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Abstract

Lung cancer remains the leading cause of cancer-related deaths worldwide, with Non-Small
Cell Lung Cancer (NSCLC) accounting for approximately 85% of all cases. Among its sub-
types, Adenocarcinoma (ADC) and Squamous Cell Carcinoma (SQC) are the most preva-
lent, each associated with distinct prognoses and treatment pathways. Accurate histological
subtype classification is thus critical for effective personalized therapy. However, current
standard procedures rely on invasive biopsies, which may be unsuitable or risky for certain
patients. Moreover, biopsy samples are often limited in size or affected by tumor hetero-
geneity, leading to diagnostic uncertainty. These limitations have motivated the search for
non-invasive, imaging-based methods to predict histological subtypes.

To address this challenge, this thesis explores a series of deep learning strategies that
leverage radiological imaging, particularly Computed Tomography (CT) and Positron Emis-
sion Tomography (PET) scans, to develop robust and accurate classification systems. The
work systematically addresses key barriers in this domain, including limited dataset sizes,
data privacy concerns, and the challenge of effectively integrating multimodal information.

The first part of the thesis investigates whether triplet networks, a type of metric learning
model, can overcome the challenge of learning from small datasets, which is a common issue
in medical imaging due to privacy concerns, annotation costs, and limited patient availability.
Unlike conventional deep networks that rely on softmax classifiers and learn directly from
individual samples, triplet networks learn by modeling the relationships between samples,
specifically by comparing an anchor to both a similar (positive) and a dissimilar (negative)
example. This relational learning framework effectively increases the number of informative
training instances and enhances the model’s ability to generalize. On a dataset of 87 NSCLC
patients, triplet networks significantly outperformed these standard models, demonstrating
their ability to learn discriminative representations even under limited data conditions.

Although triplet networks improve learning under limited data conditions, increasing the
amount of training data remains critical for further enhancing model performance. How-
ever, acquiring additional data from external sources is often hindered by concerns related
to patient privacy, data ownership, and regulatory compliance. To overcome these chal-

lenges, the second part of the thesis introduces a federated learning framework combined



with triplet loss. This approach enables multiple clinical institutions to collaboratively train
a model without sharing patient data, thereby preserving privacy. Comparative experiments
demonstrate that this federated learning method outperforms both isolated local training
and federated models trained with conventional softmax loss, highlighting its potential to
improve generalization while maintaining data confidentiality.

Having addressed the issues of small datasets and data sharing, the thesis then turns
to multimodal learning, aiming to further improve classification performance by combining
structural and metabolic information from CT and PET images. The third part introduces
MINT, a novel Multi-stage INTermediate fusion architecture. MINT fuses PET and CT
features at multiple stages of the feature extraction process, allowing the network to capture
complementary cues across different levels of abstraction while preserving spatial correla-
tions. The model is benchmarked against unimodal baselines, early and late fusion strate-
gies, and the only other existing intermediate fusion method for this task. MINT achieves
the highest performance across all comparisons, validating the advantage of intermediate
fusion in leveraging multimodal imaging data for subtype classification.

Finally, while each of the previous contributions focused on developing specialized models,
the final part of the thesis explores the potential of foundation models in this domain.
These large-scale pretrained models have shown promise in generalizing across tasks with
minimal fine-tuning. The study evaluates three 3D medical foundation models trained on
diverse datasets and compares their performance against specialized architectures developed
specifically for NSCLC subtype classification. Using a dataset of 714 patients, all foundation
models outperformed the task-specific baselines, highlighting their potential for enabling
accurate and data-efficient solutions in clinical imaging tasks.

Collectively, the contributions of this thesis address critical challenges in building non-
invasive, accurate, and scalable systems for NSCLC histological subtype classification. By
integrating strategies for learning from limited data, protecting privacy, fusing multimodal
information, and harnessing pretrained models, the proposed approaches pave the way to-

ward more accessible and precise diagnostic tools in lung cancer care.
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Chapter 1

Introduction

1.1 NSCLC Histological Subtype Classification

Lung cancer is a leading cause of cancer-related deaths globally, with estimated age-adjusted
incidence and mortality rates of 23.6 and 16.8 per 100,000 people, respectively [96]. Non-
Small Cell Lung Cancer (NSCLC) accounts for 85% of primary lung cancers, with Adenocar-
cinoma (ADC) and Squamous Cell Carcinoma (SQC) being the most common subtypes [101].
The two primary histological subtypes not only have different biological characteristics and
outcomes, but also different responses to targeted therapies and immunotherapies [20, 17].
In the context of early-stage NSCLC, a full histological examination of the primary tumour
prior to surgery may be omitted in cases where there is a significant risk of biopsy-related
complications and a compelling clinical indication of malignancy based on imaging and clin-
ical findings. However, an accurate pathological diagnosis of the primary tumour is essential
to determine prognosis and select the most effective therapeutic strategies in patients with
clinical stage I-IIT disease [77]. Traditional methods of identifying these subtypes rely on
tissue biopsy and histopathological examination, which are invasive and can carry significant
risks for patients [26]. Moreover, such techniques often struggle with accuracy due to chal-
lenges like small tumor size, the tumor location near the lung’s edges or critical structures,
and the diverse characteristics of tumors, which can lead to inconsistent results [43]. These
challenges, along with the limitations of current invasive diagnostic methods and the need
to avoid such procedures, drive the search for non-invasive approaches to accurately classify
NSCLC histological subtypes.

