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Abstract

The analysis of digital histopathology slides or Whole Slide Images (WSIs) is critical for several

diagnoses. Recent advancements in computational techniques, particularly in the field of digital pathol-

ogy, have shown promise in automating the classification process. Whole Slide Imaging (WSI), com-

bined with deep learning and modern computer vision techniques, has emerged as a powerful tool in

this domain. This thesis addresses two major medical challenges using deep learning and computer vi-

sion techniques: the classification of Lupus Nephritis (LN) and low-grade gliomas into their respective

subtypes.

Systemic lupus erythematosus (SLE) is an autoimmune disease wherein the patient’s immune sys-

tem attacks healthy tissues, leading to Lupus Nephritis (LN), a severe condition causing renal failure.

Traditional methods for diagnosing LN require meticulous pathological assessment of renal biopsies,

which is time-consuming. In the first architecture(chapter 3), We propose a novel pipeline that au-

tomates this process by: 1) detecting various glomerular patterns in WSIs using Periodic Acid-Schiff

(PAS) stained images, and 2) classifying each image based on these extracted glomerular features. This

approach leverages deep learning to improve the accuracy and efficiency of LN classification.

Low-grade glioma, a type of brain tumor originating from glial cells, also presents significant diag-

nostic challenges due to the large size and complexity of WSIs. In the second architecture(chapter

4), our work involves the classification of low-grade gliomas into Astrocytoma and Oligodendroglioma.

Given the computational infeasibility of training deep learning models on gigapixel images, we adopt

a weakly supervised method to extract discriminative patches from WSIs, which represent the tumor

regions. A Convolutional Neural Network (CNN) is then trained on these discriminative patches, and

the results are aggregated to determine the WSI label. Evaluated on a dataset of 581,616 patches from
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286 WSIs obtained from The Cancer Genome Atlas (TCGA) portal, our method achieved a slide-wise

accuracy of 79.31%, which increased to 89.65% when trained only on discriminative patches.

The methodologies presented in this thesis not only demonstrate significant improvements in classi-

fication accuracy but also offer scalable and efficient solutions for enhancing the diagnostic processes

in pathology, ultimately contributing to better patient outcomes and more efficient healthcare delivery.
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Chapter 1

Introduction

Histopathology, the microscopic examination of biopsied tissue, plays a crucial role in diagnosing a

wide range of diseases, from cancers to autoimmune disorders. With advancements in imaging technol-

ogy, whole slide images (WSIs) have become a standard in digitizing tissue samples, providing pathol-

ogists with detailed views of cellular structures. However, the sheer size and complexity of WSIs pose

significant challenges for manual analysis, necessitating the development of automated methods to as-

sist in the diagnostic process. In recent years, machine learning, particularly deep learning, has emerged

as a powerful tool for analyzing medical images. This thesis focuses on applying advanced machine

learning techniques to two distinct but related problems in histopathology: the classification of Lupus

Nephritis (LN) and the differentiation of glioma subtypes—Astrocytoma and Oligodendroglioma.

1.1 Problem Addressed

The accurate classification of histopathology images is critical for effective diagnosis and treatment

planning. This thesis addresses two major problems within this domain, each presenting unique chal-

lenges and requiring specialized approaches.

Lupus Nephritis Classification: Systemic Lupus Erythematosus (SLE) is a chronic autoimmune

disease that can affect multiple organs, including the kidneys, leading to a condition known as Lupus

Nephritis (LN). LN can cause significant kidney damage and, if untreated, can progress to renal fail-

ure. Accurate classification of LN is essential for guiding patient treatment and improving outcomes.
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The International Society of Nephrology/Renal Pathology Society (ISN/RPS) has classified LN into six

classes based on various glomerular features observed in histopathology images. However, existing

classification methods face several challenges:

• Label Noise: Traditional approaches often use bulk labeling schemes where the same label is

applied to all glomeruli within a kidney, irrespective of individual phenotypical differences. This

introduces significant label noise, reducing classification accuracy.

• Limited Class Consideration: Many methods only consider a limited number of glomerular classes,

which is insufficient for comprehensive LN classification.

• Scalability: High-resolution WSIs require robust and scalable computational methods to process

and analyze the vast amount of data effectively.

Glioma Subtype Classification: Gliomas, which originate from glial cells in the brain, are a diverse

group of tumors categorized into High-Grade Glioma (HGG) and Low-Grade Glioma (LGG). Among

LGGs, differentiating between Astrocytoma and Oligodendroglioma is particularly challenging due to

the heterogeneous nature of these tumors. The classification of glioma subtypes using histopathology

images faces several obstacles:

• Gigapixel Image Analysis: WSIs are extremely large, with resolutions often reaching 100, 000×

100, 000 pixels, making it computationally infeasible to process the entire image directly.

• Weakly Supervised Data: Most available datasets are coarsely annotated, providing slide-level

labels without detailed pixel-level annotations. This weakly supervised scenario complicates the

training of deep learning models.

• Patch Selection: Tumor regions within WSIs are interspersed with normal tissue, necessitating

the selection of discriminative patches that accurately represent the tumor features to improve

classification performance.
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1.2 Contributions

This thesis makes significant contributions to the field of histopathology image analysis by devel-

oping and applying innovative deep-learning techniques tailored to the specific challenges of LN and

glioma subtype classification.

Lupus Nephritis Classification:

• Automated Pipeline Development: We propose an end-to-end automated pipeline that begins with

the extraction of glomeruli from PAS-stained histopathology images and proceeds to classify these

glomeruli into the six LN stages as defined by the ISN/RPS.

• Addressing Label Noise: Our method mitigates the issue of label noise by incorporating pheno-

typical features of glomeruli, ensuring that individual glomeruli are correctly classified based on

their specific characteristics rather than relying on bulk labels.

• Improved Classification Accuracy: Through rigorous experimentation, we demonstrate that our

approach significantly enhances classification accuracy compared to existing methods, providing

a more reliable tool for LN diagnosis.

Glioma Subtype Classification:

• Weakly Supervised Learning: We introduce a weakly supervised deep learning method that

selects discriminative patches from WSIs to differentiate between Astrocytoma and Oligoden-

droglioma. This approach leverages slide-level labels to train the model while focusing on the

most relevant tumor regions.

• Patch-Based Analysis: By analyzing high-resolution patches extracted from WSIs, we overcome

the computational challenges posed by gigapixel images. This method preserves the fine-grained

details necessary for accurate classification.

3



• Enhanced Model Performance: Our experiments show a substantial increase in classification ac-

curacy when using discriminative patches, validated by pathologists, indicating the method’s po-

tential for broader application in histopathology.

1.3 Thesis Organisation

The thesis is structured to provide a comprehensive and detailed exploration of the methodologies

and findings related to the classification of histopathology images in the context of LN and glioma sub-

types. Each chapter is designed to build on the previous ones, offering a coherent and logical progression

from problem definition to solution implementation and evaluation.

1. In chapter 1, Introduction: This chapter introduces the overarching goals of the thesis, outlines

the specific problems addressed, highlights the contributions made, and provides an overview of

the thesis structure.

2. In chapter 2, Background: This chapter gives a background on Histopathology Imaging and the

related work in the field of digital histopathology.

