work contains some densely annotated WSIs and some sparsely annotated WSIs.
However, segmenting whole slides images using coarse and sparse annotations is challenging

and remains understudied in the literature.

Utilizing domain adaptation and leveraging external data have generated promising
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segmentation results. However, to the best of the authors’ knowledge, no carefully-labeled
public dataset is available on skin biopsy images, and datasets from other domains have
significantly different morphological features compared to those of skin biopsy images.

There are limited studies on skin biopsy image segmentation. [94] presented a robust
technique for epidermis segmentation in whole slide skin histopathological images, using
thresholding and shape analysis. [62] produced a model for segmenting psoriasis-affected
human skin biopsy images into the dermis, epidermis, and non-tissue regions. [2] developed a
fully automated technique for lymph node segmentation that is robust to stains such as H&E,
MART-1, S-100, KI-67. However, semantic segmentation of clinically important structures in
skin biopsy images is one of the most understudied areas in the literature. This is especially
true for the datasets with imperfect and limited ground-truth annotations.

In this chapter, we describe a carefully designed segmentation pipeline that can train a CNN
on images with coarse and sparse annotation to accurately segment clinically important tissue
structures in WSIs. This approach can be extremely helpful for medical image researchers

because both data and annotations are expensive to acquire.
4.2 Dataset

4.2.1 Coarse and Sparse Segmentation Annotations

To train a segmentation model, labels of different tissues as the ground-truth are required.
However, since the annotation task is a very labor-intensive task, we obtained coarse and
sparse annotations only on the ROI images by an expert pathologist (M. Mokhtari). Not only
are the annotations not on the full WSI (Figure , but they are also sparse within the
annotated ROI c¢. Moreover, the annotations are coarse, i.e., they are not pixel-level accurate,
as shown in Figure 4.2c|

For pixel-level annotations, SedeenE], a pathology image viewer, was used. Various

structures were labeled with different names and corresponding colors as follows: Epidermis

'https://pathcore.com/sedeen
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(EP) in blue, Dermis (DE) in yellow, Stratum Corneum (COR) in pink, Epidermal Nests
(EPN - corresponding to epidermal melanocytic nests) in dark green, Dermal Nests (DMN
- corresponding to dermal melanocytic nests) in light green. Using the threshold-based
segmentation method of [61], the background (BG) was detected and added to the labels in
gray. We followed existing segmentation dataset annotation protocols (e.g., Cityscapes) and

marked the pixels that do not correspond to any informative entity as unlabeled (UL) in

black.

4.3 Method and Model

Medical imaging literature has witnessed great progress in the design and performance of
deep convolutional models for medical image segmentation [80]. Thus, we utilized a CNN
for our task of semantic segmentation. Since the labeling was done on ROls, we started the
process of training and evaluation on ROIs. As the preprocessing step, cropping, resizing,

and augmentation was performed on these images.

4.3.1 Cropping and Resizing

Since the ROIs sizes vary from ~(480 x 360) to ~(23500 x 22400), we chose the smallest size
of (480 x 360) as the model input. However, resizing the biggest crop of (23500 x 22400) to
such a small size (480 x 360) can significantly impact the information that can be acquired
from such images. Instead, we follow a standard approach wherein bigger ROIs are divided
into patches and then patch-level segmentation masks are generated and combined to produce
a ROI-level segmentation mask [49, [70]. In particular, for bigger ROIs, we extract patches of
size 1440 x 1080 and then resize them to 480 x 360 before feeding them to the model. The
segmentation output is then upsampled using nearest-neighbor interpolation to produce the

segmentation mask that is of the same size as the patch before resizing.
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4.8.2  Augmentation

We used various augmentation techniques such as horizontal flipping, affine transformation,
perspective transformation, brightness/contrast/color manipulations, image blurring, sharp-
ening, Gaussian noise, and random cropping to improve the robustness of our model. We

used the fast augmentation library for these augmentation techniques [4].

4.3.83  Data Split

For a fair evaluation of the model, we divided the ROI dataset into two subsets, the training
and testing sets, with a ratio of 80/20, respectively. The testing set was kept unseen from
the model until the last step of the final evaluation. The training set is further split into
train and validation sets, with a ratio of 80/20. We use the validation set for monitoring the

training process and model selection , and the testing set for the evaluation.

4.8.4 U-Net

The U-Net architecture of [70] is a well-known segmentation network and has shown good
performance across different biomedical segmentation applications; such as MRI images [10],
COVID-19 [75], skin lesion images [55], and lung, heart, and clavicl X-Ray images [22].

We extended the U-Net encoder-decoder model for segmenting skin biopsy images. We
used the implementation of U-Net by [95] in our work. We used ResNet-34 [27] pre-trained
on the ImageNet dataset [L7] as the encoder and a standard U-Net decoder [95] f

4.8.5 Two-Stage Pipeline

Skin biopsy images have entities of variable size. Entities like the dermis and epidermis are
large and easy to segment [94], while entities like dermal and epidermal nests are small and
more difficult to segment. This issue becomes especially more troublesome when the smaller

entities have sparser labeling compared to the larger entities. Hence, if the segmentation

2We did not use Attention in the U-Net decoder block
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model is trained in a single-stage with all the labels at once, the model will perform better
on larger entities and not as well on the smaller ones.

To overcome this problem, we developed a two-stage segmentation pipeline: First, a
segmentation U-Net model is trained with labels of large entities in the histopathology image
(Background, Stratum Corneum, Epidermis, Dermis). Then, in the second stage, there are
two sub-stages: 1) Stage 2-Dermis is trained on the dermis portion of the images and uses
the ground truth for the smaller entities that are present in Dermis (i.e., DMN). 2) Stage
2-Epidermis is trained on the epidermis portion of the images and uses the ground truth for
the smaller entities that are present in Epidermis (i.e., EPN). ﬁ Figure shows an example
of one ROI and its corresponding mask, which is modified for different stages of our proposed
pipeline.

As previously mentioned, the whole segmentation pipeline is trained in two stages: the
first stage for big entities, such as dermis and epidermis, and the second stage for smaller
entities within the dermis and epidermis, such as dermal nests and epidermal nests. All the
training stages used the Stochastic Gradient Decent (SGD) optimizer with a momentum of
0.9, and a learning rate of 0.0001. The stage 1 encoder is trained for 1000 epochs. For the
second stage weight initialization, U-Net in both the Dermis and Epidermis branches was
initialized with the stage-1 model and fine-tuned for 100 epochs. This helps the model to
converge faster. All the experiments were performed on an Intel(R) Xeon(R) Silver 4110

CPU 2.10GHz with NVIDIA GeForce GTX 1080 GPU.

4.3.6  FEvaluation Metrics

To evaluate our models, we used mean Intersection over Union (IoU). IoU is a number from
0 to 1 that specifies the amount of overlap with the ground-truth (Equation . An ToU
of 0 means that there is no overlap between the prediction and ground-truth and an IoU of

1 means the prediction and ground-truth completely overlap. Thus, a higher value of IoU

3While there are other small structures, such as hair follicles and blood vessels present in skin biopsy
images, they are not clinically important for the diagnosis, so we do not try to segment them in this work.
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means better performance.

TP
ToU = 41
V= TP T FNTFP (4.1)

For the final evaluation, we calculated another metric, Dice Coefficient which is 2 * the
area of overlap divided by the total number of pixels in both images (Equation .
2+xTP

Dice = G FP) 7 (TP 1 FN) (42)

where True Positive (TP) is the number of pixels that are correctly predicted as nest, True
Negative (TN) is the number of pixels that are correctly predicted as not-nest, False Negative
(FN) is the number of pixels that are incorrectly predicted as not-nest, and False Positive
(FP) is the number of pixels that are incorrectly predicted as nest.

