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Abstract

Lung cancer remains one of the most prevalent and lethal forms of cancer worldwide, ne-

cessitating accurate and timely diagnosis to guide effective therapeutic decisions. Among ex-

isting diagnostic modalities, histopathological whole-slide images (WSIs) stained with Hema-

toxylin and Eosin (H&E) remain the gold standard for subtype classification, offering rich

morphological context. However, the application of computational techniques to analyze

WSIs at scale continues to face significant challenges. These include the absence of de-

tailed, pixel-wise annotations, intra-class heterogeneity and inter-class ambiguity, staining

variations, and the computational burden posed by the extremely high resolution of WSIs,

often resulting in inefficient, resource-intensive pipelines. Furthermore, the distribution of

disease-relevant patterns within a slide is highly imbalanced, with diagnostically critical

regions occupying only a small portion of the tissue.

This thesis addresses these pressing limitations by introducing two novel, data-

efficient, and weakly supervised learning frameworks—E-GloConNet and

AttenEViT-HDMIL—that collectively advance the state of lung cancer subtype classi-

fication from histopathology. These frameworks are designed to operate effectively without

reliance on pixel-level annotations, thereby aligning with real-world clinical data availabil-

ity. Through strategic sampling of representative patches and the use of both geometric and

photometric augmentations, we improve the diversity of training data and reduce overfitting,

enabling models to generalize across slides and staining conditions.

The first proposed framework, E-GloConNet, integrates lightweight convolutional ar-

chitectures with a global context modeling strategy. It captures broader tissue-level se-

mantics while maintaining efficiency and scalability. By selectively sampling patches and

combining global visual priors with local detail, the method significantly reduces the train-

ing data requirement, achieving state-of-the-art performance with just a fraction of the data

typically used in conventional methods. Building upon these ideas, the second framework,

AttenEViT-HDMIL, introduces a more structured and biologically motivated approach.

It identifies and prioritizes high-cell-density regions, which are more likely to contain ma-

lignant features, thereby concentrating computational effort on diagnostically salient areas.

The architecture integrates a transformer encoder network with hierarchical attention mech-

anisms that capture multi-scale features and long-range dependencies across tissue sections.



This hierarchical structure, combined with a multi-scale probabilistic feature fusion module,

allows for precise slide-level predictions while preserving contextual awareness and reducing

redundancy.

Both frameworks are extensively evaluated on a curated cohort of 1,053 diagnostic

WSIs from The Cancer Genome Atlas (TCGA). The results demonstrate that our models

consistently achieve high classification performance, with AUCs exceeding 0.96, while re-

quiring only 7–10% of the training data compared to traditional approaches. Importantly,

the proposed methods exhibit robustness across variations in slide preparation, staining, and

resolution, making them well-suited for deployment in diverse clinical settings. sFurther-

more, the integration of explainability mechanisms, such as gradient-based visualizations,

ensures that the models’ decisions remain interpretable to pathologists, thereby fostering

trust and facilitating adoption in clinical workflows. These visual maps highlight the cellu-

lar and structural features that contribute most significantly to model predictions, aligning

well with established histological criteria.

In conclusion, this thesis presents a significant advancement in the field of computa-

tional pathology by developing scalable, annotation-efficient, and explainable deep learning

methods tailored for histopathological image analysis. The proposed frameworks not only

alleviate the dependency on large, meticulously annotated datasets but also offer a promising

path toward practical, cost-effective, and clinically relevant AI tools for cancer diagnosis.
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Chapter 1

Introduction

Cancer remains one of the most formidable global health challenges of the 21st century.

In 2022, an estimated 20 million new cancer cases were reported worldwide, and this num-

ber is projected to rise to over 35 million by 2050, representing a 77% increase driven by

aging populations, urbanization, and increased exposure to carcinogenic risk factors such

as tobacco, alcohol, obesity, and environmental pollution. Despite advancements in preven-

tion, diagnosis, and therapy, cancer claimed approximately 9.7 million lives globally in 2022,

underscoring its persistent burden on healthcare systems and societies [1].

Importantly, the impact of cancer is not uniformly distributed across the globe. Low-

and middle-income countries (LMICs) bear a disproportionate share of the burden, account-

ing for approximately 70% of cancer deaths in 2020 [2]. This disparity is attributed to

multiple factors, including limited access to early detection programs, inadequate healthcare

infrastructure, and a shortage of specialized medical personnel. Additionally, the economic

consequences are severe, often pushing families into financial hardship, particularly in regions

where healthcare services are primarily financed through out-of-pocket spending. Among all

cancers, lung cancer remains the most lethal, accounting for 1.8 million deaths globally in

2022, or 18.7% of all cancer-related deaths. It was also the most commonly diagnosed cancer

in men and the second most common in women, with over 2.48 million new cases reported

in the same year [3, 4]. The high mortality associated with lung cancer is largely attributed

to late-stage diagnosis, its aggressive progression, and the continued prevalence of smok-

ing, which remains the leading risk factor, responsible for approximately two-thirds of lung

cancer deaths [3].
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In the United States, projections for 2025 indicate over 2 million new cancer diagnoses

and 618,120 deaths, with lung cancer expected to cause 124,730 deaths—more than breast,

prostate, and colorectal cancers combined. While mortality rates have declined steadily due

to improved detection and therapies, lung cancer continues to be the leading cause of cancer

death in both men and women, accounting for roughly 1 in 5 cancer deaths in the country.

Notably, lung adenocarcinoma, the most common histological subtype, has shown increasing

incidence, particularly in non-smokers, women, and populations exposed to air pollution,

especially in East Asia [1, 5]. Furthermore, there exist significant regional and socioeconomic

disparities in cancer incidence and outcomes. While high-Human Development Index (HDI)

countries are expected to experience the largest absolute increase in cancer cases, low- and

middle-HDI regions are projected to see the greatest proportional increases, reflecting critical

gaps in access to early detection, screening, and treatment services [2].

These alarming trends highlight the urgent need for innovative, scalable, and resource-

efficient cancer detection and classification frameworks, particularly for lung cancer, where

early and accurate diagnosis remains pivotal to improving patient outcomes. In this con-

text, the application of advanced artificial intelligence (AI) and deep learning models to

histopathological images holds immense promise for improving diagnostic accuracy, reduc-

ing pathologist workload, and addressing global disparities in cancer care.

1.1 Lung Cancer: prevalence, subtypes & clinical

relevance

Lung cancer is recognized as the most frequently diagnosed cancer worldwide and re-

mains the leading cause of cancer-related mortality, with around 1.8 million deaths reported

globally in 2022. It accounts for roughly 12.4% of all new cancer diagnoses, with an esti-

mated 2.5 million new cases each year [2, 4]. In the United States, lung cancer continues to

be the deadliest cancer type, with projections indicating over 124,000 deaths in 2025 [6].

This disease is primarily classified into two main histological groups: non-small cell lung

cancer (NSCLC) and small cell lung cancer (SCLC). NSCLC comprises approximately 85%

of all cases, while SCLC represents about 15%, as represented by the lung cancer epidemi-

ology in Fig. 1.1. Within NSCLC, adenocarcinoma, squamous cell carcinoma, and large cell
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Figure 1.1: Global Lung Cancer Epidemiology

carcinoma are the predominant subtypes. Adenocarcinoma has become the most common

form, especially among non-smokers and female patients, and its incidence continues to in-

crease globally [7]. Although the prevalence of squamous cell carcinoma has declined in some

populations, it remains a significant subtype, often linked to tobacco use. The differences in

tumor biology and clinical behavior between these subtypes have important implications for

treatment. NSCLC typically exhibits slower growth and metastasis compared to the highly

aggressive and rapidly spreading SCLC. Treatment approaches differ accordingly; surgical

removal combined with chemotherapy or targeted therapies is often effective for early-stage

NSCLC, while advanced stages generally require systemic therapies, including immunother-

apy [8]. In contrast, SCLC, which usually presents at an advanced stage, is mainly managed

through chemotherapy and radiotherapy due to its aggressive clinical course.

Accurate diagnosis and subtype differentiation are crucial for determining the most ap-

propriate therapeutic strategy. Molecular profiling plays an increasingly critical role, par-

ticularly in NSCLC, where identifying genetic mutations such as EGFR, ALK, and ROS1

informs targeted treatment options that improve patient outcomes [6]. In conclusion, the

diverse nature of lung cancer underscores the importance of precise histological and molecu-

lar classification to tailor treatment effectively. Given its substantial global impact, ongoing

advances in early detection, subtype-specific diagnosis, and personalized therapies are vital

for improving survival rates and quality of life.
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1.2 Diagnostic modalities for Lung Cancer detec-

tion

Multiple diagnostic techniques are employed to detect and evaluate lung cancer, includ-

ing chest X-ray, computed tomography (CT), positron emission tomography (PET), and

magnetic resonance imaging (MRI). These imaging tools help identify suspicious lesions, as-

sess tumor size, and detect metastases. However, they are primarily effective for identifying

malignancy rather than distinguishing between different lung cancer subtypes [9, 10].

Chest X-rays are often the initial screening tool due to their accessibility but have limited

sensitivity, especially for early-stage tumors. CT scans provide more detailed anatomical

information and are widely used for diagnosis and staging [9]. PET scans offer functional

imaging to assess metabolic activity and identify areas of high tumor burden, while MRI

is mainly used for detecting brain or spinal metastases or evaluating local invasion [11,

12]. While valuable for detecting and staging lung cancer, these imaging methods lack the

resolution needed for subtype differentiation, which is critical for personalized treatment

planning. This limitation arises because imaging focuses on macroscopic changes, whereas

lung cancer subtypes—such as adenocarcinoma, squamous cell carcinoma, and small cell

carcinoma—require cellular-level evaluation [9, 12].

Histopathological analysis, performed on biopsy or surgical specimens, remains the gold

standard for subtype identification. Through microscopic examination and immunohisto-

chemical staining, pathologists can classify tumors based on cellular morphology and marker

expression. This is crucial because each subtype has distinct prognostic implications, molec-

ular drivers, and therapeutic responses. For instance, adenocarcinomas may harbor EGFR

mutations or ALK rearrangements, which can be targeted with specific drugs, whereas squa-

mous cell carcinomas often do not respond to the same therapies. Furthermore, the emer-

gence of digital pathology and computational tools has enhanced the diagnostic value of

histopathology, enabling more accurate and scalable analysis using artificial intelligence. In

summary, although imaging modalities are essential for detecting and staging lung cancer,

histopathology remains irreplaceable for accurate subtype classification and treatment plan-

ning, making it the cornerstone of modern lung cancer diagnosis [13, 14].
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1.3 Challenges in Manual WSI Analysis

Despite being the gold standard, manual examination of whole-slide images (WSIs) for

lung cancer subtype classification poses several significant challenges. First, the sheer size

and resolution of WSIs—often exceeding 10000ˆ10000 pixels—make detailed inspection and

pixel-wise annotation extremely laborious and unsustainable for routine clinical workflows.

Identifying specific regions of interest across a slide at this scale becomes nearly infeasible.

Staining variability is another critical hurdle. H&E slides can exhibit considerable in-

consistencies due to differences in staining protocols, reagents, and scanner calibrations,

which profoundly affect both visual interpretation and digital analysis systems. Studies

have reported inter-instrument color variation of up to 8% and inter-run variability reaching

23–28% over time [15]. Other work evaluating multi-site H&E samples demonstrated that

laboratory-dependent color shifts cluster distinctly in PCA space, underscoring substantial

inter-laboratory differences [16]. Such variability degrades diagnostic reliability and com-

plicates efforts to standardize automated models. Pre-analytical processing variables—such

as tissue handling, fixation duration, and slide sectioning—can introduce morphological ar-

tifacts, including shrinkage, crushing, and uneven staining [17]. These artifacts disrupt

consistent evaluation and contribute to intra- and inter-observer variability, even among

expert pathologists, particularly in borderline cases. Inter-pathologist disagreement is a

well-documented issue in histopathology. For example, assessments of immunohistochemical

staining intensity show significant variability when comparing different stainers or manual

versus automated protocols [18]. This inconsistency in labeling compromises the quality of

ground-truth data, and by extension, leads to ambiguities in machine learning training and

validation.

Manual workflows also struggle with differentiating lung cancer subtypes that share

subtle morphological characteristics. Overlapping features such as gland formation, nuclear

atypia, and tumor-stroma interactions can lead to misclassification or delays, hampering

accurate diagnosis and impacting treatment decisions. Additionally, quantitative measures

such as mitotic count, nuclear-to-cytoplasm ratio, and cellular density are challenging to

quantify manually and are rarely standardized, limiting their clinical utility [19].

These limitations underscore the urgent need for computationally driven ap-

proaches—such as stain normalization, automated segmentation, and attention-aware deep
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learning—to assist pathologists. Such tools can help mitigate manual burden, increase repro-

ducibility, and improve diagnostic precision across diverse datasets and staining conditions.