Positron Emission Tomography (PET)/Computed Tomography (CT) using the [**F] Flu-
orodeoxyglucose (FDG) tracer plays a pivotal role in the diagnosis and management of lung
cancer, with most patients undergoing this imaging modality prior to the initiation of treat-
ment [93]. By integrating the metabolical imaging capabilities of PET with the detailed

anatomical imaging from CT, PET/CT offers enhanced precision in tumor staging, signif-
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CHAPTER 1. INTRODUCTION

icantly improving the detection and localization of loco-regional pathological lymph nodes
and distant metastases [7]. Moreover, various subtypes of NSCLC exhibit differing charac-
teristics in these radiological images. However, the limited specificity of these features makes
it difficult for radiologists to accurately differentiate between NSCLC subtypes [56].

1.2 Artificial Intelligence in Medical Imaging

In recent years, the rapid advancement of Artificial Intelligence (AI), particularly Deep
Learning (DL) algorithms, has revolutionized numerous fields, with computer vision ex-
periencing a remarkable transformation in both capability and precision. The success of
AlexNet [61] in the ImageNet competition [82] in 2012 marked a historical milestone, es-
tablishing Convolutional Neural Network (CNN)s as the go-to architecture for image clas-
sification. The subsequent evolution of CNN architectures, such as VGG [87], ResNet [44],
MobileNet [48], DenseNet [49], and EfficientNet [94] etc., has further propelled advancements.
Following this foundational progress, CNNs have been widely adopted across a diverse range
of core tasks, such as image classification, object detection, and semantic segmentation.
These techniques are foundational to numerous applications across diverse domains, includ-
ing autonomous driving, manufacturing, agriculture, security, and, notably, medicine.

In the medical domain, computer vision plays a critical role in supporting clinical decision-
making by automatically analyzing imaging data. Applications of computer vision in medicine
are broad and span nearly all clinical disciplines. In radiology, automated systems assist in
detecting abnormalities such as fractures in X-rays [81], pulmonary embolisms in CT angiog-
raphy [88], or brain lesions in Magnetic Resonance Imaging (MRI) scans [83]. In gastroen-
terology, computer vision techniques are applied to endoscopic and colonoscopic images to
detect and classify abnormalities such as polyps, ulcers, or bleeding, supporting early diagno-
sis and reducing oversight during procedures [37]. Ophthalmology has benefited significantly
from image-based classification models capable of identifying diabetic retinopathy [53], mac-
ular degeneration [76], or glaucoma [108] from retinal fundus images. Dermatology employs
AT models to classify skin lesions from dermoscopic images [52], aiding in the early detection
of melanoma and other skin conditions.

Within this broad landscape, cancer imaging has emerged as a particularly active and
impactful area of research in computer vision. Medical image classification, in particular,
plays a central role in oncology by enabling the automated identification of malignancies,
assessment of tumor grade, and estimation of patient prognosis from imaging data. These
applications span a wide range of cancer types and imaging modalities. For example, deep
learning models have been developed to detect breast cancer from mammograms [84], classify

brain tumors using MRI [83], and identify liver lesions from CT [40] or ultrasound [25] images.

14



CHAPTER 1. INTRODUCTION

In lung cancer, chest CT scans are widely used not only for detecting nodules but also for
assessing their malignancy [109] and guiding biopsy decisions [91]. PET imaging, on the other
hand, provides valuable metabolic information that supports tumor grading and treatment

response evaluation [104].

1.3 Challenges and Research Questions

Considering the challenges and limitations of current invasive diagnostic methods for histo-
logical subtype classification, along with the growing success of deep learning techniques in
medical image analysis, this thesis investigates whether NSCLC subtypes can be classified
from non-invasive imaging modalities such as CT and PET using deep learning methods. In
doing so, it addresses several key challenges prevalent in medical image analysis, including
data scarcity, privacy constraints, and the complexity of effectively integrating multimodal
information, and further explores the potential of large-scale pretrained foundation models
for the classification of NSCLC histological subtypes. The research dimensions correspond-
ing to these challenges are summarized in Figure 1.1 and are discussed in detail in the

following paragraphs.

Triplet
Networks
NSCLC
Federated Histological Foundation
Learning Subtype Models

Classification

Multimodal
Learning

Figure 1.1: Overview of the research dimensions addressed in this thesis.
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Data Scarcity

RQ1: Can triplet networks improve classification performance under limited data

conditions?

The first challenge is data scarcity, which is a prevalent issue in medical imaging due
to privacy constraints, high annotation costs, and limited patient availability. DL models
typically require large and diverse datasets to achieve robust generalization, yet in medical
contexts, collecting such data is often infeasible due to ethical, logistical, and institutional
limitations. To address this problem, we hypothesize that triplet networks, a form
of metric learning model, can improve classification performance compared to
traditional architectures. Our hypothesis stems from observing that, unlike conventional
deep networks, which learn directly from individual samples using a softmax classifier, triplet
networks adopt a relational learning approach. In this framework, each sample (referred
to as the anchor) is compared with a similar sample (positive) and a dissimilar sample
(negative). By explicitly modeling these relationships, the network effectively learns the
relative similarity between instances, rather than focusing solely on individual labels. This
strategy increases the number of informative training examples derived from the same dataset

and enhances the model’s ability to generalize to unseen data.