Acquiring pathologists’ annotations was a challenge. While we did not have full annotations
for the whole dataset, we acquired fine-grained nest annotations on ROIs in the testing set

for quantitative evaluation.
4.4 Results

In the training set, labels of dermis and epidermis are present in the ground-truth labels,
which are used for the extraction of epidermis in Stage 2-Epidermis and extraction of dermis
from stage 2-Epidermis. However, for the testing set, the generated segmentation mask of
stage 1 must be used to extract dermis and epidermis in their corresponding stage 2 branches.
Since the important tissues that we aim to segment in stage 2 are DMN in dermis and
EPN in epidermis, those entities are extracted from stage 2 and are overlaid on the stage 1
segmentation mask to generate the final segmentation mask. Figure shows the application
of the trained model on the testing set. As the final post-processing step, the separate crops
of the ROIs are merged back to the original shape of the ROL.

Figure [.4] shows some examples of the original ROI in the testing set, the corresponding

coarse and sparse annotations provided initially, the corresponding new full annotations
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Table 4.1: 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

(available only on DMN and EPN), and the segmentation mask generated by our model,

which was trained on the coarse and sparse annotations. Quantitative results are shown in

Table A1l
4.5 Generating WSI Segmentation Masks

The final goal of this work is to train a segmentation model on ROI images with sparse and
coarse labels and produce segmentation masks for WSIs. To this end, we used the validation
pipeline in Figure [4.1on WSIs to generate a segmentation mask of Stratum Corneum, Dermis,
Epidermis, Dermal Nests, and Epidermal Nests. To feed the images to the segmentation
model, first, a threshold-based method was applied on each WSI to extract individual slices
as explained in Section [4.5.1} then the same preprocessing as on the ROI images was applied
on individual slices of the WSI. After the preprocessing, the crops were fed to the model, and
after acquiring the segmentation masks, they were merged to create a WSI segmentation

mask.

4.5.1  Eaxtraction of Individual Slices

Prior to generating the segmentation masks, each whole slide biopsy image was split into
individual slices using a slice extraction method. There are two benefits in performing the
slide segmentation: 1) We reduced the size of the input images, 2) we can eliminate the effect

of the slides’ orientations since this information does not aid in the model’s prediction of the
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diagnosis. Figure shows an example of a WSI containing three individual slices, which

are extracted before feeding to the segmentation model.

4.5.2  Subjective Assessment with Pathologists

Since full annotations for the entire WSIs are not available for our dataset, to evaluate
the WSI segmentation results qualitatively, three of our expert dermatopathologists were
asked to review the segmentation masks on the WSI validation set containing 111 WSIs and
grade the model’s performance on several areas and tissue structures using discrete scoring.
These dermatopathologists (C. May, O. Chang, S. Knezevich) are different from the original
dermatopathologist (M. Mokhtari) who provided sparse annotations on the dataset and full
nest annotations on a set of test ROIs. Their task was to evaluate the segmentation of the
whole slide images.

To create the surveys and distribute the work, the validation set was divided into three
subsets of 37 images without any overlap for each dermatopathologist to review, preserving the
distribution of diagnosis class over each subset. For each dermatopathologist, an individual
survey in Google Forms was provided with their corresponding subset. Each WSI was
evaluated regarding four segmentation tasks: Epidermis (EP), Dermis (DE), Epidermal Nest
(EPN), and Dermal Nest (DMN), chosen as being most important for diagnosis. For each
segmented structure label, the dermatopathologists were asked to answer two questions with

an objective of seeing if the model is over-segmenting or under-segmenting;:

e Q1: How much of the tissue/area that is present in the corresponding WSI has been
correctly identified by the model? Rate Low, Medium, or High.

e Q2: How much of the label identified by the model is the correct tissue/area? Rate

Low, Medium, or High.

The results from these three surveys were analyzed, both individually and in combination.

To translate the qualitative grading into a subjective assessment that can be used to plot
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visual bar charts, we provided a numerical conversion as follows: if the grade of a label is low,
the numerical equivalent is 1, medium is 2, and high is 3. The numerical equivalents of these
ratings for each label in all the images were used to generate an Opinion Score (OS) which is
the arithmetic mean of each label rated by the dermatopathologists (Equation , where
R,, are the individual ratings for a given tissue structure, and N is the number of cases in the
corresponding survey. Figure [4.6] shows the OS for each label in terms of Q1 and Q2 for

individual pathologists and their combination.

N
0S = % (4.3)

A close examination of the WSI segmentation masks (Figure shows that the sparse
and coarse annotations provide the possibility of segmenting the tissue structures with
high-quality performance on whole slide images. However, the presence of different types of
noise due to coarse labeling in the training set, such as inaccurate borders and unintentional
human error in labeling, plus the lack of labels on entities that are similar to dermal nests,
such as inflammatory cells and eccrine ducts, result in over-labelling of nests overall. The
over-labelling of the epidermal nests is higher than that of the dermal nests, which follows
the pattern of our training ground-truth, in which epidermal nest annotations are noisier
than dermal nest annotations. While having high sensitivity (i.e. finding all the nests) is
critical in medical dataset analysis, having high specificity (i.e. reducing the false positives)
is also required for accurate diagnosis. Hence, reducing noise from even sparse annotations is
an important step before training a segmentation model. This can be done by having the

ground truth checked by a separate pathologist from the one who created it.

4.6 Summary

As the number of melanoma cases continues to increase, the accurate diagnosis of melanocytic
lesions in skin biopsies is becoming more critical for patient care and treatment. For the
pathologist, a crucial step in interpreting a melanocytic proliferation involves assessing the

microanatomic location of the melanocytic population, including whether the process involves
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the epidermis, dermis, or both. The semantic segmentation of these tissues (e.g. epidermis
and dermis) and melanocyte position (e.g. epidermal nests and dermal nests) in skin biopsies
is a required initial step in creating an automated diagnostic tool that has the potential
to assist pathologists in their evaluation of melanocytic lesions, including melanoma and
its precursors. Automated diagnosis tools have the potential to assist pathologists in their
diagnoses.

While segmentation is a significant element in the diagnosis pipeline, training a segmenta-
tion model generally requires a large, high-quality annotated ground-truth. However, most
medical datasets require expert-level annotation as ground-truth, and such a requirement is a
challenging, time-consuming, and expensive task, leading to a scarcity of sufficiently-sized and
carefully-annotated datasets for training; overcoming this challenge is a necessity in medical
image research to produce computer-aided diagnosis systems. Hence, a segmentation pipeline
that can use coarse and sparse annotation to produce a segmentation model is likely to be
quite beneficial.