1.4 Rise of Computational Pathology

The growing volume and complexity of whole-slide images (WSIs), coupled with the ev-

ident shortcomings of manual histopathological assessment, have ignited the emergence of

computational pathology—a data-centric discipline integrating high-resolution imaging with

advanced machine learning to support tissue interpretation and diagnostic decision-making.

This paradigm is particularly transformative in lung cancer, where precise subtype classifi-

cation and risk stratification are essential to tailor personalized treatment strategies [20, 21].

Computational pathology systems leverage automated high-throughput image analysis to

quantify morphological features such as nuclear shape, glandular architecture, spatial pat-

terns, and texture—attributes that are difficult to standardize through human inspection

[21, 22]. By converting complex histological images into structured data representations,

these systems establish an objective, reproducible foundation for diagnostic and prognostic

modeling.

Deep learning—particularly convolutional neural networks (CNNs) and transformer-

based architectures—has dramatically advanced the field. These models learn hierarchi-

cal tissue representations directly from raw image patches, bypassing the limitations of

handcrafted features and achieving performance comparable to expert pathologists in tasks

such as tumor detection, subtype differentiation, and grading [23, 24, 25]. They are ca-

pable of detecting nuanced morphological differences among lung adenocarcinoma, squa-

mous cell carcinoma, and small-cell carcinoma—patterns often imperceptible to human ob-

servers. Moreover, computational pathology can address key technical challenges, such as

staining variability, through data normalization and augmentation techniques, and reduce

inter-observer variability by delivering consistent, algorithmically reproducible outputs [19].

Beyond diagnosis, AI-driven approaches are being used to infer molecular traits, predict

patient outcomes, and integrate multi-modal data for a more holistic view of tumor biology

[24, 26].

As the field matures, computational pathology is increasingly embedded within clini-

cal workflows, offering potential benefits in diagnostic accuracy, workflow efficiency, and

6



large-scale screening—particularly in settings where expert pathologists are scarce [21, 27].

Although integration hurdles remain—such as regulatory validation, interoperability, and ex-

plainability—growing evidence indicates that AI-enhanced pathology is on track to become

a cornerstone of precision oncology.

1.5 Motivation and objectives

The growing burden of lung cancer and the critical role of histopathological subtype clas-

sification in guiding treatment have amplified the need for robust diagnostic support systems.

As healthcare systems increasingly adopt digital pathology, the availability of large volumes

of whole slide images (WSIs) offers unprecedented opportunities for data-driven insights.

However, this shift also introduces new challenges in data acquisition, storage, and anal-

ysis, particularly due to the ultra-high resolution and complex nature of histopathological

imagery.

The digitization of slides produces gigapixel-scale images that demand significant com-

putational resources for storage and processing. Manual examination of these large images

is not only time-consuming and labor-intensive, but also difficult to scale in high-throughput

clinical environments. The heterogeneity in staining procedures, scanner settings, and sam-

ple preparation further complicates analysis, requiring systems that are robust to domain

shifts and variability in image characteristics. Additionally, inter-observer variability remains

a persistent issue in histopathological interpretation. Even among expert pathologists, diag-

nostic disagreements can occur, especially when differentiating between morphologically sim-

ilar lung cancer subtypes. Such variability introduces ambiguity in clinical decision-making

and undermines the consistency needed for training reliable AI models. These limitations

strongly motivate the development of an automated system for the analysis of digitized

histopathology imagery that is scalable, efficient, and capable of producing consistent results.

The primary objectives of this work are: (i) to design a deep learning-based framework for

automated subtype classification of lung cancer from WSIs, (ii) to ensure robustness against

variability in staining and image acquisition, and (iii) to contribute toward reducing diagnos-

tic subjectivity by offering reproducible and quantitative insights that augment pathologist

workflows.

By addressing these challenges through a data-driven, AI-enabled approach, this work

7



aims to support the evolution of computational pathology into a reliable adjunct for clinical

diagnosis and personalized oncology.

1.6 Thesis Contributions

This thesis introduces two novel deep learning frameworks tailored for the automated

classification of lung cancer subtypes from high-resolution histopathological WSIs. These

contributions address key challenges in manual analysis, such as staining variability, anno-

tation scarcity, computational efficiency, and the need for spatial contextual awareness. The

primary contributions are summarized below.

1.6.1 Stain-Invariant and Foreground-Aware Learning: E-

GloConNet

We propose E-GloConNet, a deep learning framework based on EfficientNetV2-B0 and

enhanced with global context attention, designed to perform robust subtype classification

under diverse staining and imaging conditions.

• Stain-Invariant Learning Strategy: A stain normalization technique is incorpo-

rated to mitigate staining variability across labs and scanners, enabling the model to

generalize better across domains.

• Annotation-Efficient Learning: The model is trained using only slide-level labels,

eliminating the dependency on region-level or pixel-level annotations and facilitating

scalable learning.

• Foreground-Aware Patch Filtering: Low-tissue or background patches are ex-

cluded through a pre-filtering step, allowing the model to focus on diagnostically

relevant tissue regions and reduce computational burden.

• Global Context Attention Integration: We augment EfficientNetV2-B0 with a

Global Context Attention (GCA) module to capture broader spatial dependencies

beyond local features, improving subtype discrimination performance.
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1.6.2 Hierarchical Attention-Based MIL Framework:

AttenEViT-HDMIL

We introduce AttenEViT-HDMIL, a hybrid convolutional-transformer architecture

employing hierarchical attention and weakly supervised multi-instance learning (MIL) for

enhanced WSI-level classification.

• Dual-Stream Feature Extraction: Combines convolutional layers for local mor-

phological patterns with hierarchical transformers to capture global contextual features

in WSIs.

• Weakly Supervised MIL Framework: Utilizes slide-level labels and patch-based

analysis with MIL to learn effectively in the absence of detailed annotations.

• Biologically Driven Patch Selection: Applies intelligent tile sampling and ranking

based on cell/nuclei density to retain only the most informative patches, improving

both interpretability and efficiency.

• Probabilistic Multi-Scale Feature Fusion: Introduces a probabilistic fusion strat-

egy to aggregate tile-level classification scores into a unified slide-level embedding,

capturing comprehensive spatial and contextual insights.

• Superior Classification Performance: Demonstrates state-of-the-art accuracy and

robustness in classifying lung cancer subtypes compared to existing benchmarks.

These contributions collectively establish a robust and scalable deep learning pipeline

for the automated and accurate classification of lung cancer subtypes from histopathological

slides. By addressing key limitations in manual pathology and conventional deep learning

pipelines, this work advances computational pathology toward clinically meaningful appli-

cations.

1.7 Datasets

This study employs two prominent publicly available histopathology datasets for the

classification of lung cancer subtypes, specifically LUAD and LUSC. These datasets were

carefully selected based on their clinical relevance, image quality, and extensive annotation
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availability, enabling robust model development and validation. The details of the datasets,

along with their sample counts, annotation and image resolution are presented in Table 1.1.

1.7.1 The Cancer Genome Atlas (TCGA) – Lung Cancer Co-

hort

The TCGA-Lung Cancer dataset is a comprehensive resource comprising WSIs of hema-

toxylin and eosin (H&E) stained formalin-fixed paraffin-embedded (FFPE) tissue sections.

This cohort includes patients diagnosed with non-small cell lung cancer (NSCLC), pre-

dominantly LUAD [28] and LUSC subtypes [29]. The WSIs were generated using Aperio

ScanScope XT and CS digital slide scanners, which provide high-resolution images at ap-

proximately 0.25 micrometers per pixel, corresponding to a magnification level between 20x

and 40x. The dataset encompasses 541 WSIs from 585 LUAD patients and 512] WSIs from

504 LUSC patients, reflecting a diverse and clinically representative population.

TCGA WSIs capture detailed morphological and cellular structures, including tumor

architecture, stromal patterns, and nuclear features essential for subtype differentiation.

The availability of accompanying clinical and pathological metadata further enhances the

dataset’s value for supervised learning. This rich dataset serves as a foundation for training

deep learning models to learn complex histological patterns critical for lung cancer subtype

classification.

1.7.2 Clinical Proteomic Tumor Analysis Consortium (CP-

TAC) – Lung Cancer Cohort

The CPTAC dataset extends the histopathological resources available for lung cancer

research by providing additional WSIs from a distinct patient cohort, with complementary

clinical and molecular profiling data. The lung cancer subset includes LUAD and LUSC

cases, with 674 WSIs from 374 LUAD patients and 662 WSIs from 363 LUSC patients. The

tissue sections are stained with H&E and digitized using Leica Aperio AT2 scanners at a

resolution comparable to TCGA, approximately 0.25 micrometers per pixel [30, 31].

Notably, CPTAC provides multiple WSIs per patient, which encompass different tu-

mor regions or tissue blocks, offering a more heterogeneous sampling of tumor morphology.
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This multiplicity improves model robustness by exposing the training process to diverse his-

tological variations. Although CPTAC includes multi-omics data such as proteomics and

genomics, this study focuses on leveraging the histopathological images and their subtype

labels for model development.

Table 1.1 consolidates the critical statistics of the datasets used, including the number

of patients, WSIs, and image resolution. These two datasets were selected for their comple-

mentary patient cohorts, high image quality, and detailed subtype annotations, forming a

solid basis for training and evaluating deep learning models for lung cancer classification.

Table 1.1: Distribution of Lung Cancer histopathology datasets used in this study.

Dataset Subtype(s) Patients WSIs Resolution

TCGA-Lung Cancer
LUAD 585 541 „0.25 µm/px

LUSC 404 512 „0.25 µm/px

CPTAC-Lung Cancer
LUAD 374 674 „0.25 µm/px

LSSC 363 662 „0.25 µm/px

1.8 Evaluation Metrics

In this study, we employ several standard classification metrics to comprehensively assess

the performance of our proposed models in distinguishing between the two major subtypes

of NSCLC: LUAD and LUSC. These metrics offer insights into both the overall accuracy

and the nuanced trade-offs between correctly and incorrectly predicted cases.

• Accuracy: This metric represents the proportion of correctly classified samples (both

LUAD and LUSC) out of the total number of samples. While simple and intuitive,

accuracy may not fully capture model performance when class distributions are im-

balanced.

• Precision: Precision quantifies the proportion of true positive predictions among all

positive predictions. For instance, in the case of LUAD, precision indicates how many

of the slides predicted as LUAD are actually LUAD. High precision reduces the risk

of false positives, which is critical when misdiagnosing one subtype as another could

lead to inappropriate treatment.
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• Recall (Sensitivity): Recall measures the proportion of actual positives correctly

identified by the model. For LUAD, it reflects how many LUAD cases the model suc-

cessfully detected. High recall ensures that most cancer cases of a particular subtype

are caught, which is essential for timely intervention.

• F1-Score: The F1-score is the harmonic mean of precision and recall, providing a

balanced metric that considers both false positives and false negatives. It is partic-

ularly useful in scenarios where an imbalance exists between classes or where both

precision and recall are equally important.

• Area Under the ROC Curve (AUC-ROC): The AUC score evaluates the model’s

ability to distinguish between the two subtypes across various classification thresholds.

AUC close to 1.0 signifies excellent separability between LUAD and LUSC, while a

score of 0.5 implies no discriminatory power.

Together, these metrics offer a robust evaluation framework for assessing the subtype

classification performance of our deep learning models on whole slide histopathology images.

1.9 Organization of the Thesis

This thesis is organized into five chapters to systematically address the challenges of lung

cancer subtype classification using deep learning. The following chapter provides a com-

prehensive review of relevant literature in computational pathology and machine learning,

establishing the foundation for the proposed approaches. Chapter 3 presents E-GloConNet,

a deep learning framework leveraging global context attention to improve feature representa-

tion from WSIs for lung cancer subtype classification, along with its experimental evaluation.

Chapter 4 introduces AttenEViT-HDMIL, an enhanced hierarchical attention-based model

designed to efficiently process histopathological images within a weakly supervised learn-

ing framework, with its results and analyses detailed in the chapter. Chapter 5 concludes

the thesis by discussing the interpretability of these models using visualization techniques

such as Grad-CAM, summarizing key contributions and clinical implications, and outlining

potential future research directions to further advance AI-driven lung cancer diagnosis.
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Chapter 2

Literature Survey

The emergence of digital pathology has transformed traditional microscopy by enabling

entire tissue specimens to be digitized at microscopic resolution. This shift toward digi-

tal pathology has laid the foundation for scalable computational analysis. Concurrently,

computer-aided diagnosis (CAD) systems have emerged, blending image processing, ma-

chine learning, and artificial intelligence to assist pathologists in diagnostic workflows. These

systems offer enhanced diagnostic reproducibility, mitigate inter-observer variability, and im-

prove efficiency in the identification and classification of pathological structures [26].

Deep learning techniques, especially convolutional neural networks (CNNs) and Vision

Transformers, have reached expert-level performance in various histopathological tasks, in-

cluding cancer detection, grading, and subtype classification in high-incidence areas such as

breast and lung cancer [32]. For example, using Inception-V3 on TCGA WSIs, Coudray et

al. achieved an AUC of 0.97 in distinguishing LUAD from LUSC, validating their model

across frozen, FFPE, and biopsy samples [26]. Similarly, Gao et al. utilized CNN-based

systems to accurately distinguish lung adenocarcinoma and squamous cell carcinoma using

TCGA and ICGC datasets, achieving AUCs ranging from 0.726 to 0.864 [33].