3. In chapter 3, Classification of Histopathology Images Using ConvNets to Detect Lupus Nephri-

tis: This chapter delves into the methodologies employed for LN classification. It includes a

detailed description of the dataset, the preprocessing steps, the convolutional neural network ar-

chitecture used, and the experimental results obtained. The chapter also discusses the challenges

encountered and the solutions implemented to address them.

4. In chapter 4, Weakly Supervised Method for the Classification of Astrocytoma and Oligo-

dendroglioma Using Histopathology Images: Focusing on glioma subtype classification, this

chapter presents the weakly supervised learning approach developed. It covers the process of

patch extraction, the selection of discriminative patches, the training and validation of the deep

learning model, and the evaluation of its performance. The chapter also explores potential exten-

sions of the method to other cancer types and multiclass classification tasks.
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5. In chapter 5, Conclusion: The final chapter summarizes the key findings of the research, dis-

cusses the implications of the results for the field of histopathology, and suggests directions for

future work. It reflects on the limitations of the current approaches and proposes areas for further

investigation and improvement.

By addressing the specific challenges associated with the classification of LN and glioma subtypes, this

thesis contributes to the advancement of automated histopathology image analysis, providing valuable

tools for improving diagnostic accuracy and patient care.
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Chapter 2

Background

2.1 Introduction to Histopathology Imaging

Histopathology imaging is a pivotal technique in medical diagnostics that involves the microscopic

examination of tissue samples to study the manifestations of diseases at the cellular level. This process

typically starts with the collection of a biopsy or surgical specimen, which is then processed and fixed

onto glass slides. These slides are stained with specific dyes to highlight various cellular components

and structures, enabling pathologists to observe and analyze tissue morphology in detail.

Staining Techniques: The most common staining technique used in histopathology is Hematoxylin

and Eosin (H&E) staining. Hematoxylin stains the cell nuclei blue, while Eosin stains the cytoplasm

and extracellular matrix pink. This contrast allows for a clear distinction between different cellular com-

ponents, aiding in the identification of pathological changes. Other staining methods, such as Periodic

Acid-Schiff (PAS) staining, are used for specific applications. PAS staining, for instance, highlights

polysaccharides like glycogen and mucosubstances, which are important in diagnosing kidney diseases

like Lupus Nephritis (LN).

Digital Histopathology and Whole Slide Imaging Advancements in digital imaging technologies

have revolutionized histopathology. Whole Slide Imaging (WSI) involves scanning entire glass slides

to create high-resolution digital images. These digital slides can then be viewed, analyzed, and shared

electronically, providing numerous advantages over traditional microscopy. WSIs are typically gigapixel
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images with resolutions around 100, 000 × 100, 000 pixels, allowing for the detailed visualization of

large tissue areas.

However, the immense size and high resolution of WSIs present computational challenges, partic-

ularly when applying machine learning algorithms. Processing such large images in their entirety is

computationally infeasible, necessitating techniques that can handle this scale effectively.

Applications of Deep Learning in Histopathology Recent developments in deep learning have

shown great promise in automating various tasks in histopathology imaging, thereby assisting pathol-

ogists in diagnostic processes. Convolutional Neural Networks (CNNs), a class of deep learning al-

gorithms, are particularly well-suited for image analysis tasks due to their ability to learn hierarchical

feature representations from raw pixel data.

In the context of Lupus Nephritis, deep learning models can be trained to detect and classify glomeru-

lar patterns in WSIs. Traditional methods for LN diagnosis are labor-intensive and time-consuming, re-

quiring expert pathologists to manually assess renal biopsies. By contrast, deep learning approaches can

automate this process, providing faster and potentially more accurate diagnoses. Our proposed pipeline

for LN classification involves detecting glomeruli in PAS-stained images and then classifying these im-

ages based on the glomerular features. This method leverages the power of CNNs to implicitly learn

relevant features, enhancing diagnostic accuracy and efficiency.

For glioma classification, particularly distinguishing between Astrocytoma and Oligodendroglioma,

deep learning models face the challenge of identifying relevant tumor regions within large WSIs. Due to

the computational infeasibility of processing entire gigapixel images, the standard approach is to divide

WSIs into smaller patches. However, not all patches contain tumor tissue, and training models on irrel-

evant patches can degrade performance. To address this, we use a weakly supervised method to extract

discriminative patches that represent tumor regions. These patches are then used to train CNNs, and

their predictions are aggregated to classify the entire WSI. This approach has demonstrated significant

improvements in classification accuracy, highlighting the potential of deep learning in histopathology.
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Challenges and Future Directions While deep learning offers powerful tools for histopathology

imaging, several challenges remain. The high resolution and large size of WSIs demand substantial

computational resources. Additionally, most histopathology datasets provide only slide-level labels,

necessitating methods that can handle weakly supervised learning scenarios. Another challenge is the

variability in tissue staining and imaging conditions, which can affect model performance.

Future research in histopathology imaging aims to overcome these challenges by developing more

efficient algorithms and exploring novel techniques for data augmentation and normalization. Expand-

ing the range of detectable features and improving model robustness will be critical for broader clinical

adoption. Moreover, integrating these advanced computational tools into clinical workflows will require

user-friendly interfaces and validation in real-world settings.

In summary, histopathology imaging is a cornerstone of disease diagnosis, and the integration of

digital imaging and deep learning techniques holds tremendous potential for enhancing diagnostic ac-

curacy and efficiency. As these technologies continue to evolve, they promise to transform the field of

pathology, leading to better patient outcomes and more effective healthcare delivery.

2.2 Related Work

The analysis of histopathological images has evolved significantly over the years, with a growing

body of research focusing on improving the detection, classification, and interpretation of complex

tissue structures, particularly with the advent of machine learning and deep learning techniques. This

section provides a comprehensive overview of related work in the field, emphasizing approaches for

glomeruli detection, classification in Lupus Nephritis (LN), and the classification of brain tumors using

Whole Slide Images (WSIs).

Glomeruli Detection and Classification:

The detection and classification of glomeruli in histopathological images have been widely studied

due to their importance in diagnosing and grading various kidney diseases, including Lupus Nephritis.

Several works have been published that focus on detecting and classifying glomeruli using traditional
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and machine learning approaches [3, 16, 20, 26]. However, there are only a few studies that propose a

complete pipeline for the classification of WSIs into LN stages using glomeruli features.

Most existing methods focus on a limited number of glomeruli classes, such as sclerosed vs. normal

[6] or glomerular vs. non-glomerular [15], which are insufficient for comprehensive LN classification.

Although these approaches have contributed to the field, they fall short in addressing the complexity of

LN classification, which requires a more nuanced analysis of glomerular features.

Ginley et al. [16] attempted to classify the six stages of LN using hand-crafted glomerular features.

While effective, this approach is limited by the reliance on manually designed features, which may not

capture the full range of variability seen in glomeruli. The predefined feature set potentially overlooks

other relevant features that could enhance classification accuracy. Other studies, such as those by [9],

explored glomeruli classification at the kidney level, manually extracting glomeruli and employing bulk

labeling to circumvent the need for pathologist annotations. This method, however, introduced label

noise, as all glomeruli images were assigned the same label as the LN class, irrespective of their pheno-

type. To mitigate this issue, they utilized an approximate Bayesian DenseNet, claiming that deep neural

networks (DNNs) are resilient to label noise. Despite achieving notable results, the scalability and in-

terpretability of this method from a pathologist’s perspective remain uncertain. The need to consider the

phenotypical features of glomeruli during LN classification is emphasized in [47], highlighting a gap in

existing methodologies that our proposed end-to-end automated method seeks to address.