In this work, we proposed a two-stage pipeline for the segmentation of important tissue
structures in skin biopsy images using coarse and sparse annotations on small regions of
WSIs. In this pipeline, larger entities were trained in the first stage, and smaller entities
were trained in two sub-branches. The testing segmentation results, both on the ROIs and
the WSIs, show the potential of this pipeline. Dermal Nests (DMN) and Epidermal Nests
(EPN), alongside Dermis and Epidermis, are important tissues/areas in the histopathology of
skin biopsy images that play a crucial role in the diagnosis. Since the ground-truth for WSIs
was not available, we provided qualitative surveys for our pathologists with two questions
on each tissues structure in order to evaluate the performance of the system. Question 1
(Q1) is related to recall and Question 2 (Q2) is relatead to precision. For both Dermal Nests
and Epidermal Nests, the pathologists reported pretty high recall but low precision. This
means that the model found most of the nests but it also found other structures that were
not correct. This is partly due to inaccuracies in our training data, which are currently being

corrected. Larger numbers of data will also help this problem.
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Our system was able to generate segmentation masks for both epidermis/dermis and nests
with high-quality performance, indicating that having sparse annotation on important tissues
has the potential for producing a useful segmentation model. On the other hand, our results
suggest that both the DMN and EPN can be over-labeled by the model, highlighting the
problems that coarse annotation can cause for the system, especially on a small dataset in
which the ground-truth did not clearly distinguish between nests and other similar structures.
These two findings suggest that having sparse, but fine, annotation on a small region of the

WSI may be enough for training a better segmentation model.
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Figure 4.2: Examples of sparse and coarse annotation in our ground-truth. (a) Sparse
annotation of an ROI overlaid on the corresponding WSI. (b) Example of an ROI (left) with
its corresponding sparse annotation of Dermal Nests (DMN) (middle) and full annotation of
Dermal Nests (DMN) (right); this full annotation was acquired for the sake of comparison
and is not available in the training set. (c) An example of coarse annotations (right) of

different tissues in an ROI (left).
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a) Stage 1 input image b) Stage 2-DE input image (c) Stage 2-EP input image
d) Stage 1 ground-truth e) Stage 2-DE ground-truth ) Stage 2-EP ground-truth

Figure 4.3: Examples of input images and their corresponding ground-truth for the proposed
two-stage pipeline. (a) and (d) show the input image and ground-truth to stage 1, containing
Dermis (DE-yellow), Epidermis (EP-blue), Corneum (COR-pink), and Background (BG-gray).
(b) and (e) show the input image and ground-truth to stage 2-Dermis, containing Dermal
Nests (DMN-light green), and Background (BG-gray). (c) and (f) shows the input image
and ground-truth to stage 2-Epidermis, containing Epidermal Nests (EPN-dark green), and
Background (BG-gray).



39

(a) ROI (b) Sparse (c) Fine  (d) Predicted

Figure 4.4: Examples of original ROI, sparse and coarse annotation, fine pixel-level nest
annotation, and segmentation mask by our pipeline. The annotation and segmentation
images contain Dermis (DE-yellow), Epidermis (EP-blue), Stratum Corneum (COR-pink),
Background (BG-gray), Dermal Nests (DMN-light green), and Epidermal Nests (EPN-dark
green). The model has been trained on sparse and coarse annotations similar to column (b)
and can generate results of column (d) which are comparable to the fine pixel-level annotation

of column (¢). Full annotation on nests are only available for the testing set.
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Original biopsy Extracted slices

Figure 4.5: An example of a WSI (left) and its corresponding slice extraction (right).
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Figure 4.6: Opinion Score (OS) as subjective assessment for each label, Epidermis (EP),
Dermis (DE), Dermal Nest (DMN), and Epidermal Nest (EPN), in terms of Q1 and Q2 for
that tissue structure. The qualitative ratings by dermatopathologists are converted to their
numerical equivalent as explained in Section Each pathologist reviewed 37 different
cases, (a), (b), and (c) are the individual surveys, and (d) is the combination of all three

surveys.
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(a) DMN: High sensitivity, high specificity, EPN: (b) DMN: High sensitivity, medium specificity,
High sensitivity, low specificity EPN: High sensitivity, low specificity

(c) DMN: High sensitivity, medium specificity, (d) DMN: High sensitivity, low specificity, EPN:

EPN: High sensitivity, low specificity High sensitivity, medium specificity

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

Figure 4.7: 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), Background (BG-
gray), 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 5

DERMAL NEST CLASSIFICATION

5.1 Introduction

Pathologists investigate structural entities in digitized whole slide images of melanocytic
skin lesions and assign a diagnosis class to the case based on the various factors, including
morphological characteristics of the cells present in the biopsy images. Nests of cells, which
might occur both in the dermis (dermal nests) and epidermis (epidermal nests), are one of
the foremost entities in skin biopsy images as their structural features, their cell morphology,
and the depth to which they have invaded the skin layers lead to a different decision on the

melanoma staging.

Dermal nests are one of the key components in distinguishing Mild and Moderate Nevus
and Melanoma in Situ from Invasive Melanoma. Generally, dermal nests are categorized into
the two sub-group of nevus nests and melanoma nests. Cases with diagnosis classes of Mild
and Moderate Nevus and Melanoma in Situ only contain nevus dermal nests, while both

nevus dermal Nest and melanoma dermal Nests might appear in an Invasive melanoma case.

In Chapter [4] we proposed a two-stage segmentation pipeline in which Epidermal Nests
(EPN) and Dermal Nests (DMN) were segmented in its second stage. However, since not
enough examples of Nevus Dermal Nests (DMN-N) were available, especially compared to
other entities such as Melanoma Dermal Nests (DMN-M) and Epidermal Nests (EPN), we
decided to combine Nevus Dermal Nests (DMN-N) and Melanoma Dermal Nests (DMN-M)
into one class of Dermal Nests (DMN) in that project. In this chapter, we propose an
additional step to the output of our segmentation model that allows us to classify segmented

DMNs into two sub-categories of nevus or melanoma.
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5.2 Dataset

To train a dermal nest classifier, some ground truth on different categories of dermal nests is
required. The ground-truth annotations of this chapter are a subset of the coarse and sparse
annotations that were introduced in section [£.2.1] The original set contained a small set of
examples on nevus dermal nests on ROIs with the diagnostic class of Mild and Moderate
Nevus or Melanoma in Situ, while a rather larger set of examples on melanoma dermal nests
on ROIs belonged to cases with Invasive Melanoma Stage T1a and Invasive Melanoma Stage >
T1b diagnostic class. The main challenges in working with the aforementioned dermal nest’s
annotations were two-fold 1) the huge gap between the sample size of nevus dermal nests and
melanoma dermal nests in which melanoma dermal nests contained ~400M pixels which is
eight times nevus dermal nests with ~50M pixels. 2) No examples of nevus dermal nests on
Invasive Melanoma Stage T1la and Invasive Melanoma Stage > T1b cases were annotated.
The only examples of dermal nests annotation in these classes belonged to melanoma dermal
nests, while in reality, both types of nest can be present in one Invasive melanoma case. Hence,
in the segmentation model of the Chapter [4, all dermal nest annotations were combined into
a single class of Dermal Nests (DMN). Figure shows example annotation of Nevus Dermal
Nests (DMN-M) (Figure and Melanoma Dermal Nests (DMN-M) (Figure and
their conversion to Dermal Nests (DMN) ((Figure and (Figure [5.1f)) which were used
for the Chapter [ dataset.