Privacy Constraints

RQ2: Can federated learning with triplet loss maintain performance while ensuring

data privacy?

The second challenge is the limited access to external data, which restricts the ability
to train more robust DL models. Although triplet networks can partially reduce the ef-
fects of small datasets, the lack of sufficient training data still limits model generalization.
In medical applications, sharing data across institutions is often restricted due to patient
privacy concerns, data ownership issues, and regulatory compliance. To address this prob-
lem, we hypothesize that integrating federated learning with triplet networks can
preserve privacy without compromising performance. Federated learning is a col-
laborative training approach in which multiple institutions train a shared model locally on
their own data, while only model updates (and not the patient data itself) are exchanged
and aggregated. This enables the model to learn from a larger and more diverse dataset

while maintaining privacy and performance.
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CHAPTER 1. INTRODUCTION

Integrating Multimodal Information

RQ3: How can CT and PET features be effectively integrated for NSCLC subtype

classification?

The third challenge addressed in this thesis is effectively integrating complementary infor-
mation from multiple imaging modalities. In NSCLC, CT scans provide structural informa-
tion about the tumor and surrounding tissues, while PET scans capture metabolic activity
that may reflect tumor heterogeneity or disease progression. Combining these modalities
has the potential to offer a richer and more informative representation than either modality
alone. However, the main challenge in multimodal learning is effectively leveraging this com-
plementary information to improve predictive performance. To address this challenge, we
hypothesize that MINT, a novel Multi-stage INTermediate fusion architecture,
can exploit the strengths of both imaging modalities to improve classification
performance compared to unimodal models and conventional fusion strategies.
Unlike traditional early or late fusion methods, which combine features only at the input or
decision level, MINT fuses PET and CT features at multiple stages throughout the feature
extraction process. This multi-stage integration enables the network to capture comple-
mentary information at different levels of abstraction while maintaining spatial consistency

across modalities.

Foundation models

RQ4: Can large-scale pretrained foundation models effectively predict histological
subtypes in NSCLC?

The final part of the thesis explores the potential of large-scale pretrained foundation
models for NSCLC histological subtype classification. These models, trained on massive and
diverse datasets, have demonstrated strong generalization capabilities with minimal fine-
tuning. This study evaluates several 3D medical foundation models and compares them
with the task-specific architectures developed in this thesis to assess their effectiveness on

this specialized clinical task.

1.4 Chapter Organization

The rest of this thesis is organized as follows.
Chapter 2 presents a comprehensive review of related work, focusing on imaging-based
methods for NSCLC subtype classification. It covers existing approaches involving radiomics

and deep learning.
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Chapter 3 describes the datasets used throughout the thesis. It includes details on data
acquisition, patient demographics, and imaging modalities.

Chapter 4 addresses RQ1 by investigating the use of triplet networks to improve model
performance under limited data conditions. This chapter introduces a metric learning frame-
work that models relationships between samples rather than relying on standard softmax
classifiers.

Chapter 5 addresses RQ2 by introducing a federated learning approach that combines
triplet loss with decentralized training. This framework enables multiple institutions to col-
laboratively train models without exchanging patient data, thereby addressing data privacy
concerns.

Chapter 6 addresses RQ3 by proposing a novel multi-stage intermediate fusion archi-
tecture that integrates PET and CT features during multiple stages of feature extraction.
This approach improves classification by capturing complementary spatial and semantic in-
formation across modalities.

Chapter 7 addresses RQ4 by evaluating the use of large-scale foundation models pre-
trained on diverse medical imaging datasets. It benchmarks their performance against the
task-specific models, highlighting their generalization capabilities.

Chapter 8 concludes the thesis by summarizing key findings, discussing limitations, and

suggesting potential directions for future research.

1.5 Related Publications

e Fatih Aksu, Fabrizia Gelardi, Arturo Chiti, and Paolo Soda, “Early Experiences on
Using Triplet Networks for Histological Subtype Classification in Non-Small Cell Lung
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(CBMS), 2023.

e Fatih Aksu, Ermanno Cordelli, Fabrizia Gelardi, Arturo Chiti, and Paolo Soda,
“Enhancing NSCLC Histological Subtype Classification: A Federated Learning Ap-
proach Using Triplet Loss,” 3rd International Workshop on Artificial Intelligence for

Healthcare Applications (AIHA) at the International Conference on Pattern Recogni-
tion (ICPR), 2024.

e Fatih Aksu, Fabrizia Gelardi, Arturo Chiti, and Paolo Soda, “Toward a Multimodal
Deep Learning Approach for Histological Subtype Classification in NSCLC,” 7th Work-
shop on Artificial Intelligence Techniques for BioMedicine and HealthCare (AIBH) at
the IEEE International Conference on Bioinformatics and Biomedicine (BIBM), 2024.
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e Valerio Guarrasi, Fatih Aksu, Camillo Maria Caruso, Francesco Di Feola, Aurora
Rofena, Filippo Ruffini, and Paolo Soda, “A systematic review of intermediate fusion in

multimodal deep learning for biomedical applications,” Image and Vision Computing,
2025.

e Fatih Aksu, Fabrizia Gelardi, Arturo Chiti, and Paolo Soda, “Multi-stage intermedi-
ate fusion for multimodal learning to classify non-small cell lung cancer subtypes from
CT and PET,” Pattern Recognition Letters, 2025.

e Fatih Aksu, Fabrizia Gelardi, Arturo Chiti, and Paolo Soda, “NSCLC histological
subtype classification from CT scans using generalist 3D medical foundation models,”
IEEE International Conference on Healthcare Informatics (ICHI), 2025.
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Chapter 2

Related Work

Understanding the histological subtypes of NSCLC is crucial for determining prognosis and
tailoring treatment strategies. Over the years, a wide range of computational approaches
have been proposed to address this classification problem using medical imaging. These
approaches can broadly be categorized into traditional radiomics pipelines and modern deep
learning frameworks. This chapter reviews representative methods from both domains, with
particular emphasis on deep learning approaches, which constitute the main focus of this
thesis, highlighting the evolution from hand-crafted feature extraction to end-to-end neural

networks, and the shift from unimodal to multimodal imaging analysis.