Despite these successes, considerable challenges remain—namely, data heterogeneity,

high computational demands, the absence of standardized evaluation protocols, and lim-

ited interpretability of deep learning models—which continue to constrain clinical integra-

tion [34]. Yet, rapid advancements in algorithmic interpretability, efficient architectures, and

cross-domain learning are progressively steering CAD systems toward clinical utility, offering

a complementary role to expert pathologists in diagnostic decision-making.
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2.1 Strongly Supervised Learning for Lung Cancer

Subtype Classification

Strongly supervised learning has been pivotal in advancing histopathological image anal-

ysis, particularly for lung cancer subtype classification. As shown in Fig. 2.1(a), these ap-

proaches rely on explicit, manually provided annotations at the patch or pixel level, allowing

models to learn detailed morphological patterns associated with distinct subtypes. In this

setting, each image or image region is paired with a ground-truth label, often provided by

expert pathologists.

Coudray et al. employed a strongly supervised approach using an Inception-v3 CNN

trained on image patches extracted from WSIs in The Cancer Genome Atlas (TCGA), where

each patch inherited the label of its parent slide—LUAD or LUSC [26]. This allowed the

model to learn subtype-specific features and resulted in an area under the curve (AUC) of

0.97. The model’s performance was validated on additional datasets, including frozen, FFPE,

and biopsy samples, demonstrating robustness across specimen types. Similarly, Khosravi

et al. fine-tuned pre-trained CNNs (Inception-v1 and Inception-v3) on fully labeled WSIs

with known subtypes. Their approach achieved classification accuracies between 75–90% on

lung cancer subtype classification tasks, showcasing the potential of transfer learning under

strong supervision [35]. Wang et al. proposed a context-aware patch-based CNN approach,

where fully annotated patches were used to train a convolutional model. Their method inte-

grated Fully Convolutional Networks (FCNs) with a context-aware block selection strategy,

achieving an AUC of 0.856 on the TCGA cohort [23]. This further highlights how contextual

information can enhance subtype classification when strong supervision is available.

Despite their high accuracy, strongly supervised methods suffer from scalability chal-

lenges. Creating large-scale, high-quality annotations at the pixel or patch level is labor-

intensive and requires domain expertise. Additionally, inter-observer variability and tissue

heterogeneity can introduce biases and inconsistencies that affect the quality of supervision.

In summary, while strongly supervised learning has proven effective for subtype classi-

fication, the heavy reliance on detailed annotations and significant computational resources

motivates the exploration of alternative paradigms—such as weakly supervised and self-

supervised learning—that can reduce annotation burden while maintaining robust perfor-

mance.
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Figure 2.1: Overview of supervision strategies in WSI analysis: (a) Strong supervi-

sion with pixel-wise annotations, (b) Weak supervision with slide-level labels, and (c)

Patch-based weak supervision using foreground-aware sampling.

2.2 Weakly Supervised Learning Approaches

The labor-intensive nature of acquiring exhaustive pixel-level annotations in histopathol-

ogy has catalyzed the development of weakly supervised learning methodologies. As shown

in Fig. 2.1(b), these approaches aim to leverage slide-level labels to train models capable of

accurate classification, thereby reducing the dependency on detailed annotations.

Multiple Instance Learning (MIL): Campanella et al. introduced a MIL-based deep

learning system that utilizes only slide-level labels for training, circumventing the need for

pixel-wise annotations. Their model was evaluated on a large dataset comprising 44,732

WSIs from 15,187 patients, achieving area under the curve (AUC) values above 0.98 across

prostate cancer, basal cell carcinoma, and breast cancer metastases to axillary lymph nodes.

This study demonstrated the feasibility of training accurate classification models at scale

using weak supervision [36].

Patch-based Decision Fusion: Patch-based training (Fig. 2.1(c)) trained under weak

supervision enable learning discriminative features from whole slide images using only slide-

level labels, effectively bypassing the need for exhaustive pixel- or patch-level annotations.

Hou et al. proposed a method that aggregates patch-level predictions using a weakly su-

pervised decision fusion approach to address label scarcity in gigapixel images. While this

method aimed to improve classification performance without exhaustive annotations, its pre-

cision remained suboptimal for clinical deployment, highlighting the challenges in balancing
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annotation efficiency and model accuracy [37].

Attention-Enhanced MIL Frameworks: Li et al. developed a dual-stream

attention-based MIL model that decouples feature extraction and classification processes.

By incorporating self-supervised contrastive learning, the model enhanced patch-level rep-

resentations, leading to improved classification performance. However, the separation of

feature extraction and classification limited joint optimization, indicating areas for further

refinement [38]. Zhang et al. introduced DTFD-MIL, a double-tier feature distillation

MIL framework that employs pseudo-bags and instance-level weighting to facilitate scalable

learning. This approach achieved superior performance on datasets like CAMELYON-16

and TCGA lung cancer. Nevertheless, it faced challenges in capturing global contextual

information and exhibited sensitivity to morphological variability [39].

End-to-End Learning Approaches: Cao et al. proposed E2EFP-MIL, an end-to-

end MIL framework that achieved AUC values between 0.95 and 0.97. Despite its high per-

formance, the model encountered computational overhead when training on full-resolution

WSIs, posing scalability concerns [40]. Zhou et al. developed EWSLF, a framework that

generates pseudo-labels using clustering and attention mechanisms to reduce annotation re-

quirements. While this method aimed to alleviate the need for exhaustive annotations, it still

relied on extensive patch-level inference, indicating a trade-off between annotation efficiency

and computational demands [41].

In summary, WSL methods in histopathology offer a promising avenue to mitigate the

challenges associated with exhaustive annotations. However, they continue to grapple with

issues such as redundancy and noise from irrelevant patches, limited generalizability due to

tissue heterogeneity, and substantial computational requirements. Ongoing research endeav-

ors aim to address these challenges to enhance the clinical applicability of WSL approaches

in histopathological analysis.

2.3 Deep Neural Networks in Histopathological

Analysis

Deep learning has revolutionized the analysis of histopathological WSI, with its architec-

tures serving as the fundamental building blocks for both diagnostic and prognostic modeling
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[34]. Given the ultra-high resolution and complex tissue structures present in WSIs, carefully

designed neural architectures are essential to effectively capture both local cellular features

and global contextual information.

Convolutional Neural Networks (CNNs): CNNs have been the predominant archi-

tecture employed in histopathology, especially for patch-based analysis [42, 23]. Their ability

to extract spatially localized features through convolutional filters makes them well-suited

for recognizing tissue patterns, cellular morphology, and textural cues. The hierarchical

feature maps produced by CNNs allow for progressively abstract representations, which can

be leveraged to distinguish subtle differences between cancer subtypes or grades [43]. More-

over, their relative robustness to noise and variability in staining makes them highly practical

across datasets acquired from different institutions. CNN-based models have been adopted

in both fully supervised and weakly supervised paradigms, often serving as the backbone in

complex multi-stage pipelines [37].

Context-Aware and Hierarchical Architectures: While CNNs excel at capturing

localized features, histopathological diagnosis frequently requires understanding of broader

spatial relationships—such as tissue organization and tumor boundaries—that extend be-

yond the receptive field of standard convolutional layers. To address this, researchers have

proposed architectures that incorporate context-aware modules, multi-scale processing, and

hierarchical attention mechanisms [44, 45, 46]. These enhancements enable the model to

integrate information across different spatial resolutions and anatomical contexts, thereby

improving its interpretability and diagnostic performance. Feature fusion strategies—such as

combining low-level morphological details with high-level semantic cues—are also employed

to reinforce learning across scales. Notably, models such as U-Net, ResNet with spatial pyra-

mid pooling, and attention-based fusion networks have demonstrated improved accuracy in

segmentation and classification tasks [47, 46].

However, these advanced architectures often come with increased computational de-

mands. High-resolution WSIs, which may contain billions of pixels, pose memory and run-

time constraints that necessitate the use of powerful GPUs and optimized inference strategies

[36]. As a result, a trade-off must be considered between architectural complexity and prac-

tical deployment, especially in resource-constrained clinical settings.

In summary, the design of deep neural networks for histopathology is a careful balancing

act between extracting detailed local features and capturing long-range dependencies. The
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evolution from standard CNNs to context-aware and hierarchical models reflects a growing

understanding of the structural complexity inherent in pathological slides and underscores

the need for computational efficiency alongside model sophistication.

2.4 Transformer-Based Models in Histopathology

The integration of Transformer-based architectures into histopathological image analy-

sis has marked a significant advancement in computational pathology. Unlike traditional

CNNs, Transformers utilize self-attention mechanisms to capture long-range dependencies

and model global context, which are particularly beneficial for analyzing gigapixel WSIs

[48, 49]. This capability allows for a more holistic understanding of tissue architecture and

cellular interactions, essential for accurate cancer diagnosis and prognosis.

TransMIL: Correlated Multiple Instance Learning with Transformers: Shao et al. in-

troduced TransMIL, a Transformer-based Multiple Instance Learning (MIL) framework de-

signed to address the limitations of traditional MIL approaches that often assume indepen-

dent and identically distributed instances [50]. TransMIL incorporates a Pyramid Position

Encoding Generator (PPEG) to embed spatial information and leverages Transformer layers

to model the correlations among instances within a WSI. This approach achieved notable

performance across various cancer datasets, including breast, lung, and kidney cancers,

demonstrating the model’s versatility and effectiveness in capturing complex histological

patterns.

Single-Cell Heterogeneity-Aware Transformer Models: Yu et al. developed a

Transformer-guided framework that accounts for single-cell heterogeneity to predict aneu-

ploidy from WSIs [51]. The model performs nuclei segmentation and classification to identify

individual cancer cells, which are then clustered into subtypes. By computing the distribu-

tion of these subtypes and extracting morphological features, the model captures the hetero-

geneity within the tumor microenvironment. This approach achieved promising results, with

Area Under the Curve (AUC) scores of 0.818 and 0.827 on lung adenocarcinoma (LUAD)

and head and neck squamous cell carcinoma (HNSC) test sets, respectively.

DSCA: Dual-Stream Cross-Attention Networks for Multi-Resolution Analy-

sis: Liu et al. proposed the Dual-Stream Cross-Attention (DSCA) network to efficiently

exploit WSI pyramids for cancer prognosis [38]. The DSCA model processes WSI patches

18



at two different resolutions through separate streams and employs a cross-attention mecha-

nism to fuse the multi-scale features effectively. This design addresses the semantic gap in

multi-resolution feature fusion and reduces computational costs. The DSCA model demon-

strated superior performance compared to existing methods, with an average improvement

of around 4.6% in the concordance index (C-Index) across multiple datasets.

Despite their advantages, ViTs face computational challenges due to the quadratic com-

plexity (Opn2q) of the self-attention mechanism. Efficient sampling strategies have been

proposed [40] to reduce computational load but may still introduce redundancy or bias.

These limitations underscore the need for novel transformer architectures that can handle

high-resolution inputs efficiently while preserving global and local morphological details for

robust lung cancer subtype classification.
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Chapter 3

E-GloConNet: Global

Context-aware Network for WSI

Analysis

This chapter presents the proposed methodology, E-GloConNet, developed to tackle the

critical challenges associated with lung cancer subtype classification using histopathological

WSIs. Given the vast size and complexity of WSIs, along with the limited availability

of fine-grained annotations, our framework adopts a weakly supervised and data-efficient

approach.

The chapter outlines each stage of the proposed pipeline, beginning with a selective sam-

pling strategy designed to capture representative morphological features while minimizing

redundancy. It further describes the integration of geometric and photometric augmenta-

tions aimed at improving robustness and generalizability. Central to our method is the fusion

of efficient feature extraction with a global context modeling module, enabling the system

to retain both fine-grained and holistic information from high-resolution tissue samples. Fi-

nally, we detail the architectural components, training strategy, and evaluation metrics used

to validate the effectiveness of the approach on large-scale TCGA-lung cancer and CPTAC-

Lung cancer datasets. Through this chapter, we demonstrate how E-GloConNet addresses

limitations of existing methods while achieving strong performance with minimal annotation

cost.
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3.0.1 WSI Pre-processing

The preprocessing stage is a critical component of our pipeline, aiming to efficiently iso-

late diagnostically informative regions from whole-slide images (WSIs) stained with hema-

toxylin and eosin (H&E). Given a WSI S P RHˆWˆ3, we begin by applying Stained Region

Extraction (SRE), a tissue segmentation strategy that focuses on separating foreground

tissue from non-informative background areas. To achieve this, the RGB image is first

converted into a grayscale representation, reducing the complexity of the color space while

preserving spatial structure. Subsequently, Otsu’s adaptive thresholding method [52] is em-

ployed to compute a global threshold that segments the grayscale image into binary form.