In this paper, instead of combining the two types of dermal nests, we kept them separate
and extracted them into two categories of Nevus Dermal Nests (DMN-M) (Figure and
Melanoma Dermal Nests (DMN-M) (Figure [5.1¢]). For the nest extraction step, after masking
out everything other than dermal nests in the ROIs, we sampled the nests into two classes of
"nevus" and "melanoma" using the con-nected component method. The sampling window
size is 100 x 100. As expected, there was a noticeable imbalance in the final dataset between
the two classes of "nevus" and "melanoma" nests. The number of extracted nevus nests were

604 samples while the number of extracted melanoma nests were 5732 samples. To solve this
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(b) Nevus nest annotation (c) Converted dermal nest

(d) Invasive > T1b ROI (e) Melanoma nest annotation (f) Converted dermal nest

Figure 5.1: Examples of input ROI images and their corresponding annotations. (a) shows a
Moderate Nevi ROI image (b) shows the original Nevus dermal nest annotation in purple, (c)
is the converted version of (b) in which purple annotation of Nevus Dermal Nests(DMN-N)
are converted to green markings of Dermal Nest (DMN) (d) shows an Invasive stage > T1b
ROI image (e) shows the original Melanoma nests annotation in red, (f) is the converted
version of (e) in which red annotation of Melanoma Dermal Nests(DMN-M) are converted to

green markings of Dermal Nest (DMN).
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imbalanced dataset issue, we used the result of our previous segmentation model as explained

in section B.2.11

5.2.1 Solving nest sample imbalance in the training dataset

After acquiring the segmentation model output, the opportunity of overcoming the annotation
imbalance in dermal nests arises. It is known that cases with a diagnosis class of Mild and
Moderate Nevi or Melanoma in Situ only contain nevus dermal nests while both nevus dermal
nests and melanoma dermal nests can appear in an Invasive Melanoma case. Although
the segmentation model of Chapter [4] does not distinguish between nevus dermal nests
and melanoma dermal nests, we know that all the nests on Mild and Moderate Nevus and
Melanoma in Situ cases are nevus dermal nests. The reason is that if there is any appearance
of a melanoma dermal nest on a case, that case will move to one of the invasive melanoma
diagnostic categories. Figure shows an example of segmented dermal nests on a Moderate
Nevi case in which we assume all of these nests to be of nevus type based on the diagnosis of
the case. Figure shows an example of segmented dermal nests on an Invasive Melanoma
Stage > T1b case. These categories of cases are not usable for training in this project, since
it is not specified which part of the segmented dermal nests are nevus and which part are

melanoma.

Since the training and testing split of the dataset is consistent throughout all the projects,
in addition to the fact that all the dermal nests in cases with diagnosis class of Mild and
Moderate Nevus and Melanoma in Situ must be nevus dermal nests, it is only logical to
apply the trained segmentation model from Chapter [4 on training WSI of Mild and Moderate
Nevus or Melanoma in Situ cases, acquire Dermal Nests (DMN), extract DMNs, and re-label
them as nevus dermal nests. Using the new nevus dermal nests, we can randomly extract
DMN-N samples and add them to the nest classification training set to reach a balanced

number of samples for both classes of DMN-N and DMN-M in the training set.
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(b) Segmentation of an Invasive Melanoma case

Figure 5.2: Example of dermal nest segmentation (in light green) on WSI (a) a Moderate
Nevi case; all the dermal nests are nevi type. (b) an Invasive Melanoma Stage > T1b case;

the segmented dermal nests might contain both nevi and melanoma dermal nests.
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5.3 DMethod and Model

In our experiments, we investigate two different approaches to classify dermal nests: 1) A
feature-based approach in which we extract features of each sample, and using conventional
statistical models, we trained a classifier. 2) A CNN-based approach that uses well-known
Convolutional Neural Networks (CNNs) as the classifier. We then evaluated each model’s

performance on the same testing dataset and compared the results.

5.3.1 Feature-based Classifiers

Various models in machine learning use extracted features from a dataset to learn a classifica-

tion task. In this work, we utilized three different methods as follows:

e Logistic Regression: Logistic Regression [15] is a type of statistical analysis that is
often used for predictive modeling in machine learning. This approach uses a logistic
regression equation to understand the relationship between the dependent variable and
one or more independent variables by estimating probabilities. We used scikit-learn
1.0.2 [63] Python library to build a logistic regression model with L2 penalty term,

saga solver, and maximum iterations of 2000.

e Support Vector Machines (SVM): Support vector machines (SVMs) [14] are a
set of supervised learning methods used for various tasks in machine learning, such as
classification, regression, etc. The objective of the SVM algorithm is to find a hyperplane
in N-dimensional space (N is the number of features) that distinctly classifies the data
points. For our experiments, we used scikit-learn 1.0.2 Python library to build an
SVM model using LinearSVC with L1 penalty term, squared hinge loss function, and

maximum iterations of 5000.

e Random Forest: Random forest [30], consists of an ensemble of a large number of

individual decision trees. In this classification method, each tree in the random forest
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vote for a class prediction, and the class with the most votes becomes the model’s final
prediction. In our experiments, we used scikit-learn 1.0.2 Python library to build a
Random Forest ensemble model with 100 decision trees, the maximum depth of the
tree as None and the number of features to consider when looking for the best split to

be the maximum number of features.

To extract features which will be used to train, validate, and test the aforementioned
models, we used a PyTorch torchvision [47] pre-trained CNN model, ResNet18 [27] trained
on ImageNet dataset [17], and extracted features. Saved features with corresponding labels

of "nevus dermal nest" and "melanoma dermal nest" were used to train our classifiers.

5.3.2 CNN-based Classifiers

Another approach to training a classifier is using Convolutional Neural Networks (CNNs)
since they have shown good performance in various computer vision and machine learning
tasks. We trained three different architectures, using PyTorch torchvision [47] pre-trained

CNN models, trained on ImageNet dataset [17]:

e DenseNet: densely connected convolutional neural network [31], introduces a novel
connectivity mechanism to improve the flow of information between different stacked
convolutional layers. In our experiments, we used a pre-trained torchvision densenet161

architecture as a nest classifier model.

e ShuffleNet: ShuffleNet [97] is a convolutional neural network that utilized two new
operations, point-wise group convolution and channel shuffie, to reduce computation
cost while maintaining accuracy. We used a pre-trained torchvison shufflenet v2 for

our experiments.

e ResNet: A residual neural network [27] is a CNN that utilizes skip connections to jump
over some layers. We used a pre-trained torchvison resnet18§ for two of our experiments

with different training datasets.



49

As the preprocessing step, we included random cropping, random rotation, horizontal flip,
and normalization in the Dataloader function. All the models were trained for 20 epochs

with Cross-Entropy [16] as loss function, Adam optimizer [34] with a learning rate of 0.001.

5.4 Results

All the models from both approaches were evaluated by a testing set of ROI images that was
kept unseen from the model during the training process. Note that in the testing dataset, no
nest samples from the segmentation model are included. The testing dataset only contains
extracted nests from ROIs in which we had a pathologist’s annotation as ground-truth to
compare model prediction against them. Using the model with the best performance on ROI

images, we generate DMN-M and DMN-N on extracted slices of the WSI.