Our work diverges from these studies by proposing a fully automated pipeline that not only de-

tects glomeruli but also classifies WSIs into various LN stages based on the phenotypical features of

the glomeruli. This end-to-end approach aims to reduce the reliance on manual intervention, improve

classification accuracy, and offer a scalable solution suitable for clinical application.

Weakly Supervised Learning in WSI Classification: The classification of WSIs is a computation-

ally intensive task due to the large size and high resolution of the images. Traditionally, this task has

been approached through supervised learning, requiring detailed annotations from pathologists. How-

ever, obtaining localized annotations for every WSI is not only challenging but also time-consuming,
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often taking several hours per slide [1, 14, 30, 32, 34, 38, 45]. As a result, weakly supervised learning

(WSL) has gained traction as a viable alternative, enabling the training of models with minimal annota-

tions while still achieving high performance.

WSL techniques have been particularly successful in computer vision applications, where they have

reduced the dependency on dense annotations [51]. These methods have been adapted to WSI analy-

sis, where the image-level labels are used to train models under the Multiple Instance Learning (MIL)

framework

Classification of Brain Tumors Using Whole Slide Images: The classification of brain tumors,

particularly low-grade gliomas such as Astrocytoma and Oligodendroglioma, has also been a focus of

research in histopathology. Traditional methods involve pathologists reviewing gigapixel-scale WSIs to

locate tumor regions, a process that is both time-consuming and subjective. Recent advances have lever-

aged deep learning techniques to automate this process, particularly using weakly supervised learning

approaches that require minimal annotation effort.

Given the computational challenges of training deep learning models on gigapixel WSIs, a standard

practice has emerged to divide these images into smaller patches. However, not all patches represent

tumor regions, necessitating the extraction of discriminative patches—those that contain relevant tumor

features. Several methods have been proposed to tackle this challenge. For example, WELDON [13]

and WILDCAT [12] demonstrated state-of-the-art performance for object detection and localization in

weakly supervised settings, using only image-level labels.

In the context of WSI analysis, recent studies [8, 10, 23, 24, 36, 46, 49] have shown exceptional per-

formance using WSI-level labels for classification tasks under the Multiple Instance Learning (MIL)

framework. In MIL, a WSI is treated as a bag of instances (patches), where the bag is labeled positive if

at least one instance is positive. This approach allows for effective learning from weakly labeled data,

which is particularly useful in histopathology, where obtaining detailed annotations is often impractical.

Hou et al. [23] and Campanella et al. [8] utilized MIL variants to select discriminative patches from

WSIs, showing excellent results. However, these methods often require large datasets, which may
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not always be feasible. For example, Campanella et al.’s [8] method involved a dataset equivalent to

88 ImageNet datasets, raising concerns about the practicality of such approaches for smaller labs or

institutions. On the other hand, Kanavati et al. [25] used a top-K patch selection strategy, which reduces

the dataset size but may overlook important tumor regions that span multiple patches.

Bagari et al. [5] introduced an anomaly detection method using isolation forests to separate tumor

tissue patches from normal tissue patches. While effective, this approach is computationally expensive

when extended to large datasets. Courtiol et al. [10] employed a MinMax layer to select the top and

bottom R patches from their 1D convolution layer output, offering another strategy to improve patch

selection.

The classification of low-grade glioma subtypes has also been explored in studies that combine radi-

ology and pathology images. For example, prior work [4, 27] utilized both types of images for subtype

classification but was limited by a small dataset of only 30 patients. In contrast, our study uses a larger

dataset of 286 patients from the TCGA portal, covering a broader range of tumor variations and improv-

ing the model’s generalization. This approach is not only applicable to brain tumors but can be extended

to other cancer types, offering a generalized framework for histopathological image analysis.

Comparison and Future Directions:

While significant progress has been made in both glomeruli detection and brain tumor classification,

several challenges remain. The reliance on manual feature extraction in many LN classification studies

limits the scalability and accuracy of these methods. On the other hand, the MIL-based approaches for

WSI classification, while powerful, often require large datasets and complex computational resources.

Future research could focus on integrating these approaches, leveraging the strengths of both manual

and automated methods to create more robust and scalable solutions. For instance, combining hand-

crafted features with deep learning models could enhance the interpretability and accuracy of LN clas-

sification. Similarly, exploring alternative weakly supervised learning techniques that require fewer

computational resources could make WSI classification more accessible to smaller labs and institutions.
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In summary, while the field has made considerable strides, there is still room for innovation, partic-

ularly in developing methods that are both scalable and interpretable. The integration of diverse data

types, such as radiology and pathology images, and the use of larger, more diverse datasets, will be

crucial in advancing the state of the art in histopathological image analysis.
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Chapter 3

Classification of histopathology images using ConvNets to detect Lupus

Nephritis

Systemic lupus erythematosus (SLE) is an autoimmune disease in which the immune system of the

patient starts attacking healthy tissues of the body. Lupus Nephritis (LN) refers to the inflammation

of kidney tissues resulting in renal failure due to these attacks. The International Society of Nephrol-

ogy/Renal Pathology Society (ISN/RPS) has released a classification system based on various patterns

observed during renal injury in SLE [47]. Traditional methods require meticulous pathological assess-

ment of the renal biopsy and are time-consuming. Recently, computational techniques have helped to

alleviate this issue by using virtual microscopy or Whole Slide Imaging (WSI). With the use of deep

learning and modern computer vision techniques, we propose a pipeline that is able to automate the

process of 1) detection of various glomeruli patterns present in these whole slide images and 2) classifi-

cation of each image using the extracted glomeruli features.

3.1 Overview

Systemic Lupus erythematosus (SLE) is a multisystem autoimmune disease, in which the person’s

own immune system attacks and damages the healthy tissues and organs. SLE can attack a wide range

of places in the body. Lupus Nephritis (LN) refers to the case of SLE affecting the kidney. If left

unchecked, LN can progress to renal failure. The classification of lupus nephritis is critical to the issue
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Patient ID LN class No. of Images
P1-2984 IV 4
P2-3073 III 6
P3-3075 VI 5
P4-3409 IV 7
P5-3452 IV 2
P6-3729 III+V 11
P7-3463.20 V 4
P8-3526.20 V 14
P9-3594.20 IV 10
P10-3729.20 IV+V 14
P11-3780.20 IV 7
P12-3899.20 III+V 13
P13-4130.20 IV 3
P14-4152.20 not specified 8

Table 3.1 NIMS dataset

of patient care and for the comparison of outcome results and therapeutic trials between different clinics.

The International Society of Nephrology/Renal Pathology Society (ISN/RPS) has released the classifi-

cation of LN into 6 classes (Class I-VI) based on the presence of various glomeruli features seen in

patients affected by LN [47]. The classification also states about the co-occurrence of LN Class IV with

Class V and Class III with Class V based on the co-occurrence of glomeruli features in these classes.

