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ABSTRACT

DEEP LEARNING FOR SUBTYPING CLASSICAL
HODGKIN LYMPHOMA ON HISTOPATHOLOGY IMAGES:

A COMPREHENSIVE LYMPHOSCOPE

Classical Hodgkin lymphoma (CHL) is an uncommon form of lymphoma that

mainly affects young adults and adolescents. Accurate morphologic assessment of CHL

is critical for precise subtyping and effective treatment planning. Despite its clini-

cal importance, there is a notable research gap in the automated subtyping of CHL,

in contrast to the extensive developments in more common cancers. To address this

gap, we curated a comprehensive dataset of 1247 whole-slide images (WSI) for four

CHL subtypes from three medical centers from Türkiye, ensuring a reliable basis for

our research. We developed a deep-learning pipeline for Classical Hodgkin lymphoma

subtyping. Our weakly supervised model, Instance and Embedding Fused Multiple In-

stance Learning (IEF-MIL), utilizes a multiscale dual-stream network, outperforming

state-of-the-art MIL models in the existing literature. Furthermore, we have incorpo-

rated state-of-the-art self-supervised learning foundation models trained on hundreds of

histopathology whole slide images into our weakly supervised pipeline through transfer

learning. We have demonstrated the generalizability and limitations of these models on

our out-of-distribution dataset. Additionally, our model enhances interpretability with

heatmaps at three magnification levels, providing deeper insights into its predictions.

Keywords: Classical Hodgkin Lymphoma, Multiple Instance Learning, Self-Supervised

Learning, Histopathology Foundation Models, Computational Pathology.
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ÖZET

KLASİK HODGKİN LENFOMANIN HİSTOPATOLOJİ
GÖRÜNTÜLERİ KULLANILARAK DERİN ÖGRENME İLE

ALT TİPLEMESİ: KAPSAMLI BİR LENFOSKOP

Klasik Hodgkin lenfoma (KHL), genellikle genç yetişkinleri ve ergenleri etk-

ileyen nadir bir lenfoma türüdür. KHL’nin doğru morfolojik değerlendirilmesi, doğru

alt tiplerin belirlenmesi ve etkili tedavi planlaması için kritik öneme sahiptir. Klinik

önemine rağmen, daha yaygın kanserlerin aksine, KHL’nin otomatik alt tiplerinin belir-

lenmesinde belirgin bir araştırma boşluğu bulunmaktadır. Bu açığı kapatmak amacıyla,

Türkiyedeki üç tıp merkezinden dört KHL alt tipine ait 1247 tam slayt görüntüsünü

(WSI) içeren kapsamlı bir veri seti oluşturduk ve araştırmamız için güvenilir bir temel

sağladık. Klasik Hodgkin lenfoma alt tiplemesini yapmak için bir derin öğrenme

metodu geliştirdik. Zayıf denetimli modelimiz, Instance and Embedding Fused Multi-

ple Instance Learning (IEF-MIL), çoklu ölçekli çift akışlı bir model kullanarak mevcut

literatürdeki en iyi çoklu örnekle öğrenme modellerinden daha iyi performans göster-

miştir. Ayrıca, yüzlerce histopatoloji tam slayt görüntüleri üzerinde eğitilmiş kendi

kendine denetimli öğrenme kaynak modellerini, zayıf denetimli metodumuza transfer

öğrenme yoluyla entegre ettik. Bu modellerin genellenebilirliğini ve sınırlamalarını

dağılım dışı bir veri seti olan kendi veri setimiz üzerinde gösterdik. Ayrıca, modelimiz,

üç büyütme seviyesinde ısı haritaları oluşturarak tahminleri hakkında daha detaylı

açıklamalar sunmaktadır.

Anahtar Sözcükler: Klasik Hodgkin Lenfoma, Çoklu Örnekle Öğrenme, Kendi Kendine

Denetimli Öğrenme, Histopatoloji Kaynak Modelleri, Dijital Patoloji.
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1. INTRODUCTION

1.1 Motivation

Lymphoma is a type of cancer that originates from lymphocytes, the lymphatic

system cells that fight infections. These cells are mainly found in the lymph nodes,

spleen, lungs, liver, and bone marrow but can also form in all other organs of the

body [2]. In healthy people, there are two types of lymphocytes: T-cells and B-cells.

In lymphoma, these cells become malignant, proliferate abnormally, and exhibit some

changes at the cellular level. Lymphoma is categorized into Hodgkin lymphoma (HL)

and non-Hodgkin lymphoma (NHL). NHL is among the top 15 most prevalent cancers,

accounting for 3% of cases or 544,352 individuals worldwide [3]. In contrast, HL, a rarer

form, represents only 0.4% of global cancer cases, with 83,087 individuals diagnosed

in 2020. It contributed to 0.2% of all cancer-related deaths, with 23,376 fatalities that

year. HL is further categorized into two main subtypes: Classical HL (CHL), making

up about 85% of cases, and Nodular Lymphocyte-Predominant HL (NLPHL) [4].

Classical Hodgkin lymphoma, the primary focus of this research, is the most

common type of HL, and some of its subtypes might be considered a rare cancer.

These subtypes, listed from the most to least common, are Nodular Sclerosis Classical

Hodgkin Lymphoma (NSCHL), Mixed Cellularity Classical Hodgkin Lymphoma (MC-

CHL), Lymphocyte-Rich Classical Hodgkin Lymphoma (LRCHL), and Lymphocyte-

Depleted Classical Hodgkin Lymphoma (LDCHL) [5]. CHL predominantly affects ado-

lescents and young adults, with a lower incidence in older age groups [6].

In the initial diagnosis of Classical Hodgkin lymphoma, a complete biopsy is

required, in which a lymph node is surgically removed for examination. Core needle

biopsies are available but are less suitable for HL diagnosis due to their limitations.

They may not capture enough tissue to visualize the essential overall cellular architec-

ture, such as the critical fibrotic bands for identifying NSCHL. In addition, because
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malignant cells are sparse in HL compared to other lymphomas, core needle biopsies

are more likely to miss these cancerous cells. Therefore, a complete biopsy is more

effective and reliable for the diagnosis of CHL and its subtyping [2].

Diagnosis of Classical Hodgkin lymphoma is based on examining specific cancer

cells, namely multi-nucleate Reed-Sternberg cells and mononuclear Hodgkin cells, in

an abundant tumor microenvironment [4]. CHL primarily originates from germinal-

center B cells. These cells transform, losing their typical characteristics, morphing

into distinctly larger cells than healthy lymphocytes, and exhibiting nuclear variations.

HRS cells exhibit an abnormal B-cell expression program. This means that while these

cells originate from B cells, they lose the typical B-cell markers and functions. The

defective expression program results in HRS cells showing atypical or reduced levels

of B-cell-specific proteins and features, contributing to the pathogenesis of CHL and

complicating the diagnosis and characterization of the disease. Although Hodgkin

and Reed-Sternberg (HRS) cells are rare within the lymph node cell population, they,

along with their surrounding cellular context with T and B lymphocytes, eosinophils,

neutrophils, histiocytes, plasma cells, fibroblasts, and collagen fibers, play a crucial role

in characterizing the disease [7, 8]. Pathologists use microscopic analysis at various

magnifications to examine different tissue structures and cellular composition in tissue

sections. In addition, they carefully search for HRS cells to obtain an accurate diagnosis

of the disease.