5.4.1 Quantitative results on ROIs

All the trained models were evaluated on the same ROI testing set. Each nest classifier’s
performance was measured using these metrics: F-score, precision, sensitivity (recall), and

specificity:

Sensitivity(recall) = TP/(TP + FN)

Specificity =TN/(TN + FP)

e Precision =TP/(TP+ FP)

Precision.Recall

¢ F_SCO’I“@ =2X Precision+ Recall

The results of this evaluation with Statistical models and CNN models are summarized in

Table [5.1] and Table respectively.
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Table 5.1: Quantitative nest classification results on ROIs-Statistical models

Approach Method F score | Precision | Sensitivity | Specificity
Logistic Regression 0.74 0.70 0.78 0.58

Feature-based | SVM 0.68 0.66 0.69 0.55
Random Forest 0.71 0.65 0.78 0.45

Table 5.2: Quantitative nest classification results on ROIs-CNN models

Approach Method | F_score | Precision | Sensitivity | Specificity
DenseNet 0.88 0.87 0.89 0.82

CNN-based | ShuffleNet 0.78 0.80 0.76 0.74
ResNet 0.96 0.95 0.97 0.93

5.4.2  Qualitative results on WSI

After acquiring our best nest classifier (ResNet(B)), we ran the model on all the Dermal

Nests (DMN) extracted from the previous segmentation mask of Invasive Melanoma Stage

Tla and > T1b WSIs to generate Melanoma Dermal Nests (DMN-M). Any segmented DMN

samples in these classes that are not classified as a DMN-M by the nest classifier model will

be assigned to Nevus Dermal Nest (DMN-N). Figure shows examples of an extracted

slice of invasive melanoma WSI, corresponding Dermal Nest mask generated by our previous

segmentation model, Melanoma Dermal Nest (DMN-M) portion of the Dermal Nest (DMN)

as a result of nest classifier output, and Nevus Dermal Nest (DMN-N) portion of Dermal

Nest (DMN) as a result of the complement of DMN-M on DMN.
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(a) WSI (b) DMN (¢) DMN-M (d) DMN-N

Figure 5.3: Examples of our best nest classifier, ResNet(B) results on WSI (a) extracted
slices of invasive melanoma WSIs (b) Dermal Nest results of Chapter 4] segmentation model
(¢) Melanoma Dermal Nest (DMN-M) portion of DMN (d) Nevus Dermal Nest (DMN-N)
portion of DMN.

5.5 Summary

Various entities play important roles in a pathologist’s decision about the diagnosis of
melanocytic skin lesions. Dermal nests are one of the foremost structures in biopsy images
which can distinguish between a case being cancerous or non-cancerous. Furthermore, the
staging of a cancerous case depends on the depth of invasion of the dermal tumor. Hence,
segmentation of dermal nests, and further investigation of the dermal nest type (i.e. nevus or

melanoma) is of interest.

In Chapter [4] we proposed a two-stage segmentation pipeline in which Epidermal Nests
(EPN) and Dermal Nests (DMN) were segmented in its second stage. However, the necessity
to further study the nature of dermal nests in different diagnosis categories led us to design a

dermal nest classifier that will be able to classify segmented dermal nests (DMN) into two

sub-categories of Nevus Dermal Nests (DMN-N) and Melanoma Dermal Nests (DMN-M).
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Applying the trained nest classifier on WSI masks, we obtain DMN-M and DMN-N masks
which have the potential to be utilized in the diagnosis pipeline. In Chapter [6] we will
investigate the benefits of classified nests and possible use in improving the WSI diagnosis of

skin biopsy images.
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Chapter 6

IMPROVING WSI DIAGNOSIS USING TISSUE
SEGMENTATION

6.1 Introduction

Deep learning and artificial intelligence have achieved unparalleled success in various tasks
such as classification, segmentation, detection, etc. However, though the state-of-the-art
approaches in this field show fast and accurate performance, they face challenges in dealing
with medical datasets. Medical datasets usually are small in sample size, have large images,
and do not have many examples of perfect annotations. However; as the field of Al in
healthcare has grown significantly in recent years, more robust methods in this area have

emerged.

In addition, demand for diagnosis models and classification tools based on histopathological
images has increased due to the inter- and intra-variability in pathology and the potential
solution that AI methods can produce. Providing prognostic and diagnostic information at
the time of cancer diagnosis has important implications on patient outcomes, as automated
machine learning methods on whole slide images provide a promising way forward for efficient
and robust pathology analysis.

Various studies have introduced diagnosis models based on WSI and histopathology
images. In [52], introduced a CNN-based deep feature extraction framework build slide-level
feature representations via weighted aggregation of the patch representations and overcome
the challenge of working with variable-sized regions of interest. [38] extracted relevant
patch representation using self-supervised contrastive learning and introduced a dual-stream
architecture with trainable distance measurement to train an MIL model called Dual-Stream

Multiple Instance Learning Network (DSMIL). [9] proposed a Multiple Instance Learning
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(MIL) based on transformer that first selects the top-k patches, and then uses these patches
for instance-learning and bag-representation learning. In addition, this method uses a center
loss that maps embeddings of instances from the same bag to a single centroid and reduces
intra-class variations for final diagnosis.

Segmentation-based methods are another approach that has been studied in the field of
histopathology image analysis as different tissues, and entities in these images might play an
important role in the diagnosis of the case. Several works with this approach first generate
semantic segmentation masks on WSI, and using the extracted information from those masks,
produce an image-level diagnosis [93, 53, [57]. While this approach is a valuable study path,
the challenge of dealing with imperfect annotation or lack of annotation is not addressed in
such studies.

In this work, we aim to utilize some of our previous projects to improve the diagnosis of
skin biopsy WSI. To this end, we incorporate the tissue segmentation masks of Chapter [4]
which were generated based on sparse and coarse annotation, along with the nest classification
results of Chapter [5 to investigate the potential of providing this information on WSI

diagnosis of skin biopsy.
6.2 Dataset

The WSI dataset that was used in this chapter is the dataset described in Chapter [2] with 5
diagnostic classes of 1) Class I: mild dysplastic nevi, 2) class II: moderate dysplastic nevi,
3) Class III: melanoma in situ, 4) Class IV: invasive melanoma stage T1la, and 5) Class
V: invasive melanoma stage > T1b. The only difference is that since the clinical risk for
progression of both Class I and Class II is extremely low, and we have a limited sample
size in the aforementioned classes, we regrouped the five classes to four diagnostic classes by
combining samples from class I and II into one class. The final 4 classes will be 1) Class I-11I:
mild and moderate dysplastic nevi (MMD), 2) Class III: melanoma in situ (MIS), 3) Class IV:
invasive melanoma stage Tla (T1la), and 4) Class V: invasive melanoma stage > T1b (T1b).

As mentioned in section [4.5.1} to 1) reduce the size of the input images, and 2) eliminate
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the effect of the slides’ orientations, since this information does not aid in the model’s
prediction of the diagnosis, we used extracted slices from WSIs. An example of a WSI and
its corresponding extracted slices is shown in Figure [4.5

The main resolution which we used to extract individual slices was 20x. Using this
resolution, we extracted lower resolutions of 7.5x, 10x, and 12.5x which we later used for our

experimental studies.

6.2.1 Binarized Segmentation Masks

The segmentation masks generated by the proposed pipeline in Chapter [ were used in
the current project. Each tissue mask from that project (Epidermis (EP), Dermis (DE),
Epidermal Nest (EPN), and Dermal Nest (DMN)) was separated into a single binary mask
in order to have more control over tissue combination in our experimental studies on the
diagnosis accuracy. In addition to the aforementioned tissue masks, we included the two
types of dermal masks from Chapter [5| as two separate binary masks of Nevus Dermal Nest
(DMN-N) and Melanoma Dermal Nest (DMN-M). Figure shows examples of binary masks
for two classes of Mild and Moderate Nevi (MMD) and Invasive Melanoma Stage > T1b
(T1b). Note that the MMD case does not include any DMN-M; hence, the corresponding

mask is all zeros.