This produces a binary tissue mask M P t0, 1uHˆW , where pixels corresponding to tissue are

labeled as 1 (foreground) and the background as 0. This binary mask is then used to filter

the original WSI, generating a masked image Stissue that retains only the tissue-containing

regions in color, effectively removing blank or irrelevant slide portions.

From this processed image, we extract a collection of non-overlapping square tiles, each

of size 224 ˆ 224 pixels, resulting in a patch set T “ ttiu
N
i“1 sampled at a resolution of

40ˆ magnification. To enhance the relevance of selected tiles, a foreground-aware filtering

mechanism is applied. Only patches with a tissue coverage of greater than 80% (as deter-

mined by the binary mask) are retained, discarding regions that are either artifact-prone

or dominated by whitespace. To further mitigate variability introduced by inconsistent

staining procedures across different samples and institutions, we employ Vahadane’s stain

normalization technique. This method transforms each selected patch to a reference stain

template while preserving underlying tissue morphology. By standardizing stain appear-

ance, this step ensures greater consistency in color representation, facilitating robust and

stain-invariant model training across diverse WSIs [53].

3.0.2 Random Sampling and Patch Augmentation

Given the enormous number of image patches generated from each WSI, training deep

neural networks using all available patches is computationally infeasible. To manage this,

we adopt a uniform random sampling strategy to maintain computational tractability while

preserving morphological diversity. From the foreground-filtered patch set T 1 “ tt1
iu, we
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randomly select a fixed number of patches per slide:

Trandom “ tt1
ju

k
j“1, k “ 1000 (3.1)

where k is the number of randomly selected patches per WSI. This sampling approach al-

lows us to retain a broad representation of intra-slide structural variations while keeping the

training process scalable and memory-efficient. To enhance the model’s ability to generalize

across diverse histological appearances, we apply a comprehensive set of data augmentations

exclusively during training. These augmentations are biologically inspired and aim to repli-

cate common artifacts and variations encountered in real-world pathology workflows. Each

patch in Trandom is independently subjected to a combination of geometric and photometric

transformations as presented in Fig. 3.1.

Figure 3.1: Illustration of geometric and photometric tile augmentation techniques

applied to histopathological tiles from WSIs.

Geometric Augmentations: Orientation invariance is introduced through random

horizontal and vertical flips, each with a probability of 0.7, and random 90˝ rotations with

a probability of 0.5 to mimic variability due to slide scanning orientations. Additionally,

affine transformations—including random translations (up to ˘5%), scalings (up to ˘10%),

22



and in-plane rotations (up to ˘15˝)—are applied to 40% of the patches to simulate tissue

deformation during slide preparation. To introduce realistic non-linear distortions, elastic

deformations are applied to 30% of patches, emulating structural changes caused by tissue

stretching or sectioning. Coarse dropout is also employed with a probability of 0.3, randomly

masking rectangular regions to simulate occlusions caused by artifacts such as air bubbles,

dust, or tissue folds.

Photometric Augmentations: To address staining variability and scanner-specific

color shifts, color jitter is applied to 60% of the patches, altering brightness (±10%), con-

trast (±15%), saturation (±10%), and hue (±5°). Additionally, CLAHE (Contrast Limited

Adaptive Histogram Equalization) is used in 40% of the patches to enhance local contrast

and bring out fine-grained structures like nuclei and cellular boundaries. To simulate imag-

ing noise and minor focus errors, we introduce Gaussian noise in 30% of the patches and

apply Gaussian blur with a small kernel to 20% of the samples.

Each augmentation is applied independently using a stochastic augmentation pipeline.

This online augmentation framework ensures that the same patch can appear in various

forms across different epochs, resulting in a dynamically evolving training distribution. Un-

like traditional augmentation strategies that generate fixed augmented copies, our approach

produces a combinatorially rich training dataset on-the-fly, which significantly improves the

model’s robustness and its ability to learn discriminative features in weakly supervised set-

tings.

3.1 The Proposed E-GloConNet

Deep convolutional neural networks have become the cornerstone of modern computa-

tional pathology, enabling automated analysis of histopathological images with high accu-

racy. Efficient feature extraction and the ability to capture both local and global contextual

information are critical for successful tissue classification. In this work, we build upon

the EfficientNetV2-B0 architecture—a state-of-the-art convolutional baseline known for its

balance of efficiency and accuracy—and propose novel enhancements tailored for histopatho-

logical image analysis. We use E-GloConNet to address the research gaps identified by our

study. The important components of the E-GloConNet module is presented in Fig. 3.2.
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3.1.1 EfficientNetV2-B0: A Background

EfficientNetV2-B0 is part of the EfficientNetV2 family [54], which builds upon the orig-

inal EfficientNet series by incorporating faster training, better parameter efficiency, and

enhanced accuracy. The backbone design leverages two key components: Mobile Inverted

Bottleneck Convolution (MBConv) blocks and Fused-MBConv (FMBConv) blocks. MBConv

blocks include depthwise separable convolutions and Squeeze-and-Excitation (SE) attention

mechanisms, which help recalibrate feature channels based on global context. The SE module

compresses each feature channel via global average pooling, applies a lightweight two-layer

MLP to model inter-channel dependencies, and scales the input feature map accordingly.

On the other hand, FMBConv blocks fuse the expansion and depthwise convolutional layers

into a single standard convolution for improved hardware efficiency, especially during early-

stage processing. EfficientNetV2-B0 also employs compound scaling, which uniformly scales

network depth, width, and input resolution using a set of optimized coefficients. This makes

it particularly suitable for computationally constrained environments while preserving high

accuracy, making it a compelling choice for medical imaging tasks such as histopathology.

While EfficientNetV2-B0 serves as a strong baseline for feature extraction, it has limita-

tions in modeling spatial relationships—especially in the later layers where global tissue

architecture and spatial patterns play a critical role in histopathological classification. The

Squeeze-and-Excitation blocks integrated into MBConv layers focus solely on channel re-

calibration and operate independently of spatial location. This becomes a bottleneck when

distinguishing between subtle spatial features like glandular formations, keratin pearls, and

tumor-stroma boundaries.

To address this, we propose E-GloConNet, a modified architecture that augments

EfficientNetV2-B0 with a Global Context Attention (GCA) module. Our model pro-

cesses input patches x P R3ˆ224ˆ224 through a series of MBConv and FMBConv blocks to

extract hierarchical features. We then introduce the GCA module at the final stage of the

feature extractor, just before the classification head. The GCA block captures both spatial

and channel-wise dependencies in a unified framework. First, it generates a spatial attention

map by aggregating contextual information across all spatial positions, effectively enabling

long-range dependency modeling. Then, a channel transformation path uses a lightweight

MLP to recalibrate features across channels. This dual-path design allows GCA to enhance
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Figure 3.2: Schematic overview of the proposed E-GloConNet framework. The pre-

processing stage includes RoI segmentation from WSIs, patch extraction, quality fil-

tering, random sampling, and data augmentation. The resulting patches are used to

train the E-GloConNet model. During inference, patch-level predictions are aggre-

gated via majority voting to produce the final slide-level classification.

relevant spatial regions while preserving the discriminative power of channel attention. By

integrating GCA, E-GloConNet gains the ability to model both local details and global

context, which are essential for interpreting high-resolution histopathological images. This

improves both classification performance and model interpretability, particularly in complex

diagnostic cases. Figure 3.3 illustrates the overall architecture of the proposed model.

3.1.1.1 Global Context Attention (GCA)

As depicted in Fig. 3.3, the GCA module is composed of two synergistic branches: a

context modeling path that captures spatial dependencies, and a transformation path that

refines the contextual representation using lightweight operations. This module operates

on the final feature map F P RCˆHˆW , where C, H, and W represent the number of

channels, height, and width, respectively. The first branch generates a spatial attention map

A P RHˆW to quantify the relative importance of each spatial location. This is achieved

via a 1 ˆ 1 convolution followed by a softmax operation applied across all spatial positions
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Figure 3.3: Overview of the proposed E-GloConNet framework, showcasing layer-wise

EfficientNetV2 baseline integrated with the GCA module prior to the classification

head. The figure details key components, including the MBConv block, SE block,

Fused-MBConv block, and the GCA module.

pp, qq P r1, Hs ˆ r1,W s:

Api, jq “
exp pWa ˚ Fpi, jqq

ř

p,q exp pWa ˚ Fpp, qqq
(3.2)

where Wa denotes the learnable convolution kernel, and pi, jq indicates a spatial coordinate

in the feature map. This attention map assigns normalized significance to each spatial

location. Using the spatial attention map, a global context vector g P RC is computed by

aggregating feature responses across spatial dimensions in a weighted manner:

gpcq “

H
ÿ

i“1

W
ÿ

j“1

Api, jq ¨ Fpc, i, jq (3.3)

This vector g captures a global semantic summary of the feature map. It is then broadcast

and fused back into the original feature map via element-wise multiplication to generate a

context-aware feature map F̃. To further enrich these recalibrated features, the transfor-

mation branch processes F̃ through a lightweight stack consisting of two 1 ˆ 1 convolutions

(Conv1 and Conv2), interleaved with Layer Normalization (LN) and a ReLU activation
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function:

F̃1 “ Conv2

´

ReLU
´

LN
´

Conv1

´

F̃
¯¯¯¯

(3.4)

The output F̃1 thus contains spatially and channel-wise enhanced representations, which are

subsequently forwarded to the classification head. This dual-branch mechanism enables the

network to capture long-range dependencies and integrate high-level semantic context, both

of which are crucial for accurate discrimination of complex histopathological patterns.

3.1.2 Patch-Level Classification and Slide-Level Aggregation

Once the features are extracted via the proposed E-GloConNet, each image patch xi P

TrandompSq is processed independently to determine its histological subtype. For this purpose,

the recalibrated and context-enriched feature map F̃1
i corresponding to patch xi is subjected

to global spatial pooling to yield a compact one-dimensional feature vector fi P Rd. This

vector encapsulates the most salient semantic information of the patch and is passed through

a fully connected classification head, followed by a softmax activation to compute class

probabilities: pi “ ppi,1, pi,2q. The final predicted label for each patch is determined by

selecting the class with the highest predicted probability:

ŷi “ arg max
cPt1,2u

pi,c (3.5)

During training, the model parameters are optimized by minimizing the categorical cross-

entropy loss between the predicted probabilities and the ground truth labels for each patch.

This enables the network to learn discriminative features that differentiate LUAD from

LUSC. For slide-level inference, individual patch predictions tŷ1, ŷ2, . . . , ŷku associated with

a WSI S are aggregated using a majority voting strategy. The final slide-level label ŶS

corresponds to the most frequently occurring class among the patch predictions:

ŶS “ MajorityVoting ptŷ1, ŷ2, . . . , ŷkuq (3.6)

In the event of a tie, a random selection mechanism is used to resolve class ambiguity.

To further tailor the model to histopathological data, a multi-stage fine-tuning protocol

was adopted. Initially, early layers of the network were frozen to retain generic visual

representations acquired from ImageNet pretraining [55]. Subsequently, deeper layers were

progressively unfrozen and fine-tuned, allowing the model to adapt to the domain-specific

characteristics of LUAD and LUSC tissue morphology.
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3.2 Experimental Evaluation and Results

In this section, we systematically evaluate the effectiveness of our proposed E-GloConNet

framework for lung cancer subtype classification. A series of comprehensive experiments were

conducted to validate the model’s performance at both the patch and slide levels. We begin

by outlining the experimental setup, including dataset details, pre-processing strategies, and

training protocols. This is followed by a quantitative comparison with existing baselines and

state-of-the-art (SOTA) models to highlight the strengths of our approach. Furthermore, we

perform detailed ablation studies to isolate the contributions of key architectural components

such as GCA and hierarchical fine-tuning. Together, these experiments demonstrate the

robustness and adaptability of our model across various evaluation settings.

3.2.1 Implementation Details and Experimental Setup

This section outlines the procedures followed during model development, including

dataset partitioning, training strategy, architectural design, and experimental configuration.

3.2.1.1 Dataset Partitioning and Cross-Validation Strategy

We begin by detailing how the TCGA dataset was partitioned to ensure a fair and

unbiased evaluation. To ensure a fair and robust evaluation, we adopt a two-stage evaluation

strategy using the TCGA dataset. First, we perform a 90:10 train-test split followed by

5-fold cross-validation on the training set to rigorously evaluate generalization and model

stability. In each fold, 80% of the data is used for training and 20% for validation. Since

only slide-level labels are available, we aggregate patch-level predictions via average pooling

to generate the final slide-level classification scores. The detailed distribution of slides used

in our experiments is shown in Table 3.1. Each fold maintains a consistent balance between

LUAD and LUSC samples, allowing for reliable comparative evaluation across folds.