The subtypes of CHL have different histologic features. Analyzing these fea-

tures at different magnifications is crucial for an accurate diagnosis. MCCHL shows

a rich tumor microenvironment under the microscope. At higher magnification, the

HRS cells are scattered throughout the tissue and surrounded by a reactive infiltrate

of immune cells such as eosinophils, neutrophils, plasma cells, and histiocytes. In con-

trast, NSCHL is characterized by collagen bands surrounding at least one nodule with

HRS cells, which become visible at lower magnification. LRCHL shows scattered HRS

cells predominantly of small lymphocytes in a nodular or diffuse background. Finally,

LDCHL is characterized by a microenvironment with many HRS cells and a lack of

normal background lymphocytes.
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Current challenges in diagnosing CHL subtypes exist despite the histological

clues mentioned above. While features like collagen bands, lymphocyte count varia-

tions, and mixed inflammatory infiltrates offer clues to specific subtypes, these char-

acteristics can be subtle and often overlap. This, coupled with the possibility of biop-

sies exhibiting mixed subtype features, contributes to significant inter-rater variability

among pathologists, particularly for less common subtypes (LRCHL and LDCHL). The

limited experience with these rare subtypes in small institutions further complicates

accurate subtyping due to a lack of experience with their specific diagnostic nuances.

Ultimately, automating the CHL diagnostic workflow with whole slide images

(WSI) stained with Hematoxylin and Eosin (H&E) can help eliminate inter-rater vari-

ability arising from pathologists’ experience level and the complexity of subtyping,

ensuring consistent diagnosis. Several deep-learning methods have been proposed for

automatically diagnosing lymphoma types based on H&E-stained slide images. While

some of them included two lymphoma types [9, 10, 11, 12] as binary classification,

others performed an extended study of lymphoma subtypes [13, 14, 15, 16, 17, 18, 19,

20, 21, 22, 23]. In the literature, the most extensive study of lymphoma was carried

out by [13], which focused on classifying eight types of lymphoma, treating Classical

Hodgkin lymphoma as a single category. Due to the challenge of having a limited

number of samples for each type, they introduced an interpretable machine-learning

approach named LymphoML. This method leverages the morphological features from

whole slide images for lymphoma subtyping through feature engineering. Addition-

ally, the works of [16, 20] introduced CNN-based deep learning methods aimed at the

binary classification of Diffuse large B-cell lymphoma (DLBCL) versus non-DLBCL,

with the latter group encompassing CHL samples. Lastly, Hashimoto et al. [23] de-

signed a CNN-based multiple instance learning framework for identifying six lymphoma

subtypes, including the two predominant subtypes of CHL: MCCHL and NSCHL.

Although these studies included Classical Hodgkin lymphoma as a single type

[13] or as one side of a binary classification with other lymphoma types [16, 20] or

included two subtypes of CHL in a multiclass classification task [23], none of them

addressed the classification of CHL subtypes. This gap in the existing literature forms
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one of the sides of the current research.

1.2 Objectives and Contributions

The main contributions of the thesis to the current literature are:

1. We developed an advanced deep-learning pipeline for classifying Classical Hodgkin

lymphoma (CHL) subtypes. This pipeline demonstrates superior performance

compared to state-of-the-art weakly supervised models, filling a critical gap in

the literature on CHL subtyping.

2. Our research provides an in-depth evaluation of the latest Self-Supervised Learn-

ing (SSL) foundation models specifically adapted for histopathology. We focused

on assessing six foundation models, each trained on extensive datasets that in-

clude a wide range of tissues and cancer types.

3. We compiled a dataset of 1,247 whole slide images of Classical Hodgkin lym-

phoma, sourced from three medical centers in Türkiye. These images were care-

fully selected, ensuring the quality and relevance of the dataset. This compre-

hensive dataset is set to be a valuable resource for advancing deep learning and

histopathology research.
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2. LITERATURE ANALYSIS

2.1 Weakly Supervised Learning and Multiple Instance Learn-

ing (MIL)

In deep learning, "weakly supervised learning" refers to scenarios where the

training data is partially labeled. In histopathology, a single label is usually assigned

to an entire WSI, labeling only at the slide or patient level. Due to the enormous

size of these slides, it is impractical to use them entirely in deep learning frameworks.

Therefore, WSIs are divided into smaller, manageable patches for analysis. However,

manually labeling the numerous patches is time-consuming and tedious due to their

sheer quantity. A common practice is to assign the slide or patient label to each patch

to train supervised models. This approach can introduce noise in the patch-label pairs,

as not all tissue areas in a WSI may contain disease-specific patches.

Multiple instance learning (MIL) is a powerful technique suitable for this weakly

supervised setting. Crucially, once subdivided into patches, all the patches form a "bag"

that retains the WSI label. In MIL, each patch within the bag is considered an instance,

but the model does not require individual labels for each patch. Instead, the learning

process focuses on the overall label of the bag. The key assumption in MIL is that a WSI

containing a particular disease will include at least one instance with disease-specific

characteristics. Thus, if at least one patch in the bag demonstrates these characteristics,

the entire WSI is classified as positive. By analyzing the features extracted from

each patch and leveraging the single slide-level label, MIL algorithms can learn to

identify these distinguishing features. In this way, they can make accurate predictions

at the WSI level and effectively use the limited labeling information available without

manually labeling each patch or introducing noisy labels.
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2.1.1 MIL Aggregation

In the literature, there are two main approaches to multiple instance learn-

ing for histopathology tasks, using whole slide images. These approaches are called

embedding-based MIL (bag-level MIL) and instance-based MIL. Both approaches in-

clude a first step of feature extraction from patches. Then, the extracted features,

called feature embeddings, are aggregated to obtain a slide-level prediction.

The instance-based MIL attempts to identify a subset of representative WSI

patches contributing significantly to the overall classification. In this method, the

feature embedding of each patch is assigned a score indicating its importance within

the bag. These individual patch predictions are then aggregated using max-pooling

or mean-pooling [24]. However, instance-based MIL might misclassify cancers with

few predictive patches, highlighting its limitations and leading to a preference for

embedding-based approaches in the literature.

Embedding-based MIL focuses on creating a final representation encompassing

the entire WSI (bag) by summarizing individual patch embeddings. The resulting

bag representation is then fed into a classifier for the final prediction. Various pooling

strategies can be used for aggregation, such as max-pooling [25, 26] distribution-pooling

[27], and attention pooling mechanisms [28, 24, 29]. Attention mechanisms such as

classical attention [24] or clustering-constrained attention [28] have proven superior

to mean and max pooling, as they offer interpretability through the attention scores

assigned to the individual tiles.

The development of vision transformers (ViTs) in computer vision has led to

the proposal of MIL pooling methods that utilize these architectures [30, 31, 32]. Self-

attention in ViTs weights each instance in WSI by computing the relationship between

the instances. Although they are very suitable for histopathology, the large number of

WSI fields can significantly increase the computational cost of ViT models. In addition,

training these models requires a large amount of data. Early studies have investigated

transformer architectures that solve these limitations, such as the Nyströmformer used
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in [30]. This model uses two layers of vision transformers with positional encoding

and performs better than MIL models such as [28, 25, 24]. In addition, multilevel

approaches have been proposed in studies [31, 32]. This multilevel approach allows

the model to capture features at different scales, which improves its ability to classify

high-resolution tissue images. Some studies have combined ViTs with instance selection

methods [33, 34]. This integration makes it possible to select the most predictive

patches and thus reduce computational costs.