6.2.2 Dataset Split

The dataset of WSIs before extraction of slices are divided into half, conserving the original
set’s diagnostic class distribution over both subset. One-half of the dataset is used for training
and validation subsets, and the other half of the dataset is kept unseen from the model
during the training and solely used for the final evaluation of the trained model. This split is
kept fixed over all the experiments. After splitting the dataset, the extraction step that is
explained in section is applied over all the WSIs in the training, validation, and testing

subsets.
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(a) Moderate Nevi (b) Invasive Melanoma >T1b

WSI

Segmentation

EP

Figure 6.1: Examples of binarized segmentation masks (a) a Moderate Nevi case (b) an
Invasive Melanoma Stage > T1b. From top to bottom, one extracted slice from a WSI, all
segmentation masks in one mask (containing EP, DE, EPN, and DMN), binary Epidermis
(EP) mask, binary Dermis (DE) mask, binary Epidermal Nest (EPN) mask, binary Dermal
Nest (DMN) mask, binary Melanoma Dermal Nest (DMN-M), and binary Nevus Dermal
Nest (DMN-N) mask are shown.
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6.2.3 Soft Labels

Usually, each WSI has multiple slices; however, not all the slices contain related information
to the assigned diagnostic class to the case. In our dataset, the ROIs (some examples in
Figure that helped pathologists in diagnosis belong to one or two tissue slices, while the
other tissue slices may correspond to other diagnostic categories. If all the extracted slices
from a WSI are assigned to one diagnostic class, there is the risk of false representation of
that diagnostic class which can interrupt the learning process of a model. To handle the
aforementioned issue, we used a method that was previously developed by our group in which
using a singular-value decomposition (SVD), soft labels will be assigned to the slices that do
not have an ROI on them. For more information about the details of this method, refer to

[o1].

6.2.4 Combining WSI and Segmentation masks

We tried various methods to combine the information from WSI and corresponding seg-
mentation masks’ information. The final method that we chose to implement and run our
experiment is as follows: Each WSI has 3 channels of RGB: Red (R), Green (G), and Blue
(B). In order to add segmentation mask information to our data, we concatenate each mask
as a new channel to the image. For example, if we add a DMN channel to the WSI, we will
have a new input with 4 channels: R, G, B, and DMN. This approach gives the flexibility
of investigating any combination of tissue masks that is of interest. In addition, the feature
extractor obtains the information of appended tissue masks along with the original WSI

which might result in a more representative feature set.

6.2.5 Feature extraction

We use MobileNetv2 [74] pre-trained on the ImageNet dataset [17] as a feature extractor
on our extracted patches. MobileNetv2 outputs 1280-dimensional patch-wise features after

global average pooling. Since the pre-trained network on the ImageNet dataset is essentially
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a network with 3 input channels of RGB, we modified the first layer of the network by
replacing it with a Conv2d layer that has input channels equal to the number of input image
channels. The number is not fixed since as explained in section [6.2.4] the number of input
image channels depends on the tissue mask combination in a specific experiment. Changing
the first layer of the network which is not pre-trained on any image has the potential of
negatively impacting the feature extraction step; however, as we will see in the next sections,
the results do not show any clear effect of such. The reason might be the nature of CNNs in
which the first few layers are focused on low-level features while the middle layers mainly

extract high-level and fine detailed features.
6.3 Method and Model

In this work, we aim to investigate the potential of improving WSI analysis using previously
generated segmentation masks from sparse and coarse annotation. To this end, we designed
several experiments with various tissue combinations and trained multiple diagnosis models

using Scale-Aware Transformer Network (ScATNet) [91] as a base model.

6.3.1 Scale-Aware Transformer Network (ScATNet)

In previous work, [91] proposed Scale-Aware Transformer Network (ScATNet) for Diagnosing
Melanocytic Lesions using WSI. ScATNet is designed to allow the model to learn local
and global representations from multiple input scales. This end-to-end pipeline 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 transformers, and (3) learn
scale-aware embeddings across multiple input scales using transformers [91].

ScATNet projects extracted patch-wise features explained in section linearly to a
128-dimensional space and then learns contextualized patch-wise and scale-wise embeddings
using transformers. 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.
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In our work, using segmentation masks along corresponding WSI, we achieved the best
results using a single scale version of ScATNet. In section the comparison of different

tissue types and various scales will be presented.

6.3.2 Ezxperimental studies

In order to investigate the impact of different tissue types, we designed several experiments
with various combinations of tissue segmentation masks, using ScATNet as the basic model.
In each experiment, we included specific segmentation masks along with the WSI, extracted
the features as explained in section [6.2.5| and using the extracted features, we trained and
tested a diagnosis model. We ran the experiments with various resolution scales (7.5 x, 10x,
12.5x, combination of two scales, and all three scales), with different hyperparameters, and
after finding the best setting, we ran all the experiments with different random seeds.

Figure [6.2| shows an overview of our approach.

6.3.3 Hyperparameters

ScATNet was 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 best result in

our experimental studies was achieved using a single scale of 7.5x.

6.4 Results

As a model selection step after training each experiment for 200 epochs, and to improve the
models robustness against stochastic noise, we averaged the best 5 model checkpoints within
a single training process inspired by [§]. Then we evaluated all of our experiments over the
same testing set. A WSI might contain multiple tissue slices, which were extracted into single
slices, and each of these slices might have a different diagnostic class prediction. To decide on
the final diagnosis of a specific WSI, we used max-voting, which means if one of the tissue

slices in a WSI is invasive melanoma, then the entire WSI corresponds to invasive melanoma
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Figure 6.2: Overview of the diagnosis pipeline. The WSI goes to the segmentation pipeline
to generate a tissue segmentation mask. Then, four clinically important tissue structures,
Epidermis (EP), Dermis (DE), Epidermal Nest (EPN), and Dermal Nest (DMN) will be
extracted into four corresponding binary masks. Extracted Dermal Nests will go through
a dermal nests classification step to generate two sub-category of Melanoma Dermal Nest
(DMN-M) and Nevus Dermal Nest (DMN-N). Then, the selected tissue masks based on the
experiment will be concatenated along the RGB channels of the WSI image. Each image
will be cropped into smaller patches afterward. The patches go through ScATNet pipeline
that extracts patch embeddings, then, using contextualized patch-embedding and scale-aware
embedding across available scales, predicts the diagnostic class of each individual input slice.
Then using the soft labeling, the final diagnosis of the case will be chosen from Mild and
Moderate Dysplastic Nevi (MMD), Melanoma in Situ (MIS), Invasive Melanoma Tla (T1a)
and Melanoma Invasive > T'1b (T1b). Note that concatenated masks to the WSI (DMN-M
and EPN) and ScATNet scales (7.5x and 12.5x) shown in this figure are one example our

multiple experimental studies.
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and cannot be MMD or MIS. This approach was inspired by how pathologists make their

diagnosis decision on skin biopsy images.

6.4.1 FEzxperimental Results

We evaluated all the models based on micro F_score, Sensitivity (recall), and Specificity.
Note that in dealing with a multi-class classification, where every test datum should belong
to only 1 class and not multi-label, we cannot use the same F _score as in binary class
classification (i.e. macro F_score in multi-class classification). The correct way to report an
F _score in multi-class classification is to calculate the micro-averaged F_score (AKA micro
F _score) based on micro-precision and micro-recall. Micro-precision measures the precision
of the aggregated contributions of all classes, and micro-recall measures the recall of the

aggregated contributions of all classes.