3.2.1.2 Transfer Learning on CPTAC Dataset

To assess the generalizability of the model beyond the TCGA dataset, we evaluate it

on an independent cohort. We employ a transfer learning setup where the model trained

on the TCGA dataset is directly tested on the CPTAC cohort without fine-tuning. This

simulates a real-world deployment scenario where annotated data in the target domain may
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Dataset #WSIs Type of Split No. of Samples

TCGA-Lung Cancer 1053 Train-Test (9:1) Train: 948 WSIs

Test: 105 WSIs

5-Fold Cross-Validation Fold 1: Train(757 WSIs), Validation(191 WSIs)

Fold 2: Train(756 WSIs), Validation(192 WSIs)

Fold 3: Train(757 WSIs), Validation(191 WSIs)

Fold 4: Train(758 WSIs), Validation(190 WSIs)

Fold 5: Train(757 WSIs), Validation(191 WSIs)

Table 3.1. TCGA-Lung cancer dataset partitioning specifications.

be scarce. By leveraging pretrained knowledge from TCGA, we reduce the need for extensive

re-training, minimizing computational and annotation costs. This transfer learning pipeline

highlights the robustness of our model across inter-cohort variations in histology and staining

protocols. The training, testing and validation sample count for TCGA-lung cancer dataset

has been tabulated and presented in Table 3.1.

3.2.1.3 Model Architecture and Training Procedure

We now describe the architectural components and training configuration of the pro-

posed E-GloConNet framework. We utilize EfficientNetV2-B0 as the base baseline, selected

for its computational efficiency and strong baseline performance on visual tasks. To enhance

global contextual awareness, we integrate GCA modules into key stages of the network,

forming our proposed architecture, E-GloConNet. The GCA module enables the model

to capture long-range spatial dependencies and semantic structure, which are critical for

detecting complex histological features such as keratin pearls, glandular morphologies, and

tumor-stroma transitions. A lightweight classification head comprising fully connected lay-

ers, GeLU activations, dropout, and layer normalization processes the final representation.

We adopt a hybrid fine-tuning approach, freezing the early layers of EfficientNetV2-B0 while

fine-tuning the last two MBConv blocks and the classification head. The model is trained for

150 epochs using early stopping to prevent overfitting. We use an adaptive learning rate

scheduler with AdamW optimizer. The batch size and initial learning rate are optimized using

a grid search over the validation set. The remaining details are summarized in Table 3.2.
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3.2.1.4 Hardware and Software Configuration

Finally, we summarize the system configuration used for training and experimentation.

All experiments are conducted using NVIDIA V100 GPUs with 32 GB of VRAM. The

training and inference pipelines are implemented using PyTorch 2.4.0 and CUDA 12.4.

WSIs are read and processed using the OpenSlide v3.4.1 library. Preprocessing includes

stain normalization and extraction of non-overlapping patches from high-resolution WSIs at

20ˆ magnification. To ensure reproducibility, all experiments are seeded, and configuration

files are version-controlled.

Table 3.2: Hyperparameter summary for the proposed E-GloConNet framework

a. Model Architecture Parameters

Backbone Network EfficientNetV2-B0 (ImageNet pretrained)

Fine-tuned Layers Last 2 MBConv stages + classifier head

Global Context Attention (GCA) 1ˆ1 Conv, Softmax attention, 2-layer MLP

Feature vector dimension pdq 512

Classifier Head FC Ñ Dropout(0.3) Ñ GeLU Ñ LayerNorm

Normalization Epsilon pϵq 1 ˆ 10´5

Patch-Level Aggregation Top-κ confidence-based averaging

Final Prediction Layer Softmax over 2 classes

b. Optimization and Training Hyperparameters

Batch Size 50

Epochs 150

Loss Function Categorical Cross-Entropy

Optimizer Adam

Initial Learning Rate 1 ˆ 10´4

Weight Decay 4 ˆ 10´5

Momentum 0.9

Adam β1, β2 0.9, 0.999

Adam ϵ 1 ˆ 10´8

Learning Rate Scheduler ReduceLROnPlateau

Scheduler Patience 20 epochs

Early Stopping Patience 10 epochs

Cross-Validation Protocol 5-fold (80/10/10 split)

Hardware NVIDIA V100 (32 GB), CUDA 12.4

Software Stack PyTorch 2.4.0, Python 3.12.3, OpenSlide 3.4.1
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3.2.2 Comparative Analysis of Baseline Methods

A thorough evaluation of nine baseline deep learning architectures was conducted across

four benchmark lung cancer histopathology datasets: TCGA-Lung Cancer and CPTAC-

Lung Cancer, across key evaluation metrics. The models varied in complexity, ranging from

lightweight CNNs such as SqueezeNet [56] and ShuffleNetV2 [57], to more sophisticated ar-

chitectures like EfficientNetV2B0 and Vision Transformer (ViT) [48]. The results comparing

these baselines are presented in Table 3.3.

1. TCGA-Lung Cancer Dataset Among lightweight models, ShuffleNetV2 outperformed

SqueezeNet in terms of accuracy (80.45% vs. 78.24%) and recall (0.845 vs. 0.781), but

the latter achieved slightly better precision, suggesting stronger specificity. Classical archi-

tectures like GoogleNet [58] and InceptionV3 [59] showed steady improvements across all

metrics, with InceptionV3 achieving 83.90% accuracy and an F1-score of 0.859. The ViT

model introduced transformer-based capabilities, yielding a notable jump in recall (0.894)

and F1-score (0.876), indicating better sensitivity to malignant cases. Among CNN variants,

DenseNet121 [60], MobileNetV2 [61], and EfficientNetV2B0 exhibited progressively superior

performance, culminating in 91.85% accuracy and a 0.912 F1-score for EfficientNetV2B0.

2. CPTAC-Lung Cancer Dataset A similar trend was observed on the CPTAC dataset,

albeit with slightly improved results across all models, likely due to higher image consistency

and label granularity. MobileNetV2 and EfficientNetV2B0 emerged as strong performers,

achieving F1-scores of 0.919 and 0.933, respectively. Transformer-based ViT outperformed

traditional CNNs like GoogleNet and InceptionV3 in terms of AUC and F1-score, affirming

its capability to capture global spatial patterns in histological features. Notably, Shuf-

fleNetV2, while lightweight, still maintained respectable performance, underlining its viabil-

ity for resource-constrained environments.

A comprehensive comparison of nine baseline models across four lung cancer histopathol-

ogy datasets revealed consistent performance trends. Lightweight models like SqueezeNet

and ShuffleNetV2 performed reasonably, but lagged in recall and F1-score compared to

deeper architectures. Classical CNNs like GoogleNet and InceptionV3 showed moderate im-

provements, while transformer-based ViT consistently achieved higher recall and F1-scores,

reflecting its strength in capturing complex spatial features. Modern CNNs such as Mo-

bileNetV2 and EfficientNetV2B0 outperformed all others across datasets, with Efficient-
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Table 3.3: Comparative analysis of E-GloConNet with baseline methods on four bench-

mark lung cancer histopathology datasets.

Baseline
TCGA-Lung Cancer CPTAC-Lung Cancer

AUC Acc (%) Prec. Rec. F1 AUC Acc (%) Prec. Rec. F1

SqueezeNet 0.822 78.24 0.824 0.781 0.802 0.844 80.10 0.839 0.817 0.828

ShuffleNetV2 0.836 80.45 0.812 0.845 0.828 0.859 82.17 0.820 0.847 0.833

GoogleNet 0.851 82.20 0.825 0.861 0.842 0.869 84.75 0.854 0.873 0.863

InceptionV3 0.868 83.90 0.848 0.871 0.859 0.881 86.48 0.863 0.869 0.866

ViT 0.872 85.41 0.859 0.894 0.876 0.893 88.26 0.871 0.903 0.887

ResNet50V2 0.889 86.70 0.890 0.878 0.884 0.911 89.85 0.897 0.889 0.893

DenseNet121 0.898 88.13 0.878 0.902 0.890 0.920 91.02 0.905 0.918 0.911

MobileNetV2 0.905 89.52 0.870 0.915 0.892 0.930 92.25 0.900 0.939 0.919

EfficientNetV2B0 0.933 91.85 0.899 0.926 0.912 0.949 93.73 0.925 0.940 0.933

E-GloConNet 0.965 95.01 0.949 0.954 0.952 0.978 96.84 0.966 0.974 0.970

NetV2B0 achieving near-saturation in metrics, particularly on curated datasets. Overall,

the results suggest that deeper networks and attention mechanisms significantly enhance

classification performance in histopathological image analysis.

3.2.3 Comparison with state-of-the-Art (SOTA) methods

The performance comparison presented in Table 3.4 demonstrates the effectiveness of

recent MIL-based models on the TCGA-Lung and CPTAC-Lung datasets, each utilizing

different strategies for instance aggregation and feature modeling. Among prior methods,

the approach proposed by Yu et al.[51] achieves the strongest results, with AUC values of

0.924 and 0.912 on TCGA and CPTAC respectively, benefiting from a hybrid design that

incorporates region selection guided by cellular heterogeneity. However, its reliance on cell-

level annotation and pre-processing pipelines imposes additional computational complexity

and limits adaptability in fully automated workflows.

Methods like E2EFP-MIL [40] and DTFD-MIL[39] adopt early aggregation mechanisms

and dynamic token fusion, showing solid performance particularly in precision and F1-score,

but tend to underperform in capturing global contextual dependencies across spatially dis-
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tributed patches. These models struggle to fully encode the nuanced histomorphological

cues — such as inter-patch relationships or region co-dependencies — which are critical in

differentiating complex subtypes of lung cancer.

Table 3.4: Performance comparison of SOTA-based methods on four lung cancer

datasets.

Method TCGA-Lung CPTAC-Lung

AUC Acc. Prec. Rec. F1 AUC Acc. Prec. Rec. F1

ClassicMIL 0.845 80.20 0.810 0.790 0.800 0.832 78.50 0.793 0.775 0.784

DSMIL 0.873 82.40 0.832 0.815 0.823 0.854 81.00 0.817 0.800 0.808

TransMIL 0.888 83.80 0.845 0.830 0.837 0.867 82.20 0.830 0.812 0.821

DTFD-MIL 0.901 85.00 0.858 0.842 0.850 0.879 83.50 0.842 0.825 0.833

E2EFP-MIL 0.915 86.60 0.872 0.860 0.866 0.902 85.20 0.860 0.845 0.852

Yu et al. 0.924 87.80 0.884 0.870 0.877 0.912 86.80 0.872 0.855 0.863

E-GloConNet 0.965 95.01 0.949 0.954 0.952 0.978 96.84 0.966 0.974 0.970

ClassicMIL [36], though foundational and robust at scale, exhibits noticeably lower per-

formance across both datasets, primarily due to its simplistic aggregation strategy and lack

of attention mechanisms. DSMIL [62] and TransMIL [50] improve upon this by incorporating

dual-stream learning and transformer-based attention, respectively. While these models of-

fer better spatial reasoning and moderately improved recall, they are often parameter-heavy

(e.g., TransMIL) and fail to generalize effectively when diagnostic information is sparse or

scattered across the slide.

In contrast, our proposed E-GloConNet achieves a significant leap in performance —

reaching an AUC of 0.965 on TCGA-Lung and 0.978 on CPTAC-Lung, alongside F1-scores

of 0.952 and 0.970. These gains are attributed to our design’s emphasis on global context

attention, which together enable precise modeling of both fine-grained cellular structures

and higher-order spatial organization across tiles. This hierarchical attention framework

allows the model to effectively distinguish informative instances from irrelevant ones, en-

hancing classification even in slides with high heterogeneity. Furthermore, E-GloConNet’s

lightweight, end-to-end design ensures both computational efficiency and scalability, avoid-

ing the heavy overhead of methods requiring handcrafted selection or excessive pre-training.
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By capturing richer histomorphological features — including nuclear arrangement, glandu-

lar architecture, and tissue texture — our method not only surpasses the state-of-the-art in

key metrics but also demonstrates robustness across diverse datasets with varying staining

patterns and resolutions.

3.2.4 Impact of Incorporating Global Context Attention in

E-GloConNet

To enrich the feature extraction capabilities of EfficientNetV2-B0, we incorporated

a GCA mechanism, culminating in the development of our proposed architecture, E-

GloConNet. This integration allows the model to effectively capture long-range spatial

dependencies and holistic contextual patterns that are vital for recognizing key histologi-

cal features—such as keratin pearls in squamous cell carcinoma, glandular morphology in

adenocarcinoma, and diffuse boundaries between tumor and stroma. By aggregating contex-

tual signals from the entire spatial domain, the GCA module enables the network to draw

meaningful associations between large-scale structural arrangements and localized cellular

cues, such as nuclear irregularities, mitotic activity, and cytoplasmic textures. This synergy

between global and local features contributes to more accurate and interpretable predictions.

Empirical results highlight the benefit of this enhancement: as detailed in Table 3.3,

integrating GCA into the baseline backbone led to a marked improvement in classification

performance. The Area Under the Curve (AUC) rose from 0.9353 to 0.9648, while overall

accuracy improved by 2.34% (from 92.67% to 95.01%). The F1-score also showed a significant

uplift, increasing from 0.9147 to 0.9515, with corresponding gains in precision (+0.0479) and

recall (+0.0255). These metrics collectively underscore the framework’s improved ability to

detect true positive cases while reducing misclassifications—an essential requirement in high-

stakes clinical applications. The results affirm the importance of global context modeling in

learning biologically relevant features crucial for precise lung cancer subtype classification.

