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Whole slide imaging (WSI) has transformed digital pathology, offering extensive details in

skin biopsies used for melanoma diagnosis. However, clinical assessments remain challenging,

with diagnostic accuracy and efficiency limited by the inherent complexity and variability

of these images. While computer-aided diagnosis (CAD) systems can analyze WSIs using

deep learning approaches, they often treat the images as pure data inputs, lacking the

clinical understanding essential for nuanced assessment. Developing an accurate and reliable

CAD model therefore requires not only detecting diagnostically relevant structures but also

capturing the clinical context in which these structures are assessed. This dissertation aims

to address these needs by introducing a novel diagnosis model that integrates both the key

diagnostic structures and the interpretive processes pathologists use to evaluate WSIs.

The initial focus of the work is on detecting and segmenting diagnostically relevant

structures within WSIs, beginning with a method for identifying melanocytic proliferations

using sparse and noisy annotations to highlight suspicious regions that guide diagnostic

reasoning. To further investigate cellular entities, VSGD-Net was developed to accurately

detect melanocytes in H&E-stained slides, a crucial step for analyzing melanocyte distribution

and growth patterns in melanoma. Additionally, VSGD-Net enables virtual synthesis of

IHC-stained images from standard H&E WSIs, facilitating further insights without the need



for additional staining procedures. This method is extended by CC-WSI-Net, which enables

seamless synthesis across entire slides rather than isolated patches, enhancing contextual

coherence at the whole-slide level.

To support pathologists’ diagnostic workflow, the Semantics-Aware Attention Guidance

(SAG) framework is introduced, integrating semantic information to guide model’s attention

toward regions with high diagnostic relevance. Finally, a Multi-level Region-of-Interest

Attending Network (MiRA) is developed to emulate how pathologists diagnose WSIs by

integrating information from both low-resolution whole slides and high-resolution regions

of interest. This dual-level approach improves diagnostic efficiency and aligns the model’s

behavior with clinical workflows, making it both effective and interpretable for pathologists.

In summary, this dissertation presents deep learning methods for interpretable melanoma

diagnosis, integrating key diagnostic structures with clinical reasoning. These advancements

aim to improve the reliability and consistency of melanoma diagnoses, supporting more

efficient clinical workflows and better patient outcomes.
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Chapter 1

INTRODUCTION

Melanoma is a highly aggressive form of skin cancer originating in melanocytes, the

cells responsible for producing melanin, the skin’s pigment. Despite accounting for only

about 1% of all skin cancers, melanoma causes the majority of skin cancer-related deaths

due to its rapid growth and high potential for metastasis [4]. Early detection is essential,

as timely intervention significantly improves patient survival rates, with a 5-year survival

rate exceeding 99% if diagnosed at an early stage but dropping substantially for advanced

cases [98]. However, the complex and variable nature of melanoma at the cellular level

makes accurate diagnosis challenging, underscoring the importance of developing advanced

diagnostic approaches to assist pathologists and improve outcomes [31].

The gold standard for diagnosing melanoma remains the visual assessment of hematoxylin

and eosin (H&E) stained skin biopsies through microscopic examination. Pathologists perform

diagnosis of melanoma by carefully analyzing the histopathological features of the sample,

focusing on the presence of atypical melanocytes and their distribution, which provide critical

clues for diagnosis. Like many other cancers, the diagnosis of melanoma has been significantly

impacted by the advancement of Whole Slide Imaging (WSI). WSI offers high-resolution

digital images of tissue sections, allowing pathologists to review samples in greater detail

and facilitating the detection of subtle diagnostic features, which is especially crucial for

complex diseases like cancer [28]. Despite these advantages, the process still heavily relies on

the expertise and experience of the pathologist to identify relevant features, which can be

labor-intensive and prone to human error. Diagnostic errors are common, with substantial

inter- and intra-observer variability in the interpretation of melanocytic lesions [19, 2, 26, 24].

For instance, pathologists disagree in up to 60% of cases involving melanoma in situ and
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stage T1a invasive cases [25]. The diagnostic variability poses a serious concern, as it can

negatively impact treatment outcomes. Furthermore, the shortage of pathologists aggravates

these challenges, undermining diagnostic accuracy and hindering medical progress. Therefore,

a computer-aided diagnosis (CAD) system could play a pivotal role in reducing diagnostic

uncertainties, easing pathologists’ workloads, and improving the overall clinical process.

Deep learning methods have significantly advanced the automated analysis of WSI.

Specifically, CNNs have been widely adopted for their ability to learn hierarchical patterns

from image data. Nevertheless, due to the large size of gigapixel WSIs, CNNs are typically

applied to smaller image patches extracted from the slides, and the features of these patches are

aggregated for image-level predictions through Multiple Instance Learning (MIL) approaches

[5, 40, 116, 16, 50]. While these methods provide valuable local information, they often

fail to capture inter-patch correlations and overlook the broader context within the WSI.

Transformer-based models have made strides in this direction by capturing both local and

long-range global features [84, 13, 12, 121, 108]. However, they still operate on all the patches

in a WSI indiscriminately, resulting in a relatively blind search for image patterns across the

entire WSI.

Although both MIL and transformer-based methods offer improvements in WSI analysis,

they still fall short in interpretability and clinical understanding, which limits their trustwor-

thiness among pathologists. These methods typically attempt to analyze features across the

entire WSI, rather than focusing on diagnostically relevant areas that a pathologist would nat-

urally prioritize. Some methods incorporate region of interest (ROI) annotations to train ROI

retrieval networks for a subsequent computer-aided diagnosis on specific ROIs [46, 122]. But

this approach requires expert annotations for every data sample, and the ROI demarcation is

often ambiguous given the irregular shapes of these regions. Alternatively, incorporating prior

semantic knowledge from other models as weak supervision can potentially guide the model

towards diagnostically important regions. These challenges underscore two key problems: 1)

detecting diagnostically relevant entities within skin biopsies, and 2) enhancing the analysis

and diagnosis of WSIs by incorporating both high-resolution, localized ROIs and the broader,
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low-resolution context of the entire WSI. Addressing these challenges is essential to develop

models that align more closely with clinical decision-making and improve diagnostic reliability

in real-world applications.

This dissertation addresses the unique challenges in automated WSI analysis for melanoma

diagnosis, with a focus on enhancing interpretability and diagnostic accuracy. During the

exploration of these challenges, the need for efficient learning—arising from limited high-

quality annotations and the large size of WSIs—consistently emerged as a critical obstacle.

These constraints complicate the development of models that can effectively emulate the

clinical expertise of pathologists. To overcome these challenges, this dissertation introduces

several innovative approaches, including melanocyte detection on H&E stained biopsy images,

virtual staining from H&E to immunohistochemistry (IHC), semantic attention guidance

for attention-based classification models, and a multi-level region-attending network for

WSI analysis. Together, these contributions have the potential to promote a more accurate,

interpretable, and clinically applicable approach to WSI diagnosis.

In this dissertation, a series of projects are presented to demonstrate how advanced models

tackle the specific challenges of WSI analysis in skin cancer research. The findings in this

dissertation lay the groundwork for more reliable, interpretable, and efficient computer-aided

tools, ultimately aiding in the clinical decision-making process for melanoma and potentially

other forms of cancer.

Chapter 2 provides an overview of the three main skin biopsy datasets used in the projects:

1) an H&E WSI dataset for melanoma classification, 2) a ROI dataset with sparse and noisy

annotation on melanocytic proliferation, and 3) an image dataset with H&E and SOX10 (an

IHC staining type) paired WSIs for melanocyte detection.

Chapter 3 presents a project, Identifying Melanocytic Proliferation [69], which focuses on

detecting and segmenting diagnostically relevant structures in skin cancer biopsy images. To

address the challenge posed by extremely limited and low-quality annotations, this project
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employs a weakly-supervised learning approach, effectively balancing annotation scarcity with

model performance.

Chapter 4 introduces VSGD-Net [68], a novel detection model that learns melanocyte

identification through the virtual staining from H&E-stained images into SOX10-stained

images. VSGD-Net takes full advantage of SOX10’s unique ability to highlight melanocytes

in distinct colors, enabling the model to simultaneously learn both detection and virtual

staining tasks. Building upon VSGD-Net, we present CC-WSI-Net [72], which learns to

seamlessly synthesize IHC-stained WSIs. The synthetic WSIs from CC-WSI-Net are free

from the patch stitching artifacts, offering a more realistic appearance that could potentially

enhance the accuracy and efficiency of WSI analysis.

Chapter 5 presents SAG [70], an innovative flexible framework that integrates semantics-

aware attention guidance into any attention-based classification models, including transformer

and MIL methods. In this work, we propose a heuristic attention-generation method to

convert diagnostically relevant entities to heuristic guidance signals. These semantic guidance

signals are employed to supervise the attention learning process through a novel attention

guiding loss. The application of SAG effectively enhances the classification performance

on two cancer datasets and represents a crucial step towards the interpretability of WSI

diagnosis models.

Chapter 6 outlines MiRA, a novel multi-level region-of-interest attended network designed

for WSI analysis. MiRA employs dynamic ROI retrievals using weak supervision, allowing it

to focus on diagnostically relevant areas within the WSI while also capturing broader, global

image patterns. This dual attention mechanism mimics the clinical pathological decision-

making process, where pathologists not only examine the high-level structure of the entire

slide but also zoom in on specific regions for detailed analysis. By incorporating both global

WSI features and localized ROI characteristics, MiRA leverages a multi-level design that
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effectively integrates information from multiple scales. This architecture significantly enhances

diagnostic performance, making it a promising tool for improving melanoma diagnosis in a

clinical setting.

Chapter 7 summarizes all the projects and discusses the possible future work.
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Chapter 2

DATASETS

This chapter introduces the main datasets used in the following chapters for melanoma

WSI analysis. To develop interpretable and effective models, it’s important to understand

the inherent properties and challenges associated with the skin cancer. Here we provide

a description on the M-PATH dataset, the skin cancer ROI dataset, and the melanocyte

detection dataset. We also include the statistics and detailed preprocessing of these datasets.

2.1 M-PATH Dataset

The dataset consists of 222 H&E stained WSIs of skin biopsy images collected for the M-PATH

study (R01CA151306) [25]. This study was approved by the Institutional Review Board at

the University of Washington with protocol number STUDY00008506. The 222 cases were

interpreted by a consensus panel of three experienced dermatopathologists using the MPATH-

Dx (Melanocytic Pathology Assessment Tool and Hierarchy for Diagnosis) classification

(a) MMD (b) MIS (c) pT1a (d) pT1b

Figure 2.1: Example H&E stained WSIs from the M-PATH dataset.
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schema. The consensus assessments were categorized into five simplified classes based on the

progression risk, which spans from low-risk dysplastic nevi to higher-risk invasive melanoma.

Example diagnostic terms for each MPATH-Dx class are as follows: (I)mildly dysplastic nevi,

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

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

In our diagnosis research, the five classes were grouped into four diagnostic classes due to

limited sample size in Classes I and II and the low clinical progression risk of both Class I

and Class II. The diagnostic terms we use for each class are as follows: 1) Class I-II: mild

and moderate dysplastic nevi (MMD), 2) Class III: melanoma in situ (MIS), 3) Class IV:

invasive melanoma stage pT1a (pT1a), and 4) Class V: invasive melanoma stage ≥ pT1b

(pT1b). We randomly split the dataset into training, validation and testing subsets with 89,

22 and 111 WSI samples. The distribution and sample image of the diagnostic classes are

provided in Table 2.1 and Figure 2.1.

Table 2.1: Statistics of the MPATH dataset.

Diagnostic Number of WSIs

Class Training Validation Testing Total

MMD 23 6 29 58

MIS 24 5 30 59

pT1a 26 6 30 62

pT1b 16 5 22 43

Total 89 22 111 222
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2.2 Skin Cancer ROI Dataset

This dataset consists of 227 ROIs that best represent the diagnostic classifications within

the M-PATH dataset. These ROIs were selected by the aforementioned consensus panel of

pathologists and were extracted from the H&E stained WSIs at 10x magnification. The

distribution of ROIs across MPATH-Dx categories is as follows: 29 cases in class I (benign),

49 cases in class II (moderate dysplastic nevi), 67 cases in class III (melanoma in situ), 50

cases in class IV (stage pT1a invasive melanoma), and 32 cases in class V (stage pT1b or

higher invasive melanoma). For experimental use, we randomly split the dataset into training,

validation, and testing with 174, 19, and 34 samples, respectively.

Figure 2.2: Examples of melanocytic proliferations: we use red polygons to mark the

singly dispersed melanocytes and yellow polygons to mark the melanocytic nests, which

represent proliferations of melanocytes.

We enlisted an additional expert pathologist (Dr. Mojgan Mokhtari) to label the

melanocytic proliferations within the ROIs for training the segmentation model described
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in Chapter 3. Accurate identification of melanocytic proliferations, including both single

melanocytes and melanocytic nests, as shown in Figure 2.2, is critical for diagnosis. However,

the annotation is challenging due to the varied shapes and sizes of nests, the high density

of melanocytes in each slide, and the need for costly, expert annotation, making it difficult

to gather sufficient labels for training deep learning models. Given the difficulties, the

pathologist only partially marked the ROIs (i.e. not every ROI is marked and not every

melanocytic proliferation is marked), and drew polygons around many melanocytes instead

of each individual cell. Example markings are provided in Figure 2.3. To improve annotation

reliability, two additional pathologists reviewed these markings. While this approach yields

a sparse and somewhat noisy annotation, it greatly reduces the time required for expert

involvement.