The features are summarized in Table 3.2. The major diagnosis of LN is done by a renal biopsy; the

observed histological changes within glomeruli guide the treatment of patients and are correlated with

patient outcomes. Several histological stains such as PAS and H&E reveal different information regard-

ing the disease features. Digitizing such stained slides into images helps in developing computational

algorithms that aid pathologists during diagnosis.

Typically the biopsy images are stored as Whole Slide Images(WSIs). A WSI is a digitized image of

an entire microscopy slide and has a huge resolution (approx. 80, 000 × 20, 000). Due to the unavail-

ability of the image scanner, the dataset used in the current method was taken by attaching a camera to

the microscope and taking snapshots of the interested regions of the biopsy tissue sample. The current

pipeline incorporates the Periodic Acid-Schiff (PAS) stained images as the input images. Contrary to the

numerous works published for glomeruli detection and classification [3, 16, 20, 26], only a few works
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Class count
Normal 18
Sclerosed 25
Endocapillary Hypercellularity 19
Messangial Hypercellularity 10
ThickGBM 41
Wireloops 10
Hyaline Trombi 5
Cresent 14
Segmental Adhesion 2

Table 3.2 Glomerular classes

exist that propose a complete pipeline for the classification of WSIs into LN classes using glomeruli

features. Additionally, they only consider a limited number of glomeruli classes: sclerosed v/s nor-

mal [6] or glomerular v/s non-glomerular [15], which is insufficient for LN classification. [9] focused

on the glomeruli classification and Kidney-level classification. They extracted the glomeruli manually

and used a bulk labeling scheme in order to avoid manual annotation by pathologists. This technique

adds label noise in the dataset as glomeruli images were given the same label as the LN class regardless

of their phenotype. They further used an approximate Bayesian DenseNet to resolve this issue claiming

that DNNs are resistant to label noise. Although, they show significantly good results using this method,

the scalability and genuinity from a pathologist’s view seem unclear. As reported in [47], it is important

to consider the phenotypical features of glomeruli present in the kidney while in the classification of LN.

Ginley et al. [16] shows the classification of 6 stages of LN by using hand-crafted glomerular features.

In our method, we propose an end-to-end automated method from extracting glomeruli from the images

to classifying them into various stages of Lupus Nephritis. As shown in figure 3.1.

3.2 Data

Biopsy samples from 14 patients diagnosed with various stages of LN were collected from NIMS

shown in Table 3.1. In our study, we are using only PAS stain images. Vahadane [44] color normalization

was performed in order to normalize the color variation across the images. Due to less data, we are
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Figure 3.1 Pipeline of the proposed method

considering images of 10x, 20x, and 40x magnification scales. Aperio ImageScope1 software tool

was used to annotate the glomeruli from the provided images. A bounding box is drawn around the

glomeruli regions present in each image. The coordinates of these bounding boxes are stored in a .xml

file and are used to extract the glomeruli regions. A total of 124 glomeruli were extracted from the 14

patients provided. The labels of these glomeruli were annotated and validated by Dr. Megha Uppin

from NIMS, Hyderabad. Based on the classification of LN proposed by The International Society

of Nephrology/Renal Pathology Society (ISN/RPS), the extracted glomeruli were divided into 9 classes

based on the glomerular features seen in LN affected samples. The 9 classes selected and their respective

number of glomeruli images extracted for each class are shown in Table 3.2. Figure 3.2 shows some

examples showing varied features seen across the glomerular classes.

The detection pipeline for detecting different stages of Lupus Nephritis consists of 3 stages:
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Figure 3.2 Examples showing the types of affected glomeruli. From left to right, a) Normal, b)
ThickGBM, c) Mesangial Hypercellularity, d) Endocapillary Hypercellularity, e) Scerosed; f) Hyaline
Thrombi, g) Wireloops, h) Crescent, i) Segmental Adhesion
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3.2.1 Glomeruli detection

Although there are many approaches towards segmenting glomeruli [3, 6, 15–17, 26], they use very

deep architectures for this task. Due to the limitations on the data availability from NIMS and the

annotation effort required, we formulated the problem of extracting glomeruli as an object-detection

task. Object detection is one of the common problems prevalent in the domain of computer vision. With

the advantage of having large published datasets, deep learning has proven to provide state-of-the-art

results for solving this problem. The general idea behind these deep learning methodologies is that they

locate the smallest bounding box that comprises the complete object and also predict the class of the

object. In the past years, there have been many methodologies for solving these problems based on the

concept of region proposals [18,19,41] or one-shot detection [33,39,40] and various others [28,31,43].

We employed a region proposal-based technique and used a Faster R-CNN model for locating bounding

boxes for the glomeruli present in the images provided by NIMS. We used a VGGNet pre-trained on

ImageNet as the base network for generating the convolutional feature map. A Region Proposal Network

(RPN) is used to find bounding boxes (also called region proposals) with the probability of containing

an object. Further Region of Interest (RoI) pooling is applied to extract features for the proposals which

is used by an R-CNN model for predicting the class of the object and its corresponding bounding box

(defined by xcenter, ycenter, width, height). We fine-tuned the Faster R-CNN model on the slide

images provided by NIMS for 30 epochs with a batch size of 5. The model gives the best estimates for

the bounding boxes of the glomeruli present in the slide image. Based on the predicted coordinate values

we crop the glomeruli from the slide images and only take the true positives for further classification.

3.2.2 Glomeruli Multi-Classification

With the extracted dataset of glomeruli images, we further classified them into the 9 classes shown

in Table 3.1. Since a glomeruli image can have multiple labels, we used a multi-label multi-class classi-

fication approach. The classification model is shown in Figure. The model accepts the glomeruli image

and passes it to 2 convolutional blocks (CONV − > BATCH NORM − > RELU − > MAXPOOL).
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Figure 3.3 Glomeruli label imbalance

The resulting feature map is flattened to a feature vector and passed to a classifier with a sigmoid activa-

tion to output a vector of size 9× 1 containing probabilities for each class. We found the best threshold

value to be 0.45. If the probability value of a class is greater than the threshold, we assign the class to

the image.

3.2.3 LN classification

Further, we aggregate all the glomeruli images for each patient based on their patient ID and generate

a list of features. Once the glomeruli features list is obtained for each patient that depicts the types of

glomeruli features present along with their counts, the final prediction of the LN class of the patient

needs to be performed. We are currently exploring various aggregation methods to predict the slide

level LN class from the glomeruli features list obtained for each patient. [23] proposes a Slide level

level aggregation from patch-level labels. A similar approach can be used by learning a patient-level

LN classifier based on the glomeruli feature list. A histogram/frequency vector can be generated for
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IoU0.5:0.95 IoU0.5 IoU0.75

AP 0.73 0.976 0.843
AR 0.742 0.792 0.792

Table 3.3 Object detection scores on NIMS validation set.

each patient based on the obtained glomeruli features list and this can be input to a logistic regression

model or an SVM to get the patient-level LN classification.