Summary

In this chapter, we presented the experimental evaluation of our proposed E-GloConNet

framework, demonstrating its effectiveness in classifying lung cancer subtypes. The model

consistently outperformed baselines and state-of-the-art approaches, validating the role of

34



global contextual modeling. Ablation studies further confirmed the individual contributions

of key components. These findings establish a solid foundation for the broader discussion of

implications and limitations in the next chapter.
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Chapter 4

Transformer-Based

Histopathological Analysis

AttenEViT-HDMIL: A Hierarchical Attention

Transformer for Lung Cancer WSI Analysis

In the previous chapter, we demonstrated the effectiveness of E-GloConNet, which in-

tegrated Global Context Attention (GCA) into an EfficientNetV2-B0 backbone to enhance

spatial reasoning and contextual awareness in histopathological lung cancer classification.

While E-GloConNet delivered strong performance with notable improvements over baseline

and state-of-the-art models, it relied primarily on convolutional feature extractors, which

may limit the model’s capacity to fully capture long-range dependencies and complex tissue

morphology in WSIs.

To address these limitations, this chapter introduces AttenEViT-HDMIL, a novel

transformer-based framework that advances our previous approach by incorporating dual-

feature extraction, hierarchical attention, and a high-density multi-instance learning (HD-

MIL) strategy. This design not only enhances computational efficiency but also focuses on

biologically relevant high-cell-density tumor regions, enabling more accurate and scalable

classification. By combining global vision transformer capabilities with domain-specific at-

tention mechanisms, AttenEViT-HDMIL sets a new benchmark for precision histopathology

while maintaining interpretability and robustness across staining variations.
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4.1 Image Pre-processing

To prepare the histopathological WSIs for transformer-based analysis, we implement a

two-stage preprocessing and sampling pipeline designed to retain high-density, diagnostically

relevant regions.

4.1.1 Tissue Segmentation and Tiling

To ensure high-quality and informative regions for model training and inference, we

first extract tissue regions from each WSI using Otsu-based thresholding [52] for effective

background segmentation, as shown in Fig. 4.1(a). The retained gigapixel tissue regions are

divided into non-overlapping tiles of size 224 ˆ 224 pixels at 40ˆ magnification. Depending

on the tissue content, this results in hundreds to several hundred thousand tiles per slide.

Tiles with less than 80% foreground tissue are discarded, which reduces the dataset size

by approximately 70–80% while preserving the most informative tissue areas. This filtering

ensures computational efficiency without compromising diagnostic utility.

4.1.2 Biomedical Knowledge-Guided Intelligent Sampling

Despite aggressive foreground filtering, not all retained tiles contribute equally to diag-

nosis. Prior studies have shown that only a small fraction of tiles (less than 20%) are highly

relevant for histopathological classification [62]. Regions with dense nuclear content often

reflect increased cellular proliferation, a hallmark of malignancy [63]. To prioritize diagnos-

tically important regions, we employ a U-Net-based segmentation model [47], pre-trained on

the 2018 Data Science Bowl (DSB) dataset [64], and fine-tuned on TCGA lung cancer data

for domain adaptation. For each tile T j
i , the model predicts a binary segmentation mask

M j
i , where:

MU-Net : T
j
i Ñ M j

i , M j
i P t0, 1uHtˆWt . (4.1)

Here, pixels classified as nuclei are assigned a value of 1, and background pixels are set to 0.

The model is trained using the Dice coefficient loss function, defined as:

LdicepM
j,true
i ,M j,pred

i q “ 1 ´
|M j,true

i | ` |M j,pred
i | ` ϵ

2 ¨ |M j,true
i X M j,pred

i | ` ϵ
, (4.2)

where M j,true
i and M j,pred

i denote the ground truth and predicted masks, respectively, and

ϵ is a small constant to avoid division by zero. To enhance boundary delineation, Canny

37



edge detection CpM j
i q is applied, overlaying detected nuclear contours on the original tiles

to aid interpretability. We then quantify the number of nuclei in each tile using connected

component labeling:

N j
i “ |UniquepLpM j

i qq| ´ 1, (4.3)

where LpM j
i q assigns distinct labels to connected components in the segmentation mask.

Based on the nuclei count N j
i , tiles are ranked and the top-k tiles are selected per WSI:

Ti, int “ tT 1
i , T

2
i , . . . , T

k
i | Top-k N j

i u. (4.4)

This approach significantly enhances the signal-to-noise ratio during training, by focusing

on tiles most indicative of tumor morphology. Unless otherwise stated, we use k “ 1000

tiles per WSI for training. For inference, all filtered (informative) tiles are used to maximize

diagnostic coverage.

4.2 Proposed AttenEViT-HDMIL Framework

In this section, we introduce AttenEViT-HDMIL, our proposed end-to-end hybrid

deep learning framework designed for WSI classification in computational pathology. The

framework integrates lightweight convolutional backbones with transformer-based encoders,

combining local spatial sensitivity with global contextual understanding. It is optimized

for efficiency and precision in processing high-resolution histopathological data, addressing

both the scale of the input and the heterogeneity in diagnostic features. The proposed

approach introduces hierarchical attention mechanisms and a dual-branch learning structure

for effective multi-instance learning, ultimately enabling more accurate and interpretable

predictions.

4.2.1 The proposed AttenEViT-HDMIL framework

We present AttenEViT-HDMIL, a convolutional-transformer hybrid framework enhanced

with dual-feature extraction and hierarchical attention mechanisms for efficient and accurate

histopathological image classification. It integrates EfficientViT with novel improvements to

boost feature extraction efficiency and enhance attention mechanisms for superior represen-

tation learning. The following sections discuss the core design of the proposed framework,

AttenEViT-HDMIL, and its key enhancements over standard models.
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Figure 4.1: Overview of the proposed AttenEViT-HDMIL framework for classifying

lung cancer subtypes. In step (a), WSI is segmented into ROIs, retaining 224 ˆ

224 tiles with ą 80% foreground. Top-k intelligently sampled tiles in step (b) are

processed via AttenEViT-HDMIL in step (c), where transformer-extracted features

undergo processing, dimensional-scaling, and fusion with class probabilities and Multi-

scale feature integration in step (d). Step (e) aggregates tile-level predictions for final

slide-level classification.

EfficientViT serves as the foundational model, combining convolutional layers for local

feature extraction with transformer modules for global context understanding. It features an

efficient deep feature extractor, multi-scale linear attention encoders, and a lightweight mo-

bile inverted bottleneck convolution (MBConv) classification head. We enhance this frame-

work by incorporating additional mechanisms tailored for hierarchical attention and more

effective multi-instance learning to handle the inherent complexities of WSIs and varying

levels of biological relevance across regions, respectively. The workflow and the key compo-

nents of the AttenEViT-HDMIL framework are presented in Fig. 4.1. The input tiles are

divided into smaller non-overlapping patches and linearly projected into a high-dimensional
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embedding space. These embeddings, enriched with positional information and a learnable

class token, form the input sequence to the transformer encoder, enabling it to capture spa-

tial and contextual relationships across regions in each tile without additional convolutional

overhead.

4.2.1.1 Attention-Efficient transformer encoders

Following the patching and position embedding stage, we sequentially employ the

attention-efficient transformer encoders. Six attention-efficient transformer encoders are

grouped into three stages, each consisting of two encoders, as demonstrated in Fig. 4.1

(b). The input to the lth transformer encoder (AttenEViTElq is the concatenated feature

encoding (E) from all preceding AttenEViT encoders as expressed using Eq. (4.5).

EpAttenEViTEℓq “ rEpAttenEViTE1q, EpAttenEViTE2q, . . . , EpAttenEViTEℓ´1qs (4.5)

The building blocks of an AttenEViTE are shown in Fig. 4.1 (c). It features a convolutional-

transformer hybrid architecture, primarily comprising MBConvs [61] and AttenEViT mod-

ules. The architecture begins with a standard convolutional stem followed by a depthwise

separable convolution (DSConv) layer, consisting of depthwise convolutions (DWConv) and

pointwise convolutions (PWConv), facilitating the efficient extraction of local features into a

feature map, FDSConv, given by DSConvpz0q. The MBConv operation, designed for improved

quantization and computational efficiency through 1 ˆ 1 convolutions, produces the feature

map, FMBConv “ MBConvpFDSConvq. After the initial feature extraction, the framework

introduces significant enhancements to address the complexity of histopathological images,

where capturing cellular morphology and alignment is crucial. While EfficientViT provides

a strong foundation for local and global feature extraction, its standard configuration does

not fully capture the intricate morphological characteristics and spatial patterns of these

images. To address this limitation, we propose integrating linear multi-scale attention (Lin-

earMSA) and a global context-aware attention (GCA) mechanism, as shown in Fig. 4.1 (c).

The model computes GCA in parallel with the LinearMSA, enabling the capture of corre-

lations between distant regions within a patch. This is essential for understanding complex

histopathological patterns, tissue structure, and cellular cohesion. EfficientViT employs

lightweight convolutions with varying kernel sizes, strides, and feature dimensions, along

with LinearMSA, which differs from vanilla self-attention in standard ViTs. By combining
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GCA with LinearMSA, the model achieves fine-grained local detail and broader contextual

awareness, fusing these features for a more comprehensive representation. The input image

undergoes a linear transformation, converting the flattened image into tokenized representa-

tions. These tokens are then processed by GCA to capture global interdependencies and by

LinearMSA to improve feature extraction with reduced complexity. Finally, the spatial at-

tention layer refines the fused feature representations from LinearMSA and GCA, achieving

improved slide-level predictions. This design effectively balances computational efficiency

and predictive performance while ensuring robustness across heterogeneous datasets. To

further elaborate on the LinearMSA and GCA mechanisms, we provide their mathematical

formulations and detailed working principles below.

a. Linear multi-scale attention (LinearMSA): In LinearMSA, the input features

QuerypQq, KeypKq, and ValuepV q are projected into matrices. Lightweight convo-

lutions are used to process these matrices, which generate multi-scale tokens. Next,

to attain a global receptive field with linear complexity, ReLU-based linear attention

is employed. This is accomplished using an alternative similarity function, replacing

the traditional softmax-based attention mechanism. The generalized form of softmax

attention is expressed in Eq. (4.6) below.

Ai “

Np
ÿ

j“1

SimpQi,Kjq
řNp

j“1 SimpQi,Kjq
Vj , (4.6)

where Q “ xWQ, K “ xWK , V “ xWV with x P RNpˆf , and WQ{WK{WV P Rfˆd are

learnable linear projection matrices. Here, Ai denotes the output matrix A with ith

row, and similarity function given by Simp¨, ¨q. The conventional similarity function,

Eq. (4.7) is employed to obtain the original softmax attention mechanism.

SimpQ,Kq “ exp

ˆ

QKT

?
d

˙

(4.7)

In contrast, ReLU linear attention [65] achieves the desired properties by substitut-

ing SimpQ,Kq by ReLUpQq ˆ ReLUpKqT into Eq. (4.6). This substitution reduces

the computational complexity from OpN2q to OpNq, utilizing the associative property

of matrix multiplication. The simplification is facilitated by computing only the ex-

pressions
řNp

j“1ReLUpKjq
TVj and

řNp

j“1ReLUpKjq
T once, allowing them to be reused

across multiple queries, thereby significantly enhancing efficiency while maintaining
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performance [66]. Finally, the LinearMSA output is concatenated and projected to

form the final feature map for subsequent processing.

b. Global context-aware attention (GCA): The GCA mechanism, captures and integrates

global information from the entire tile, complementing the local features obtained

through LinearMSA. WSIs and their correspondingly extracted tiles contain vast cel-

lular and tissue detail across extensive spatial dimensions. This vast morphologi-

cal information necessitates an attention mechanism capable of effectively capturing

spatial dependencies and reducing noise, which is beneficial in high-resolution dense

images, where local texture variations can obscure critical patterns [67, 68, 69]. To

achieve robust global feature representations, we compute the global context vector g

using global average pooling (GAP) over the input feature map, FMBConv, efficiently

summarizing patch-wise features [67], as expressed in Eq. (4.8).

g “ GAPpfMBConvq “
1

Np

Np
ÿ

i“1

fMBConv,i (4.8)

The global context vector g consolidates spatial information from patches, enhanc-

ing the identification of critical morphological relationships necessary for accurate

classification and diagnosis. To effectively modulate local patch features with global

information, g is transformed into gtransformed using a shared weight matrix Wg de-

signed to capture global dependencies. The transformation includes a sigmoid acti-

vation for non-linearity, represented as gtransformed “ σpWg ¨ gq, gtransformed P R1ˆC .