2.1 Radiomics Approaches

Radiomics, a quantitative approach that extracts a large number of features from medical
images, has been extensively investigated in conjunction with traditional Machine Learning
(ML) techniques for non-invasively characterizing lung cancer histopathology. These meth-
ods typically involve segmenting the Region of Interest (ROI), extracting diverse features
(e.g., shape, first-order statistics, texture, wavelet-based), selecting the most informative
features, and then training ML classifiers.

Several studies have focused on classifying NSCLC subtypes using CT-derived radiomics.
Ferreira Junior et al. [57] utilized CT-based radiomic features encompassing size, shape, in-
tensity, and texture, coupled with ML models like k-Nearest Neighbors (kNN), and Radial
Basis Function (RBF)-based Artificial Neural Network (ANN), and Naive Bayes (NB) to pre-
dict lung cancer histopathology. Liu et al. [68] also employed CT radiomics, evaluating four
different ML classifiers, including Random Forest (RF), Logistic Regression (LR), LR with
L1 regularization, and LR with Principal Component Analysis (PCA) in their comparative
study for differentiating ADC and SQC.

The scope of radiomics has extended to multi-subtype classification as well. Liu et al. [69]
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CHAPTER 2. RELATED WORK

developed the ”SLS model” to distinguish between ADC, SQC, Large Cell Carcinoma (LCC),
and Not Otherwise Specified (NOS) using CT radiomics. Their approach involved a com-
prehensive pipeline comprising the synthetic minority oversampling technique, L2,1-norm
minimization, and Support Vector Machine (SVM)s. Similarly, Khodabakhshi et al. [58]
proposed a high-dimensional CT radiomics signature for phenotyping NSCLC subtypes, in-
cluding ADC, SQC, LCC, and NOS. They employed feature selection techniques such as a
wrapper algorithm and multivariate adaptive regression splines, followed by multivariable
multinomial logistic regression.

The integration of multimodality imaging, particularly PET/CT, has shown promise
in enhancing radiomic analyses. Han et al. [43] performed an extensive evaluation using
PET/CT images to differentiate NSCLC histologic subtypes (ADC vs. SQC). They extracted
a large set of 688 features and systematically compared ten feature selection methods with
ten different ML models (including LR, SVM, RF, NB, kNN, AdaBoost, and XGBoost),
providing a detailed landscape of model performance. Yan and Wang [106] also leveraged
combined CT and FDG-PET radiomics for the histological diagnosis of solitary pulmonary
nodules, differentiating between ADC, SQC, and metastases.

These studies collectively demonstrate the significant role of radiomics combined with
diverse ML strategies in extracting valuable diagnostic information from standard medical
images. While effective, these pipelines typically rely on manual feature engineering and have
limited capacity to capture hierarchical patterns in imaging data, motivating a transition

towards automated feature learning approaches.

2.2 Deep Learning Approaches

As an evolution from traditional radiomics, deep learning techniques have gained increasing
attention for their ability to learn hierarchical representations directly from imaging data.
These methods, predominantly based on CNNs, eliminate the need for handcrafted features
by automatically extracting high-level abstractions that are optimized for the classification
task. Recent efforts have focused on designing robust architectures for both unimodal (CT
or PET) and multimodal (PET/CT) inputs to improve subtype discrimination. A summary
table presenting key details such as the dataset, input and network characteristics, evaluation
strategy, and performance of each deep learning-based study is provided in Table 2.1. Note

that the performance metrics reflect the results reported in the respective papers.

2.2.1 CT-based

In CT-based deep learning studies, various network designs have been explored to improve