(a) Sparse annotations (b) Noisy annotations

Figure 2.3: Melanocytic proliferation annotations: (a) sparse annotations: green

markings belong to the sparse annotations, and yellow markings show the complementary

annotations; (b) noisy annotations: red and yellow markings show the true single melanocytes

and the melanocytic nests separately, while they are actually labeled as the green markings

in our annotations.
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2.3 Melanocyte Detection Dataset

A skin biopsy dataset was curated to facilitate learning melanocyte detection on H&E

stained WSIs, as detailed in Chapter 4. This dataset consists of skin tissue from paraffin-

embedded blocks of 15 cases, randomly chosen from historical cases at Dermatopathology

Northwest laboratory. These cases represent three samples from each MPATH-Dx diagnostic

category [25, 87]. Each skin biopsy sample was sectioned into 4–6 thin slices for microscopic

examination, resulting in a total of 75 slices at 20x magnification. To obtain accurate

melanocyte ground truth labels without incurring high annotation costs, we utilized Sox10,

an immunohistochemistry (IHC) stain specific to melanocytic nuclei. Initially, each WSI was

stained with H&E (Figure 2.4a). The same tissue sections were then carefully destained and

re-stained with Sox10, which highlights melanocyte nuclei in red, while nuclei of other cells

appear blue, providing a clear distinction between melanocytes and non-melanocytes (Figure

2.4b).

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

Figure 2.4: Sample H&E stained image and Sox10 stained image. The Sox10 stain highlights

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

To generate groundtruth labels for melanocyte detection, we introduce a pseudo-automatic

procedure. First, we carefully registered raw Sox10 stained images to their corresponding

H&E stained images using Histokat software1[75]. We then trained a Random Forest classifier

on a set of 100 manually labeled melanocytes in Sox10 images to generate the preliminary
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Figure 2.5: Melanocyte groundtruth generation: First, we register raw Sox10 images

(b) into aligned Sox10 images (c) using template H&E images (a). Then, we apply a Random

Forest classifier to classify pixels into melanocyte or non-melanocyte. At last, the pretrained

NuSeT [115] separates touching nuclei and refine the masks.

melanocyte segmentation masks. To refine these masks, we applied NuSeT [115], a pretrained

nuclei detection model, to accurately separate touching nuclei. This procedure yielded precise

melanocyte masks, which serve as ground truth labels for the study (see Figure 2.6).

To fit images into memory while retaining sufficient details, we cropped the registered

paired images into 256x256 patches at 10x magnification. Background patches were excluded,

resulting in a total of 25,314 patches to use. We allocated 9,652 paired patches from five

patients as the testing set, ensuring that patient data in the testing set was completely absent

from the training and validation sets. Both the training and testing sets included samples

representing the full range of MPATH-Dx diagnostic classes to ensure a comprehensive and

unbiased evaluation.

1https://histoapp.mevis.fraunhofer.de/

https://histoapp.mevis.fraunhofer.de/
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Figure 2.6: Nuclei groundtruth: The boundaries of the melanocyte masks, created from

the Sox10 stained patches (bottom row) using our pseudo groundtruth generation method,

are overlayed onto the H&E stained patches (top row) in green color. The precise alignment

of the cell boundaries across these images shows that the melanocyte masks serve as reliable

groundtruth labels for this dataset.
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Chapter 3

SEGMENTING MELANOCYTIC PROLIFERATION USING
IMPERFECT ANNOTATIONS

3.1 Introduction

The accurate diagnosis of melanoma and its precursors relies on the detailed assessment

of architectural growth patterns of melanocytes. This process involves identifying the

microanatomical localization of melanocytes within the skin (e.g., intraepidermal, dermal-

epidermal junction, intradermal) and characterizing their architectural arrangements. For

example, melanoma in situ exhibits confluent melanocytic growth of single cells and nests

along the epidermal base, often extending to mid-to-upper epidermal layers (pagetoid spread).

Invasive melanoma contains atypical melanocytes within the dermis, often lacking features

of maturation as they descend (e.g., smaller and more dispersed cells). While melanocytic

proliferations can exhibit numerous patterns of growth, this study focuses on two fundamental

patterns: single cell dispersion and nests.

The complexity of diagnosing melanocytic lesions on histopathology arises from variable

architectural patterns and cytomorphological features. A critical first step in developing

accurate machine algorithms is the recognition of melanocytic proliferations and how they are

situated in cutaneous microanatomy. In view of this, we focus on the following question: can

we design a computer-vision-aided system to automatically point out these growth patterns?

Specifically, we aim to detect singly dispersed melanocytes and nests, providing histological

insights to support pathologists. For simplicity, we refer to these patterns collectively as

melanocytic proliferations throughout this project.

Recent advancements in deep learning have enabled researchers to apply neural networks

for histological image segmentation across various medical domains. For instance, CNNs have
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been used to identify tumor regions and ducts in breast cancer studies [37, 62]. Similarly,

researchers have leveraged CNNs to segment prostate cancer grading to aid diagnosis [65, 51].

In dermatopathology, Kucharski et al., [60] utilized Autoencoders for patch-level segmentation

of melanocytic nests in skin cancer.

Building on these advances, we developed a weakly supervised pipeline to identify image-

level melanocytic proliferations. Given the annotation challenges discussed in Chapter

2.2, our approach emphasizes training with sparse and noisy annotations from skin biopsy

images. To address these limitations, we employed weighted loss functions that effectively

accommodate imperfect labels. The proposed method achieves state-of-the-art performance in

segmenting melanocytic proliferations, validated against ground truth annotations provided

by experienced dermatopathologists.

3.2 Related Work

Semantic segmentation is a common task that assigns a semantic label to every pixel in

an image. For instance, the Fully Convolutional Network (FCN) [74] adapts CNNs to take

input images of arbitrary size and output its corresponding mask. FCNs have been widely

used in biomedical image analysis [6, 53, 90]. Building on the structure of FCNs, U-Net [89],

with its encoder-decoder structure and skip connections, became a widely adopted model

for segmentation in histopathology and other domains [106, 113]. Variants like 3D U-Net

[17] and attention U-Net [86] have further extended these capabilities, addressing tasks that

require 3D contextual information or region-specific focus [14, 33].

Unlike semantic segmentation, instance segmentation distinguishes individual objects,

which is less frequently used in medical image analysis. However, it has proven valuable in

specific tasks like gland segmentation in colon histology [111, 10], duct segmentation in breast

biopsies [62], and nuclei segmentation in microscopy images [55]. Mask R-CNN stands out in

this domain, employing a two-stage approach with a Region Proposal Network (RPN) for

coarse localization followed by fine-grained segmentation and classification. For our study, we

adopt Mask R-CNN to identify and segment melanocytic proliferations.
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A notable work by Kucharski et al. [60] addressed melanocytic nest segmentation using

a convolutional autoencoder, representing the state-of-the-art in this area. This approach

combines a convolutional autoencoder for feature extraction with a segmentation head trained

on annotated whole slide images (WSIs). While effective, the model’s reliance on small patch

sizes (128×128) due to memory limitations leads to a loss of contextual information critical

for segmenting melanocytic proliferations. This limitation reduces the segmentation and

detection accuracy. Inspired by this work, we aim to enhance the performance by focusing on

segmenting melanocytic proliferations with improved contextual awareness.

3.3 Methodology

Figure 3.1: Melanocytic proliferation segmentation pipeline: this pipeline enables

training from sparse annotations using the Mask R-CNN model with different loss functions,

and aggregates results on patches to provide an image-level mask that can be used in further

diagnosis. Note: only the middle tissue slice in the WSI is the important region of interest,

even though parts of the other two slides fell into the box.

Figure 3.1 shows our proposed pipeline for melanocytic proliferation segmentation, which

consists of two main components: (1) data annotation and preprocessing procedure, (2)

melanocytic proliferation segmentation model, and patch stitching. In this section, we first

introduce the preprocessing procedure. Second, we describe the model used in both the
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segmentation and post-processing steps in detail. Finally, we provide evaluation metrics on

which our model was assessed and compared with previous efforts.

3.3.1 Data preprocessing

In this study, we leverage the ROI dataset described in Chapter 2.2 for learning melanocytic

proliferation. Even if ROI images are cropped from the original WSIs, they are still too large

to fit into memory, with the smallest size 428×381 to largest size 23691×22401 and median

size 6221×3171 at the magnification 10x. A common strategy to deal with this memory issue

is to extract patches [21, 43]. In Mask R-CNN, the region proposal network predicts the

candidate anchor boxes which are likely to contain an object and feed the anchor boxes for

the downstream heads to classify and segment. Since the default anchor box sizes in the

pretrained Mask R-CNN are 32, 64, 128, 256, and 512, we split the images into 1000×1000

patches, so that the anchor boxes can cover most of the labeled objects in the patches; this

avoids training new layers as the dataset is too small. The patches are resized with the

shortest edge around 800, which is a default step in the model, so that the default anchor

box sizes can cover most of the melanocytic proliferations. Besides, to reduce the boundary

artifacts when stitching patches into images, we downscale the ROI images from 10x to 5x,

i.e., down-sampling to half resolution, and extract the patches with 50% overlap.

3.3.2 Model

Among the processed data patches, most contain only a few small-sized melanocytic prolif-

erations, leaving the majority comprising non-target tissues. This imbalance motivates us

to adopt the Mask R-CNN [41], a widely-used instance segmentation model. Mask R-CNN

offers a significant advantage as a two-stage model, illustrated in Figure 3.2. In the first

stage, a Region Proposal Network (RPN) identifies candidate regions that likely contain

target entities. In the second stage, these regions are refined to adjust anchor boxes, generate

segmentation masks, and produce classification results. This architecture enables efficient

filtering of non-target tissues, making it particularly suited for our task.
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To address the limitation of data scarcity, i.e., we only have 130 images partially labeled in

the training dataset, we leverage transfer learning via CNNs originally pretrained on natural

images. We used an off-the-shelf implementation of Mask R-CNN from detectron2 [109],

pretrained on the MS COCO dataset, which has over 200,000 accurately labeled images and

80 categories. To better utilize transfer learning, we kept the pretrained model’s parameters

as much as possible, except we changed the prediction head since our task is for different

categories and preprocessed the images to get their sizes close to MS COCO image sizes.

Figure 3.2: Overview of Mask R-CNN model architecture: We use ResNet-101+FPN

as the backbone to extract feature maps from the input image. Combining the feature maps

and the anchor box results from Region Proposal Network (RPN), fixed-size feature maps are

fed into three prediction heads (classification, bounding box regression, and segmentation)

to jointly generate instance segmentation results. Since our dataset is partially-labeled, we

change the loss functions of bbox cls in the RPN and classification head to reduce punishment

from unlabeled data.

3.3.3 Loss function

The original Mask R-CNN model was developed for instance segmentation on a fully labeled

dataset. We hereby describe our modification to the loss function to better suit our dataset.

The loss function for Mask R-CNN consists of 5 parts. (1) Lrpn cls: Classification loss in
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the RPN. (2) Lrpn loc: Anchor box location loss in the RPN. (3) Lcls: Classification loss in

the prediction head. (4) Lbox reg: Bounding box regression loss in the prediction head. (5)

Lmask: Segmentation loss in the prediction head.

During Mask R-CNN training, Lrpn loc, Lbox reg, Lmask back-propagate values only from

positive samples. In contrast, Lrpn cls and Lcls leverage both labeled and unlabeled regions to

determine the presence of an instance in the anchor box. Given the partially labeled nature

of our dataset, treating unlabeled regions as background (i.e., not nests) introduces bias to

the task. Thus, we changed the loss functions in these two parts to better train our data.

The original forms of Lrpn cls and Lcls are binary cross entropy, and categorical cross entropy.

In our study, we experimented with two alternative loss functions, weighted cross entropy

(WCE) and focal loss (FL).

Weighted Cross Entropy is a variation of cross entropy with weights given to different

categories to address the dataset imbalance. This helps achieve higher recall and precision.

The larger the weight of a specific category, the higher the recall is on that category. In our

study, WCE is used to reduce punishment from unlabeled areas. We define WCE as:

LWCE = −
∑
i

(w · yi · log(p̂i) + (1 − yi) · log(1 − p̂i)) (3.1)

where yi ∈ {0, 1} is the ground truth label, indicating whether the object belongs to class i.

p̂i ∈ [0, 1] is the probability of the object being in class i, predicted by the model. w is the

weight given to the positive category.

Focal Loss was first introduced in [66], which adds adaptive weights on cross entropy to let

the model focus on hard examples rather than treating hard and easy examples in the same

way. This strategy helps to alleviate the imbalanced data problem. In our study, focal loss is

used to reduce unfair punishment as well as let the model learn from hard examples and is

given by

LWFL = −
∑
i

(w · yi · (1 − p̂i)
λ · log(p̂i) + (1 − yi) · p̂iλ log(1 − p̂i)) (3.2)

where λ is a hyper-parameter. The larger λ is, the more the model focuses on hard examples.

We use λ = 2 in our experiment, following the same setting in [66]. The definitions of yi, p̂i,
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and w remains the same as equation 3.1.

In both LWCE and LWFL, w is used to balance the labeled and unlabeled areas. The

results of different values of w are shown in the ablation study (Chapter 3.4).

3.3.4 Post-processing

To provide a complete prediction on ROI images instead of patches, we stitched the patch

results to image-level masks by only preserving instances with confidence scores over 0.5

and aggregating them together to generate masks. Although this step loses the information

of separate instances, it is acceptable in our task as the delimitations on the melanocytic

proliferations are also vague.

3.3.5 Evaluation metrics

To make our model comparable with the state-of-the-art melanocytic nest segmentation

method [60], we used the standard pixel-level metrics: Dice Score, mean Intersection over

Union (mIoU), accuracy, sensitivity and specificity to evaluate the model’s segmentation

performance. These metrics are calculated based on the pixel populations of true positive

(TP ), true negative (TN), false positive (FP ), and false negative (FN). The definitions of

Dice coefficient and mIoU are given in equation 3.3 and equation 3.4.