3.3 Results

3.3.1 Glomeruli detection

Out of the 108 images from NIMS, 100 images were kept for training the Faster R-CNN model

and 8 for validation. The dataset was divided using patient ID such that slide images from the same

patient were not found in both the training and validation sets. This was done to prevent the model from

learning any kind of bias towards a patient. Table 3.3 shows the results on the validation set. We used

the following metrics for evaluation:

• Intersection over Union (IoU): It is defined as the area of the intersection divided by the area of

the union of a predicted bounding box (Bp) and the ground-truth bounding box (Bgt).

IoU =
area(Bp ∩Bgt)

area(Bp ∪Bgt)

• Average Precision (AP): It is defined as the area under the interpolated precision-recall curve,

which can be calculated using the following formula:

AP =
n−1∑
i=1

(ri+1 − ri) ∗ pinterp(ri+1)

where r1, r2, r3, ...., rn are the recall values (in ascending order) at which the precision is first

interpolated.
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• Average Recall (AR): It is the recall averaged over all IoU ϵ [0.5, 1.0] and can be computed as

two times the area under the recall-IoU curve:

AR = 2 ∗
∫ 1

0.5
recall(0)do

where o is IoU and recall(o) is the corresponding recall.

3.3.2 Glomeruli multi-classification

We extracted 144 glomeruli images from the slide images. We trained on 100 glomeruli images

and kept 44 glomeruli images for validation. For multi-label multi-class classification, the model was

also pre-trained on DATASET B DIB by Bueno et. al. [7] for 20 epochs. This dataset contains 2340

glomeruli images of size 224 × 224 extracted from 31 WSIs of PAS-stained kidney biopsies generated

in the European project AIDPATH. The dataset contains only 2 classes of glomeruli: normal (1170

images) and sclerosed (1170 images). The pretraining results on the test set (200 images) are shown

in Table 3.4. We fine-tuned the model for another 20 epochs on our extracted set of glomeruli images

from NIMS data. To deal with label imbalance as shown in Figure ??, weighted oversampling was used.

Table 3.5 shows the results of the multi-label multi-class classification on the validation set.

Acc Precision Recall F1-score
97.9% 0.974 0.99 0.984

Table 3.4 Results for pre-training on Bueno et al. [7] dataset

Acc Precision Recall F1-score
72.1% 0.87 0.7 0.775

Table 3.5 Results for multi-label multi-class classification

21



Classes Accuracy
Sclerosed vs endHyper 0.94
MesHyper vs endHyper 0.84
Sclerosed vs normal 0.98
Sclerosed vs mesHyper 0.93
thickGBM vs endHyper 0.75
thickGBM vs MesHyper 0.85
thickGBM vs normal 0.84
thickGBM vs Sclerosed 0.74

Table 3.6 Results for binary classification

3.3.3 Binary Classification between glomeruli features

In addition to the mentioned pipeline, we have also performed a binary classification between the

selected glomeruli features mentioned in Table 3.2 in order to verify the distinguishable features between

the glomeruli classes. A glomerulus can belong to a single class or multiple classes from Table 3.2. We

chose a combination of classes whose features cannot both occur in the same glomerulus, for example,

a glomerulus cannot be normal and have any of the other features, and a combination of classes, where

more than one feature might occur in the same glomerulus leading to multiple classes for a single

glomerulus. The images were divided into train and validation sets. We perform data augmentations to

increase the training data and keep the validation data as the original images. It is clear that there is a data

imbalance between the classes as seen in Figure 3.3, which was addressed by oversampling the minority

class and under-sampling the majority class in each batch during training by using a weighted random

sampler. A simple CNN pre-trained on Mendeley Dataset [7] for the binary classification between

normal and sclerosed glomeruli classes was used for the binary classification task. Table 3.6 summarizes

the result of binary classification performed between classes with considerable individual data samples

showing the combinations taken for binary classification and the accuracy achieved on the respective

validation set.
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3.4 Challenges

The major challenge faced is the availability of a published/verified annotated dataset for LN classi-

fication. The images provided for each patient are not in the WSIs, which gives the picture of the entire

microscopic image of the tissue taken and can approximately have hundreds of glomeruli from each such

image. This also prevents us from including state-of-the-art glomeruli detection methods in our pipeline

which could increase the performance. Our data consisted of images taken covering a small region of

tissue usually having around 1 glomerulus for a 40x magnification image, 2-3 glomeruli in a 20x mag-

nification image, and 5-7 glomeruli in a 10x magnification image. Hence the total number of glomeruli

extracted from each patient in our pipeline reduces significantly when compared to WSIs. This affects

the performance of the classification of glomeruli into the 9 glomerular classes due to less and highly

imbalanced data. Secondly, with the total number of patients being only 14, training a patient-level LN

classifier becomes tough due to the smaller number of samples of each LN class covered. Finally, the

glomerular feature list obtained from the extracted glomeruli is only from the provided set of images

for each patient, which raises the question of whether it is clinically correct to predict the LN class of

patients based on the limited set of images provided for each patient.

3.5 Summary

We propose a complete pipeline for the classification of WSIs into various LN stages based on

glomeruli features. The steps include 1) detection of glomeruli from PAS stained images, 2) multi-

classification of these glomeruli into the 9 classes selected based on the glomeruli features seen in LN

affected kidney biopsies, and 3) predict the patient’s stage of Lupus Nephritis (CLASS I to Class VI).
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Chapter 4

Weakly supervised method for the classification of Astrocytoma and

Oligodendroglioma using histopathology images

Analysis of digital histopathology slides or Whole Slide Images (WSI) is critical for several diag-

noses. Pathologists review gigapixels of whole slide images from these slides to locate tumor regions.

Low-grade glioma is a type of brain tumor that originates from glial cells. In our work, we perform the

classification of low-grade gliomas into Astrocytoma and Oligodendroglioma. Due to the computational

infeasibility of training deep learning models on gigapixel images, the standard practice is to divide them

into smaller patches. However, not all the patches represent the tumor region. Discriminative patches

are those that have the features of the tumor. Our work presents a weakly supervised method for ex-

tracting such discriminative patches representing the tumor region from each WSI. The Convolutional

Neural Network (CNN) is trained on the discriminative patches for the final classification and aggre-

gated to find the WSI label. We evaluated our method on a dataset of 5, 81, 616 patches extracted from

286 WSIs obtained from The Cancer Genome Atlas (TCGA) portal and achieved a slide-wise accuracy

of 79.31%. Our results show a further increase of 10% when trained only on discriminative patches

extracted from each WSI and gained a slide-wise accuracy of 89.65%.
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4.1 Overview

Histopathology uses the microscopic examination of a biopsy or surgical specimen that is processed

and fixed onto glass slides to study the disease symptoms [2]. It is a critical step in tumor detection

and diagnosis. The tissue sections are counter-stained to visualize different cellular components un-

der a microscope. Pathologists have used Hematoxylin-Eosin (H &E ) staining [4] for over a hundred

years. Hematoxylin stains cell nuclei in blue, while eosin stains cytoplasm and connective tissue in

pink. Such histological sections are digitized into an image known as a Whole Slide Image (WSI).