classification accuracy for NSCLC subtypes. Chaunzwa et al. [21] employed a VGG-16 based
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model to classify histological subtypes (ADC, SQC, and others) from cropped 2D tumor
slices, highlighting the potential of DL for learning representative features. They evaluated
their approach on a private dataset, the Boston Lung Cancer Survival (BLCS) dataset, which
includes 311 patients. Using a hold-out test set, they compared the performance of an end-to-
end trained VGG-16 model with traditional ML classifiers applied to features extracted from
the final layers of VGG-16. Experiments were conducted on both a two-class setting (ADC vs
SQC) and a three-class setting (ADC vs SQC vs others). Their results showed that for binary
classification, the end-to-end trained VGG-16 achieved an Area Under Receiver Operating
Characteristic Curve (AUROC) of 0.71 and an accuracy of 0.69, surpassing the performance
of the traditional ML classifiers. Further exploring architectural innovations, Marentakis et
al. [74] combined an Inception model with a Long Short-Term Memory (LSTM) network to
capture spatial coherence across CT slices, achieving improved performance in distinguish-
ing ADC and SQC. Their study also benchmarked several state-of-the-art CNNs, including
AlexNet, ResNet101, Inceptionv3, and InceptionResnetv2, finding that an LSTM combined
with Inception yielded superior results compared to standalone CNNs and even expert radi-
ologists. The experiments were conducted on a subset of the NSCLC-Radiomics [2] dataset,
comprising 48 ADC and 54 SQC patients. Using five random hold-out permutations (each
with a 50% training set and a 50% test set), the model achieved an AUROC of 0.78 and an
accuracy of 0.74. Liu et al. [68] investigated the use of Capsule Networks (CapsNet), which
are designed to better delineate global image characteristics by encoding relative spatial rela-
tionships of image elements. Their comparative study on a single-center private dataset with
126 patients (72 ADC and 54 SQC) found that CapsNet outperformed traditional CNNs and
several radiomics models in discriminating ADC and SQC subtypes. They used cropped 3D
tumor volumes as network input. Using four random hold-out permutations (each with a
75% training set and a 25% test set), the model achieved an average AUROC of 0.85 and
an accuracy of 0.81. Researchers have also developed more sophisticated DL frameworks.
Gao et al. [33] proposed a multi-view feature decomposition method where features from
axial, coronal, and sagittal CT views are decomposed into common and specific features
using an attention mechanism and constrained by a feature similarity loss. This approach
aims to obtain comprehensive tumor representations by efficiently integrating these common
features. Their model was evaluated on a dataset combining private data with subsets of
two public datasets (NSCLC-Radiomics [3] and NSCLC-Radiogenomics [9]), comprising a
total of 499 patients. Using 5-fold cross-validation, they achieved an average AUROC of
0.81 and an accuracy of 0.77. Li et al. [64] introduced a Reconstruction-Assisted Feature
Encoding Network (RAFENet). This model employs a shared encoder and a task-aware en-
coding module with cross-level non-local blocks to learn multi-level task-specific features. A

semantic consistency loss function, encompassing feature and prediction consistency, was de-
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signed to enhance model regularization during the image reconstruction auxiliary task. The
model was trained on a dataset combining subsets of NSCLC-Radiomics [3] and NSCLC-
Radiogenomics [9], and evaluated on a private dataset. It achieved an AUROC of 0.85 and
an accuracy of 0.80 on the external test set. Chen et al. [22] presented a multi-task learning
model for histologic subtype classification. Their model incorporates a classification branch
and a staging branch that share initial feature extraction layers and are trained simultane-
ously. The model used 2D cropped tumor patches as input. It was trained on a combined
dataset of NSCLC-Radiomics [3] and NSCLC-Radiogenomics [9], and evaluated on both an
internal test set derived from these two datasets and an external test set, Lung3 [1]. The
model achieved an AUROC of 0.84 and an accuracy of 0.81 on the internal test set, and an
AUROC of 0.73 and an accuracy of 0.71 on the external test set. Fathalla et al. [30] developed
DETECT-LC, a multi-stage computational model that integrates both 3D deep learning and
textural radiomics for lung cancer staging and tumor phenotyping. Their pipeline involves
a radiomics preparatory stage for unsupervised slice selection using Haralick features and
k-means clustering, followed by an ALT-CNN-DENSE Net for classification. The DETECT-
LC model was evaluated for its ability to classify NSCLC carcinoma subtypes (ADC, SQC,
and NOS) and for lung cancer staging, demonstrating superior performance compared to
baseline models like ResNet-50 and InceptionV3. The model was evaluated separately on
three datasets: NSCLC-Radiomics [3], NSCLC-Radiogenomics [9], and LUNG3 [1]. Each
dataset was divided into training, validation, and testing sets, with approximately 55% of
samples used for training, 15% for validation, and 30% for testing. The proposed model
outperformed its competitors, achieving AUROCs and accuracies of 0.83 and 0.96, 0.89 and
0.93, and 0.88 and 0.92 on the three datasets, respectively. Tomassini et al. [98] developed
LUCY, an on-cloud decision-support system, which implemented and compared two end-
to-end neural networks where the core layer is a ConvLSTM layer, to characterize ADC
and SQC from thorax CT scans. These scan-based approaches, including those using Con-
vLSTMs or time-distributed 2D CNNs with recurrent layers, aim to analyze volumetric
information in more detail than slice-based methods. The models were trained on a sub-
set derived from a combination of three publicly available datasets: NSCLC-Radiomics [3],
LUNGS3 [1], and TCGA-LUAD [6], and evaluated on a subset of another public dataset,
NSCLC-Radiogenomics [9]. The ConvLSTM-based model achieved an AUROC of 0.97 and
an accuracy of 0.92.