Dice =
2 × TP

2 × TP + FP + FN
(3.3)

mIoU =
1

2
× (

TP

TP + FP + FN
+

TN

TN + FP + FN
) (3.4)

3.4 Results and Ablation Study

Despite being trained with weak-supervision using only partially labeled datasets, our model

was able to achieve good performance on the fully labeled test set. To have a fair evaluation,

we asked our expert pathologist to thoroughly label the melanocytic nests in our test set, as

shown in Figure 2.2, which consists of 34 ROI images. In this section, we provide experimental
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results on the fully labeled test set, ablation studies, as well as a detailed discussion of our

results.

3.4.1 Main results

We re-implemented the autoencoder model [60], and trained it following all the detailed steps

as described. Table 3.1 provides a quantitative comparison between the autoencoder approach

and our method across various loss functions, including the default cross-entropy loss. Due to

the limited contextual information fed into the model, the autoencoder produces less accurate

and noisier segmentation results. Additionally, Figure 3.3 presents qualitative comparisons,

where ground truth annotations and segmentation results are overlaid on H&E-stained images.

The first two rows illustrate examples where our method achieves superior segmentation

performance compared to the autoencoder and closely aligns with the ground truth. In

Figure 3.3 (c), our model predicts a false positive proliferation in the middle layer of the

epidermis, which contains keratinocytes with “halo” regions surrounding the nuclei. This

misclassification arises because intraepidermal melanocytes often share similar features with

“halo” regions [76]. Overall, our method outperforms the previous SOTA autoencoder across

all key metrics.

Method Dice mIOU Acc Sensitivity Specificity

Autoencoder[60] 0.655 0.693 0.907 0.795 0.921

Mask R-CNN w. CE loss 0.698 0.728 0.928 0.749 0.950

Mask R-CNN w. WCE loss 0.709 0.733 0.925 0.826 0.937

Mask R-CNN w. FL loss 0.732 0.756 0.939 0.746 0.964

Table 3.1: Quantitative results: Dice score, mIOU, Accuracy (Acc), Sensitivity and

Specificity for all methods. The best performances are highlighted in bold font in this table.
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Figure 3.3: Qualitative comparison between our model and SOTA autoencoder [60]:

From left to right, each column shows examples of H&E stained ROI images, groundtruth

annotation, Autoencoder results, and Mask R-CNN results.

3.4.2 Ablation study

To investigate the impact of the weight in the loss functions on segmentation performance,

we conducted experiments using various weight values for WCE and FL. As summarized in

Table 3.2, the WCE loss achieved optimal performance when w = 3, and FL performs the

best when w = 2. The comparison between default cross entropy (w=1) and other weighted

loss functions demonstrates that incorporating weights significantly improves performance,
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particularly in sparsely annotated datasets like ours.

Loss function Weight Dice mIOU Acc Sensitivity Specificity

Weighted

Cross Entropy

(WCE)

w = 1 0.698 0.728 0.928 0.749 0.950

w = 2 0.708 0.735 0.928 0.782 0.947

w = 3 0.709 0.733 0.925 0.826 0.937

w = 5 0.697 0.723 0.920 0.831 0.931

w = 8 0.693 0.718 0.915 0.856 0.923

w = 12 0.657 0.686 0.895 0.899 0.894

Focal Loss (FL)

w = 1 0.723 0.749 0.938 0.727 0.964

w = 2 0.732 0.756 0.939 0.746 0.964

w = 3 0.729 0.753 0.938 0.748 0.962

w = 5 0.730 0.754 0.938 0.755 0.961

w = 8 0.722 0.748 0.937 0.736 0.962

w = 12 0.732 0.755 0.937 0.773 0.958

Table 3.2: Ablation experiments for weighted cross entropy (WCE) and focal loss

(FL): All models were evaluated on our fully-labeled test dataset. The average performance

from 10 runs are reported.

3.4.3 Discussion

As shown in Table 3.1 and Figure 3.3, our proposed method achieved better results than the

autoencoder [60] in all metrics. The ability to accurately identify melanocytic proliferations

offers valuable histological insights, helping pathologists focus on critical regions and reducing

their workload. Additionally, this approach can aid students in gaining a clearer understanding

of the foundational steps in the diagnostic process.
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We selected Mask R-CNN as our model architecture due to its robustness to noise.

Unlike the autoencoder, which often misclassifies small or irrelevant entities as melanocytic

proliferations (Figure 3.3), Mask R-CNN leverages anchor boxes to prioritize regions of

interest and filter out irrelevant background. Its use of non-maximum suppression further

minimizes noise around target instances, enhancing segmentation accuracy.

3.5 Summary

Identifying melanocytic growth patterns, such as single-cell dispersion and nests, is a critical

step in assessing melanocytic lesions. In this study, we proposed a weakly-supervised

Mask-R-CNN-based model for melanocytic proliferations segmentation. By leveraging weak

supervision, our model only requires partially labeled datasets, which vastly reduces the

data annotation cost. We evaluated our method on ground truth labels provided by expert

pathologists and found that it outperforms the previous state-of-the-art approach. Our model

holds promise as an initial step in an automated diagnostic pipeline. Once we accurately

recognize melanocytic proliferations and how they are situated in cutaneous microanatomy,

we can incorporate other works to extract the aforementioned features. Future research

could extend this work on a larger dataset, incorporate additional diagnostic features, and

integrate advanced classification methods, such as multi-instance learning and Transformer

architectures, to develop a comprehensive diagnostic tool.
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Chapter 4

VIRTUAL STAINING GUIDED MELANOCYTE DETECTION

4.1 Introduction

In biomedical image analysis, the automatic detection of specific cell types in microscopy

images is crucial to a broad spectrum of biological research and clinical practices. Accurate

identification of particular cell types supports the interpretation of biopsies and the diagnosis

of various diseases. For example, diagnosing melanoma requires the assessment of the

distribution disorder of melanocytes1 under the microscopic examination of H&E-stained skin

biopsies by pathologists. Although Chapter 3 introduced a promising approach for segmenting

melanocytic proliferations, it lacks the capability to identify individual melanocytes. This

limitation hinders its ability to provide critical diagnostic information, such as melanocyte

maturation and distribution patterns.

Identifying melanocytic populations is challenging on routine H&E-stained slides due to

their visual similarity to other cells. Pathologists may rely on special additional immunohis-

tochemistry (IHC) stains, such as Sox10 – a specific immunomarker for melanocytes (Figure

2.4c) – to address this issue. However, Sox10 staining is not routinely obtained in clinical

practice due to its high cost. Therefore, building computer-aided detection methods would

support the melanoma diagnosis workload and improve diagnostic accuracy.

Deep learning is widely adopted in various computer vision tasks, with architectures such

as CNNs [36, 49], U-Net [11], and R-CNN [103] being applied to localize nuclei in H&E images.

However, these methods face limitations when detecting specific cell types, as they cannot

fully utilize information from multiple stainings/modalities and struggle with inter-class visual

1For example, melanoma in situ exhibits confluent growth of single and nested melanocytes at the
epidermal base and/or extension into the mid-to-upper levels of the epidermis.
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similarities. Generative Adversarial Networks (GANs) have shown promise in tasks such as

virtual staining and image synthesis. For example, the unsupervised CycleGAN [125] and

the supervised conditional GAN [52] architectures have been leveraged to synthesize medical

images across modalities, such as MR to CT [114, 44], and H&E to IHC [112, 80]. Despite

these advancements, current GAN approaches often fail to incorporate feedback from other

tasks to guide the image synthesis. While some studies [34, 120] integrate a segmentation

network after the generator, they overlook the intermediate features generated during the

image synthesis process, which are empirically critical for improving downstream performance.

To address these challenges, we propose VSGD-Net, a novel virtual-staining-guided

detection network that simultaneously tackles detection and virtual staining tasks. By

exploiting the hidden correlations between two image modalities, VSGD-Net enhances both

detection accuracy and image synthesis quality. We evaluate our method using a curated

dataset (Chapter 2.3) containing H&E and Sox10-stained biopsy images and demonstrate the

importance of intermediate features through extensive experiments.

Building upon VSGD-Net, we further introduce CC-WSI-Net, designed to overcome

the limitations in WSI synthesis. Due to the gigapixel size limit, most virtual staining

approaches [68, 112, 18] stitch patches to obtain WSIs, which suffer from content, texture,

and color inconsistencies (shown in Figure 4.1). These inconsistencies often hinder the

applications of the synthesized WSIs. Alternatively, slide-level synthesis techniques often fail

to ensure cell-level accuracy required for clinical use [39]. CC-WSI-Net addresses these gaps

by incorporating a content and color consistency module, enabling seamless WSI generation

while preserving diagnostic fidelity. Extensive image quality analysis and a subjective survey

conducted with three pathologists confirm the clinical quality of the synthetic WSIs.

In this chapter, we present both VSGD-Net and CC-WSI-Net. VSGD-Net is the

first to investigate the cell detection problem using image synthesis features between two

stainings, achieving state-of-the-art performance in melanocyte detection and virtual staining.

Extending its capabilities, CC-WSI-Net facilitates the synthesis of diagnostically accurate,

seamless WSIs, paving the way for future advancements in computer-aided diagnosis. Together,
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Figure 4.1: Color and Content Inconsistencies: (a) shows a Sox10 WSI generated by

VSGD-Net [68], while (b) displays the corresponding ground truth Sox10 WSI.

these frameworks significantly improve the accuracy, efficiency, and clinical relevance of virtual

staining and cell detection in histopathology.

4.2 Related Work

4.2.1 Nuclei Detection

Deep learning-based nuclei detection methods have been widely studied. As a variant of

the fully convolutional network (FCN) [74], U-Net [89] made a huge impact on the medical

image research community. Many researchers extended the U-Net structure [89] into more

efficient variants to identify nuclei in histopathological images, for example, R2U-Net [3],

U-Net++[124], Micro-Net [88], and Triple U-Net [119]. To incorporate nuclei contour-aware

modules, Zhou et al., presented CIA-Net [123] which contains two task-specific decoders

to learn either the nuclei or the contours. Similarly, Schmidt et al., proposed StarDist [92]

to localize nuclei via star-convex polygons. In the task of detecting nuclei of specific cells,

Graham et al., proposed Hover-Net [36] by utilizing three downstream branches, namely



27

segmentation, classification, and a novel Hover branch, which used the horizontal and vertical

distance maps to segment attached nuclei. For better distance-map generation, Gao et

al., presented the two-stage CHR-Net [30], which leveraged the W-Net structure [110] and

high-resolution feature extractors, and achieved the new state-of-the-art performance.

Another line of approaches, e.g. Mask RCNN [41], have also achieved promising results in

nuclei instance segmentation [73, 103, 104]. The feature pyramid network (FPN) backbone

allows the model to extract features in multiple scales and feed into the region proposal

network (RPN) to generate reasonable instance candidates in varying sizes for downstream

tasks like segmentation and classification. Our proposed model, VSGD-Net, also takes

advantage of the FPN and RPN modules to better exploit the intermediate features for nuclei

detection.

4.2.2 Image-to-Image Translation

Generative Adversarial Networks (GANs), first introduced by Goodfellow et al., [35], leverage

adversarial learning to train a generator and a discriminator in a minimax zero-sum game.

This framework has inspired numerous GAN variants tailored for diverse image synthesis tasks.

For instance, conditional GANs (cGANs) incorporate additional constraints by conditioning

the generator and discriminator on auxiliary information [83]. Notable cGAN derivatives

include Pix2Pix [52] and Pix2PixHD [105], which have become benchmarks for paired image-

to-image translation, as well as StyleGAN [57] and StyleGAN2 [58], which allow control

over image style and quality. These GAN-based approaches have been widely adopted in

histopathological image analysis for applications like stain normalization, modality conversion,

and virtual staining. For example, Stain-GAN [94] addresses biopsy stain normalization,

while CycleGAN [125] enables unpaired domain translation and has been adapted for virtual

staining tasks, such as mapping H&E to IHC [112].

However, many GAN-based methods face limitations when bridging domains without

paired data or enforcing domain-specific constraints. For instance, while CycleGAN employs

a cycle-consistency loss to ensure that translations between domains preserve the original
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content, it lacks pathological constraints necessary for reliable virtual staining in biomedical

contexts. Extensions such as pathology-consistent CycleGAN [71] have addressed this by

incorporating pathological property alignment across domains. Despite these advances,

traditional GANs often overlook the latent features generated during synthesis, limiting

their utility for downstream tasks such as cell detection and segmentation. Recent studies

have begun integrating task-specific networks, such as R-CNN-based detectors, into GAN

frameworks to enhance downstream task performance [67, 34, 120]. Nevertheless, these

approaches fail to leverage intermediate features effectively, leaving room for improvement in

joint task optimization.

Diffusion models, a rapidly emerging class of generative models, offer an alternative

approach to image synthesis by iteratively refining random noise into structured data. Unlike

GANs, which rely on adversarial learning, diffusion models use a denoising framework for

generation. Ho et al., introduced the Denoising Diffusion Probabilistic Model (DDPM) [45],

where Gaussian noise is incrementally added to an image and later removed to reconstruct it.

This process offers flexibility and stability, avoiding issues like GAN mode collapse. Building

upon the DDPM, recent works have adapted diffusion models for tasks like image-to-image

translation. For example, Li et al., proposed the Brownian Bridge Diffusion Model (BBDM)

[64], which leverages a latent-space diffusion process to transform a source image into a target

image. However, the accuracy and reliability of synthetic images remain uncertain in tasks

such as virtual staining.

Building upon prior studies and addressing existing challenges, our proposed VSGD-Net

jointly optimizes image synthesis and cell-type detection by leveraging shared intermediate

features. By integrating supervision from both tasks, it significantly enhances the diagnostic

accuracy of synthetic images and the precise localization of melanocytes.