) ) Q9 — T Psyum

e micro Precision = T Powm+F Pawrm
) — T Psym

e micro Recall = TPu FNaw

micro precisionXmicro recall
micro precision+micro recall

e micro F'_score =2 X

e Sensitivity(recall) = %
sum sum
o Specificity = . i

The summary of results is shown in Table [6.I] F_score of each experiment is reported
based on 10 different random seeds, along with average Sensitivity and Specificity over
10 random seeds per experiment. In our experiments, the (Average, Max) F_ scores were
(0.54,.058) for the raw WSI with no segmentation masks, which improved to a high of
(0.60,0.62) for the raw WSI plus the epidermis mask and the dermal melanoma mask (i.e. the
cancerous nests in the dermis). The addition of the dermal melanoma mask was important

as it gave a significant gain over just providing dermal nests. Note that we started with a
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rather low F_score for the raw WSI and fixed those parameters to achieve stability, so it is

possible that even higher values can be achieved in the top row by starting with a different

set of parameters for the WSI run. However, we favored stability, and the (0.54, 0.58) scores

were stable, in that they could be achieved repeatably.50.

Table 6.1: Experimental results of WSI diagnosis along segmentation masks

F score
Experiment — Sensitivity | Specificity
Average | Min | Max | Median
WSI + EPN + DMN-M 0.60 | 0.58 | 0.62 | 0.59 0.60 0.87
WSI + EPN + DMN 0.57 0.54 | 0.61 0.56 0.57 0.85
WSI + EPN + DMN-M + DMN-N 0.56 0.53 | 0.60 0.55 0.56 0.85
WSI + EP + DE + EPN + DMN 0.55 0.53 | 0.59 0.54 0.55 0.85
WSI 0.5/ 0.53 | 0.58 0.5/ 0.5/ 0.85
WSI + EPN 0.54 0.52 | 0.58 0.53 0.54 0.85
WSI + DMN 0.54 0.51 | 0.56 0.54 0.54 0.85
WSI + DMN-M + DMN-N 0.54 0.52 | 0.55 0.54 0.54 0.86
WSI + DMN-M 0.52 0.50 | 0.55 0.51 0.52 0.84

*F_score are reported for 10 random seeds.

**Sensitivity and Specificity are average scores over 10 random seeds per experiment.

6.4.2 Comparison of Confusion Matrices

Table shows a comparison of two experiments’ confusion matrices. Table is an

example of a multi-class confusion matrix of experiments that only contain RGB channels of

the WSI in the dataset, while Table shows an example of an experiment in which we
had R, G, and B channel of the WSI along with two extra channels of Epidermal Nest (EPN)
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binary segmentation mask and Melanoma Dermal Nest (DMN-M) binary segmentation mask
(a total of 5 channels per image).

As shown in the tables, the number of True Positives (TP) of classes MIS, T1la, and
T1b increased in the experiment in which we included segmentation masks along with WSI.
Another important finding is that the misclassified cases of MIS when we have EPN and
DMN-M information are mostly on T1b and less on MMD. In the real world, MIS is a
challenging case for pathologists to make a definite diagnosis. The comparison of confusion
matrices in Table and tissue experiments’ result of Table shows that the model is
able to learn more information when segmentation masks are introduced along with the WSI,

which can be an assistance to pathologists on challenging cases.

MMD | MIS | T1la | T1b MMD | MIS | T1a | T1b
MMD | 17 8 4 0 MMD | 17 9 3 0
MIS 7 12 | 9 2 MIS 3 16 | 10 | 1
Tla 0 9 | 18 | 4 Tla 5 2 | 18 | 4
T1b 0 2 9 | 12 T1b 0 0 8 | 15
(a) WSI (b) WSI + EPN + DMN-M

Table 6.2: Comparison of two confusion matrices. Rows are defined by expert consensus
and columns are by model predictions. (a) an example experiment with only WSI and no

segmentation mask. (b) an example experiment of WSI + EPN + DMN-M.

6.4.3 Single-Scale vs. Multi-scale

In our experiments, we ran each setting of tissue experiments with single-scale, 2 scales, and 3
scales. A summary of results for one example tissue experiment (WSI + EPN + DMN-M) in

comparison with a raw WSI, which has the exact same parameters and scales, are summarized
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in Table [6.3] These results suggest that having segmentation masks does not improve the
performance when ScATNet is trained on multiple scales, and the gain of improvement is
lower when the higher resolution of WSI along with segmentation masks is used.

This behavior can be explained by the specific strategy of ScATNet in patching input
images on different scales. For example, images in 7.5x resolution are divided into 5 x 5 = 25
crops while 12.5x images are divided into 9 x 9 = 81 crops. In addition, the transformer
unit in the ScATNet architecture includes a self-attention module that learns to pay more
attention (i.e. assign higher weight) to specific patches in an image. When we introduce
a WSI along with its corresponding dermal nests and epidermal nests, the model learns
during the training process that these structures are important in decision making. Hence,
when these tissue structures appear in a testing case’s segmentation mask, the model assigns
higher weights to the patches that contain those structures. If a segmentation mask of a
testing case is inaccurate, especially when some important structures are over-labeled, it can
negatively impact the model’s decision-making and lead to a false prediction. The possibility
of such an impact could be higher in higher resolutions, since there will be more patches with
inaccurate tissue labels; hence, higher weights on irrelevant patches. Figure [6.3] shows an
example of a test set WSI and corresponding segmentation mask (Figure that includes
dermis, epidermis, melanoma dermal nest, epidermal nest, corneum, and background. The
segmentation of epidermal nest is inaccurate and over-labeled, and potentially led to a wrong
prediction on resolution 12.5x (Figure , since the number of patches with noise at that
resolution is more than at resolution 7.5x (Figure [6.3D)).

6.4.4 Comparison to US Pathologists

We have access to the interpretation of 187 US pathologists on the same testing set that we
used in our experimental studies. Table shows the comparison of F'_score, sensitivity
and specificity of pathologists’ performance and our best model (WSI + EPN -+ DMN-M)
performance. We observe that our model either outperforms the pathologists’ results on the

challenging classes of MIS and T1a or has a comparable performance. This finding shows
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(b) 7.5x scale divided into 25 crops (c) 12.5x scale divided into 81 crops

Figure 6.3: low-resolution vs. high-resolution patching when there is an inaccurate segmenta-
tion mask is in testing case. a) a WSI and corresponding segmentation mask that includes
dermis, epidermis, melanoma dermal nest, epidermal nest, corneum, and background. In
this example case, epidermal nests are inaccurately segmented and over-labeled. b) the
segmentation mask in 7.5x scale divided into 25 crops as input patches for ScATNet. c¢)
the segmentation mask in 12.5x scale divided into 81 crops as input patches for ScATNet.
There are higher number of patches with inaccurate and noisy segmentation on 12.5x scale

compared to 7.5 scale which possibly led to a false prediction on 12.5x scale using ScATNet.
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Table 6.3: Comparison of F_score results of raw WSI and tissue experiment (WSI + EPN +

DMN-M) on single-scale experiments and multi-scale experiments.

Scale raw WSI | WSI + EPN + DMN-M
7.5x 0.54 0.60
12.5x 0.56 0.57
7.0x & 12.5x 0.57 0.56
7.5x & 10x & 12.5x 0.57 0.55

the potential that providing an assistant tool can have in the time of cancer diagnosis and

treatment.

Table 6.4: Comparison of F_score, sensitivity and specificity of 187 US pathologists and our
best model (WSI + EPN + DMN-M) on the same testing set.