Furthermore, several research combine embedding-based and instance-based

methods [25, 35, 36, 37]. These hybrid models aim to leverage instance-based meth-

ods to identify critical instances and generate a final bag embedding, thereby fully

utilizing the strengths of both approaches. [25] uses max-pooling to select the critical

instance and aggregates the final bag embedding using this instance. Additionally,

studies explore innovative combinations such as sparse convolutions with max-pooling

alongside embedding-based pooling [38] and integrating ViTs with prototypical learn-

ing for enhanced bag- and instance-level supervision [35]. These approaches underscore

the ongoing evolution and refinement of MIL techniques in computational pathology.

2.2 Feature Extraction Methods

Feature extraction is a crucial step in digital pathology, playing a key role in

analyzing large, high-resolution images. This process converts raw patches of whole

slide images into meaningful, lower-dimensional representations, facilitating the char-

acterization of tissue structures, cellular properties, and pathological patterns. These

extracted features are essential for various WSI tasks, such as classification and prog-

nosis. A major limitation of feature extraction is the inherent trade-off between dimen-

sionality reduction and information preservation. The generalization ability of feature

extraction depends on the domain and quality of the training dataset and the availabil-

ity of labeled data. Therefore, selecting a method that maximizes essential information

retention while accurately mapping pathological features in WSIs is crucial.
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2.2.1 Convolutional Neural Networks

The digital pathology domain often lacks annotated patch-based or pixel-based

datasets for WSIs, and preparing these datasets is labor-intensive and time-consuming

due to the large number of patches involved. As a result, traditional supervised convo-

lutional neural networks (CNNs) trained on natural images have been widely used in

pathology research for feature extraction, achieving remarkable results in various appli-

cations [28, 30, 31, 39, 40, 41]. The most widely used and effective generic CNN model

is ResNet (ResNet-14 [31], ResNet-18 [41], and ResNet-50 [28, 30, 40, 39]), which was

trained with a large number of natural images (ImageNet). [28] adapted the pre-trained

ResNet model by adding an adaptive mean-spacial pooling layer to output feature em-

beddings of size 1024. Furthermore, [42] used a VGG model pre-trained on ImageNet

for feature extraction. Although the CNN models trained on natural image datasets

have shown promising results on histopathology tasks through transfer learning, the

domain shift between whole slide images and natural images is huge and limits the

performance of MIL tasks. The reason is that histopathology images, unlike natural

images, have complex morphologic and cellular structures. Therefore, an extraction

model trained for a specific data type does not generalize well to the distributions

of another image domain. To overcome the domain shift in histopathology images,

[43] developed an in-domain pre-trained CNN model called KimiaNet based on the

DenseNet121 architecture, which was tuned on 7126 TCGA whole slides in a super-

vised manner. [44] tested the performance of KimiaNet with a marginal improvement

in classification using state-of-the-art MIL methods.

2.2.2 Self-Supervised Learning (SSL)

Conventional methods depend on large datasets with extensive manual anno-

tations. However, in histopathology, such datasets are mostly unavailable. As a re-

sult, the available datasets generally only have patient-level or slide-level labels. Self-

supervised learning offers an alternative by leveraging the inherent structure and pat-

terns in unlabeled images of whole slides. SSL generates pseudo-labels or supervised
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signals from the unlabeled data that guide the model to learn informative features

without explicit annotation.

SimCLR, a well-known model, uses contrastive learning on a ResNet architec-

ture. [25] have trained SimCLR [45] with small histopathology images from the Came-

lyon16 and TCGA lung cancer datasets. More recently, efficient transformer models

such as Swin Transformer [46] for SSL in histopathology [47] have been explored. These

models offer advantages such as transferable features compared to traditional CNNs.

However, they often reach their limits. These models are usually trained on limited

histopathology datasets (public or private) and often focus on specific cancer types.

This limits their generalizability to broader histopathology domains and requires fine-

tuning for specific downstream tasks.

While the scarcity of labeled data presents a challenge, researchers are pioneer-

ing the development of self-supervised learning (SSL) foundation models trained on

massive slide-level labeled histopathology datasets. These efforts are promising for

rare cancers, where only a few samples are available from a single medical center,

making it impossible to fine-tune feature extractor models. Histopathology founda-

tion models trained on massive datasets, encompassing a wide range of diseases from

common cancers to rare diseases affecting multiple organs, offer a potential solution.

These foundation models can be applied to downstream tasks without fine-tuning and

provide better results compared to other methods.

A well-known SSL technique is contrastive learning (CL). This method forces

the network to bring similar images (e.g., augmented versions of the same image)

closer together in a latent space and to drive dissimilar image representations further

apart using a contrastive loss function. [48] used the SimCLR model with contrastive

learning. In contrast to the limited training datasets of [25, 47], they trained the model

with a diverse dataset that includes 22 tissues, utilizing publicly available datasets such

as The Cancer Genome Atlas Program (TCGA) and Clinical Proteomic Tumor Analysis

Consortium (CPTAC). [49] also used SimCLR with contrastive learning in their model

training with the TCGA dataset. [50] introduced CTransPath, a hybrid SSL model
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that uses a novel contrastive learning method called semantically-relevant contrastive

learning (SRCL). Unlike traditional CL, which only compares two views of the same

instance, SRCL finds numerous patches that share similar visual features of WSIs and

uses them as positive instances in model training. The model was trained on a large

dataset of over 30,000 unlabeled WSIs from TCGA and PAIP, covering 25 anatomical

regions and 32 cancer types.

In contrast to the previously mentioned models’ single-modality learning, [51]

has introduced Pathology Language-Image Pretraining (PLIP), a vision-language model

that is trained with contrastive learning on both images and the corresponding text

descriptions. For this purpose, a large OpenPath dataset with 208,414 image-text pairs

was collected from Twitter and other datasets. Another visual-language histopathol-

ogy foundation model trained with image-text pairs is CONCH (CONtrastive learning

from Captions for Histopathology) [1]. To create image-caption pairs, they used public

PubMed research articles. They also included 21,442 WSIs with 350 cancer subtypes,

patient reports, and electronic medical records from a private institute and used all

this data for model training. The CONCH model outperformed the PLIP model on

several downstream tasks.

While previous works used SSL with contrastive learning in their model train-

ing, [52] introduces BROW, a novel deep-learning model that uses transformers and

self-distillation for histopathology feature extraction. BROW utilizes a hierarchical

approach by analyzing image sections at multiple zoom levels and applying data aug-

mentation. [53] presented Phikon, a novel histopathology foundation model that uses

iBOT and masked image modeling (MIM) [54]. In MIM, the model is trained to

learn random masked image content. This strategy forces iBOT to learn meaningful

representations from many unlabeled histopathology data. The Phikon model outper-

formed CTransPath [50] on several downstream tasks. The authors also show that

the proposed model is robust to variations in the downstream tasks and has superior

fine-tuning ability.

Some of the above models use publicly available histopathology datasets such
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as TCGA and PAIP [50, 53] or combine them with their private datasets to train their

models. The public datasets differ in the quality of their digitized slides and have

limited sample size to build a foundational model. Additionally, utilizing these public

datasets can introduce biases due to the potential for data leakage. To address these

challenges, [55] proposed a model trained on nearly 1.5 million H&E-stained WSIs col-

lected from Memorial Sloan Kettering Cancer Center (MSKCC). This dataset is the

largest in the literature and includes benign and cancer slides. In this study, trans-

formers were used as the backbone, and DINOv2 was used as the SSL approach. Like

iBOT, the DINOv2 model is another SOTA SSL method and uses self-distillation and

masked image modeling to create an image embedding space. This model performed

better than [50, 53, 51] on several downstream tasks.