4.2.3 WSI Synthesis

While virtual staining methods have shown success in translating image modalities, they

typically operate at the patch level, limiting their utility for pathologists who rely on WSIs
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for comprehensive diagnosis. To address this problem, researchers have explored various

strategies to generate WSIs using advanced architectures. For example, Harb et al. proposed a

diffusion-based method that starts by generating low-resolution WSIs from noise, progressively

enhancing resolution through a coarse-to-fine sampling scheme. Lahiani et al. introduced a

Perceptual Embedding Consistency (PEC) loss to improve CycleGAN, achieving seamless

color, contrast, and brightness consistency across patches [61]. Similarly, Sun et al. developed

the Bi-directional Feature Fusion GAN (BFF-GAN), which combines global and local features

via a dual-branch architecture, addressing inconsistencies in color and brightness between

adjacent patches [99]. Although these methods achieve promising results in generating WSIs

with consistent staining, they often neglect clinical quality and diagnostic effectiveness in their

evaluations—an essential consideration for their application in real-world clinical practice.

Hence, to address both the inconsistency issues and the clinical quality of the synthetic WSIs,

we extend VSGD-Net to CC-WSI-Net, which synthesize diagnostically equivalent seamless

WSIs.

4.3 VSGD-Net

Figure 4.2 illustrates the architecture of VSGD-Net. We built the generator G based on

an adapted UNet [89] structure with ResNet-50 [42] as the encoder. The encoder extracts

multi-scale, high-dimensional features from input H&E images, while the decoder, comprising

five deconvolution layers, translates these features into Sox10-stained target images. To

emphasize melanocyte regions without increasing model complexity, attention blocks inspired

by CBAM [107] are integrated into the skip connections. These blocks combine channel

attention using a 3-layer MLP and spatial attention using convolution to generate dimension-

specific attention maps (see Figure 4.3).

While the generator G learns the virtual staining process, the discriminator D attempts

to differentiate real and synthesized Sox10 images. Following Pix2PixHD [105], D adopts

a multi-scale architecture with two identical CNN discriminators operating at coarse and

fine levels. The coarse-level discriminator processes images downsampled by a factor of 2
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Figure 4.2: VSGD-Net framework: H&E images are virtually stained to Sox10. The

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

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

inference phase only uses the upper part of the architecture.
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Figure 4.3: Attention block: Channel attention and spatial attention are consecutively

computed to refine the features.

compared to the fine-level input. Similar to PatchGAN [52], each discriminator evaluates the

realism of every fixed-sized patch in the image instead of directly evaluating the realism of

the whole image. With the minimax loss introduced in [35], this multi-scale design guides G
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to synthesize images with globally consistent patterns as well as finer details.

For detection, inspired by Mask R-CNN [41], we incorporate a feature pyramid network

(FPN), a region proposal network (RPN), and the downstream heads. Learning to generate

Sox10 images, the decoder layers correlate more closely with the Sox10 images than the

encoder layers; moreover, Sox10 staining can highlight melanocytes in a red chromogenic

color, which is consistent with the detection goal. In light of this, we place the detection

branch within the decoder instead of the encoder, which is proven to be effective in the

ablation study.

4.3.1 Training Process

In our end-to-end model, the virtually stained images and the detected instances are predicted

from the shared intermediate features. To incorporate the feedback from both the image

synthesis and the instance detection, we train G, D, and the detection branch jointly to learn

from both the GAN loss LGAN and the detection loss LDET .

GAN Loss The generator G and the multi-scale discrimator D are optimized following the

minimax loss [35]:

min
G

max
D

∑
i=1,2

(
log(Di(Xs)) + log(1 −Di(G(Xh)))

)
(4.1)

where D1 and D2 are the coarse- and fine-level discriminators, and Xs and Xh are the Sox10

and H&E images.

Besides the minimax loss, we add a feature similarity loss Lfeat to improve the similarity

between the generated and the real images. The calculation of Lfeat involves multiple layers

in D and a pretrained VGG19 model, and is given by the following equation:

Lfeat =
N∑
i=1

||Di(Xs) −Di(G(Xh))||1 +
M∑
j=1

||V GGj(Xs) − V GGj(G(Xh))||1 (4.2)

where N and M denote the layers to extract features. The feature similarity loss calculates

the L1 term of the features of real and fake data given by the discriminator and the pretrained
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VGG19. The features of the pretrained VGG19 model are the outputs of layers 1, 6, 11, 20,

29.

Detection Loss The detection loss LDET is separated into Lrpn, Lboxc , Lboxr , and Lseg.

Lrpn is the total loss of the candidate classification and the coarse bounding box regression

in the RPN, given by the summation of binary cross entropy of the candidate classification

and L1 loss on the coarse bounding box regression in the RPN. It forces the RPN to learn

the location of anchor boxes and whether the anchor boxes contain objects. Lboxc , Lboxr , and

Lseg are the losses for the instance classification, the final bounding box regression, and the

segmentation in the downstream heads, which are given by the binary cross entropy of the

instance classification, the binary cross entropy of the mask prediction, and the L1 loss of

bounding box coordinates. The total loss is defined as:

LDET = Lrpn + Lboxc + Lboxr + Lseg (4.3)

Overall Losses and Training In VSGD-Net, the shared intermediate features are

learned to characterize features of melanocytes and boost the Sox10 image synthesis at

the same time. To facilitate such multi-task learning, we combine LGAN with LDET and

backpropagate them to the encoder inside G. The final total loss is defined below:

min
G

max
D

∑
i=1,2

(
log(Di(Xs)) + log(1 −Di(G(Xh)))

)
+ λ ∗ Lfeat + LDET (4.4)

4.4 CC-WSI-Net

As shown in Figure 4.1, although VSGD-Net achieves state-of-the-art performance in patch-

wise virtual staining task, the inconsistencies among patches remain a big challenge. To

improve the stitching consistency and generate seamless WSIs, CC-WSI-Net builds color and

content consistency modules on VSGD-Net to ensure both stain and clinical effectiveness

(shown in Figure 4.4). For content consistency, we employ a context-aware discriminator

to assess continuity between synthetic patches and their surrounding content. For color
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consistency, we utilize a 2D histogram from an unrelated SOX10 WSI as color condition to

supervise uniform color scheme across patches.

Figure 4.4: CC-WSI-Net framework: Content and color consistency modules are proposed

to improve the image generation.

4.4.1 Content Consistency

To enforce content consistency over the borders of patches, we use a context-aware discrimi-

nator trained on composite images.As shown in Figure 4.4, we first synthesize a SOX10 patch

with dimensions 256×256. The central region (192×192) is then cropped and combined with

the border region from the ground truth image to create the final composite image, which

is subsequently input to the discriminator. This approach forces the generator to produce

center regions that seamlessly integrate with the broader surrounding tissue context. During

training, the discriminator takes the composite image as the input and distinguishes based

on the overall appearance. This design enforces both the visual coherence and the realistic
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content generation.

4.4.2 Color Consistency

To address the color inconsistency problem, we propose a color consistency module for the

generator. As shown in Figure 4.5, we replace the last convolution layer in the decoder with

a color-transferring block. This module is inspired from the recolor head in ReHistoGAN [1].

To preserve the fine structure details in the synthesized images, the first two layers in the

encoder are passed to the color-transferring block. In addition, the color-transferring block

takes a 2-D color histogram from a 2.5x magnification WSI as a color condition to guide the

color distribution of the generated image.

Figure 4.5: The left part illustrates the overall generator with the color consistency module,

while the right part shows the details of the color transferring block in the color consistency

module. H represents the 2-D color histogram of the reference WSI as the color condition,

and mapping refers to a fully connected network.
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4.4.3 Training Process

Analogous to the approach employed in ReHistoGAN, we utilize the color-matching histogram

loss to supervise the color scheme of the synthetic Sox10 image. The histogram loss is given

as:

C(Hg,Hs) =
1

2

∥∥H1/2
g −H1/2

s

∥∥
2
, (4.5)

where ∥·∥2 is the standard Euclidean norm and H1/2 is an element-wise square root, and

Hg and Hs are the histograms of the ground truth Sox10 patch and synthetic Sox10 patch

respectively.

To train CC-WSI-Net, we adopt the loss functions in VSGD-Net [68] (see Equation 4.4)and

combine with the histogram loss, the overall loss function for CC-WSI-Net is the following:

Ltotal = min
G

max
D

2∑
i=1

(
log(Di(Xs)) + log(1 −Di(G(Xh)))

)
+ λ ∗ Lfeat + LDET + λcolor ∗ C(Hg,Hs)

(4.6)

where λcolor is the weight for color histogram loss.

4.5 Results and Ablation Study

4.5.1 Melanocyte Detection

Experimental Design and Baseline Methods We compared VSGD-Net with two lines

of methods. The first group is specialized in nuclei detection, including Radial Line Scanning

(RLS)[76], Mask R-CNN[41], U-Net[89], StarDist[92], HoverNet[36], the new state-of-the-art

CHR-Net[30], and a “nuclei classification” method we designed. RLS was specifically proposed

to study melanocyte detection. It leverages a feature-based approach based on the “halo

region” assumption that melanocytes appear with a brighter region surrounding the nuclei

under H&E staining. Furthermore, to investigate the local texture around nuclei, we designed

the “nuclei classification” method, which first applies a fine-tuned ensemble model [93] to

detect nuclei and then trains the open-source ESPNetv2[77] to classify cropped nuclei patches.
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The second group of methods consists of GAN-based approaches, including StainGAN

[94], PC-StainGAN [71], and a self-implemented GAN-based segmentation model similar

to [34]. The segmentation model, whose G and D are the same as VSGD-Net, directly

feeds the synthesized image to the segmentation net and is trained end-to-end. For the other

GAN models that do not incorporate any downstream modules, we tested their performances

in a two-stage manner, using the random forest and the NuSeT model in our groundtruth-

generating step (Chapter 2.3).

In our experiments, the ResNet-50 backbone in Mask R-CNN and the ResNet-34 backbone

in CHR-Net are pre-trained with ImageNet for fair comparisons. We empirically set λ = 10

in Eq. 4.4. We report precision (P), recall (R), F1-score, and Jaccard index. All the models

are trained and tested on the dataset described in Chapter 2.3.

Results In clinical practice, diagnosing melanoma relies heavily on accurately identifying

melanocyte distribution, requiring both high precision and recall. Low recall risks missing

malignant melanocytes, leading to under-diagnosis, while low precision may result in over-

diagnosis. Consequently, metrics like the F1-score and Jaccard index, which balance precision

and recall, are crucial for evaluation.

As shown in Table 4.1, VSGD-Net achieves the highest F1-score and Jaccard index. While

RLS heuristically exploits the “halo region” characteristic of melanocytes, it requires extensive

hyperparameter tuning and lacks generalizability. Methods like “Nuclei Classification” and

Mask R-CNN exhibit high precision but low recall, as their instance-level learning framework

predicts only high-confidence instances. Similarly, StarDist and HoverNet struggle with the

shape representation and distance maps due to the similarity between melanocytes and other

cells. U-Net performs reasonably well, aided by skip connections, while CHR-Net, with

its dual U-Net structure and high-resolution feature extraction, improves on U-Net by 1%,

consistent with prior findings [30]. However, both models underperform VSGD-Net due to

their inability to leverage Sox10 staining.

Figure 4.6 illustrates qualitative comparisons among VSGD-Net, CHR-Net, and GAN-



37

Table 4.1: Comparison with nuclei detection methods.

Method P R F1 Jaccard

RLS [76] 0.443 0.570 0.499 0.332

Nuclei Classification 0.693 0.506 0.585 0.413

Mask R-CNN [41] 0.735 0.514 0.605 0.434

U-Net [89] 0.630 0.639 0.635 0.465

StarDist[92] 0.745 0.426 0.542 0.372

HoverNet[36] 0.729 0.499 0.592 0.421

CHR-Net [30] 0.607 0.688 0.645 0.476

Ours 0.660 0.710 0.684 0.520

based segmentation. VSGD-Net predictions align closely with the ground truth, while

CHR-Net over-predicts melanocytes in the bottom-left region, and GAN-based segmentation

over-predicts those at the top.

VSGD-Net CHR-Net GAN-based Seg

Figure 4.6: The green and red bounding boxes denote the groundtruth and the predicted

instances. (Zoom in for best view)



38

Table 4.2 and Figure 4.7 demonstrate the performance of GAN-based methods. StainGAN

[94] and PC-StainGAN [71] were designed based on unsupervised CycleGAN [125]. Without

any additional supervision, StainGAN fails to learn the distribution gap between the two

stainings. Although PC-StainGAN adds a pathology constraint to the CycleGAN, it still

lacks supervision on the conversion between H&E and Sox10. On the other hand, the GAN-

based segmentation method has supervision on the synthesized images, but its detection

performance is bounded by the image synthesis quality due to its architecture.

Table 4.2: Comparison with GAN-based methods.

Method P R F1 Jaccard

StainGAN [94] 0.476 0.299 0.367 0.225

PC-StainGAN [71] 0.591 0.343 0.434 0.277

GAN-based Segmentation 0.569 0.719 0.636 0.466

Ours 0.660 0.710 0.684 0.520

Ablation Study In Table 4.3, we ablated each key component in VSGD-Net, namely

the image synthesis features, the location of the detection branch and the attention module’s

presence. To verify the efficacy of the image synthesis features, we replaced the generator

of VSGD-Net with the generator in Pix2PixHD[105], which has fewer convolution layers,

no skip connections, and no attention module. As Row 1 of Table 4.3 shows, despite the

weakness of the Pix2PixHD generator, it still achieves comparable results and outperforms

other baselines with the key component of boosting detection with image synthesis features.

We assumed the features in the decoders have higher correlations with Sox10 staining and

melanocytes, and the attention module refines the intermediate features. Such assumptions

are verified by the notable performance gains in Table 4.3 row 5.
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Table 4.3: Ablation results.