Recent developments in deep learning-based approaches have shown to be beneficial for automating

various medical image tasks in histopathology [11, 22, 27, 35, 42, 48] and aid the pathologist in tumor

detection tasks. WSI are gigapixel images with a high resolution of around 1, 00, 000× 1, 00, 000 pix-

els. Training deep learning models on such large images is computationally infeasible. Fine-grained

feature details seen in the tumor regions, essential to differentiate between the tumors, are lost by re-

sizing images to smaller dimensions. Therefore, it is more reasonable to perform analysis on small

patches with fine details cropped from WSIs as small blocks of the desired size, but on a much larger

scale as thousands of patches are extracted from each WSI. Such features can be captured and learned

from the high-resolution patches extracted from the WSI and predict the slide-level label based on the

patch-level predictions. Therefore, most WSI classification methods classify or extract features from the

patches and aggregate them to find the WSI label. Most histopathology datasets often comprise large

images coarsely annotated according to the diagnosis, providing only the ground truth label for each

WSI (slide-level label), but extracted patch labels remain unknown. The WSI label gets translated to

the patches leading to a weakly supervised scenario. Developing deep learning models that give a good

classification accuracy without pixel-level annotations based only on slide-level labels reduces the cost,

and time spent in manual annotations and is very beneficial to histopathology image analysis. Secondly,

the entire tissue region present in the WSI does not represent the labeled tumor. It is a tissue section

covering regions of the tumor features and normal tissue. The patches extracted from WSI that have

features and qualities of the WSI tumor label are considered discriminative patches. Since the WSI con-

25



tains the tumor and normal tissue regions, selecting discriminative patches from each WSI is essential

to represent the tumor region. It might help in improving the performance of the model. Various stud-

ies [5, 8, 10, 23, 25, 37] to select the discriminative patches from each WSI have proven to be successful

in improving the classification accuracy.

Contributions: A glioma is a type of brain tumor that originates from glial cells. Based on cell ac-

tivity and aggressiveness, glial cancers are categorized into two types (i,e) High-Grade Glioma (HGG)

and Low-Grade Glioma (LGG). In this paper, we propose a weakly supervised deep learning method

to select discriminative patches and perform the classification of subtypes of LGG – Astro- cytoma,

and Oligodendroglioma using histopathology images. This subtype classification is a challenging task

because of the tumor cell diversity of gliomas. This work classifies the WSIs into two labels- Astrocy-

toma and Oligodendroglioma and the selected discriminative patches from each WSI are used to train

the model and report the final classification result. We observe a 10% increase in the slide-wise ac-

curacy from 79.31% to 89.65% when trained only on the discriminative patches selected from each

WSI. We also show the high-probability regions predicted by the model which have been validated by

pathologists. Although this method is applied to classify brain tumors into Astrocytoma and Oligoden-

droglioma, it is a generalized method and can be extended to any cancer type and future works can be

extended to the multiclass classification of different types of glial cancers (Normal vs. Astrocytoma vs.

Oligodendroglioma vs. Oligoastrocytoma vs. Glioblastoma). The pipeline of the proposed method is

explained in figure ??.

4.2 Approach

This work classifies the WSIs into two labels - Astrocytoma and Oligodendroglioma. Further, the

discriminative patches that represent the tumor features are selected from each WSI, and analyze the

effect on the classification performance when the model is trained only on such discriminative patches.

The pipeline of the proposed method is explained in Figure 1.
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Figure 4.1 Pipeline of the proposed method. Workflow: a. Preprocessing steps are applied on each
WSI to obtain patches. b. First-level training is performed on the patches, and the selection of top K
percentile patches from each WSI is made based on their ranked sigmoid probabilities. c. Second-level
training is performed on the selected discriminative patches and the obtained patch level predictions are
used to calculate the WSI label.

4.2.1 WSI Preprocessing

We downloaded whole slide images from The Cancer Genome Atlas (TCGA) [21], an extensive

data repository covering various cancers. The average dimensions of WSIs in our dataset are around

60, 000×30, 000. H&E staining has been done to preserve the cellular and tissue structure. We have

considered 177 WSI from 130 patients available in Astrocytoma-Anaplastic and 109 WSI from 76 pa-
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Figure 4.2 Patches shown in the top row are of different colors as they are obtained from different
WSIs. Patches shown in the bottom row are after applying color normalization to achieve a uniform
color across patches.

tients available in Oligodendroglioma-Anaplastic frozen specimens at 40× magnification level. Signifi-

cant class imbalance exists in the dataset. We extracted the patches of size 448×448 without any overlap

from each WSI at a 40× magnification level. Patches that contain noise or white backgrounds were

discarded to save the computation cost and reduce the noise.

4.2.1.1 Patch filtering

Otsu binarization method [52] has been used to find the optimal threshold value to separate the

background from the foreground. Binary dilation [29], is applied to enlarge bright regions and shrink

the dark regions. We empirically found the optimum limit for both the threshold value returned by Otsu

binarization and the ratio found from binary dilation. All the qualified patches were color normalized

[44] to reduce the color variations among the patches across all slides and have been considered for

training while all other patches are discarded. Pseudocode can be seen in algorithm 1.
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Algorithm 1 Foreground patch selection and elimination of background patches
1: slide = Whole slide image

2: while patch in slide do

3: gray = GRAYSCALEIMAGE(patch)

4: (ret, threshold) = THRESHOLD(gray, Otsu + BinaryInversion)

5: threshold = BINARYDILATION(threshold, iterations = 15)

6: threshold mean = MEAN(threshold)

7: if ret < 200 and threshold mean > 0.80 then

8: Save the patch

9: else

10: Discard the patch

11: end if

12: end while

4.2.2 WSI patch selection and classification

The objective is to predict whether a slide image is Astrocytoma or Oligodendroglioma. We formu-

late our problem as patch-level classification and predict the slide-level label based on the patch-level

predictions. The proposed method can be divided into three parts.

4.2.2.1 First-level training

After performing the preprocessing steps, patches were extracted from each WSI. The WSI label is

assigned to all patches extracted from it. Such patches across the available WSIs are passed as input to

the ResNet-18 model pre-trained on ImageNet and are fine-tuned till convergence. The sigmoid function

at the end of the last layer of the ResNet-18 model gives a probability of each patch belonging to the two

classes. We refer to this network as First-level. The classification result obtained by first-level training

can be considered as the baseline result obtained by using all the patches.
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4.2.2.2 Selection of discriminative patches

Recent works on WSI classification that used the MIL-based approach for selecting discriminative

patches have proven successful in achieving good results. However, non-discriminative patch elimina-

tion is done based on the probabilities predicted by the CNNs trained for 2-3 epochs in each iteration.

When we trained the model for a similar number of epochs, the best patch-wise validation accuracy was

approximately 57%, closer to random choice. To address this problem, we have trained the model till

convergence and selected the discriminative patches based on the probabilities predicted by the model

with comparatively much higher validation accuracy. Patches classified correctly with high confidence

are hypothesized to represent the tumor region. Top K percentile patches classified correctly with high

confidence are selected from each WSI based on the sigmoid scores of each patch obtained from the

first-level training. These patches selected from each WSI represent the tumor regions better than con-

sidering all the patches as tumor patches.

4.2.2.3 Second-level training

In the second-level training, the fine-tuning of the last few layers of the ResNet-18 model initialized

with ImageNet pre-trained weights is trained using only the top K-percentile patches extracted from each

WSI. We refer to this network as second-level. The classification result obtained can be compared with

the baseline result obtained from first-level training and analyze the selection effect of top K percentile

patches.