Another study that does not use publicly available datasets but a private dataset

is Prov-GigaPath [56]. They proposed a model using Vision Transformers as the back-

bone for training with a dataset of 171,189 H&E WSIs with 31 tissue types. The

model’s architecture consists of a DINOv2 model for patch embedding followed by a

slide-level embedder called LongNet. Gigapath performed superior to other SSL mod-

els [50, 49] in various tumor subtyping tasks. UNI [57] is another foundation model

trained with a ViT-L backbone and DINOv2 SSL approach. This model was trained

on a diverse private dataset of 100,426 FFPE H&E stained WSIs called Mass-100K

with 20 major tissues. They tested the model on 34 different downstream tasks and

performed better than [50, 49] on most benchmarks.
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3. MATERIALS AND METHODS

3.1 Datasets

For this study, we compiled three datasets of hematoxylin and eosin (H&E)

stained WSIs from three institutions: Ege University Hospital Pathology Laboratory

(EUH dataset), İstanbul University Hospital Pathology Laboratory (IUH dataset), and

Başkent University Hospital Pathology Laboratory (BUH Dataset). All datasets in-

clude four subtypes of CHL. The WSIs of all datasets are labeled at slide level, which

means different slides from the same patient have been included. The datasets were

divided into training, validation (internal validation), and testing (external validation)

groups. The data collected from one center was designated the test set, providing the

model with previously unseen data to evaluate its ability to generalize across differ-

ent centers. Datasets collected from the other two centers were used for training and

validation with an 80/20 split ratio. All slides from a single patient were consistently

assigned to either the training or the validation set, ensuring that slides from the same

patient did not appear in both sets. The summary of the datasets can be found in

Figure 3.1B.

EUH dataset: This dataset contains 714 weakly-labeled H&E-stained biopsy

images from 393 patients, with an average of 2 biopsy slides per patient included to

compensate for the rarity of CHL subtypes. The dataset contains a mixture of file

formats, with 621 WSIs in .svs format and the remainder in .ndpi format. Two board-

certified pathologists thoroughly reviewed the slide-level labels to minimize labeling-

related bias. We selected this dataset to train and validate the proposed and other

models used in this research.

IUH dataset: This dataset consists of 365 H&E-stained biopsy slides from 206

patients, containing an average of 2 biopsy slides per patient. All slides in this dataset

are in .ndpi format. Similar to the EUH dataset, the labels of the WSIs were reviewed
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Figure 3.1 Workflow Overview. A. Lymph nodes are surgically removed, fixed in formalin,
embedded in paraffin (FFPE), sliced, and stained with Hematoxylin and Eosin (H&E). Stained slices
are scanned to create digitized whole slide images (WSIs). B. The study uses three datasets from
Türkiye: EUH, BUH, and IUH, with patient and slide counts noted. WSIs are scanned at 40x
magnification. The EUH and BUH datasets are combined for training and validation with 5-fold
cross-validation, while the IUH dataset is used as an independent cohort. C. Tissue is segmented from
WSIs into patches across three magnification levels. These patches are used for training, validation,
and testing in a Multiple Instance Learning (MIL) network, which produces slide-level predictions and
heatmaps for each magnification.

by two board-certified pathologists from the Ege University Pathology Laboratory to

ensure consistency and minimize interobserver variability in labeling. As a result, the

labeling of 32 WSIs was revised, representing almost 9% of the IUH dataset. After

reviewing the slide labels, six WSIs were excluded from the IUH dataset due to poor

tissue quality and insufficient staining. We obtained a final dataset of 359 samples. We

selected this dataset as the independent test cohort for our experiments.

BUH dataset: This dataset includes 174 H&E-stained biopsy slides from 68

patients, with an average of 3 biopsy slides per patient. All slides in this dataset are in

.mrxs format. To account for the rarity of LDCHL and LRCHL subtypes, we included

2-6 WSIs from one patient. Two board-certified pathologists from the Ege University

Pathology Laboratory reviewed the labels of 10% of this dataset. This dataset served

as a secondary center for the training and validation processes, increasing the diversity

of images, which is critical for creating a generalizable deep learning model.
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All datasets were collected according to ethical guidelines. Patient anonymity

was ensured by removing all identifiable information during the data collection.

3.2 Whole Slide Image Preprocessing

WSIs, digital histopathological slides, provide high-resolution details of tissue

morphology at different magnifications. A typical WSI scanned at 40x magnification

has an enormous average size of 100,000 x 100,000 pixels. A WSI scanned at 40x mag-

nification (207,872 x 86,016 pixels) would reduce to half its size at 20x magnification

(103,936 x 43,008 pixels), and at lower magnifications, the shape decreases proportion-

ally. Whole slide images have a pyramidal structure in which the same entire slide

image is stored at different zoom levels. The number of zoomed-down image levels

stored in the pyramid can vary depending on the selected file format, e.g., .svs, .mrxs,

.tiff, and .ndpi.

In this study, three scanners were used to digitize the histopathological biopsy

slides: Hamamatsu NanoZoomer S60, 3DHistech Pannoramic 250 Flash III, and Leica

Aperio AT2. This resulted in three distinct file formats: .ndpi, .mrxs, and .svs, with all

slides scanned at 40x magnification. Due to the large size of the slides, a preprocessing

pipeline was employed, which included segmentation and patching steps. All prepro-

cessing and feature extraction tasks were carried out using the CLAM tool [28]. Seg-

mentation: The Otsu method was utilized to segment the tissue regions of each whole

slide image (WSI) from the background. This method effectively removes irrelevant

and empty areas, isolating the tissue of interest for subsequent analysis. Patching:

Following segmentation, the isolated tissue was divided into non-overlapping patches

of size 224 x 224 pixels. This patching process was conducted at three different mag-

nifications: 20x, 10x, and 5x (Figure 3.1C).

To achieve a balance between capturing sufficient tissue detail and maintaining

computational efficiency, we carefully selected both the size of the patches and the

magnification. We opted for a common patch size of 224 x 224, compatible with widely
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Table 3.1
Magnifications and pyramid levels for .ndpi, .mrxs, and .svs WSI file formats. Level 0 is 40x

magnification. Magnification for each pyramid scale is calculated as Magnification = 40x
Scale . Values

for lower pyramid levels with extensive decimal places are excluded.

Pyramid level 1 2 4 8 16 32 64 128 256 512 1024
Magnification 40x 20x 10x 5x 2.5x 1.25x ... ... ... ... ...

.ndpi ! ! ! ! ! ! ! ! ! ! !

.mrxs ! ! ! ! ! ! ! ! !

.svs ! ! ! !

used pre-trained feature extraction architectures in deep learning applications. To

ensure comprehensive analysis, we chose a range of magnifications (20x, 10x and 5x).

This allows us to capture the broader tissue context at lower magnifications and finer

cellular details at higher magnifications. In addition, we chose 20x magnification over

40x magnification because patches at 20x magnification contain more morphological

structures and preserve contextual information, ultimately resulting in fewer patches

and, therefore, fewer computational resources compared to 40x magnification.