Generator Features From Atten. F1 Jaccard

Pix2pixHD Decoder - 0.654 0.486

Ours Encoder ✗ 0.641 0.472

Ours Decoder ✗ 0.674 0.508

Ours Encoder ✓ 0.660 0.492

Ours Decoder ✓ 0.684 0.520

4.5.2 Virtual Staining

H&E StainGAN PC-StainGAN

GAN-based Seg VSGD-Net Sox10

Figure 4.7: Synthesized Sox10 images.
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To measure the reliability of the virtual staining, we calculate the average Peak Signal-

to-Noise Ratio (PSNR) and Structural Similarity (SSIM). Larger numbers in PSNR and

SSIM indicate better image quality and higher similarity with the groundtruth. As Table 4.4

shows, VSGD-Net achieves the highest PSNR and a comparable SSIM to PC-StainGAN.

By assessing the mean squared error of the synthesized images, higher PSNR indicates more

reliable results with regard to the virtual staining task. We present more virtual staining and

detection results in Figure 4.8.

Table 4.4: Synthesized image quality assessment.

Method PSNR(dB) SSIM

StainGAN [94] 19.010 0.577

PC-StainGAN [71] 19.344 0.618

GAN-based Segmentation 19.583 0.569

Ours 19.815 0.611

4.5.3 Generating Seamless WSIs

Experimental Design In our study, we utilize the melanocyte dataset (detailed in Chapter

2.3) for training and quantitative evaluation of CC-WSI-Net. As no established metric

exists to measure patch consistency, we perform a subjective assessment of synthesis quality.

For this evaluation, we compile the Consistency Eval dataset, comprising 25 new cases. Each

case includes an H&E-stained WSI and its corresponding Sox10 image (unregistered). Similar

to the melanocyte dataset, a WSI contains 6-12 slices from the same patient. For each case,

an expert pathologist (Stevan Knezevich) selects one diagnostically representative slice for

the subjective survey.
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H&E Real Sox10 Synthesized Sox10 Detection Results

Figure 4.8: More qualitative results from VSGD-Net. In the last column, the green bounding

boxes denote the groundtruth melanocytes while the red bounding boxes denote the predicted

melanocytes. (Zoom in for best view)
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Figure 4.9: Qualitative comparisons on synthesized WSI: CC-WSI-Net produces

seamless WSIs without the content and color inconsistencies seen in VSGD-Net, BBDM, and

stainGAN. (Zoom in for best view)

Qualitative Comparison Figure 4.9 presents a qualitative comparison of WSIs synthesized

by different methods, including VSGD-Net, Brownian Bridge Diffusion Model (BBDM) [64],

and stainGAN [95]. Unlike CC-WSI-Net, the baseline methods exhibit noticeable issues

such as color mismatches and stitching artifacts. These results highlight the effectiveness of



43

CC-WSI-Net’s consistency modules for high-quality synthesis.

4.5.4 Subjective Survey among Pathologists

Survey Design To assess the feasibility and effectiveness of synthetic Sox10 WSIs generated

from CC-WSI-Net, we design a subjective survey using the Consistency Eval dataset. This

study aims to strike a balance between the objective measurement and the subjective clinical

relevance crucial for real-world applications. In this study, three board-certified pathologists

independently reviewed the digital slides. Each pathologist reviewed a total of 50 digital

slides: 25 with traditional Sox10 staining and 25 with synthetic Sox10 staining. Each case

included both H&E and Sox10 stain images but omitted clinical history to ensure unbiased

evaluations.

To further reduce bias, the cases were presented in two randomized blocks. In the first

block, the 25 cases were displayed in a random order, with each case assigned a specific

staining method (either synthetic or traditional) through simple randomization. In the second

block, the same 25 cases were presented again, but in a different random order, and each

case was assigned the alternate staining method from the first block. This ensured that

each pathologist reviewed every case twice, once with each staining method. Additionally,

there were no demarcations to the pathologists that differentiated the two blocks during the

review process. The sequence of the 50 slides was maintained consistently across all three

pathologists to ensure uniformity in the evaluation.

For each case, the pathologists were provided with an evaluation survey that included the

following criteria:

1. Effectiveness of Sox10 Staining: Rate how well the Sox10 staining made melanocytes

more clearly visible and distinct from the surrounding tissue (1 = poor to 4 = perfect).

2. Image Quality: Rate the overall quality of the whole slide image (1 = poor to 4 =

perfect).
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3. Staining Identification: Indicate whether they believed the slide was synthesized,

immuno-stained, or if they cannot tell.

Table 4.5: Effectiveness and quality of the synthetic WSIs compared to traditional WSIs.

Review Characteristics Traditional Sox10 N (%) Synthetic Sox10 N (%)

Effectiveness of Sox10 Staining

1 (poor) 13 (17%) 6 (8%)

2 11 (15%) 14 (19%)

3 29 (39%) 32 (43%)

4 (perfect) 22 (29%) 23 (31%)

Image Quality

1 (poor) 2 (3%) 0 (0%)

2 1 (1%) 0 (0%)

3 21 (28%) 5 (7%)

4 (perfect) 51 (68%) 70 (93%)

Evaluation Results and Discussion The effectiveness and quality ratings for both

traditional ground truth and synthesized Sox10 staining are shown in Table 4.5. The

synthetic Sox10 staining received higher mean ratings (standard deviation, sd) for both

effectiveness and quality compared to traditional Sox10 staining. The mean (sd) rating for

effectiveness for the synthetic images was 3.0 (0.9) and for traditional images was 2.8 (1.1).

The mean (sd) rating for image quality for synthetic images was 3.9 (0.3) and for traditional

images was 3.6 (0.7). The distribution of these ratings for effectiveness is further shown

visually in Figure 4.10.

The results of staining identification are shown in Table 4.6. Pathologists reported that

they could not distinguish the Sox10 staining method for 101 (67%) of the images; when they
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Table 4.6: Subjective survey results on whether pathologists can identify the staining method.

Accuracy of pathologists in identifying staining method N (%)

Incorrectly identified staining method 37 (25%)

Identified traditional when synthetic 19 (13%)

Identified synthetic when traditional 18 (12%)

Correctly identified staining method 12 (8%)

Correctly identified synthetic 8 (5%)

Correctly identified traditional 4 (3%)

Cannot tell 101 (67%)

placed a response attempting to guess if the image was traditional versus synthetic they were

more likely to guess incorrectly.

Overall, these findings suggest that the synthetic Sox10 WSIs generated by our method

are indistinguishable from the true, traditional Sox10 WSIs. These evaluation results also

indicate that CC-WSI-Net can produce high-quality virtual staining that maintains diagnostic

relevance and effectiveness, comparable to traditional IHC methods.

Although these results are promising, the study has some limitations. The study was

conducted in a controlled test environment with only three pathologists rather than in a

clinical setting. While it enhances the reliability and repeatability of our tests, it does not

fully replicate the complexities and unknown variables typical of clinical practice. Further

studies are needed before clinical implementation. Additionally, technical elements such

as slide preparation, potential variability in digitization techniques, and image processing

methods need to be considered. For the traditional Sox10 stains, tissues were first stained

with H&E, the coverslip was removed, and then restained with Sox10. While this creates

perfectly matched image pairs, it may introduce some imperfections in the Sox10 images.

Despite standardized procedures, variability in tissue samples and staining remains possible.
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Figure 4.10: Distribution of pathologist ratings of effectiveness of Sox10 staining for traditional

and synthetic Sox10 images (N=150 reviews)

Future work should include a broader range of samples and settings to ensure the robustness

and generalizability of our approach. Despite these limitations, this study has established a

firm foundation for subsequent clinical validation and real-world application, promising to

enhance diagnostic processes significantly.
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4.6 Summary

In this chapter, we presented two innovative frameworks addressing key challenges in virtual

staining and melanocyte detection within melanoma analysis. First, we introduced a novel

virtual staining guided detection network, VSGD-Net, and investigated cell-type-of-interest

detection with the boost of image synthesis features between two distinct stainings on the

skin biopsy specimen. During inference, VSGD-Net achieves accurate results using only

routine H&E staining, validated through extensive experiments on the melanocyte dataset.

This method holds promise for broad applicability across diverse tissue types and diseases.

Second, we proposed CC-WSI-Net, a framework for synthesizing virtually stained Whole

Slide Images (WSIs) from H&E slides, with a focus on addressing color and content consistency

issues between adjacent patches. By ensuring IHC stain accuracy, CC-WSI-Net facilitates the

generation of high-quality WSIs, offering potential integration into Computer-Aided Diagnosis

systems for enhanced WSI analysis. Together, these contributions advance the field of virtual

staining and histopathological image analysis, paving the way for more accurate and efficient

diagnostic tools.
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Chapter 5

SEMANTICS-AWARE ATTENTION GUIDANCE

5.1 Introduction

Building on the focus of Chapter 4, which introduced methods to detect diagnostically

significant cell entities for melanoma analysis, Chapter 5 shifts the focus to melanoma

diagnosis itself. While existing WSI classification methods have achieved success, their

lack of semantic information often results in a limited and less reliable understanding of

the underlying histopathological features. Incorporating semantic information, such as the

diagnostically relevant tissue structures, can not only improve classification accuracy but also

enhance model interpretability, making the results more aligned with clinical reasoning. In

this chapter, we explore current classification models and propose a novel semantics-aware

attention guidance module to address key limitations in existing approaches.

Automated computerized diagnosis systems for histopathology images requires assessment

on WSIs. While deep learning offers a common solution for computer vision tasks, WSIs,

as gigapixel images, pose a distinct challenge for deep learning due to their size, making

them impractical to directly input into a neural network. The Multiple Instance Learning

(MIL) framework provides a solution to this challenge. Within this framework, the input

WSI is cropped into patches (instances), enabling the neural network to process the inputs

effectively, and the image-level classification result is determined based on the aggregated

information from all instances, either through prediction based on the patches’ embeddings

[40, 116] or the aggregation of patches’ prediction labels [16].

MIL models classify images in a way very different from how pathologists approach

diagnosis. Pathologists typically begin by scanning a slide at low magnification to identify

suspicious regions and form hypotheses, then zoom in to high magnification to analyze cellular
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structures, mitotic figures, tissue architectures, etc., , ultimately reaching a definitive diagnosis

[78]. MIL models, however, treat patches independently, overlooking the multi-scale and

hierarchical nature of pathology. This limitation prevents them from capturing the long-range

interactions and nuanced details critical for accurate diagnosis, as they fail to emulate the

multi-scale focus pathologists rely on.

In light of these discrepancies, vision transformer models are leveraged to capture the

dependencies among patches and generate holistic and effective representations [84, 13, 12,

121, 108]. Specifically, ScAtNet [108] introduced a transformer-based end-to-end network

that adapts to the information from different input scales using self-attention and predicts

the classification label. Results show that ScAtNet outperforms other MIL methods by a

large margin in the task of melanoma diagnosis.

Figure 5.1: Visualization of the baseline model’s (ScAtNet [108]) attention on (a) skin biopsy

WSIs in the melanoma dataset and (b) breast biopsy WSIs in the Camelyon16 dataset. Green

boxes show examples of the baseline model mistakenly focusing on background regions. The

signal and attention values are normalized for visualization purposes.

Although it has become a common belief that transformer models, which explore the

dependencies among the patches, are suitable for the patch-based WSI analysis task, we
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found that sometimes the attention from the transformer models makes no sense by falling

on non-cancerous regions, let alone the blank background in the image (see the left images

in Figure 5.1 (a) and (b)). While it is unclear why the model bases its prediction on those

regions, the attended regions contradict the clinical diagnosis process, and at the same time

diminish the model’s interpretability and reliability. Previous knowledge, including tissue

segmentation, melanocytic proliferation segmentation [69] and melanocyte detection [68],

could be potentially incorporated into the diagnosis pipeline to improve interpretability and

classification performance. In light of this, we introduce a Semantics-Attention-Guiding

transformer network, SAG, whose key contributions are:

• Attention Guiding Module: A novel module compatible with attention-based MIL or

transformer models, enabling enhanced interpretability and performance.

• Flexible Attention-Guiding Loss: Designed to integrate diverse semantic information,

such as tissue and cancerous region masks, into the training process.

• Heuristic Attention Generation: An approach to derive heuristic-guidance signals from

diagnostically relevant entities.

• Improved Diagnosis Accuracy: Demonstrated improvements over state-of-the-art models

on datasets spanning two cancer types.

5.2 Related Work

In recent years, deep learning technologies have revolutionized histopathological image

analysis, offering unprecedented opportunities for automation, precision and scalability in

diagnosis [23, 15]. However, analyzing gigapixel WSIs poses unique challenges due to their

size and complexity. To address this, MIL models have become a widely adopted solution,

offering computational efficiency by segmenting WSIs into smaller, manageable patches

[47, 79, 63]. Though MIL is effective, traditional MIL approaches fail to capture the nuanced
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and hierarchical diagnostic process used by pathologists, as they often treat all patches

equally, overlooking the spatial and contextual relationships between them.

To mitigate this limitation, attention mechanisms have been integrated into MIL frame-

works, allowing models to prioritize diagnostically relevant regions. For instance, ABMIL

[50] employs an additional MLP layer to learn attention weights for each patch, effectively

identifying areas of interest. Building upon this, Additive MIL [54] introduces an additive at-

tribution module, further refining patch importance and enhancing classification performance

in pathology. These attention mechanisms enable an effective aggregation of features from

patches and improves the diagnosis accuracy.

Beyond MIL, vision transformer models have emerged as a powerful alternative for WSI

analysis. Thanks to their self-attention mechanisms, transformers naturally capture long-

range dependencies between patches, constructing comprehensive global representations that

incorporate both spatial and contextual relationships [84, 13, 12, 121, 108]. Recent studies

have further explored multi-resolution approaches, aggregating features hierarchically or

through concatenation to enhance diagnostic predictions [108, 38, 97]. For instance, ScAtNet

[108], a transformer-based end-to-end network, integrates information across different scales

using self-attention mechanisms, and outperforms other MIL methods in melanoma diagnosis.