4.3 Experiment settings

We downloaded whole slide images from The Cancer Genome Atlas (TCGA) [21], an extensive

repository of data covering various cancers and data types collected from many hospitals, providing a

huge collection of WSIs. These WSIs are available at different magnification levels (5×, 10×, 20×, 40×)

with resolutions ranging from 1, 000 − 1, 00, 000 pixels. H&E staining has been done to preserve the

cellular and tissue structure. We have considered 177 WSI from 130 patients available in Astrocytoma-
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Figure 4.3 Astrocytoma WSI. Dimensions : 106624 × 28871 pixels. All the patches are shown at 40x
magnification. The patches with red bounding boxes represent discriminative patches, green bounding
boxes represent non-discriminative patches and blue bounding boxes represent artifacts.

Anaplastic and 109 WSI from 76 patients available in Oligodendroglioma-Anaplastic frozen specimens

at 40× magnification level. Significant class imbalance exists in the dataset. The average dimensions

of WSIs in our dataset are around 60, 000 × 30, 000. We divided the dataset into 70-15-15 splits for

training, validation, and testing.

4.3.1 Training

All the models are implemented in Pytorch. The input images are resized from 448× 448 to 224×

224. To introduce generalization, we applied data augmentation techniques like mirroring and random

rotations to the training data. All the images were normalized using mean and standard deviation,

calculated on the training set before being fed to the network. The last four layers of the ResNet-18

model have been fine-tuned using Adam Optimizer with 10−6 learning rate and binary cross-entropy

as the loss function for 10-15 epochs during first-level training and 30-40 epochs during second-level
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training. We used a weighted random sampler to deal with the class imbalance problem. The model was

trained with batch size 128 in NVIDIA GTX 1080 Ti with 8 GB RAM. The hyperparameters are kept

constant in both first-level and second-level training.

Figure 4.4 Receiver Operating Characteristic Curve (ROC) and Precision Recall Curve (PRC): Compar-
ison of models trained in first level and second level (K = 10,K = 20,K = 30) has been shown using
ROC on the left and PRC on the right. The curve with black, blue, green, and orange colors represents
the models trained on all the patches extracted, top 10, 20, and 30 percentile patches respectively. The
model trained on top 10 percentile patches (K = 10) performed the best.

.

The inference is made after the second-level training. During patch-level evaluation, all the patches

extracted from a WSI in the test set are evaluated by the model. In the case of slide-level inference,

the sigmoid probabilities of all patches in each WSI are averaged. If the mean value is greater than

0.5, then label 1 (Oligodendroglioma) is assigned, otherwise 0 (Astrocytoma). The result is influenced

by the patches with extreme probabilities (either close to zero or close to one). The hypothesis is that

patches with probabilities close to 0.5 which represent the non-discriminative patches, do not influence

the result much.
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Figure 4.5 Each row represents the WSI and the high-probability areas from which patches for second-
level training are selected. In Column 2,3,4, the white region represents the top 10, 20, and 30 percentile
patches selected for second-level training while the grey region represents the areas with low probability
patches and the black region represents the background area in the WSI.

4.4 Results

In the classification of Astrocytoma and Oligodendroglioma, the proposed classification framework

obtained a slide-wise accuracy of 79.31% from first-level training of the last 4 layers in ResNet-18.

Features computed by the first layers of a trained network seem to occur regardless of the exact cost

function and image dataset, making it general. However, the features computed in the final layers of

a trained network greatly depend on the chosen dataset and task, making it more specific. Thus first

layer features are more general, whereas last layer features are more specific. We have tried varying

the number of last layers selected to be trained on our target dataset. Table ?? shows the patch-wise,

and slide-wise area under the receiver operating characteristic curve (AUC-ROC score) obtained by

fine-tuning specified last n layers of the network on the target dataset, and the remaining first layers are

frozen with pre-trained ImageNetweights. We observe that fine-tuning the ResNet-18 model on the last

four layers of our target dataset yielded the best AUC ROC score. This model has been used for second-
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Figure 4.6 Comparison of high probability region predicted on a test set WSI by the first level model
(baseline) and the best performing second-level model. The left image represents the WSI from the test
set. Middle images represent the high-probability regions shown in red, which are predicted by the first
and second levels models. The right images represent some sample patches taken from the respective
high-probability regions. Patches shown in red bounding boxes represent the tumor patches and have
high cellular foci. Patches shown in green bounding boxes represent regions with very low cellularity.

level training on top K percentile patches. The final result obtained for different K values is shown in

Table 4.1. There is an increase of 10% in slide-wise accuracy when trained only on the top 10 percentile

patches (K = 10) instead of considering all the patches for the baseline result obtained by first-level

training. Table 3 shows the patch-wise, slide-wise accuracy, and AUC-ROC scores for the first-level

and second-level training (K = 10). Precision recall curves and receiver operating characteristic curves

of models fine-tuned on the last four layers in both first-level and second-level training on top 10, 20,

and 30 percentile patches (K = 10, K = 20, K = 30 have been depicted in Fig 4.4. Despite the class

imbalance, the model trained on the top 10 percentile patches (K = 10) has yielded the best average

precision score of 91.07%. To avoid overlapping of the curves and a single color dominating over

others, a very small offset value of 0.01, 0.02, 0.03 is added to K = 10,K = 20,K = 30 respectively

along the X-axis and Y-axis to be able to distinguish the curves and visualize them clearly.
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Table 4.1 Comparison of classification results of top 10, 20, and 30 percentile patches in second level
training of finetuning last-4 layers of ResNet-18 Model
APS: Average Precision Score.

Experiment Number of Patches Accuracy APS

K=10 40853 89.65 91.07
K=20 81525 82.75 85.19
K=30 121759 86.2 82.03

Table 4.2 Comparison of patch-wise and Slide-wise results in the first and second level with K = 10
obtained for fine-tuning the last 4 layers of ResNet-18 model.

Experiment Accuracy AUC ROC
First
Level

Patch Wise 65.34 67.09
Slide Wise 79.31 79.47

Second
Level

Patch Wise 69.84 67.43
Slide Wise 89.65 84.21

Using the sigmoid probabilities predicted by the ResNet-18 model in the first-level training, a prob-

ability heat map is generated by highlighting the top K percentile patches for each WSI. These patches

are then used for the second-level training. In Figure ??, the white region shows the top K percentile

patches selected for second-level training for K = 10, 20, 30 while the grey region shows the patches

with low probability and the black region shows the background area in the WSI. Fig4.6 shows a com-

parison of high-probability regions predicted on a WSI from the test set by the first-level model and the

best-performing second-level model (k = 10) trained on top 10 percentile patches. We can observe that

the first-level model predicts most regions as high probability, whereas the second-level model, trained

only on the discriminative patches, has given a much more concise high probability region. We have

also sampled a few patches from these regions. We observe that the patches extracted from the high-

probability region predicted by the second-level model have much fewer patches belonging to regions

with very low cellularity, which were included in the first-level model’s high-probability region. The

qualitative results were validated by a pathologist.
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Table 4.3 Patch-wise and Slide-wise AUC ROC scores of finetuning last n layers. The columns show the
patch-wise and slide-wise AUC ROC scores obtained by First-level training and second-level training
with K = 10, K = 20, and K = 30 respectively.