Subsequently, each patch embedding fMBConv,i is modulated by the transformed global

context vector gtransformed through element-wise multiplication, to enrich feature repre-

sentation by integrating global contextual information. This has been mathematically

shown in Eq. (4.9). Finally, the globally modulated feature map FGCA forms a dis-

criminative representation for downstream tasks, such as classification, as shown in

Eq. (4.10).

f 1j
MBConv,i “ f j

MBConv,i d gtransformed, f 1j
MBConv,i P RC (4.9)

FGCA “

”

f 1j,1
MBConv,i, f

1j,2
MBConv,i, . . . , f

1j,Np

MBConv,i

ı

(4.10)

The outputs from the LinearMSA and GCA modules, denoted FLinearMSA and FGCA re-

spectively, are adaptively fused to unify both local and global contextual information. This
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fusion employs learnable weights α and β to balance their relative contributions, as shown

in Eq. (4.11).

Ffused Ð α ¨ FLinearMSA ` β ¨ FGCA (4.11)

To further enhance the discriminative capacity of these fused features, a Spatial Attention

(SA) mechanism is applied. This layer emphasizes spatially relevant regions by computing

channel-wise descriptors via average and max pooling, which are then concatenated and

refined using a convolutional layer to produce an attention map, Aspatial:

Aspatial “ σpConvpConcatprFavg, Fmaxsqqq (4.12)

By selectively amplifying informative regions—particularly those with high cellular den-

sity—the SA module improves the model’s sensitivity to fine-grained morphological varia-

tions. The resulting representation is then passed to an MBConv layer for final refinement

and integration into the overall EfficientViT encoder.

4.2.2 Multi-scale feature integration and slide-level classifica-

tion

To produce a robust and accurate diagnosis from histopathological slides, our framework

integrates multi-scale features extracted from different stages of the transformer encoder.

These features capture a mix of fine-grained and high-level contextual information across

various resolution levels. We combine these representations adaptively, using a learned

weighting mechanism that emphasizes the most informative features while suppressing noise.

Once we obtain refined predictions for each tile, we aggregate them to infer the slide-level

diagnosis. This is achieved by averaging the predicted probabilities across all selected tiles

within a slide. Such aggregation ensures that the final prediction reflects a consensus from

multiple regions, capturing the overall histopathological pattern present in the tissue. To

improve performance in lung cancer subtype classification, we also employ a progressive fine-

tuning strategy. Starting from ImageNet-pretrained weights, we gradually adapt the model

to domain-specific patterns in the TCGA dataset, allowing it to specialize in distinguishing

LUAD from LUSC more effectively.
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4.3 Experimental Evaluation and Results

In this section, we rigorously evaluate the effectiveness of our proposed framework

through extensive experiments on lung cancer WSIs. We begin by detailing the experi-

mental setup, including dataset specifications, preprocessing strategies, and training proto-

cols. This is followed by a comprehensive performance analysis using multiple evaluation

metrics at both tile-level and slide-level. We compare our method against state-of-the-art

baselines to highlight its strengths and demonstrate its superiority in accurately classifying

histopathological subtypes. Additionally, we conduct ablation studies to assess the contri-

bution of individual components within our model. The results are further supported by

qualitative visualizations, offering insights into the interpretability and robustness of our

approach.

4.3.1 Implementation Details

We implement the proposed AttenEViT-HDMIL framework using PyTorch 2.4.0 [70]

and Python 3.12.3. All experiments are conducted on a high-performance computing cluster

equipped with 8 NVIDIA DGX A100 Tensor Core GPUs (totaling 320 GB GPU memory)

and a dual AMD EPYC 7742 CPU setup (128 cores). WSIs are processed using OpenSlide

(v3.4.1). Training, validation, and test splits follow the strategy described in Section 3.2.1.2,

with all performance metrics reported on the held-out test set STest. The core transformer

encoder consists of 6 layers organized into 3 hierarchical stages, with an embedding dimen-

sion of 32, patch size of 32 ˆ 32, and input image resolution fixed at 224 ˆ 224. Further

architectural details, including token initialization, dropout, normalization, and classifier

design, are summarized in Table 4.1(a).

For optimization, we use the Adam optimizer to update the model parameters, with

hyperparameters carefully selected through cross-validation on the validation set SVal. The

complete set of training and optimization configurations, including batch size, learning rate

schedule, early stopping strategy, and regularization, is detailed in Table 4.1(b). A plateau-

based learning rate scheduler is employed with a patience of 20 epochs to adaptively re-

fine learning dynamics, while early stopping prevents overfitting by terminating training

when no improvement is observed within the same threshold. Additionally, all learnable

components—including the attention fusion weights pα, βq and weight matrix Wg—are tuned
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Table 4.1: Hyperparameter summary for the proposed AttenEViT-HDMIL framework.

a. Transformer encoder hyperparameters

Image size pwzq 224

Patch size php, wpq 32

Number of patches pnpq 49

Channel count pcpq 3 (RGB)

Transformer layers pLq 6 (divided into 3 stages)

Embedding dimension pDq 32

Classifier head dimensions Fully connected layer, hidden dimension 512

Dropout rate 0.3

Activation GeLU

Normalization ϵ “ 1 ˆ 10´5

CLS token Random initialization (32-D embedding)

b. Optimization hyperparameters

Batch size 50

Epochs 150

Epochs for early stopping 20

Loss Categorical cross-entropy

Optimizer Adam

Optimizer Learning rate 1 ˆ 10´4

Momentum 0.9

Epsilon (ϵ) 1 ˆ 10´8

Beta 1 (β1) 0.9

Beta 2 (β2) 0.999

Weight decay 4 ˆ 10´5

Learning rate scheduler Adaptive (plateau-based)

Scheduler patience 20 epochs

during this phase.

4.3.2 Comparative Analysis with State-of-the-Art MIL

Frameworks

Table 4.2 presents a comprehensive performance comparison of various Multiple In-

stance Learning (MIL)-based models on two challenging lung cancer histopathology datasets:

TCGA-Lung and CPTAC-Lung. The proposed AttenEViT-HDMIL framework (de-

noted as AttenEViT-HDMIL in the table) significantly outperforms all existing state-of-

the-art (SOTA) methods across all evaluation metrics, including AUC, accuracy, precision,

recall, and F1-score.
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On the TCGA-Lung dataset, AttenEViT-HDMIL achieves an AUC of 0.9802, which

is notably higher than the closest SOTA method by Yu et al. [51], which reports an AUC

of 0.9392. Additionally, AttenEViT-HDMIL reports the highest accuracy (95.08%) and

F1-score (0.9575), indicating superior capability in correctly identifying both benign and

malignant instances with minimal misclassifications. In contrast, other strong MIL variants

such as DTFD-MIL and E2EFP-MIL show comparatively lower performance, with F1-scores

of 0.8946 and 0.9202, respectively. These improvements can be attributed to the hierarchical

attention mechanisms and deep feature fusion strategies employed by our model, which

enhance both local and global contextual understanding of high-resolution tissue regions.

Table 4.2: Performance comparison of MIL-based methods on four lung cancer

datasets.

Method TCGA-Lung CPTAC-Lung

AUC Acc. Prec. Rec. F1 AUC Acc. Prec. Rec. F1

ClassicMIL 0.7811 70.02 0.7522 0.7961 0.7732 0.7620 68.50 0.7350 0.7550 0.7449

DSMIL 0.8357 82.03 0.8325 0.8572 0.8445 0.8120 79.30 0.8001 0.8203 0.8101

TransMIL 0.8506 84.07 0.8459 0.8725 0.8583 0.8290 81.20 0.8150 0.8400 0.8273

DTFD-MIL 0.9153 90.23 0.8878 0.9012 0.8946 0.8910 87.05 0.8652 0.8803 0.8727

E2EFP-MIL 0.8901 88.23 0.9101 0.9305 0.9202 0.8655 85.10 0.8902 0.9153 0.9026

Yu et al. 0.9392 92.25 0.9300 0.9405 0.9346 0.9150 89.80 0.9105 0.9252 0.9178

AttenEViT-

HDMIL

0.9802 95.08 0.9507 0.9641 0.9575 0.9811 95.65 0.9555 0.9680 0.9617

On the CPTAC-Lung dataset, AttenEViT-HDMIL demonstrates consistent and robust

generalization, achieving anAUC of 0.9811 and an F1-score of 0.9617, again outperforming

all compared methods. It is worth noting that the results obtained on the CPTAC-Lung

dataset were generated through transfer learning from the TCGA-Lung-trained model, as

discussed in Section 3.2.1.2. Despite domain shifts between the two cohorts, the proposed

model maintains its superiority in all metrics. This reflects its resilience and adaptability

to distributional variability, which is essential for real-world deployment in computational

pathology pipelines.

The consistent improvement across both datasets illustrates that the proposed
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AttenEViT-HDMIL not only learns more discriminative representations but also effectively

captures hierarchical semantic dependencies between instances. These results confirm the

efficacy of integrating multi-head attention, global context modeling, and hybrid token em-

beddings in MIL-based classification tasks, especially for the complex histological patterns

observed in lung cancer subtypes.

4.3.3 Effect of Hierarchical Attention Modules in the Trans-

former Encoder

To evaluate the contribution of different attention mechanisms within the transformer

encoder of the proposed AttenEViT-HDMIL architecture, we conducted a systematic abla-

tion study using various configurations of Linear Multi-Scale Attention (LinearMSA), Global

Context Attention (GCA), and Self-Attention (SA). The results, summarized in Table 4.3,

examine the individual and combined effectiveness of these components under two sampling

strategies: random and intelligent patch selection. Initially, we assessed the model perfor-

mance using only LinearMSA. With random sampling, this configuration achieved an AUC

of 0.9145 and an accuracy of 89.12%. When switching to intelligent sampling—which focuses

on morphologically relevant regions—the performance improved to an AUC of 0.9334 and an

accuracy of 91.78%. This highlights the advantage of prioritizing diagnostically significant

regions in the learning process.

The addition of GCA—designed to enhance global spatial awareness across patches—led

to further improvements. When combined with LinearMSA, the model attained an AUC

of 0.9267 and accuracy of 89.58% under random sampling, which increased substantially to

0.9689 AUC and 94.87% accuracy with intelligent sampling. These gains suggest that GCA

plays a crucial role in modeling contextual dependencies at a broader scale. Finally, the

full integration of LinearMSA, GCA, and SA (i.e., the complete AttenEViT-HDMIL config-

uration) yielded the most significant performance improvements. Under random sampling,

the model reached an AUC of 0.9331 and accuracy of 92.28%, while intelligent sampling

delivered the best overall results—achieving an AUC of 0.9802 and an accuracy of 95.08%.

These findings collectively demonstrate the value of a hierarchical attention design within

the transformer encoder. While LinearMSA effectively captures multi-scale local features,

GCA contributes to holistic context aggregation, and SA enhances the model’s sensitivity
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to fine-grained morphological patterns. Furthermore, intelligent sampling consistently leads

to better performance across all settings, reaffirming the benefit of focusing on high-yield

regions in histopathological images.

Table 4.3: Performance comparison of different configurations of hierarchical attention

mechanisms and sampling strategies.

Model Configuration Sampling strategy AUC Accuracy (%) Precision Recall F1-Score

LinearMSA Random 0.9145 89.12 0.8897 0.9023 0.8959

LinearMSA Intelligent 0.9334 91.78 0.9155 0.9262 0.9208

LinearMSA + GCA Random 0.9267 89.58 0.8941 0.9002 0.8971

LinearMSA + GCA Intelligent 0.9689 94.87 0.9465 0.9543 0.9504

LinearMSA + GCA + SA Random 0.9331 92.28 0.9380 0.9278 0.9267

AttenEViT-HDMIL Intelligent 0.9802 95.08 0.9507 0.9641 0.9575

4.3.4 Evaluation of Instance Sampling Strategies in Multiple

Instance Learning

To assess the influence of different instance sampling strategies on the performance of

the proposed AttenEViT-HDMIL framework, an ablation study was conducted. The results,

summarized in Table 4.4, compare three strategies: Intelligent Sampling (SInt), Exhaustive

Sampling (SEx), and Random Sampling (SRd).

The Intelligent Sampling strategy focuses on selecting image regions characterized by

high cellular density and pronounced morphological heterogeneity, which are indicative of

diagnostically relevant features. This approach achieved the best overall balance across all

evaluation metrics, reporting an AUC of 0.9802 and an accuracy of 95.08%, along with the

highest precision, recall, and F1-score values. By contrast, the Exhaustive Sampling strat-

egy, which involves training on the entire dataset without filtering for relevance, yielded a

slightly higher AUC of 0.9832. However, this gain comes at the cost of reduced recall (0.9563

compared to 0.9641 with SInt), likely due to the inclusion of redundant or irrelevant patches

that dilute the learning signal and introduce noise. The Random Sampling approach,

where instances are chosen uniformly without regard to underlying tissue characteristics,

resulted in the poorest performance across all metrics. This underscores the necessity of in-

corporating domain-specific heuristics into sampling to guide the model toward informative
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Figure 4.2: Radar plot comparing performance across three sampling strategies:

knowledge-guided intelligent sampling, exhaustive training, and random sampling.

content.