This method emulates how pathologists diagnose by taking WSIs with multiple resolutions

as input, and utilizes the attention mechanism to learn attended regions. However, in such

methods and the aforementioned attention based MIL models, the learned regions can be

very different from diagnostically relevant regions in clinical practice, making the model less

reliable and interpretable.

In response, integrating domain-specific knowledge into diagnostic models has emerged as

a promising strategy. Such efforts not only enhance classification accuracy but also improve

model performance, especially in scenarios where data is scarce. For example, Miao et al.[82]

introduce spatial prior attention using binary anatomy knowledge maps, demonstrating the

potential of integrating prior knowledge. However, their reliance on binary representations

highlights the need for richer and more nuanced semantic information to improve accuracy.
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Similarly, Chen et al. [13] incorporated genomics data alongside WSIs to predict patient

outcomes, but their framework lacks flexibility for integrating other modalities or guidance

signals.

To address these gaps, we propose a Semantics-Aware Attention Guidance (SAG) module,

which enhances both MIL and transformer-based models by leveraging semantic information

to supervise attention learning. The proposed module is adaptable to both binary and

continuous signals, allowing it to guide model attention toward diagnostically important

regions. By embedding domain knowledge into the attention mechanism, SAG significantly

improves classification accuracy, model reliability, and interpretability, offering a robust

framework for clinically informed WSI analysis.

5.3 Methodology

Our SAG framework aims to infuse diagnostic models with relevant knowledge, thereby

enhancing the diagnostic performance and the interpretability of attention-supervised rep-

resentations. This versatile framework is compatible with a broad range of attention-based

MIL and transformer methods. Figure 5.2 illustrates our SAG pipeline, which includes three

main components: 1) generate patchwise embeddings with an off-the-shelf feature extractor,

2) learn diagnostic patterns from these embeddings via a diagnosis network, and 3) utilize an

attention-guiding loss that leverages heuristic guidance (HG) and tissue guidance (TG). In

the following sections, we give the details of the proposed attention guidance.

5.3.1 Diagnosis Models

As Figure 5.2 illustrates, after cropping the WSI into patches, we employ a pre-trained

feature extractor f to extract patch embeddings. The implementation detail of f is provided

in Chapter 5.4.3. To demonstrate the versatility and model-agnostic nature of our SAG

framework, we apply SAG to two state-of-the-art baseline models: a transformer-based

model, ScAtNet [108], and an MIL-based model, ABMIL [50].
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Figure 5.2: Overview of the SAG approach for improving WSIs diagnosis models. First, a

high-resolution histopathological image is divided into p number of non-overlapping patches.

Then, patch embeddings are obtained using an off-the-shelf feature extractor f. Subsequently,

a diagnostic network utilizes the p× e-dimensional feature map for classification into distinct

categories. During training, heuristic guidance (HG) and tissue guidance (TG) are leveraged

to supervise the attention within the diagnosis model, ensuring the focus on diagnostically

relevant regions.

5.3.2 Attention Weights

For transformer-based models, the self-attention module learns the attention weights for

the input patches. Typically, a transformer model consists of l layers with h self-attention

heads per layer. For each self-attention head, the inputs X ∈ Rp×e, where p is the number of

patches and e is the dimension of the features, are transformed into query (q), key (k), and

value (v) vectors, where q,k,v ∈ Rp×ek . The attention head induces a pairwise similarity

(A) from q and k to transform v, as shown in Equation 5.1 and 5.2.

A = softmax(
qk⊺

√
Dh

) ∈ Rp×p (5.1)
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Self-attention = A · v = softmax(
qk⊺

√
Dh

) · v (5.2)

To obtain the model’s attention weights for each patch (MAt), we average the pairwise

similarity as illustrated in Equation 5.3.

MAt =
1

p

p∑
i=1

Ai ∈ Rp (5.3)

For MIL models [50], the attention weights (MAm) are formulated as the weighted

aggregation of instance embeddings:

MAm = f(x) ∈ Rp, (5.4)

where f denotes the linear layers to learn the attention weights, and x ∈ Rp×e denotes the

embeddings from p patches.

5.3.3 Attention Guidance Formulation

To accommodate the learning of diagnostically relevant regions and regularize the model’s

attention MA, we design two types of semantic attention guidance: tissue guidance (TG)

and heuristic guidance (HG) (Figure 5.3), each represented as a vector ∈ Rp. We describe the

formulation of attention guidance in two steps: 1) Acquisition of tissue mask and diagnostic

heuristics, and 2) Calculation of guidance weights.

Acquisition of semantic masks To obtain the tissue mask for TG, Otsu’s method [118]

is used to perform high-quality segmentation of tissue patches. This process transforms the

input image shown in Figure 5.3a into the binary tissue mask shown in Figure 5.3b.

To obtain HG, we exploit dataset- and disease-specific prior knowledge, such as structures,

tissues, and cells. In the example shown in Figure 5.3, we first perform cell segmentation for

a specific cell type (Figure 5.3d). Then, groups of cells are aggregated via the density-based

spatial clustering algorithm DBSCAN [27]. Next, the convex hull [102] is generated for each

cluster (Figure 5.3e) and utilized as the semantic signal for attention supervision (Figure

5.3f).
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Figure 5.3: Generation of attention guidance: (a) H&E sample image. (b) Tissue segmentation

mask. (c) HG and TG. The values are normalized for visualization purpose. (d) Cellular

entities detected (zoom-in for best view). (e) Convex hull of cellular clusters. (f) A

zoomed-in view of the red boxes in (d) and (e). The convex hull is rendered with red color.

Calculation of guidance weights To calculate the guidance weight W ∈ Rp for HG and

TG, we normalize the semantic masks to transform the heuristic signals (HG) and the tissue

masks (TG) into the attention supervision (Figure 5.3c):

W k
i =

Mk
i∑p

j=1 M
k
j

, k ∈ {TG,HG}, (5.5)

where W k
i denotes the guidance weight of patch i, and Mk

i is the mask area ratio of patch i.
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5.3.4 Loss Functions

Since heuristic guidance (HG) reflects the relevance to the diagnosis, we employ the mean

squared error (MSE) loss, Lmse, to regularize the model’s attention MA:

Lmse =
1

p

p∑
i=1

(WHG
i −MAi)

2. (5.6)

On the other hand, tissue guidance (TG) is useful in guiding the model to focus on tissue

patches and ignore the background and artifact patches. Thus, we employ an inclusion-

exclusion loss, Lin&out, which sums the attention weights outside of the tissue and the negative

attention weights inside the tissue, as defined in Equation 5.7 below. The optimization

using this inclusion-exclusion loss penalizes the model’s attention weights on background

and artifact regions while encouraging focus on tissue areas, thereby preventing classification

based on irrelevant patches.

Lin&out =
1

p
(−

p∑
i,WTG

i >0

MAi +

p∑
i,WTG

i =0

MAi). (5.7)

To integrate the training losses effectively, we adopt uncertainty weighting, UW [59], which

weighs multiple loss functions by considering the homoscedastic uncertainty - task-specific

noise that remains constant across different input samples - of each task. The overall loss

function is defined as:

L = UW ⊗ {Lcls, Lmse, Lin&out}, (5.8)

where Lcls is the cross entropy loss for the classification task.

5.4 Dataset and Implementation Details

To demonstrate SAG’s effectiveness across various cancer types and datasets, we train the

model on the M-PATH dataset and the Camelyon16 dataset [8].
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5.4.1 M-PATH dataset

As described in Chapter 2.1, the M-PATH dataset comprises skin biopsy images with diagnostic

classes spanning from benign to invasive pT1b.

Feature Extraction We leverage an ImageNet pre-trained MobileNetV2 [91] to extract a

1280-dimensional feature vector for each patch within the WSI.

Heuristic Guidance As melanocytes are believed to be highly informative about melanoma

diagnosis, we leverage the VSGD-Net [68] (Chapter 4) to generate the cellular entity map

that eventually transforms to HG, as described in Section 5.3.3. To cluster the cell entities,

DBSCAN in the scikit-learn package [9] is used with eps=20 and min samples=5. TG is

generated using Otsu thresholding [118].

Soft Labels A WSI often contains multiple tissue slices. However, the diagnosis is often

represented by only one or two tissue slice, and the other tissue slices may correspond to other

diagnosis categories, which are less severe than the case diagnosis. In this way, assigning the

same diagnostic label to all tissue slices could cause more false tissue-label pairs and hinders

learning representations. To address this, we adopt the soft labeling method proposed in

ScAtNet [108]. It applies singular value decomposition on each tissue slice, then acquires

similarity scores for each diagnostic class via dot product, and assigns soft labels with floating

point numbers for the tissue slices that are not marked with ROIs.

5.4.2 Camelyon16 dataset

Camelyon16 [8] is a public dataset comprising 400 H&E stained WSIs from breast cancer.

The WSIs are diagnosed into two classes: normal and tumor. We use the official split of

271/129 slides for training and testing. To train ABMIL, we follow DSMIL [63], which crops

the WSI into 224x224 sized non-overlapping patches in 20x magnification, and excludes

background patches, leaving around 15K patches per bag on average. To train ScAtNet, we
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adapted the original skin biopsy patch size while adjusting the number of patches per WSI

(10x magnification) to maintain similar content per patch. The result is 35 × 35, or 1, 225

number of crops. This ensures consistent representation and preserves model architecture.

Feature Extraction We leverage the same embeddings used in DSMIL [63] , which applies

a pretrained SimCLR to extract a 512-dimensional feature vector for each patch.

Heuristic Guidance The dataset provides annotated metastasis masks which denote the

cancerous regions. We leverage those labels and the tissue masks for HG and TG.

5.4.3 Implementation Details

The proposed attention guiding framework, SAG, is applied to two models: a transformer

model, ScAtNet [108], and a MIL model, ABMIL [50]. We use ABMIL’s [50] and ScAtNet’s

[108] public codebases for implementation and train models under their experimental settings.

ScAtNet: We impose TG learning across all attention heads and impose HG learning

on half of the attention heads. This maintains the model’s adaptability and accommodates

potential noise in HG.

ABMIL: We apply both HG and TG on the melanoma dataset, while we only apply HG

to Camelyon16 as the preprocessed dataset already excludes background patches.

5.5 Results and Ablation Study

Table 5.1 compares the overall performance of SAG on different datasets and backbone models,

demonstrating its consistent ability to enhance diagnostic performance in histopathological

image analysis. For each setting, we conduct 15 runs of experiments with randomly sampled

seeds for model initialization and report the average.

Notably, incorporating SAG into single- and multi-scale ScAtNet models on the melanoma

dataset yields significant improvements, particularly with multi-scale inputs achieving a 4.55%
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Table 5.1: Experimental Results of SAG across single-scale (SC) and multi-scale (MC)

configurations for Melanoma and Camelyon16 datasets. Baseline methods are indicated with

a †. Performance metrics include Accuracy (Acc), Precision (P), Recall (R), and Area Under

the Curve (AUC).

SAG Melanoma Camelyon16

Methods HG TG Acc P R AUC Acc P R AUC

ScAtNet (SC)†[108] 55.03 57.17 55.36 77.38 67.79 58.17 57.51 70.28

ScAtNet (SC) ✓ 57.14 59.57 57.31 78.75 68.71 58.50 64.01 72.39

ScAtNet (SC) ✓ ✓ 56.67 60.27 56.66 79.72 71.60 64.45 61.22 71.87

ScAtNet (MC)† 58.16 61.54 58.21 79.54 66.82 55.98 61.22 69.45

ScAtNet (MC) ✓ 59.95 64.77 60.13 81.58 67.91 57.28 66.39 72.26

ScAtNet (MC) ✓ ✓ 62.71 65.23 63.34 82.03 70.13 60.53 62.58 73.13

Best Improvement △ +4.55 +3.69 +5.13 +2.49 +3.81 +6.28 +6.50 +3.68

ABMIL†[50] 45.55 48.23 46.42 68.07 93.02 92.47 92.79 97.52

ABMIL ✓ 51.59 57.42 51.02 74.68 94.73 94.61 94.17 97.80

ABMIL ✓ ✓ 52.01 56.25 51.84 74.35 Not Applicable

Best Improvement △ +6.46 +9.19 +5.42 +6.28 +1.71 +2.14 +1.38 +0.28

accuracy increase (Table 5.1). Similar trends are observed on Camelyon16, where SAG

boosts accuracy across ScAtNet configurations (3.81% for multi-scale) and increases ABMIL’s

accuracy by 1.71% (Table 5.1). These improvements highlight SAG’s effectiveness in refining

focus and enhancing the models’ diagnostic performance.

In our analysis, we observe that ABMIL exhibits superior diagnostic performance on

the Camelyon16 dataset (94.73% vs. 71.60%), whereas ScAtNet is more effective on the

melanoma dataset (62.71% vs 45.52%). This distinction in model efficacy can be attributed

to the intrinsic characteristics of these datasets and the models’ specific designs. Notably, our

melanoma dataset, presenting a four-class classification problem, requires a comprehensive

understanding of the entire image at multiple scales and holistic levels. This aligns well with

ScAtNet’s transformer-based architecture, which excels at capturing long-range dependencies

and aggregating multi-scale information through attention mechanisms [108]. In contrast,
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Figure 5.4: Comparative visualizations of HG and the models’ attention under SAG’s

training on the melanoma and Camelyon16 datasets. The images are sampled from the test

set. The HG and attention values are normalized for visualization purpose.

the Camelyon16 dataset, being a binary classification problem, prioritizes local feature

identification for diagnosis, which aligns with ABMIL’s MIL-based approach, suggesting why

ABMIL outperforms in this context. On the other hand, ScAtNet’s complexity and multi-scale

inputs may not offer significant benefits here due to overfitting risks. This highlights the

importance of choosing an appropriate method based on the specific data characteristics.

To qualitatively compare the performance of SAG, we visualize the attention patterns

of ScAtNet and ABMIL on both datasets compared to HG in Figure 5.4. We notice that

SAG encourages the model to focus on diagnostically relevant regions. These visualizations

effectively demonstrate SAG’s capacity to guide attention and improve interpretability. We

show more comparisons of the HG, model’s attention without SAG (baseline) and model’s

attention with SAG on both datasets in Figure 5.5 and 5.6.