AUC-
ROC

Experiment
First-
Level

K =
10

K =
20

K =
30

Last 2
layers

Patch
Wise

70.63 69.83 69.83 72.36

Slide
Wise

78.42 88.42 78.94 83.68

Last 3
layers

Patch
Wise

69.84 74.42 72.82 73.35

Slide
Wise

77.89 86.84 86.31 83.68

Last 4
layers

Patch
Wise

71.26 75.97 75 73.47

Slide
Wise

81.05 90.52 84.21 83.15

All
layers

Patch
Wise

67.09 67.43 71.13 70.53

Slide
Wise

79.47 84.21 85.78 82.10

4.4.1 Ablation study

Transfer learning is a method that initially trains the network on a general image dataset like Ima-

geNet and transfers the learned feature to the network to be trained on the target dataset [50]. Features

computed by the first layers of a trained network seem to occur regardless of the exact cost function

and image dataset, making it general. However, the features computed in the final layers of a trained

network greatly depend on the chosen dataset and task, making it more specific. Thus first layer features

are more general, and last layer features are more specific. We have tried varying the number of last lay-

ers selected to be trained on our target dataset. Table 4.3 shows the patch-wise, slide-wise area under the

receiver operating characteristic curve (AUC-ROC score) obtained by fine-tuning specified last n layers

of the network on the target dataset, and the remaining first layers are frozen with pre-trained ImageNet

weights. We observe that fine-tuning the ResNet-18 model on the last four layers of our target dataset

yielded the best AUC ROC score.

36



4.5 Summary

This work presented the classification of brain tumors into Astrocytoma and Oligodendroglioma

from histopathology images. We solved this problem in two stages. The first stage identifies the dis-

criminative patches with the cancerous region, and the second stage trains them. In the second stage,

the model’s performance boosts by 10% in slide-wise accuracy when trained on the high probability

patches keeping the other parameters constant. We conclude with the above results that training deep

learning models on discriminative patches extracted from WSI based on slide-level labels gives accurate

results. We believe that weakly supervised learning methods have great potential to assist pathologists

in histology image diagnosis soon. A further improvement in the accuracy can lead to clinical adoption.

Future works can be extended to the multiclass classification of different types of glial cancers (Nor-

mal vs. Astrocytoma vs. Oligodendroglioma vs. Oligoastrocytoma vs. Glioblastoma). Although this

method is applied to classify brain tumors into Astrocytoma and Oligodendroglioma, it is a generalized

method and can be extended to any cancer type.
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Chapter 5

Conclusion and Future work

5.1 Conclusion

This thesis has explored the application of advanced machine learning techniques to the classification

of histopathology images in two distinct medical domains: Lupus Nephritis (LN) and glioma subtypes

(Astrocytoma and Oligodendroglioma). By developing specialized methodologies for each problem,

we have demonstrated significant improvements in classification accuracy, providing valuable tools for

enhancing diagnostic processes.

Classification of Lupus Nephritis In the context of Lupus Nephritis, we proposed a comprehensive

pipeline designed to classify whole slide images (WSIs) into various LN stages based on glomerular

features. The process encompasses the following steps:

Detection of Glomeruli: Utilizing PAS-stained images, we developed methods to accurately de-

tect glomeruli, which are critical structures in kidney biopsies. Multi-Classification of Glomeruli: We

classified the detected glomeruli into nine distinct classes. These classes were selected based on the

specific glomerular features observed in LN-affected kidneys, providing a nuanced understanding of

the disease’s progression. Stage Prediction: Using the classified glomeruli, we predicted the patient’s

stage of Lupus Nephritis, ranging from Class I to Class VI, as defined by the International Society of

Nephrology/Renal Pathology Society (ISN/RPS). This automated approach addresses several limitations

of existing methods, such as label noise and limited class consideration. By incorporating phenotyp-
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ical features and providing a detailed classification scheme, our pipeline enhances the accuracy and

reliability of LN diagnosis, ultimately contributing to improved patient care.

Our work has several important implications. To our knowledge, this is the first study to lever-

age convolutional neural networks (CNNs) for detecting Lupus Nephritis using visual glomerular fea-

tures. While previous studies like Ginley et al. used hand-crafted glomerular features for classifying

LN stages, our approach allows deep learning models to implicitly learn all relevant features, thereby

broadening the feature set. We emphasize that this work is not intended to replace neuropathologists

but to assist them. However, there are potential negative implications. Due to the limited availability

of LN data, we used a set of nine commonly seen glomerular classes, whereas there are more than 25

glomerular classes identified in some patients. Including images with such additional glomerular classes

could alter predictions and increase false positives.

Classification of Glioma Subtypes For the classification of glioma subtypes, specifically Astrocy-

toma and Oligodendroglioma, we introduced a weakly supervised deep learning method. This ap-

proach addresses the challenges posed by the high-resolution and weakly annotated nature of WSIs.

Our methodology involves two main stages:

Identification of Discriminative Patches: We identified high-probability patches within WSIs that

contain the cancerous regions. This step is crucial for focusing the analysis on the most relevant areas

of the tissue, thereby enhancing the model’s learning process. Training on Discriminative Patches: By

training the model on these selected patches, we achieved a significant improvement in classification

accuracy. Specifically, the slide-wise accuracy increased by 10% compared to training on the entire

WSI. Our results demonstrate that training deep-learning models on discriminative patches based on

slide-level labels can yield accurate and reliable classification outcomes. This method shows great

potential in assisting pathologists with histology image diagnosis, providing a scalable and effective

solution for tumor classification. Further improvements in accuracy could facilitate clinical adoption,

thereby enhancing diagnostic workflows and patient outcomes.
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This method, although applied specifically to classify brain tumors into Astrocytoma and Oligoden-

droglioma, is generalized and can be extended to other types of cancer. Future work can focus on the

multiclass classification of various glial cancers, including Normal, Astrocytoma, Oligodendroglioma,

Oligoastrocytoma, and Glioblastoma. Expanding the method’s applicability can further validate its util-

ity across different cancer types.

5.2 Future Directions

The findings of this thesis underscore the potential of machine learning to revolutionize histopathol-

ogy image analysis. However, several avenues for future research and development remain:

Enhancement of Weakly Supervised Learning: Further refinement of weakly supervised learning

techniques could improve model accuracy and robustness, making them more suitable for clinical ap-

plication. Extension to Other Cancer Types: The methodologies developed for glioma subtype classi-

fication could be extended to other types of cancer, enabling broader applicability and impact. Future

research can explore the multiclass classification of different glial cancers and other tumor types. Inte-

gration with Clinical Workflows: Developing user-friendly tools that integrate seamlessly with existing

clinical workflows will be crucial for the practical adoption of these techniques. By continuing to

advance these areas, the potential for machine learning to significantly enhance histopathological diag-

nostics will be fully realized, leading to better patient outcomes and more efficient healthcare delivery.

In conclusion, this thesis has made significant strides in applying deep learning to the classification

of histopathology images, addressing critical challenges in both Lupus Nephritis and glioma subtype

diagnosis. The proposed methods demonstrate the feasibility and effectiveness of automated image

analysis, paving the way for future advancements in the field.
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