Overall, CT-based deep learning studies reveal a steady progression from simple CNNs to
more elaborate architectures designed to incorporate spatial context, multitask learning, and
volumetric representation, all contributing to more accurate and clinically relevant subtype

predictions.
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2.2.2 PET/CT-based

While CT imaging alone provides valuable anatomical detail, combining it with PET al-
lows for the inclusion of functional information that is critical for tumor characterization.
This has led to a growing number of studies employing PET/CT inputs in deep learning
models for NSCLC subtype classification. Han et al. [43] conducted end-to-end classifica-
tion experiments using a pre-trained VGG-16 model and compared its performance with ten
traditional machine learning models trained on 50 radiomic features selected by ten differ-
ent feature selection methods. Their study was based on a private dataset comprising 867
ADC and 552 SQC patients for ADC-SQC classification. The experiments used merged
CT and PET images as input. The VGG-16 model achieved an AUROC of 0.90 and an
accuracy of 0.84 on a hold-out test set, outperforming all other machine learning models.
Zhao et al. [111] focused on discriminating NSCLC pathological subtypes (ADC vs SQC)
using 18F-FDG PET/CT images. They conducted a comparative study of seven different
deep learning models (Shufflenet, VGG16, Googlenet, Inception v3, Resnet50, Densenet201,
and Mobilenet v2), evaluating their performance and exploring correlations between deep
learning-extracted features and traditional radiological parameters like tumor size and Stan-
dard Uptake Value (SUV)max. The models were trained using cropped 2D tumor patches
as input. On a private dataset comprising 189 patients, all seven models were evaluated,
and MobileNetv2 was found to outperform the others, achieving an AUROC of 0.77 and an
accuracy of 0.76. Jacob and Menon [54] proposed a novel shallow CNN for the pathological
categorization of lung carcinoma (ADC, SQC, and Small Cell Carcinoma (SCC)) using slices
extracted from multimodality CT and PET images, employing a Blind/Referenceless Image
Spatial Quality Evaluator (BRISQUE) for slice selection. After applying BRISQUE, 1,744
PET/CT images were selected from a total of 760,818 images in the Lung-PET-CT-Dx [65]
dataset. The images were divided into training and testing sets. On the internal test set, the
model achieved AUROC scores of 0.92 and 0.96 for the ADC and SQC classes, respectively,
with an overall accuracy of 0.95. Beyond standard CNNs, researchers have investigated more
advanced architectures and fusion techniques. Qin et al. [79] introduced a model for fine-
grained lung cancer classification (ADC, SQC, and SCC) from PET and CT images that
incorporates a multidimensional attention mechanism. This mechanism, featuring channel-
wise and spatial attention within densely connected convolutional networks, was designed
to effectively fuse complementary information from the two imaging modalities, leading to
more robust feature representations. The model was evaluated on a private dataset compris-
ing 397 patients using a 10-fold cross-validation strategy and achieved an average AUROC
of 0.92 and an accuracy of 0.72. Further pushing architectural boundaries, Barbouchi et
al. [10] utilized the DETR transformer for the simultaneous detection and classification of
lung cancer (ADC, SQC, and SCC) from PET/CT images. Their work demonstrated that
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transformer models, known for capturing global relationships in data, can outperform tradi-
tional CNN architectures like ResNet, VGG, and DenseNet in this domain. The model was
evaluated on 1,160 images extracted from 25 patients in the Lung-PET-CT-Dx dataset [65].
On an internal hold-out test set, it achieved an AUROC of 0.98 and an accuracy of 0.96.
These PET/CT-based studies further demonstrate how multimodal imaging inputs can en-
hance classification accuracy and provide complementary information not always discernible
from a single modality. The integration of anatomical and functional data through deep
learning pipelines continues to gain traction, offering promising avenues for more robust and

generalizable models in NSCLC histopathological classification.

2.3 Limitations of Existing Approaches

A notable commonality in the literature is that, except for the studies by Fathalla et al. [30],
Tomassini et al. [98], and Jacob and Menon [54], most works require tumor annotations.
These studies either use tumor patches or volumes as input, which necessitates knowing
tumor boundaries, or slices containing tumors, which requires identifying which slices include
tumors. Tumor annotation and segmentation are costly and time-consuming processes. To
address this, in the works presented in Chapters 6 and 7, we utilized 3D lung volumes where
the lungs were segmented automatically using an existing segmentation algorithm.

Another challenge arises from the use of 2D images. The data split between training
and test sets must be performed at the patient level to prevent data leakage. Unfortunately,
many studies do not explicitly state whether this was done, and some appear to suffer from
leakage. To avoid this issue, in the studies using 2D patches, as in Chapters 4 and 5, we
ensured that all patches from the same patient were assigned to the same set.

A further limitation is that most works employ an internal hold-out test set for evaluation,
even though the dataset sizes are small compared to other Al domains. This limits assessment
of model generalizability to different cohorts. In all studies presented in this thesis, we applied
5-fold cross-validation to better evaluate generalization.

Furthermore, some works apply random undersampling to balance classes, as most datasets
are naturally imbalanced according to the prevalence of subtypes. While this approach bal-
ances the classes, it complicates fair comparisons because results are based on a random
subset, which is particularly problematic in hold-out evaluation. To address this, we utilized
all images belonging to the ADC and SQC classes in each dataset, excluding only those with
obvious defects, to produce results that more accurately reflect the entire dataset.

Finally, a major challenge in the literature is the lack of open-source implementations,
which makes it difficult to reproduce the reported results. Among the studies presented in

Table 2.1, only the work of Tomassini et al. [98] provides open-source code. To enable a fair
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comparison with our methods, we re-implemented several studies from the literature and
trained and tested them on the datasets used in this thesis. Specifically, we re-implemented

the works of;

e Chaunzwa et al. [21] as a competitor at Chapter 5, since it employs a similar strategy to

ours, using 2D tumor patches as input to a CNN for histological subtype classification;

e Fathalla et al. [30] and Tomassini et al. [98] at Chapters 6 and 7, as their methods also

use 3D lung volumes without requiring tumor segmentations as ours;

e Qin et al. [79] at Chapter 6, as it represents the only intermediate fusion approach in

the literature applied to histological subtype classification.