5.6 Summary

Driven by the observation that previous methods often misplace attention on irrelevant

regions, we propose this novel framework, Semantics-Aware Attention Guidance (SAG).

SAG incorporates both tissue-based and heuristic attention guidance to more closely emulate
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the diagnostic process of pathologists, ensuring that the model focuses on diagnostically

meaningful regions and their interconnections within WSIs. By aligning the model’s attention

with clinically relevant areas, SAG enhances performance across diverse datasets, even those

with limited size or noisy annotations, thereby significantly advancing the precision and

reliability of computational diagnostic systems.
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Figure 5.5: Comparison of (a) heuristic guidance (HG), (b) ScAtNet (baseline)’s attention,

and (c) ScAtNet (with SAG)’s attention on the melanoma and Camelyon16 dataset. These

images are sampled from the test set. The signal and attention weights are normalized for

visualization purpose.
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Figure 5.6: Comparison of (a) heuristic guidance (HG), (b) ABMIL (baseline)’s attention,

and (c) ABMIL (with SAG)’s attention on the melanoma and the Camelyon16 dataset. These

images are sampled from the test set. The signal and attention weights are normalized for

visualization purpose.
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Chapter 6

MULTI-LEVEL ROI ATTENDING NETWORK

6.1 Introduction

The automated diagnosis of pathological images presents distinct challenges compared to

the classification of natural images or medical images from other modalities in two main

aspects: 1) Data scarcity and knowledge transfer limitations pose a significant challenge.

While natural image datasets often comprise millions of samples, publicly available datasets

for whole slide images (WSIs) are limited in size and diversity. This scarcity hinders the

development of generalized foundation models capable of tasks such as zero-shot or few-shot

learning. Additionally, the wide range of diseases and organ types in pathology complicates

knowledge transfer, as a model trained on one type of pathology may struggle to generalize to

others. Effectively leveraging low-resource datasets, therefore, becomes critical for improving

diagnostic accuracy, particularly in complex conditions like melanoma. 2) The gigapixel

scale and multiscale nature of WSIs present unique computational challenges. WSIs are

approximately four orders of magnitude larger than natural images or other medical modalities

such as CT scans or X-rays. This massive size necessitates segmenting WSIs into smaller

patches for analysis, as processing the entire image in one pass is computationally prohibitive.

However, this segmentation process diverges significantly from the clinical workflow of

pathologists, who dynamically zoom in and out of digitized WSIs to assess both global

tissue-level patterns and fine-grained cellular structures. Moreover, diagnostic information

is often represented in small regions-of-interest (ROIs), with the remainder of the WSI

contributing little or even misleading information. This multiscale and sparse diagnostic

process is not required for natural image classification or other medical imaging modalities,

further complicating the development of effective WSI models.
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In Chapter 5, we introduced SAG, a framework designed to emulate pathologists’ diag-

nostic processes by guiding models to focus on diagnostically relevant regions. This approach

demonstrated significant improvements in performance on melanoma datasets, effectively

addressing the challenge of data scarcity. However, methods like SAG and transformer-based

approaches such as ScAtNet often take image patches at the same resolution as inputs,

failing to capture the intricate correlation between holistic WSI features and localized ROI

information. Pathologists, in contrast, rely on both global contextual information and detailed

inspection of ROIs, highlighting a critical gap in current computational approaches.

To address this challenge and better emulate the decision-making process of pathologists,

it is essential to develop models capable of classifying WSIs by integrating information from

both global tissue-level features and localized ROIs. However, the absence of fine-grained

annotations poses a significant barrier to achieving optimal performance with deep learning

models. Due to the immense size of WSIs, annotating each pixel can require hours of

effort from expert pathologists, making the process both time-consuming and prohibitively

expensive. As a result, most publicly available WSI datasets are limited to slide-level labels,

which restricts the utilization of ROI information.

Existing methods for detecting ROIs in WSIs can be broadly categorized into two main

groups: (1) image feature-based approaches and (2) psycho-physical behavior-based ap-

proaches. Image feature-based methods leverage statistical or structural tissue characteristics,

such as nuclear shape, texture, color distribution, and local binary patterns [85, 7]. These

methods are computationally efficient and can provide reliable results; however, they of-

ten fail to generalize, particularly in skin cancer analysis, where melanocytes can closely

resemble other cell types, leading to challenges in accurate ROI detection. In contrast,

psycho-physical behavior-based methods utilize pathologists’ interactions with WSIs, such as

zooming, panning, and observation duration, to infer the relevance of specific regions [32, 81].

For example, an ROI that has been zoomed into and examined for an extended period is

typically interpreted as diagnostically important. While this approach provides insights into

pathologists’ thought processes, it suffers from several drawbacks. The annotation process
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remains labor-intensive, and the resulting labels are often influenced by the annotators’

personal biases and habits, reducing the objectivity and consistency of the annotations.

To address the limitations of existing methods, we propose an end-to-end interpretable

diagnosis framework, MiRA (Multi-level Region-of-interest Attended Network). MiRA

integrates a machine learning-based ROI detection module for automated WSI analysis

and combines embeddings from both global WSIs and localized ROIs to produce a robust

diagnosis. This dual-level attention approach allows the model to effectively leverage both

holistic and detailed information, mimicking the diagnostic workflow of pathologists. The key

contributions of this study are summarized as:

• Dynamic and Flexible ROI Retrieval Approaches: We introduce two novel methods,

Top-K and Thresholding, for selecting diagnostically relevant patches. These methods

enable adaptive and efficient retrieval of meaningful ROIs.

• Heuristic-Guided ROI Detection: By leveraging SAG, we train the ROI detection

module to prioritize diagnostically significant areas. This approach is independent of

specific image textures, enhancing generalizability across diverse WSI datasets.

• Enhanced Diagnostic Performance: MiRA demonstrates significant improvements in

melanoma diagnosis accuracy over state-of-the-art models, particularly when applied

to single-resolution WSIs. The framework’s interpretability and flexibility further

contribute to its robustness in clinical applications.

6.2 Related Work

The development of automated diagnostic models for WSIs has been primarily driven by

two main methodologies: MIL and transformer-based approaches, with a growing focus on

leveraging multi-scale information and incorporating region-of-interest (ROI) embeddings for

more precise analysis. MIL has been extensively employed in WSI classification due to its

ability to handle weakly labeled data. In this framework, WSIs are segmented into smaller
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patches (instances), and classification is performed at either the instance level or the bag level.

Instance-level strategies involve training classifiers to predict labels for individual patches

and aggregating these predictions to infer the WSI label [16, 56]. Alternatively, embedding-

level approaches generate patch-level embeddings, which are then combined to form a bag

representation for classification [40, 116, 50]. While effective, MIL methods generally capture

local representations and often fail to leverage global inter-patch dependencies. Furthermore,

although recent MIL methods analyze patches extracted from multiple resolutions [12, 63],

they often utilize all patches and fail to integrate ROI information, which introduces noise and

may bias the classification results. Addressing these gaps, MiRA incorporates transformer

models to capture long-range dependencies and integrates ROI embeddings as additional

high-resolution instances to facilitate WSI classification.

Transformer models have revolutionized machine learning, particularly through their

success in natural language processing (NLP) tasks [101]. Adaptations of these models, such

as vision transformers (ViTs) [22], have demonstrated strong performance in WSI analysis

tasks, including cancer diagnosis [29, 108, 96], tissue segmentation [117, 100], and survival

prediction [13, 48]. Transformers excel in capturing long-range dependencies through self-

attention mechanisms, which are particularly beneficial for gigapixel images. Building upon

ScAtNet[108], SAG[70] introduces a semantics-guiding module that encourages the model to

learn diagnostically relevant regions, significantly enhancing both accuracy and interpretability

in diagnosis. Inspired by SAG, MiRA incorporates a novel ROI retrieval module designed to

dynamically detect diagnostically significant patches and integrate their embeddings into the

classification process. To facilitate this dynamic capability, MiRA leverages a token padding

technique [20] for handling variable-length inputs, ensuring efficient processing of varying

numbers of ROI instances. This integration not only improves computational efficiency but

also aligns the model’s focus with clinically relevant diagnostic regions, resulting in enhanced

diagnostic performance.

The multi-scale nature of WSI analysis reflects pathologists’ diagnostic process, where

they zoom in and out of tissue samples to examine both cellular and tissue-level features.
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Figure 6.1: Overview of the MiRA approach for classifying skin cancer WSIs. p denotes the

number of embeddings, while e denotes the length of the embedding. N is the number of

retrieved ROIs. Diagnostic terms are defined as: mild and moderate dysplastic nevi (MMD),

melanoma in situ (MIS ), invasive melanoma stage pT1a (pT1a), invasive melanoma stage ≥

pT1b (pT1b).

Recent studies have explored multi-scale approaches by integrating hierarchical structures or

leveraging transformers to model inter-scale relationships [12, 108, 63]. These methodologies

enhance diagnostic accuracy by incorporating features at multiple resolutions. MiRA

builds on these approaches by selectively attending to diagnostically significant regions and

correlating representations across WSI-level and ROI-level using transformers. By fusing

cellular-level details with tissue-level patterns, it efficiently integrates multi-level information

for robust WSI classification. This approach not only aligns with pathologists’ workflows but

also enhances computational efficiency by prioritizing diagnostically relevant data.

6.3 Methodology

The MiRA model is designed to integrate embeddings from both WSI-level and ROI-level

features into biopsy image classification, effectively emulating the clinical decision-making
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process of pathologists, who consider both global tissue characteristics and localized, detailed

regions. Starting with tissue-level embeddings, MiRA employs a WSI transformer to capture

representations at the WSI level. A dynamic ROI retrieval module is incorporated to identify

diagnostically relevant regions and retrieve their corresponding embeddings within an end-to-

end framework. The ROI retrieval module processes precomputed ROI-level features, extracts

the embeddings for selected regions, and inputs them into the ROI transformer. These ROI

embeddings, together with the WSI-level embeddings, are then concatenated and processed

by a multi-level fusing transformer to learn a unified and comprehensive representation for

classification. As illustrated in Figure 6.1, the MiRA architecture comprises four primary

components: 1) generation of multi-level patch-wise embeddings, 2) weakly supervised learning

for ROI detection and retrieval of ROI embeddings, 3) efficiently handling varying input

lengths, and 4) integration of contextualized ROI and WSI embeddings to facilitate accurate

WSI classification. The following sections provide a detailed explanation of each component

of the proposed model.

6.3.1 Multi-level Patch Embeddings

As illustrated in Figure 6.2, patch embeddings are extracted separately at the tissue and

cellular levels. For tissue-level embeddings, WSIs at a 10x magnification are divided into 7 ×

7 crops, which are further subdivided into 7 × 7 cellular-level tiles. Similar to the approach

in SAG, we employ MobileNetV2 [91], an off-the-shelf CNN pretrained on ImageNet, to

compute the embeddings at both levels. These precomputed representations are subsequently

used as inputs for the classification stages. In our primary study, both tissue- and cellular-level

embeddings are generated under the 7 × 7 cropping scheme and at 10x magnification to ensure

consistency. Additional experiments with different magnifications and cropping configurations

are conducted as part of an ablation study, which is discussed in detail in Section 6.4.1.
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Figure 6.2: Extracting tissue-level and cellular-level patch embeddings: We leverage an

off-the-shelf MobileNetV2 [91] to extract different level embeddings from the patch images.

For tissue level, we crop the WSI at 10x magnification into 7x7 patches. For cellular level,

we crop each tissue level patch into 7x7 sub patches. The embeddings under two separate

granularities are utilized in the multi-level branches in MiRA.

6.3.2 Weakly Supervised ROI Detection and ROI Embeddings Retrieval

Building upon the approach introduced in SAG, we incorporate the attention-guiding loss

and the heuristic signals derived from melanocyte masks to train the WSI transformer to

focus on diagnostically relevant regions. The attention weights A computed within the WSI

transformer are utilized to localize ROI patches. For extracting ROI patches from A, we
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explore two approaches: Top-K and Thresholding. The Top-K method selects the k patches

with the highest attention weights, while the Thresholding method identifies patches with

attention weights exceeding a predefined threshold σ. This weakly supervised ROI detection

mechanism allows the model to focus on regions with higher melanocyte density while filtering

out irrelevant areas that could introduce noise or bias into the classification process.

We pre-extract the cellular-level embeddings of the fine-grained patches, as described

in Section 6.3.1. However, not all embeddings are directly input to the ROI transformer.

Instead, we leverage the ROI detection mechanism described above to identify the indices of

ROI patches, retrieving only those embeddings. These selected cellular-level embeddings are

subsequently processed by the ROI transformer, which learns a distinct representation for

each ROI patch.

6.3.3 Contextualized ROI-WSI embeddings

To achieve a comprehensive diagnosis, we integrate holistic WSI-level representations with

localized ROI-level representations. These representations are concatenated and processed by

the multi-level fusing transformer to produce the final classification.

The Top-K selection method ensures a consistent number of ROI embeddings, making it

straightforward to manage input dimensions. In contrast, the Thresholding approach may

result in a variable number of ROIs, depending on the attention weights assigned to the

patches. To handle this variability and facilitate batch training, we pad the selected ROI

embeddings to a maximum length with placeholder tokens. These tokens are excluded from

computation through an attention masking mechanism, following a strategy similar to the

padding employed in BERT [20]. This design ensures efficient and consistent processing

across varying input lengths, while preserving the model’s ability to focus on relevant ROIs.