Dealing with format-specific discrepancies: The file formats .ndpi, .mrxs,

and .svs each include varying magnification scales. Specifically, .ndpi and .mrxs files

offer eleven and nine magnification levels, respectively, whereas .svs files are limited to

four magnification levels (Table 3.1). We used the following strategies to compensate

for this discrepancy and obtain patches with the desired magnifications (20x and 5x)

from .svs files. For patching at 20x magnification, we generated patches of shape (448

x 448) at 40x and resized them to (224 x 224) during feature extraction. To obtain

patches at 5x magnification, the WSIs were cropped into tiles of shape (448 x 448) at

10x. These patches were then resized to (224 x 224) during feature extraction. For

.ndpi and .mrxs files, patching was performed directly at the desired size (224 x 224)

without overlap for all magnifications.

Feature extraction: After completing the patching stage, we derived low-

dimensional features from the patches utilizing various models for feature extraction.

These models were employed directly on our dataset without any modifications or fine-

tuning. The extraction processes yield feature embeddings of varying dimensions, as
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indicated in Table 3.2. Based on the feature extraction techniques used, which are

elaborated in [53, 1, 57, 56, 55, 50], we normalized the images of all patches using

a uniform mean vector (0.485, 0.456, 0.406) and standard deviation vector (0.229,

0.224, 0.225). This normalization process is crucial for centering and scaling the data,

facilitating more effective model training. In our research, we used only the class-token

of Virchow [55] and Phikon [53] models.

Table 3.2
Overview of feature extractor models used in this study. The asterisk (*) denotes the number of

patches instead of WSIs.

Model Dataset

Architecture SSL
method

Size Source Size Feature
length

Phikon ViT-B iBOT 86M TCGA 6K 768

CONCH ViT-B iBOT 86M PMC-Path +
EDU

1.2M* 512

UNI ViT-L DINOv2 307M Mass-100K 100K 1024

Virchow ViT-H DINOv2 632M MSKCC 1.5M 1280

CTransPath Swin T. SRCL 28M TCGA +
PAIP

32K 768

Prov-
GigaPath

ViT-G DINOv2 1B Providence 171K 1536

Among the models, Virchow and CONCH both include whole slide images of

lymphoma cancer, though they lack details on the specific types included. Phikon

and CTransPath datasets each contain WSIs of one type of non-Hodgkin lymphoma

but do not have any Hodgkin lymphoma samples. UNI’s training dataset comprises

WSIs from the lymphatic system without Hodgkin or non-Hodgkin lymphoma images,

whereas Prov-GigaPath notably excludes any WSIs from the lymphatic system, thus

not including lymphoma cases. Detailed specifications about the source of data, the

size of the dataset used for training, the architecture of each model, along with the SSL

methodology employed, and the length of the feature vectors are presented in Table

3.2.
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3.3 Model Architecture

The overall pipeline of the proposed model Instance & Embedding Fused

Multiple Instance Learning (IEF-MIL) is given in Figure 3.2. The model com-

prises two components: an SSL-based feature embedder module and a dual-stream

MIL pooling module. The dual-stream MIL model has two branches; one utilizes

an embedding-based pooling with global self-attention, and the other performs an

instance-based mean pooling.

3.3.1 Self-Supervised Vision Transformer as a Feature Extractor

For this study, we performed transfer learning from a vision-language self-

supervised learning foundation model called CONCH proposed in [1]. They created

image-caption pairs using public PubMed research articles to train this multimodal

model. They also included 21,442 WSIs with 350 cancer subtypes, patient reports,

and electronic medical records from a private institute. The model consists of an im-

age encoder and a text decoder part. The pre-training of the image encoder (feature

extractor) is performed in two steps: 1. pre-training of the image encoder with the

iBOT method [54] and 2. pre-training of the image encoder and the unimodal and

multimodal text decoders with CoCa [58]. The basic framework of the image encoder

is a Vision Transformer Base (ViT-B) model. The ViT-B model consists of 12 lay-

ers of encoders. Each encoder consists of a Multi-Head-Self-Attention (MSA) with

12 heads and a Multi-Layer-Perception (MLP) block, a feed-forward network. The

projection head consists of 3 layers of multi-layer perception and a bottleneck with l2

normalization. The patch size is 16, and the generated embedding size is 768.

The vision encoder of the proposed model is first trained with iBOT, which

uses the Masked Image Modeling (MIM) method. iBOT masks random patches of the

image and requires the model to reconstruct the missing patches. The objective is

to learn meaningful image representations by minimizing the discrepancy between the

masked and complete image token distributions. iBOT achieves this by using a self-
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Figure 3.2 Overview of the Proposed MIL Pipeline. A. Preprocessing step showing multi-scale
feature extraction from patches at 5x, 10x, and 20x magnifications, with embeddings concatenated
for model training, validation, and testing. The CONCH model [1] is used for feature extraction with
transfer learning. B. Architecture of the IEF-MIL model, featuring instance-based pooling (mean
pooling of embeddings) and embedding-based pooling (global attention pooling). The final slide score
and prediction are computed by averaging the mean and bag scores.

distillation technique with two identical networks: a student network (target) and a

teacher network (tokenizer). The student network tries to predict the masked content of

the patches by using the Exponential Moving Average (EMA) for momentum updates.

Meanwhile, the teacher network trained on complete images serves as a reference point.

Unlike predefined offline tokenizers, the teacher network is updated during the training

of the student networks and acts as an online tokenizer. To pre-train the iBOT model,
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a projection head is added to the backbones of both the student and teacher networks

during iBOT training. Patches of 256 x 256 at 20x magnification were generated from

whole slide images for training the unimodal image encoder. Likewise, patient reports

and electronic records were used to train the unimodal text decoder.

The second step is the pre-training of the image encoder (student network of

iBOT) and the text encoder with the CoCa SSL method [58]. The CoCa training

requires an unimodal image encoder, an unimodal text decoder, and a multi-modal

text decoder. Two losses are calculated during the training of this model. A contrastive

loss LCon is calculated between the class tokens of the unimodal image encoder and

the text decoder. With the contrastive loss, the text and the corresponding image

representations are aligned to the same feature space. The representations learned

from the image encoder and text decoder are then fed into the multimodal decoder to

generate a unified image-text representation. The second loss, the so-called captioning

loss LCap, is calculated between the target text representation and the generated unified

representation. In the end, these two losses are combined: LCoCa = λCon ·LCon+λCap ·

LCap where λCon and λCap are hyper-parameters that weight two losses. An image size

of 448 x 448 is used to train the multimodal model with image-caption pairs obtained

from open-access PubMed publications. Further training parameters for the two-stage

training of the model can be found under [1].

To extract features from the patches of CHL whole slide images, the vision

transformer backbone of COCNH was used as shown in Figure 3.2A.

3.3.2 MIL Aggregator

The main objective of the multi-class multiple instance learning problem is to

predict a bag label Y for the given bag X. X is a whole slide image bag with N

instances. The bag of patches is X = {x1, x2, . . . , xN}. An embedding vector is ob-

tained using a feature extractor f such that x′
i = f(xi) ∈ RL×1. The bag of features

for all instances is fX = {x′
1, x

′
2, . . . , x

′
N}, and the bag label is Y ∈ {0, 1}K . Each
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instance is a vector with dimensions L, and Y = [Y 1, Y 2, . . . , Y K ] is a one-hot encoded

label vector where
∑K

k=1 Y
k = 1. For example, the bag X belongs to class k where

k ∈ {1, 2, . . . , K}, and the class label is set to 1 in a one-hot vector (Y k = 1).