We observed that none of these methods achieved the performance reported in their respec-

tive papers, instead exhibiting degraded results when applied to our datasets.
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Datasets

To evaluate our proposed method, we employed four independent datasets comprising pa-
tients with NSCLC. These datasets include both institutional and publicly available col-
lections, offering a diverse range of imaging protocols, annotation methods, and clinical
characteristics. Each dataset provides paired CT and PET/CT images, along with varying
levels of clinical and molecular data. A summary of the datasets, including the number of
patients, available modalities, histological subtype distribution and the class imbalance ratio

between subtypes, is provided in Table 3.1.

Table 3.1: Summary of the included datasets, showing the total number of patients, the
distribution of histological subtypes, the class imbalance ratio , and the availability of imaging
modalities. The imbalance ratio is computed as the number of instances of the majority class
(ADC) divided by the number of instances of the minority class (SQC).

Dataset Total Patients ADC SQC Imbalance Ratio CT PET
Humanitas 423 312 (74%) 111 (26%) 2.81 v v
NSCLC-Radiomics 203 152 (75%) 51 (25%) 2.98 v X
NSCLC-Radiogenomics 193 160 (83%) 33 (17%) 4.85 v v
Lung-PET-CT-Dx 98 74 (76%) 24 (24%) 3.08 v v

3.1 Humanitas

The patients are retrospectively selected from the institutional database of the IRCCS Hu-
manitas Research Hospital! according to the following inclusion criteria [59]: pathological
diagnosis of NSCLC, baseline ['"*F|[FDG PET/CT and surgical intervention were performed
in this institution. Exclusion criteria were histology different from lung adenocarcinoma or

squamous cell carcinoma and concomitant or previous cancers within 3 years of lung cancer

!The Ethics Committee of the Humanitas Clinical and Research Centre IRCCS approved the study on
2017/04/18 with the authorisation number 1751.
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diagnosis. We collected demographic data, tumor information (histological subtypes, tu-
mor grade, and pathological TNM staging [36]), and clinical outcomes (overall survival and
progression-free survival) from the electronic medical record. Finally, the Volume of Interest
(VOI) of the primary tumor lesion was obtained by manually adjusting on CT images the
semiautomatic segmentation extracted from the PET, where we exploited the volume uptake
by thresholding SUV using commercial software (PET VCAR, GE Healthcare, Waukesha,
WI, USA). This threshold was heuristically set equal to 40% of the maximum SUV | following
standard practice in PET-based tumor segmentation, where this value is commonly applied
to delineate metabolically active tumor regions [55, 97] . Such an adjustment is needed to
correct the position of the lesion if respiratory movements caused a mismatch between CT

and PET images.

3.2 NSCLC Radiomics

NSCLC Radiomics [2] was retrospectively collected from the MAASTRO Clinic (Maastricht,
The Netherlands), comprising 422 patients diagnosed with inoperable NSCLC and treated
with either radical radiotherapy alone or in combination with chemotherapy. Inclusion crite-
ria involved a histologic or cytologic confirmation of NSCLC and availability of pre-treatment
FDG PET/CT scans acquired in radiotherapy position using a dedicated PET/CT simula-
tor (Biograph, Siemens). Clinical data, including demographic information (mean age 67.5
years, 290 male, 132 female), tumor characteristics (UICC stages I-1IIb), and outcomes,
were available for all patients. The Gross Tumor Volume (GTV) was manually delineated
by a radiation oncologist on fused PET/CT images using a standard institutional protocol.
Delineation was guided by fixed window settings and performed using commercial radiother-
apy planning software (XiO, Computerized Medical Systems, St Louis, MO, USA). The data
also included radiotherapy treatment details and follow-up clinical outcomes. All procedures
were conducted in compliance with institutional guidelines, and ethical approval was waived
due to the retrospective nature of the study [3]. We excluded the patients with histological
types other than ADC or SQC, eventually, we included 203 patients in total, 152 diagnosed
with ADC and 51 with SQC.

3.3 NSCLC Radiogenomics

NSCLC Radiogenomics [9] was retrospectively collected from two institutions (Stanford Uni-
versity Medical Center and Palo Alto Veterans Affairs Healthcare System), including 211
patients with NSCLC who underwent surgical treatment. Inclusion criteria required avail-

ability of preoperative CT and PET/CT scans, as well as excised tumor tissue samples.
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Demographic and clinical data (mean age 68, 135 male, 76 female) were collected, including
histological subtype, pathological TNM staging, and survival outcomes. Most patients had
adenocarcinoma (n = 172), followed by squamous cell carcinoma (n = 35). Imaging acquisi-
tion protocols varied, with CT slice thickness ranging from 0.625 to 3 mm and PET images
acquired with FDG doses of 138.9-572.3 MBq after an uptake time of 23-129 minutes. The
primary tumor lesions were segmented in 3D from CT images and revised by expert thoracic
radiologists. A subset of patients also had semantic annotations of tumor features and avail-
able RNA-seq or microarray-based molecular data. This dataset was designed to support
radiogenomic analyses that investigate the association between imaging features, molecu-
lar profiles, and clinical outcomes [8]. We excluded the cases with histological types other
than ADC or SQC and the ones that do not have both CT and PET scans. Eventually, we
included 193 patients, 160 of them were diagnosed with ADC, and 33 of them with SQC.