ROI embeddings, REi ∈ Re, are independently generated for each ROI patch i by the

cellular-level transformer. These embeddings, along with the WSI embedding WE ∈ Re, are

combined to form the multi-level embeddings. However, these embeddings only encode the

internal content of their respective patches or the WSI without capturing their relative spatial
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relationships. To address this limitation, we introduce backtracked ROI sinusoidal positional

encodings bRPEi ∈ Re. These encodings are added to the ROI embeddings to retain the

original spatial positions of the ROI patches within the WSI. For the WSI embedding WE, a

learnable WSI positional encoding WPE ∈ Re is incorporated to contextualize its role in the

representation.

The resulting multi-level contextualized embeddings ME, which combine semantic and

spatial information, is defined as:

ME = Concat(WE + WPE,RE1 + bRPE1, · · · ,REN + bRPEN) (6.1)

These embeddings are then input to the multi-level fusing transformer, enabling the model

to effectively integrate global WSI-level features with localized ROI-level details. This fusion

of information supports accurate and interpretable classification outcomes.

6.4 Results and Ablation Study

To evaluate MiRA’s effectiveness in melanoma classification, we trained the model on the M-

PATH dataset described in Chapter 2.1, utilizing the soft label strategy introduced in Chapter

5.4.1. Since MiRA operates on single-scale inputs, we compare its performance against the

single-scale versions of ScAtNet and SAG, ensuring a fair baseline for transformer-based

approaches. Additionally, we benchmark MiRA against two popular multiple instance learn-

ing (MIL) frameworks, ABMIL [50] and ChikonMIL [16], which are widely used in pathology

tasks for their ability to aggregate patch-level information into WSI-level representations.

ABMIL applies an attention mechanism to assign learnable weights to patch embeddings,

effectively highlighting regions within a WSI while aggregating patch features into a global

representation. In contrast, ChikonMIL identifies the top-k patches based on their relevance

and subsequently performs instance- and bag-level representation learning. ChikonMIL also

incorporates a center loss to minimize intra-class variance and a soft assignment mechanism to

map samples to diagnostic centroids, aiming for robust and interpretable classification. Both

methods are included to represent distinct MIL paradigms: attention-weighted aggregation
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and patch selection followed by feature refinement. All experiments are conducted using

WSIs at 10x magnification to maintain consistency across methods and to capture sufficient

tissue detail without incurring the computational cost of higher magnifications.

As summarized in Table 6.1, MiRA consistently outperforms these baseline methods,

achieving superior accuracy in skin cancer WSI classification. Notably, compared to SAG,

MiRA achieves a 2.77% increase in accuracy, underscoring the contribution of its ROI-level

branch. This result demonstrates that incorporating fine-grained ROI features enhances the

overall image representation, capturing diagnostically critical information that single-scale or

holistic methods may overlook.

Table 6.1: Comparison of overall performance with state-of-the-art WSI classification methods

across different metrics on the M-PATH test set. Performance metrics include Accuracy,

Precision, Recall, and Area Under the Curve. We report the average performance of 10 runs.

Method Accuracy Precision Recall AUC

ABMIL [50] 45.55 48.23 46.42 68.07

ChikonMIL [16] 56.14 57.22 58.12 75.20

ScAtNet [108] 55.03 57.17 55.36 77.38

SAG [72] 57.14 59.57 57.31 78.75

MiRA (Ours) 59.91 60.87 61.29 78.32

6.4.1 ROI Retrieval Methods

We evaluate two methods for retrieving ROI patches: Top-K and Thresholding. Given that

each WSI contains 49 patches in our experimental setup and that most patches represent

background or diagnostically irrelevant regions, we select k = 4, 8, 11, 15 for the Top-K

approach. For the Thresholding method, we experiment with thresholds σ = 0.05, 0.1, 0.15 to

obtain a similar number of ROI patches as in the Top-K approach. To ensure robustness, we
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run each configuration 10 times and report the average performance metrics. All experiments

are conducted using WSIs at 10x magnification.

The results, summarized in Table 6.2, indicate that the Top-K method generally outper-

forms Thresholding. We attribute this to the fixed number of patches used in Top-K, which

aligns better with scenarios where the cropping count is constant across WSIs. In contrast,

the Thresholding approach may be more suitable for datasets where the cropping size is

uniform, but the number of patches varies significantly between samples.

Table 6.2: Comparison of ROI retrieving approaches. Performance metrics include Accuracy,

Precision, Recall, and AUC score. We report the average performance of 10 runs.

Method Hyperparameter Accuracy Precision Recall AUC

Top-K

k = 4 57.87 60.17 58.12 81.44

k = 8 58.15 60.70 58.34 80.65

k = 11 58.61 60.90 58.74 80.12

k = 15 59.91 60.87 61.29 78.32

Thresholding

σ = 0.05 55.09 57.25 55.33 78.70

σ = 0.1 57.96 60.65 58.04 79.85

σ = 0.15 56.67 59.45 56.93 80.61

6.4.2 ROI Resolutions

In our main experiments, cellular-level patches are extracted at 10x magnification. Inspired

by multi-scale design principles of ScAtNet and SAG, we investigate the impact of different

resolutions for cellular-level patches while maintaining the same 7 × 7 cropping configuration.

To ensure that critical diagnostic details are retained, we limit our exploration to resolutions

exceeding 10x magnification. Specifically, while tissue-level patches are consistently extracted

at 10x magnification, we generate cellular-level patches at 10x, 12.5x, and 15x magnification
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for comparative analysis.

Table 6.3 presents the classification performance across these varying resolutions. Notably,

using 15x magnification achieves an accuracy of 62.13%, closely matching the multi-scale

performance of SAG (discussed in Chapter 5.1). This demonstrates that aggregating WSI-

level and ROI-level representations significantly enhances the model’s ability to understand

diagnostic features. Moreover, the single-scale approach at higher magnification reduces

computational overhead compared to multi-scale inputs, making it a more efficient alternative

without compromising accuracy.

Table 6.3: Comparison of cellular-level patches resolution. Performance metrics include

Accuracy, Precision, Recall, and AUC score. We report the average performance of 10 runs.

Cellular-level Patch Resolution Accuracy Precision Recall AUC

10x 59.91 60.87 61.29 78.32

12.5x 58.33 60.31 59.63 79.56

15x 62.13 63.12 63.20 79.75

6.5 Summary

Inspired by the clinical workflow of pathologists, we introduced MiRA, a framework that

incorporates holistic WSI-level features and localized ROI-level embeddings for comprehen-

sive melanoma classification. Leveraging a weakly supervised ROI detection mechanism,

MiRA identifies diagnostically significant regions and integrates them within an end-to-end

transformer-based architecture. By employing an attention-guiding loss and dynamic ROI

selection strategies, MiRA ensures a robust focus on relevant areas, refining the diagnostic

process.

MiRA demonstrates superior performance on the M-PATH dataset, outperforming

SAG and other competitive WSI classification methods by effectively aggregating multi-level
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embeddings. Through its tailored ROI resolution experiments, MiRA balances computational

efficiency with high diagnostic accuracy, offering a significant improvement over traditional

multi-scale approaches. Furthermore, by emulating the diagnostic approach of pathologists,

MiRA underscores the potential of computer-aided diagnosis systems and provides more

insights into the explainable AI-driven solutions in healthcare.
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Chapter 7

CONCLUSION

This dissertation presents a comprehensive exploration of advancing computational diag-

nostic systems for melanoma using whole slide images. By integrating innovations in machine

learning, computer vision, and clinical pathology, each research project has contributed to

developing efficient methodologies that align closely with pathologists’ diagnostic workflows.

Identifying Melanocytic Proliferation Chapter 3 presented a weakly supervised frame-

work [69] for detecting and segmenting melanocytic proliferations in WSIs. By incorporating

weighted loss functions, the model effectively mitigates challenges posed by sparse and noisy

annotations. This work serves as an essential initial step in developing automated diagnostic

pipelines while underscoring the critical need for high-quality, curated datasets to achieve

robust model performance.

Virtual Staining Guided Melanocyte Detection In Chapter 4, the dissertation in-

troduced VSGD-Net[68], a pioneering model designed to accurately detect melanocytes in

H&E-stained WSIs through virtual staining and knowledge transfer. In this project, we first

introduced an automated method to produce pseudo melanocyte labels from SOX-10 stained

WSIs. Inspired by the fact that SOX10 staining can highlight melanocytes in different color,

we built VSGD-Net that leverages shared feature representations to jointly perform virtual

staining and melanocyte detection tasks. A significant discovery is the mutual enhancement

of both tasks when utilizing shared features, leading to improved melanocyte detection results

foundational for subsequent projects.

Expanding on VSGD-Net, the dissertation introduced CC-WSI-Net[72], a novel

framework for generating seamless synthetic WSIs. By employing color prompting and
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consistency loss functions, CC-WSI-Net breaks the limitations of patch-based synthesis,

enabling whole-slide image generation. This innovative approach lays the groundwork for

utilizing synthetic WSIs as powerful tools in diagnostic assistance and medical research.

Semantics-Aware Attention Guidance Chapter 5 introduced SAG [70], an innovative

module that significantly advances the classification performance of attention-based models,

including transformers and MIL approaches, for whole slide image (WSI) diagnosis. The

primary contributions of SAG include a heuristic attention-generation mechanism that

translates diagnostically relevant cellular entities into numerical attention weights and an

attention-guiding loss designed to supervise the model’s learning across diverse semantic

signals. By directly steering the model’s attention towards diagnostically critical regions,

SAG not only boosts classification accuracy across two cancer datasets but also enhances the

interpretability of WSI diagnostic models. This alignment of model attention with clinical

insights highlights the potential of SAG to bridge the gap between computational predictions

and pathologists’ diagnostic workflows, providing both technical improvements and practical

relevance in clinical settings.

Multi-Level ROI Attention Network Chapter 6 presented MiRA, a multi-level classifi-

cation framework designed to closely emulate the diagnostic reasoning of expert pathologists.

This approach integrates global features derived from WSIs with localized insights obtained

from dynamically selected ROIs. By bridging these two perspectives, MiRA achieves a

holistic understanding of the pathological landscape, enhancing its diagnostic accuracy. Fur-

thermore, MiRA improves the interpretability of computational diagnostic (CAD) systems

by offering insights into how its decisions are formed, aligning its reasoning with clinical

practices.

These projects collectively demonstrate the power of deep learning in analyzing WSIs

and mark significant progress toward automated cancer diagnosis. They not only showcase

advancements in diagnostic accuracy but also emphasize improving the interpretability of AI
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models, paving the way for more transparent and clinically viable tools.

7.1 Limitations and Future Work

While the presented projects demonstrate significant progress on the automated analysis of

melanoma WSIs, several limitations remain that highlight opportunities for future research.

These include challenges in investigating more extensive datasets, testing the clinical use of

the synthetic WSIs, and improving transparency in the interpretation of diagnosis models.

Addressing these limitations will be crucial for refining the models and exploring their full

potential for widespread clinical application.

Limited Datasets Access to larger and more diverse datasets is crucial for enhancing

the generalizability and robustness of the proposed methods. The datasets utilized in the

projects are limited in both size and variety of cancer types, which may constrain the broader

applicability of the models.

For instance, the melanocyte detection dataset, although comprising 25,314 patches, is

derived from only 15 WSIs. This narrow sampling scope may introduce biases stemming

from specific cases or variations in staining quality. To mitigate this limitation, we have

expanded the paired H&E-SOX10 dataset to include 76 cases, thereby establishing a more

representative basis for future research in melanocyte detection.

Additionally, future virtual staining studies could greatly benefit from datasets containing

a broader range of diseases and imaging modalities. In our virtual staining research, we

leverage melanocyte segmentation masks as supervision and evaluate the model’s performance.

Expanding on this strategy, future work could incorporate medical foundation models to

extract comprehensive cell and tissue entities from additional datasets. This approach would

help reduce model hallucinations, ensure the precision of generated virtual staining, and

explore new possibilities for computational pathology.

Similarly, the M-PATH dataset used for training and evaluating diagnostic models com-

prises only 222 WSIs. This limited dataset may not adequately capture the variability
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encountered in routine clinical diagnostics. Expanding the dataset to include a larger number

of cases, along with samples from diverse cancer types, is a vital step forward. Such efforts

would enhance the robustness of the models and ensure their applicability across different

clinical settings.

Applications of Synthetic WSIs In CC-WSI-Net, we propose a novel methodology

for generating seamless WSIs and demonstrate its application to SOX10 virtual staining.

Subjective assessment results indicate that the synthetic WSIs are highly realistic and virtually

indistinguishable from authentic SOX10-stained WSIs. However, the clinical applicability of

these synthetic WSIs, particularly their potential role in aiding CAD systems, remains an open

area of research. Future studies could explore integrating synthetic WSIs as an additional input

modality in diagnostic models, potentially enriching the models’ understanding of cellular and

tissue-level patterns. By incorporating synthetic WSIs into multi-modal frameworks, we could

investigate their capacity to enhance diagnostic accuracy and interpretability, ultimately

paving the way for their broader applications in computational pathology.

Transparent Interpretation Another limitation of the proposed methods is the lack of

transparent and intuitive interpretation of the decision-making process. While SAG and

MiRA improve reliability and interpretability by training models to focus on diagnostically

relevant regions, they fall short of providing clear, explicit reasoning that could align with

pathologists’ expectations. Without straightforward explanations into why certain regions

are prioritized or how predictions are made, these methods may face challenges in gaining

clinical trust and regulatory approval.

To address this, future work could explore integrating large language models (LLMs) to

generate human-readable explanations of the model’s decision-making process. By linking

visual attention mechanisms with natural language descriptions, such as summarizing why

specific regions were deemed diagnostically relevant, LLMs could bridge the gap between

complex model outputs and clinical human-readable interpretation.
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Another promising direction would involve combining segmentation models with malig-

nancy classification to provide localized visual interpretations. By segmenting different tissue

types and associating malignancy predictions with specific regions, models could offer a

layered explanation of their reasoning. This approach could not only enhance interpretability

but also enable pathologists to validate results more effectively, fostering trust and adoption

in clinical workflows.
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