Feature vectors extracted from different magnifications (5x, 10x, and 20x) are

concatenated to create a bag of embeddings. The bag is then processed by the MIL

model Figure 3.2B, which employs a dual-stream approach:

1. Instance-Based Pooling

In this pooling, an embedding scorer h(·) calculates a score for each instance xi

using the feature vectors x′
i. The mean value of the individual instance scores is

then calculated using the mean pooling operation gmean:

Cmean = gmean (h(x
′
1), . . . , h(x

′
N)) =

1

N

N∑
i=1

W0x
′
i (3.1)

where W0 is the weight vector obtained from the embedding scorer h(·), and gmean

represents the mean pooling operation.

2. Embedding-Based Pooling

The embedding-based pooling part of the model uses global attention pooling.

The global attention pooling first selects the instance embedding with the max-

imum score (Cmax) as the critical instance. It creates a bag embedding b by

aggregating all feature vectors in the bag fX using this critical instance.

All instances in fX , including the critical instance, are used to create query

qi ∈ RL×1 and information vi ∈ RL×1 vectors using a non-linear network denoted

as hb(·). Wq and Wv are weight matrices where qi = Wqx
′
i and vi = Wvx

′
i, with

i = 1, . . . , N . Then, the similarity measurement between the critical instance

qmax and instance qi is:

Si =
exp(⟨qi, qmax⟩)∑N
k=1 exp(⟨qk, qmax⟩)

(3.2)
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where ⟨·, ·⟩ denotes the inner product of two query vectors. The bag embedding

b is obtained by summing the information vectors vi that are weighted with the

calculated similarity scores.

b =
N∑
i=1

Sivi (3.3)

The aggregated bag representation b is fed into the bag classifier, which computes

the bag score Cb:

Cb = gb(x
′
1, . . . , x

′
N) = Wb

N∑
i=1

Sivi = Wbb (3.4)

Here, Wb is the weight vector derived from the classifier, and gb represents the

embedding-based pooling operation.

The final slide-level score is calculated by averaging the mean instance score Cmean and

the embedding-based score Cb:

Cfinal =
1

2
(Cmean + Cb) (3.5)

This approach leverages both instance-based and embedding-based information to pro-

vide a robust classification for the WSI bag.

3.4 Training Details and Hyperparameters

In this study, we employed the CLAM tool [28] for all project stages, including

patching, feature extraction, training, testing, and inference. We conducted a 5-fold

cross-validation on the training dataset. The proposed model, IEF-MIL, and other MIL

models were trained from scratch. The training parameters include Adam optimizer,

cross-entropy loss function, 1 batch size, and 2e-4 learning rate. Early stopping was

implemented with a patience of 15 epochs and a stopping epoch of 50, resulting in a
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variable number of training epochs with a maximum limit of 100. The patience is the

number of epochs to wait after no improvement in validation loss is observed, while

the stopping epoch defines the earliest epoch to stop training if no improvement is

observed. The random seed was set to 1.

The feature extractor models used in this thesis were sourced from various repos-

itories. The code and weights for the CTransPath model were obtained from their

GitHub project repository. Additionally, HuggingFace (https://huggingface.com) pro-

vided the embedder model codes for Phikon, CONCH, UNI, Prov-GigaPath, and Vir-

chow. Furthermore, the codes of CLAM, TransMIL, DSMIL and ACMIL were taken

from their GitHub project repositories.

3.5 Evaluation Metrics

To evaluate the performance of our multiclass classification model on an imbal-

anced dataset, we employed multiple metrics. These included the weighted F1 score,

ROC-AUC score, confusion matrix, and precision-recall (PR) curves per class. Given

the imbalance in our dataset, where one class significantly outnumbers the others,

many true negative predictions may overshadow the impact of false positives on the

model’s evaluation. This imbalance could lead to an overly favorable AUC score, as

the AUC score is less sensitive to class imbalance. To address this issue and accurately

reflect the model’s actual performance, we also employed the weighted F1 score and

PR curves.

The weighted F1 score calculates the harmonic mean of precision and recall,

given by F1 Score = 2 · Precision·Recall
Precision+Recall , across all classes and provides a comprehensive

assessment. The PR curves illustrate the trade-off between precision (Precision =

TP
TP+FP) and recall (Recall = TP

TP+FN). In addition, the confusion matrix provided a

raw picture of correctly classified (true-positive and true-negative) and misclassified

instances (false-positive and false-negative) across classes.
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All metrics were computed using Scikit-learn (v1.3.2).

3.6 System Specifications

• Hardware: This thesis utilized high-performance graphics processing units (GPUs)

to accelerate deep learning computations. The setup featured one NVIDIA

GeForce RTX 4090 with 24 GB of memory and two NVIDIA GeForce RTX

3090 GPUs, each with a memory of 24 GB. Experiments were conducted on two

systems with x86_64 CPU architecture and eight cores. A single GPU was em-

ployed to train MIL and feature extraction models. Approximately 10 TB of

hard disk space was allocated for the study, primarily to store whole slide images

and associated processed files (.h5 and .pt).

• Software: The computing environment was based on the Ubuntu 22.04 LTS oper-

ating system. Python (v3.10) and PyTorch (v2.3.1 with CUDA 11.8) were used,

along with Pip as the package manager. Key packages included openslide-python

(v1.3.1) and pytorch-lightning (v2.3.2).
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4. RESULTS

In this study, we evaluate the performance of our proposed IEF-MIL model

by comparing it with five other state-of-the-art MIL models: CLAM-SB, CLAM-MB

[28], TRANSMIL [30], ACMIL-GA [29], and DSMIL [25]. All models were trained

from scratch to ensure a fair comparison. For the training of CLAM-SB, CLAM-

MB, TRANSMIL, and ACMIL-GA, we utilized feature vectors derived from a single

magnification (20x). In contrast, DSMIL was trained using a combination of features

from both 10x and 20x magnifications in alignment with its architectural specifications

[25]. Our proposed IEF-MIL model leverages feature embeddings concatenated from

5x, 10x, and 20x magnifications, which were extracted using foundation models through

transfer learning. This multi-magnification approach allows for a more comprehensive

feature representation.

Additionally, we conducted an extensive evaluation of self-supervised learning

foundation models [55, 1, 50, 53, 56, 57] on the IUH test set to further assess their

performance. We provide a qualitative assessment of the IEF-MIL model through

heatmaps generated from attention scores, offering insights into its decision-making

process. Furthermore, ablation studies were performed to analyze the impact of inte-

grating features from different magnifications on the overall model performance.

4.1 Classification Results on Test Set

Table 4.1 presents the results from a 5-fold cross-validation, highlighting the per-

formance of all trained models using feature vectors extracted from six different models.

Notably, our IEF-MIL model outperformed other advanced MIL models when trained

with CONCH features. Specifically, our model achieved an AUC of 0.905±0.016 and a

weighted F1 score of 0.689±0.05 on the testing dataset, demonstrating superior perfor-

mance metrics. The CLAM-MB model, also trained with CONCH features, recorded
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Table 4.1
Comparison of AUC (bottom) and F1 (top) scores (mean ± SD) for the IEF-MIL and other MIL
models on a test set using features from six backbones. The top-performing MIL model for each

backbone is underlined.