F score Sensitivity Specificity
Class —
pathologists | Ours | pathologists | Ours | pathologists | Ours
MMD 0.71 0.67 0.92 0.76 0.76 0.81
MIS 0.49 0.50 0.46 0.44 0.85 0.89
Tla 0.62 0.57 0.51 0.64 .95 0.79
T1b 0.72 0.67 0.78 0.57 0.97 0.96

6.4.5 Comparison to Other Baselines

We compared our results with several other methods developed to make a diagnosis based on

histopathology images.
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e Weighted Feature Aggregation: Deep Feature Representations for Variable-Sized
Regions of Interest was introduced by [52]. In this method, a CNN-based deep feature
extraction framework builds slide-level feature representations via weighted aggregation
of the patch representations. In this pipeline, the patch-wise feature will be extracted by
a VGG16 pre-trained CNN, then using two different approaches of either penultimate
layer features (penultimate-weighted) or hypercolumn features (hypercolumn-weighted),
the features will be concatenated in a weighted manner. As the last step, using average
pooling, a slide-level representation will be generated which will later be used for

training and testing the diagnosis CNN model.

e Dual-stream Multiple Instance Learning Network (DSMIL): In this work, [3§]
used self-supervised contrastive learning to extract good representations from patches
and using an aggregator that models the relations of the instances in a dual-stream

architecture with trainable distance measurement, trains a MIL model.

e Multiple Instance Learning with Center Embeddings (ChikonMIL): [9] pro-
posed a Multiple Instance Learning (MIL) method that first selects the top-k patches,
and then uses these patches for instance-learning and bag-representation learning. In
addition, this method uses a center loss that maps embeddings of instances from the

same bag to a single centroid and reduces intra-class variations for the final diagnosis.

The results of all the baseline methods and their comparison with our best model are
summarized in Table Our model using the epidermal nests and dermal melanoma nests

is able to beat all of them.
6.5 Summary

The rapidly growing number of melanoma cases along with inter- and intra-variability of
diagnosis by human pathologists is of concern in this field. On the other hand, advances in

machine learning and artificial intelligence methods have presented the potential to provide
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Table 6.5: Comparison of baseline methods with our best model (WSI + EPN + DMN-M)

Method F score | Sensitivity | Specificity
penultimate-weighted [52] 0.44 0.44 0.81
hypercolumn-weighted [52] 0.43 0.43 0.81
DSMIL [38] 0.50 0.50 0.83
ChikonMIL [9] 0.56 0.56 0.85
Ours 0.60 0.60 0.87

assistant tools for the pathologists to analyze whole slide images (WSIs) for diagnosis and

prognosis objectives.

In recent years, deep learning methods have proved to have excellent performance in
different tasks such as image classification. However, most of the state-of-the-art methods
either require a fairly large dataset to train a model or a large amount of pixel-level annotation.
Both of these requirements are a challenge in dealing with medical datasets as these datasets
are usually small, especially compared to general datasets such as ImageNet [I7], and obtaining

fine manual annotation on them is not a time or cost-effective task.

In this work, we proposed an approach that uses the segmentation masks which we
previously obtained using sparse and coarse annotation in Chapter [ and adds information
to WSI from a fairly small dataset of skin biopsy images. The goal was to investigate the
potential of each important tissue mask in skin biopsy images to improve the results of a

multi-class diagnosis model.

Our experiments showed that including certain segmentation masks along with WSIs
yields a better diagnosis output with one scale. One of the foremost tissue types in skin

biopsy images are nests which contain various types such as Epidermal Nests (EPN), Nevus

Dermal Nests (DMN-N), and Melanoma Dermal Nest (DMN-M). We observed significant
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improvement when including EPN and DMN-M (which is considered the cancerous type
of dermal nests) along with corresponding WSI, compared to the experiments that do not
include any segmentation masks. Further analysis showed that including the aforementioned
entities improved the learning of the model on invasive melanoma and melanoma in situ.
Melanoma in Situ (MIS) and Invasive Melanoma (T1a) are challenging classes for pathologists
to make a consensus decision on those classes. Improvement in the challenging classes proves
the potential Al has in healthcare and pathology.

The dataset that we used in this project is in melanocytes skin lesions and while the cases
included were carefully selected to represent the full spectrum of cases in clinical practices
in the US, we are not certain how this would work when the full spectrum of skin biopsy
(e.g., including non-melanocytic lesions) would work. In addition, the sparse annotations for
the segmentation project were provided on ROIs on the WSI, which means there was prior
knowledge on which part of the WSI contains valuable information. Not all medical datasets

benefit from having ROI assigned to each case.
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Chapter 7
CONCLUSION

In this work, we aimed to provide prognostic and diagnostic information that has important
implications in the time of cancer monitoring and treatment and can led to improving the
whole melanoma diagnosis pipeline and patient outcome. We developed novel methods
toward detection of cellular entities, segmentation of structural entities, and classification of
whole slide images. We used 240 skin biopsy WSIs from M-Path dataset with five diagnostic
categories: Mild Dysplastic Nevi, Moderate Dysplastic Nevi, Melanoma in Situ, invasive
melanoma stage T1la, and invasive melanoma stage > T1b. This dataset include one region
of interest (ROI) per image which was assigned by expert pathologists when making the final

diagnosis on the case.

One of the main challenges we had to tackle in this work was working with a very small
dataset and limited annotation and ground-truth. In each chapter, we tried a specific approach

to overcome this obstacle and showed the potential of working with such a limitation.

We first studied the classification of mitosis which is one of most important cellular entities
and considered to be a key prognostic factor during assessment of a case by pathologists
(Chapter . Using two state-of-the-art CNN-based models, ESPNet and DenseNet, we
generate two separate models for mitosis classification and evaluated their performance in
terms of sensitivity, specificity, and F-score. The ESPNet and DenseNet results on our
melanoma dataset had a sensitivity of 0.976 and 0.968, and a specificity of 0.987 and 0.995,
respectively, with F-scores of .968 and .976, respectively [5§].

In Chapter [4, we developed a two-stage pipeline which utilized the newly obtained coarse
and sparse annotations on ROI portion of our dataset and trains a U-Net based segmentation

model. The main structural entities which were used in this work were epidermis, dermis,
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epidermal nests and dermal nests, with the goal of using the results from this work in
automated diagnosis systems or serve them as a diagnostic aid in the decision-making process.
Applying the trained model on ROI, we generated segmentation masks on all the WSI in
our dataset [59]. Later, in Chapter [5| using a CNN model (ResNet), we classified the dermal
nests into two sub-category of melanoma dermal nest (AKA cancerous nest) and nevus nest
(AKA non-cancerous nest) to study the potential of having these two dermal nests type in
our automated diagnosis pipeline.

Finally, in Chapter [6] we utilized WSI segmentation masks from Chapter [4] and refined
versions of Chapter [0] and studied the impact of adding each tissue mask to WSI in the
classification of our dataset into diagnostic categories. To train diagnostic models, we used
ScATNet which is a scale-aware transformer-based model developed for histopathology image
diagnosis. Our experiments showed that including certain segmentation masks such as
epidermal nests and dermal nests, specifically melanoma dermal nests, along with WSIs result
in a better diagnosis performance.

For future work, utilizing other cellular entities such as Melanocyte cells and nests seems
like a promising path in improving diagnostic accuracy. In addition, our finding showed
that noisy and coarse segmentation on a small dataset like ours can negatively impact the
diagnosis accuracy. Therefore, working on refining the segmentation masks or the approach
of introducing them to the diagnosis pipeline might be a good strategy in improving the

accuracy of model prediction.
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