To provide a unified evaluation across all metrics, a composite performance score C is

computed as:

C “
1

n

n
ÿ

i“1

Metrici, C is Composite Score (4.13)

where n is the total number of evaluation metrics considered (e.g., AUC, accuracy, pre-

cision, recall, F1-score). According to this metric, the performance hierarchy is clearly

established as SInt ą SEx ą SRd.

While exhaustive sampling may marginally improve AUC, intelligent sampling offers a

more efficient and practical solution, using only 7–10% of the total data while still achieving

superior generalization. This makes it particularly advantageous for large-scale histopatho-

logical applications, where computational efficiency and diagnostic relevance are critical.

Table 4.4: Comparison of different sampling strategies based on AUC and composite

score.

Sampling Strategy AUC Composite Score

Knowledge-Guided Intelligent Sampling 0.9802 SIntelligent “ 0.9606

Exhaustive Training 0.9832 SExhaustive “ 0.9582

Random Sampling 0.9331 SRandom “ 0.9296
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Chapter Summary

In this chapter, we presented a detailed evaluation of the proposed AttenEViT-HDMIL

framework across multiple benchmark lung cancer datasets. Through comprehensive com-

parisons with existing state-of-the-art MIL-based models, we demonstrated the superior per-

formance of our approach in terms of classification accuracy, AUC, and other key evaluation

metrics. Ablation studies further highlighted the individual contributions of the hierarchical

attention modules—LinearMSA, GCA, and SA—as well as the significant impact of intel-

ligent instance sampling in enhancing model robustness and efficiency. These insights vali-

date the effectiveness of our architectural design and sampling strategy for high-resolution

histopathology analysis.

The next chapter concludes this thesis by summarizing the key contributions, discussing

broader implications, and outlining potential directions for future research.
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Chapter 5

Conclusions

This chapter synthesizes the key contributions, findings, and implications of the deep

learning frameworks proposed in this thesis for the histopathological classification of lung

cancer subtypes. Building upon the challenges of data variability, annotation scarcity, and

the need for scalable yet accurate diagnostic models, two distinct approaches—E-GloConNet

and AttenEViT-HDMIL—were developed and rigorously evaluated. While both frameworks

address the same clinical objective of distinguishing LUAD and LUSC from WSIs, they do

so through fundamentally different architectural paradigms and learning strategies. This

discussion critically examines the design choices, performance outcomes, and clinical rele-

vance of each model, while highlighting how their complementary strengths contribute to

the broader goal of AI-driven precision oncology. The chapter concludes by outlining poten-

tial future directions and opportunities for extending this work to other cancer types and

multi-modal diagnostic contexts.

5.1 E-GloConNet: Lightweight Attention-

Augmented CNN for Histopathology

E-GloConNet was developed as a lightweight yet effective convolutional neural network

enhanced with global context attention (GCA) for histopathological image classification.

This framework was designed to address several critical challenges in digital pathology:

inter-slide staining variability, limited annotations, computational resource constraints, and
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the need for spatial interpretability.

A key contribution of E-GloConNet lies in its attention-integrated architecture, where the

incorporation of GCA modules into a compact backbone (EfficientNetV2-B0) enables the

capture of long-range spatial dependencies—essential for identifying diagnostic structures

such as tumour nests, stromal boundaries, and glandular arrangements. Unlike conven-

tional CNNs with local receptive fields, E-GloConNet effectively models non-local interac-

tions through attention, improving both accuracy and interpretability. The training pipeline

integrates stain normalization, geometric and photometric augmentations, and a progressive

fine-tuning schedule, ensuring robustness across variable clinical conditions. Notably, stain

normalization minimizes domain shift by aligning colour profiles across laboratories, allowing

the model to focus on morphology rather than colour artifacts. Meanwhile, augmentation

strategies introduce structural variability to support generalization across diverse tissue mor-

phologies. Despite its attention-augmented design, E-GloConNet maintains a compact ar-

chitecture with only 7.34 million trainable parameters—comparable to lightweight baselines

like MobileNetV2—while achieving higher classification performance. It offers significant

computational efficiency with a throughput of over 200 tiles per second and moderate mem-

ory requirements during both training and inference, making it suitable for deployment in

clinical workflows with limited resources.

Importantly, E-GloConNet adopts a weakly supervised approach with foreground-aware

random sampling, eliminating the need for exhaustive pixel-level annotations. This design

choice significantly reduces annotation overhead without compromising diagnostic perfor-

mance, as the model leverages domain-adaptive fine-tuning to compensate for weak supervi-

sion. In summary, E-GloConNet presents a balanced framework that combines architectural

efficiency, interpretability, and generalization. Its modular design, low resource footprint,

and strong diagnostic performance make it a practical solution for real-world applications

in histopathological cancer diagnosis, especially in settings where computational and anno-

tation resources are constrained.
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5.2 AttenEViT-HDMIL: Hierarchical

Transformer-Based MIL for Efficient Slide-

Level Classification

AttenEViT-HDMIL represents a significant advancement in the development of

transformer-based models for histopathological image analysis, with a specific focus on ac-

curate and efficient classification of lung adenocarcinoma (LUAD) and lung squamous cell

carcinoma (LUSC). This framework addresses the dual challenges of annotation scarcity

and computational scalability by integrating multi-level attention mechanisms with multiple

instance learning (MIL), guided by domain-specific morphological cues.

At the heart of AttenEViT-HDMIL lies a hierarchical attention transformer encoder that

fuses three complementary attention strategies: Linear Multi-Scale Attention (LinearMSA)

for capturing patch-wise relationships efficiently, Global Context Attention (GCA) for mod-

eling spatial dependencies across larger tissue regions, and Semantic Attention (SA) for

emphasizing high-level morphological semantics. This layered attention architecture allows

the model to progressively aggregate local, regional, and global information, resulting in

more discriminative feature representations for cancer subtype classification. To further en-

hance training efficiency and diagnostic focus, the model employs a nucleus-aware intelligent

sampling strategy, selecting a representative subset of the most morphologically informative

tiles from each WSI. This targeted sampling reduces training data volume to just 7–10%

of the total slide content (i.e., k “ 1000 tiles per WSI), while preserving critical diagnostic

content. Compared to random or exhaustive sampling, this approach significantly improves

the quality of input instances used in MIL aggregation, leading to better generalization and

reduced computational burden.

The model operates under a weakly supervised learning regime, requiring only

slide-level labels rather than detailed region or pixel-level annotations. Despite this

minimal supervision, AttenEViT-HDMIL achieves state-of-the-art classification perfor-

mance—outperforming several baseline and contemporary MIL approaches—demonstrating

the strength of its hierarchical design and domain-guided tile selection. Furthermore, the in-

clusion of Grad-CAM visualizations provides interpretability by revealing attention hotspots

aligned with clinically relevant features such as keratinization pearls in LUSC and glandu-
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lar formations in LUAD. These visual explanations were independently validated by expert

pathologists and oncologists, reinforcing the clinical trustworthiness of the model’s predic-

tions. With its modular structure, strong diagnostic accuracy (AUC = 0.9802), efficient data

usage, and high interpretability, AttenEViT-HDMIL presents a compelling framework for de-

ployment in clinical decision-support systems. Its adaptability across histopathological tasks

and potential for integration with multi-modal data sources positions it as a cornerstone for

future AI-driven precision oncology platforms.

5.3 Interpretability via Grad-CAM Visualization

Interpretability is a critical aspect of deploying deep learning models in clinical environ-

ments, where trust, transparency, and diagnostic alignment are essential. To assess the trans-

Figure 5.1: Grad-CAM visualizations comparing Trandom and Tintelligent. (a) shows en-

hanced focus on diagnostically relevant morphological features using intelligent sam-

pling while reducing false activations. (b) HD-CAM focuses attention on high-density

tumor regions, improving classification accuracy.

parency of AttenEViT-HDMIL’s decision-making process, we employed Gradient-weighted
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Class Activation Mapping (Grad-CAM) to visualize the attention patterns learned during

training. These visualizations reveal the model’s focus areas on WSIs, indicating which mor-

phological regions contribute most significantly to its predictions. Figure 5.1 illustrates the

comparative attention maps generated under different sampling strategies. Subfigures (a)

i, iii, and v show that the intelligent sampling strategy (Tintelligent) consistently guides the

model toward diagnostically relevant structures, such as glandular formations characteristic

of LUAD and keratin pearls associated with LUSC. In contrast, randomly sampled tiles

(Trandom) result in dispersed and often irrelevant attention patterns, including stromal or

erythrocyte-dominated areas, as shown in subfigures (a) ii and iv. Additionally, subfigure

(b) demonstrates the high-density tumor region-focused HD-CAM, which further enhances

classification specificity by narrowing attention to malignant cell clusters while minimizing

background noise.

5.4 Pathologist review and Clinical validation

The adoption of deep learning models in clinical histopathology critically depends on

their interpretability and alignment with diagnostic workflows. To evaluate the clinical ro-

bustness and practical utility of the proposed AttenEViT-HDMIL framework, a panel of

experienced oncologists and pathologists specializing in pulmonary oncology independently

reviewed the Grad-CAM visualizations generated by the model. These visual explanations

illustrated the model’s focus under both random and nucleus-guided intelligent sampling

strategies, highlighting the specific regions of interest (ROIs) that influenced classification

decisions. The experts carefully assessed the network’s ability to localize high-density tu-

mor areas and distinguish key histological features such as keratinization pearls, glandular

architecture, nuclear atypia, and extracellular mucin deposits.

Their analysis confirmed that the model reliably concentrated on morphologically signif-

icant regions essential for differentiating LUAD from LUSC, while effectively ignoring irrel-

evant areas like stromal zones and erythrocyte-dense regions. The pathologists noted that

the intelligent sampling strategy significantly improved the model’s ability to highlight di-

agnostically relevant regions, thereby enhancing its explainability and trustworthiness. This

close correspondence between the model’s focus and expert diagnostic criteria underscores

its potential for transparent, interpretable AI-assisted diagnosis.
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Moreover, the oncologists emphasized the framework’s value in reducing the need for ex-

tensive manual annotations and supporting more efficient diagnostic workflows—particularly

in scenarios with limited data availability. By targeting tumor-dense regions, the model

demonstrates high clinical applicability, offering precise insights into complex morphological

patterns that may be difficult to identify through visual inspection alone. These include

subtle structural formations such as solid tumor nests, stromal desmoplasia, and nuanced

nuclear changes, all critical for accurate subtype classification. Through reliable feature

localization and enhanced interpretability, AttenEViT-HDMIL shows considerable promise

for real-world integration into digital pathology pipelines.

5.5 Directions for Future Research

This thesis presents two complementary deep learning frameworks—E-GloConNet and

AttenEViT-HDMIL—that advance the state of computational pathology for lung cancer sub-

type classification using WSIs. E-GloConNet emphasizes lightweight, attention-enhanced

convolutional architectures that achieve high diagnostic accuracy with efficient computa-

tional performance, making it suitable for deployment in resource-constrained settings. On

the other hand, AttenEViT-HDMIL introduces a transformer-based hierarchical model that

leverages weak supervision and intelligent instance sampling to focus on high-density, mor-

phologically relevant regions, achieving superior performance while dramatically reducing

the number of required input tiles.

Both models are tailored to address real-world challenges in digital pathology, including

data variability, annotation scarcity, and computational scalability. Their consistent perfor-

mance across diverse metrics and expert validation highlight their robustness and potential

for clinical translation. Furthermore, the interpretability provided by the attention mech-

anisms and Grad-CAM visualizations enhances trust in their predictions, a critical factor

for clinical adoption. Despite the promising outcomes, several directions remain open for

further exploration:

• Extension to Other Cancer Subtypes: While this work focuses on LUAD and

LUSC, extending these frameworks to other histological subtypes such as SCLC and

rare NSCLC variants can expand their clinical applicability.
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• Multi-Institutional and Multi-Scanner Validation: To ensure generalizability,

both models should be evaluated using more distinct datasets from multiple institu-

tions with varied staining protocols and scanner types.

• Adaptive and Learnable Preprocessing: Incorporating adaptive stain normaliza-

tion and data augmentation strategies tailored to slide-specific characteristics could

improve performance under variable conditions.

• Integration of Multi-Modal Data: Fusing histological features with genomic pro-

files, radiological imaging, and clinical metadata could enhance diagnostic precision

and enable personalized treatment recommendations.

• Real-Time and Edge Deployment: Optimizing the models further for deployment

in edge devices or real-time diagnostic pipelines could accelerate adoption in remote

and resource-limited healthcare environments.

• Weakly Supervised Localization and Explainability: Enhancing attention maps

with fine-grained segmentation capabilities can improve model interpretability, helping

clinicians identify actionable regions within WSIs.

In summary, the approaches developed in this thesis lay a strong foundation for practical,

interpretable, and scalable AI-based histopathological diagnosis. With further refinements

and broader validation, these methods can significantly contribute to the future of precision

oncology and digital pathology.
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