Backbone

MIL Model CONCH CTransPath Prov-
GigaPath

Phikon UNI Virchow

CLAM-SB 0.641±0.038 0.51±0.039 0.554±0.07 0.542±0.035 0.518±0.039 0.465±0.106

0.889±0.019 0.831±0.022 0.861±0.011 0.829±0.022 0.844±0.009 0.782±0.045

CLAM-MB 0.683±0.033 0.532±0.035 0.545±0.077 0.635±0.034 0.591±0.052 0.529±0.061

0.9±0.012 0.849±0.019 0.868±0.01 0.876±0.011 0.854±0.035 0.796±0.036

DSMIL 0.639±0.042 0.535±0.036 0.559±0.019 0.603±0.041 0.52±0.035 0.534±0.041

0.878±0.029 0.829±0.015 0.842±0.016 0.846±0.027 0.831±0.019 0.821±0.021

TRANSMIL 0.638±0.086 0.501±0.068 0.541±0.052 0.618±0.04 0.516±0.095 0.453±0.072

0.88±0.031 0.806±0.022 0.851±0.037 0.859±0.011 0.84±0.035 0.738±0.074

ACMIL-GA 0.595±0.094 0.482±0.057 0.515±0.079 0.639±0.027 0.535±0.079 0.485±0.137

0.887±0.024 0.825±0.027 0.856±0.024 0.883±0.014 0.848±0.023 0.774±0.094

IEF-MIL 0.689±0.05 0.548±0.047 0.576±0.028 0.643±0.041 0.525±0.027 0.545±0.052

(ours) 0.905±0.016 0.85±0.014 0.873±0.01 0.885±0.007 0.862±0.014 0.831±0.03

mean AUC and weighted F1 scores of 0.683 ± 0.033 and 0.591 ± 0.052, respectively.

Our IEF-MIL model also showed improved results over other MIL models utilizing fea-

ture embeddings from CTransPath, Phikon, Prov-GigaPath, and Virchow. CLAM-MB

with UNI features achieved a weighted F1 score of 0.591 ± 0.052, outperforming the

IEF-MIL model in this context.

Additionally, we evaluated various state-of-the-art (SOTA) foundation models

trained with self-supervised learning. The IEF-MIL model with CONCH embeddings

achieved an F1 score of 0.689± 0.05, outperforming other histopathology feature em-

bedders. This highlights the superior generalizability and robustness of the CONCH

SSL model for downstream tasks across diverse staining and scanning conditions. The

Phikon model, while not as effective as CONCH, still performed well, with AUC and

F1 scores of 0.885±0.007 and 0.643±0.041, respectively, when used with the IEF-MIL
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model.

Examining the class-specific performance of our model trained with CONCH

features, Figure 4.1 provides insights into individual class performance via precision-

recall curves and an average confusion matrix. The precision-recall curves reveal the

impact of false positives on class-wise performance. Despite the optimistic AUC value

of 0.905± 0.016, the confusion matrix and precision-recall curves explain the lower F1

score of 0.689± 0.05, primarily due to class imbalance.

Figure 4.1 Class-based performance evaluation of the IEF-MIL model trained with CONCH features.
A. Precision-recall curves and the area under the precision-recall curve (AUC-PR) provided for each
class. B. Confusion matrix depicting the raw results of model predictions.

The IEF-MIL model exhibits varying performance in classifying the four sub-

types of Classical Hodgkin Lymphoma (CHL). Among these, the LRCHL subtype

demonstrates the highest precision and recall, achieving an AUC-PR of 0.898 and a

substantial number of true positives, indicating its strong predictive capability. The

NSCHL subtype also performs well, with an AUC-PR of 0.766 and a notable number of

true positives, although it has slightly higher rates of false negatives and false positives

compared to LRCHL.

In contrast, the LDCHL subtype shows moderate performance with an AUC-

PR of 0.696, maintaining a balance between false positives and false negatives. The

MCCHL subtype, with the lowest AUC-PR of 0.673, faces challenges due to a higher

incidence of false negatives and false positives. The LDCHL subtype constitutes only
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7.6% of the dataset, while the MCCHL subtype represents 33.8% of CHL samples.

Despite the model being trained with fewer LDCHL samples, LDCHL outperforms

MCCHL. This discrepancy is attributed to LDCHL’s relative ease of classification,

whereas MCCHL exhibits greater feature overlap with other classes, complicating its

differentiation.

4.2 Ablation Study: The Performance of Multiple-Scales

We conducted ablation studies to evaluate how different magnification levels

impact the performance of the IEF-MIL model. Our analysis explored three configu-

rations: (i) using exclusively 20x magnification, (ii) combining 10x and 20x magnifica-

tions, and (iii) integrating 5x, 10x, and 20x magnifications. Figure 4.2 illustrates the

average F1 scores and their standard deviations for each configuration.

The results indicate that the IEF-MIL model benefits significantly from incor-

porating features across various magnification levels. Notably, integrating multiple

magnifications within the model training with CONCH features led to superior per-

formance. This advantage is attributed to the extensive and varied training dataset

of CONCH, which encompasses histopathology images across multiple magnifications

within the PubMed dataset, thereby enhancing the model’s robustness. The enhanced

performance of the CONCH model, which utilized features across three scales, con-

trasts with other feature extractors that typically rely on single magnification levels,

often 20x, with a fixed patch size [55, 50, 53, 56, 57].

The most notable performance was achieved with the CONCH model incorporat-

ing all three magnifications, resulting in an F1-score of 0.689 ± 0.05. This suggests that

incorporating lower magnification patches (5x and 10x) significantly enhances model

performance when using CONCH features. In contrast, similar improvements were not

observed with other feature extractors. For example, Phikon features performed best

with a combination of 10x and 20x magnifications, a trend also observed with UNI,

Virchow, and CTransPath feature extractors. Meanwhile, the Prov-GigaPath model,
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Figure 4.2 Comparison of F1 scores across different magnification combinations of feature vectors
from six histopathology foundation models trained on the IEF-MIL model.

which utilized features from a single magnification (20x), outperformed configurations

that combined different magnifications.

These findings underscore the value of incorporating patches from multiple scales

to capture a broader spectrum of CHL subtype morphologies, which contributes to more

accurate classification. Using diverse magnification levels enriches the model’s ability

to distinguish between features and improves overall performance.

4.3 Interpretability with Heatmaps

Figure 4.3 presents heatmaps for three magnifications (5x, 10x, and 20x) gener-

ated by the IEF-MIL model for the NSCHL, MCCHL, LRCHL, and LDCHL subtypes.

These heatmaps, derived from attention scores, offer insights into the model’s classifi-

cation approach by highlighting regions of interest. The top three predictive patches

are marked with red boxes, providing a closer view of the model’s class-specific fea-

tures and focal points. By displaying heatmaps at multiple magnifications, we improve

interpretability, allowing for a detailed assessment of the model’s performance across
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different zoom levels. Red pixels in the heatmaps indicate areas with high attention

scores, while blue pixels represent regions with low attention.

Figure 4.3 Heatmap Visualization of Correctly Classified Subtypes. The figure shows three
magnification heatmaps for NSCHL, MCCHL, LRCHL, and LDCHL subtypes. Each heatmap displays
top-scoring patches, with black squares indicating ROIs. Red areas highlight high-attention regions
critical for classification, while blue areas show low attention. The heatmaps illustrate the model’s
focus and its alignment with subtype-specific features.

The heatmaps demonstrate that the IEF-MIL model effectively identifies key
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morphological features critical for classifying CHL subtypes. This detection aligns

well with pathologists’ diagnostic patterns, underscoring the model’s practical utility.

Specifically:

• NSCHL: The model consistently focuses on fibrotic bands and nodular areas

across all magnifications, with zoomed-in regions of interest (ROIs) clearly show-

ing these features. The highlighted patches, including fibrotic bands and inflam-

matory areas with HRS cells, support this prediction.

• LRCHL: Given the lower frequency of HRS cells, the model emphasizes lymphocyte-

rich areas as key predictive features. The most predictive patches reveal inflam-

matory cells, such as histiocytes, amidst abundant lymphocytes.

• LDCHL: The model highlights regions with minimal lymphocytes and HRS cells,

focusing on areas devoid of these components. This focus reflects the diagnostic

significance of these sparse elements. Zoomed-in ROIs confirm the model’s ability

to accurately identify high-value diagnostic areas, such as those with numerous

HRS cells and fewer lymphocytes.

• MCCHL: The model emphasizes a rich inflammatory environment characterized

by eosinophils, histiocytes, plasma cells, neutrophils, and HRS cells, particularly

at 10x and 20x magnifications. The 20x magnification patches provide a clearer

view of these cell types. This dense inflammatory milieu, distinct from other

subtypes, demonstrates the model’s capability to capture subtle yet significant

differences in the tumor microenvironment.

Overall, the IEF-MIL model’s heatmaps effectively capture the complexity of

CHL subtypes, reinforcing its reliability by mirroring pathologists’ analysis and high-

lighting critical differences in the tumor microenvironment.
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5. DISCUSSION

The application of deep learning in the subtyping of CHL represents a trans-

formative advancement in digital pathology. This study is pioneering in its approach,

setting itself apart from previous research that either categorized CHL as a single class

[13], classified it within the negative class of binary classification of diffuse large B-

cell lymphoma [16, 20], or addressed multiclass classification involving only two CHL

subtypes [23]. None of these studies focused on the subtyping of CHL subtypes. Our

work utilizes the Instance & Embedding Fused Multiple Instance Learning (IEF-MIL)

model, which demonstrates a high level of accuracy and robustness in distinguishing

between the various subtypes of CHL using H&E-stained WSIs. The IEF-MIL model

is distinguished by its innovative approach to dual-stream multiple instance learning,

incorporating global attention pooling and mean pooling strategies. Additionally, the

model leverages patches across multiple magnifications to effectively mimic the multi-

scale analysis performed by pathologists. This method allows the model to consider

both the tumor microenvironment and neoplastic cells, which are crucial in accurately

subtyping CHL.

One primary challenge this study addresses is the inherent complexity and het-

erogeneity of Classical Hodgkin Lymphoma subtypes. The CHL spectrum includes

the NSCHL, MCCHL, LDCHL, and LRCHL subtypes, each characterized by distinct

histopathological features. However, these subtypes can present overlapping character-

istics, complicating accurate diagnosis even for experienced pathologists. The model

demonstrated remarkable accuracy in classifying these subtypes, showcasing the power

of deep learning to reduce diagnostic variability and improve clinical outcomes. No-

tably, the model excelled with the rare LDCHL subtype, representing only 7.6% of the

dataset, outperforming the more prevalent MCCHL (33.8%). This highlights the IEF-

MIL model’s potential to enhance the detection and diagnosis of rare subtypes. Addi-

tionally, the performance of MCCHL can be attributed to its morphological character-

istics and its shared inflammatory features with other subtypes, particularly NSCHL
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and LDCHL.

Moreover, this study emphasizes the importance of employing multi-scale ap-

proaches in histopathological analysis. By leveraging CONCH features at varying mag-

nifications (5x, 10x, and 20x), our model provides a nuanced and comprehensive ex-

amination of histological patterns, mirroring the diagnostic approach used in clinical

practice. This multi-scale analysis is especially suitable in Classical Hodgkin Lym-

phoma, where detecting distinctive features – such as fibrotic bands in NSCHL or the

characteristic inflammatory milieu in MCCHL – necessitates detailed examination at

multiple magnification levels. Such an approach mirrors the traditional diagnostic prac-

tice and enhances the model’s capability to capture and differentiate subtle histological

details critical for accurate diagnosis.

Our results reveal substantial variability in model performance, contingent upon

MIL strategies and the choice of embedders. The IEF-MIL model consistently achieves

high F1 scores, especially with the CONCH embedder (0.689 ± 0.05). CLAM-MB

[28] also performs competitively, reaching a top score of 0.683 ± 0.033 with CONCH,

and closely approximates IEF-MIL’s results. TRANSMIL [30], utilizing transformers

for MIL pooling, exhibits variable performance, likely due to high data requirements

of transformer models, resulting in lower scores with some embedders. ACMIL-GA

[29], which also uses attention pooling, and DSMIL [25], combining max and attention

pooling, do not match the performance of IEF-MIL.

Despite notable advancements, our study highlights several limitations and iden-

tifies critical areas for future research. We utilized several histopathology foundational

models, pre-trained on extensive and diverse datasets, for feature extraction through

transfer learning. However, these foundation models either include a range of lym-

phoma cancers [55, 1, 53, 50, 57] or exclude lymphoma and lymphatic cancers [56],

with none specifically including CHL samples, which are morphologically distinct from

other lymphoma types. While these pre-trained models are valuable, their reliance may

not fully capture the variability inherent in specific cancer types, particularly those not

represented in the pretraining datasets. This limitation underscores the necessity for
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further fine-tuning and customizing these models to enhance their robustness and clin-

ical applicability. To improve the performance of our MIL pipeline, obtaining a larger,

more diverse dataset for the fine-tuning of these foundational models is essential. As

discussed in [1], tailored fine-tuning of these models can significantly enhance CHL

subtyping, offering advantages beyond those achieved through transfer learning alone.

In conclusion, this study provides a significant contribution to integrating deep

learning with medical diagnostics. Applying the IEF-MIL model for Classical Hodgkin

Lymphoma subtyping demonstrates the transformative impact of advanced machine

learning techniques in improving diagnostic accuracy and reducing variability in CHL

assessments. By demonstrating the model’s efficacy in enhancing diagnostic precision,

this research underscores the potential of deep learning to revolutionize CHL diagnos-

tics and lays a robust foundation for future advancements in the field. The findings

pave the way for further innovations, promising to advance the frontier of computa-

tional pathology and precision medicine.
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6. CONCLUSION

This study presents a novel MIL pipeline specifically designed for Classical

Hodgkin Lymphoma subtyping. Our results demonstrate the potential of leveraging

SOTA SSL foundation models in histopathology. While the initial findings are promis-

ing, they also highlight the need for further refinement and optimization of these models

to achieve superior performance in CHL subtyping. Future research should prioritize

expanding the dataset to facilitate more precise fine-tuning of these foundation mod-

els. This will increase CHL subtyping accuracy, facilitating the development of more

effective diagnostic tools.

Additionally, we introduce a comprehensive dataset comprising 1,247 whole slide

images of CHL, including 95 LDCHL, 216 LRCHL, 421 MCCHL, and 515 NSCHL

cases, sourced from three medical centers. This dataset contributes significantly to CHL

research by addressing the critical need for extensive, annotated datasets encompassing

a broad range of CHL subtypes, including rarer forms. This dataset will be a crucial

asset, advancing clinical and computational CHL research and ultimately enhancing

diagnostic accuracy and treatment outcomes.
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