3.4 Lung-PET-CT-Dx

Lung-PET-CT-Dx [65] includes retrospectively acquired CT and PET/CT images from pa-
tients who underwent standard-of-care biopsy following suspicion of lung cancer. Subjects
were categorized based on histopathological diagnosis into adenocarcinoma, squamous cell
carcinoma, small cell carcinoma, or large cell carcinoma. Demographic data were not dis-
closed, but imaging was performed under standardized conditions, including fasting and
FDG PET protocols (mean dose 295.8 + 64.8 MBq; mean uptake time 70.4 £+ 24.9 minutes).
PET/CT acquisition covered the region from the base of the skull to mid-femur, with image
reconstruction using TrueX TOF. CT images had a resolution of 512 x 512 pixels with 1 mm
slice thickness, and PET images were reconstructed at 200 x 200 pixels and matched slice
thickness. Tumor locations were annotated using bounding boxes by five thoracic radiolo-
gists (at least two with over 15 years of experience) via a multi-reader verification process.
Annotations are provided as XML files in PASCAL VOC format. This dataset was curated
to support algorithm development for medical image analysis and tumor localization in mul-
timodal lung cancer imaging. As before, we included data only from ADC and SQC cases
that have both CT and PET images corresponding to 74 ADC and 24 SQC cases, 98 in
total.
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Chapter 4

Triplet Networks for Histological Sub-
type Classification in NSCLC

4.1 Introduction

Most of the works on histological subtype classification using deep neural networks adopt,
in the final classification stage, the well-established softmax classifier, and in most cases,
small private datasets are used. Since most of the well-known DL techniques require a
generous amount of data, there is a need to develop learning approaches that are able to
cope with small training data. As this is an issue impacting many different domains, in the
literature several solutions have been proposed so far, such as dropout regularization, data
augmentation, or the use of simpler networks, etc. [15]. Although introduced in different
domains and not for addressing data scarcity, siamese networks [16] could be a viable learning
paradigm to learn when few data are available thanks to the loss function employed, as
detailed in the next subsections. Despite that, their potential over small datasets has been
investigated by a few [31, 32, 50]. On these grounds, this study investigates the use of
triplet networks [46], an improved version of siamese networks [16], to classify histological
subtypes in NSCLC on a small dataset, and also compares their performance against plain
deep networks employing the well-established cross entropy loss in conjunction with softmax

activation in the output layer.

4.1.1 Triplet Networks

Siamese Neural Networks were first proposed by Bromley et al. in 1993 for a signature
verification task [16]. The main idea is to give two inputs to two identical neural networks
with shared weights computing the corresponding features. Then, a function computes the

distance between these two feature vectors, and the network weights are updated to minimize
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the contrastive loss [24], which is a well-established loss function in this domain. It aims not
only to minimize the distance between the two inputs when they belong to the same class
but also to increase their distance by at least up to a manually defined margin when they
belong to different classes. This implies creating a feature space where the instances of the
same class are close to each other, whereas those of different classes are far away, then, any
classifier can be trained on that space to predict the class label, such as the kNN [110, 62],
the SVM [46, 89], etc. Next, given a test sample, one of the two networks computes the
sample feature vector and such a classifier is used to label the unknown sample.

Hoffer and Ailon in [46] proposed an improved version of siamese networks named triplet
networks. Rather than using two identical networks, the authors used three identical net-
works with three inputs building up the input triplet: two belong to the same class whilst
the other belongs to a different class. The first input is referred to as the anchor, the second
input has the same class label and is named positive, and the third belonging to a different
class is named negative. Triplet networks are usually trained using the triplet loss [86], which
will be introduced in Section 4.2.

Triplet networks have been successfully used in many domains, such as face recognition
[86, 24|, person re-identification [23, 45], and object tracking [19, 28], to name a few. In
general, all these applications are characterized by large training sets with few instances for
each class. Nevertheless, it is worth noting that there are few applications in healthcare and
even fewer in cancer research. For instance, Utkin et al. [102] used this approach to diagnose
lung cancer from chest CT scans, Ghoneim et al. [35] classified histological images of breast
cancer, Le Vuong et al. [63] used it for colorectal cancer grading from pathology images, and
Battle et al. [11] classified types of skin cancer using clinical and dermatological images.

Despite this research, the potential of triplet networks to learn under a limited training
set is still a topic deserving more investigation and, in this respect, the next section presents

our proposal in this field.

4.2 Methods

In this section, we present how to exploit triplet networks to classify histological subtypes of
NSCLC from CT images, when a limited number of training samples are available. Figure 4.1
shows the general architecture of our approach distinguishing between the training and

classification phases, each described in the following subsections.

4.2.1 Training stage

In the upper panel of Figure 4.1, from the left to the right, given a batch B containing
M images, each denoted by z, a CNN extracts M feature vectors f(x) € R?, which are
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Figure 4.1: Overall framework of the proposed method. The upper panel illustrates the
training phase of the triplet networks, while the lower panel depicts the inference phase.
During the training phase, a CNN extracts embeddings from a batch of tumor patches
(denoted as F(B)). The pairwise distances between these embeddings are then computed
and sorted to identify the most and least similar samples. Based on these distances and
the triplet selection strategy, anchor, positive, and negative samples (denoted as A, P, and
N) are selected to compute the triplet loss and optimize the network. During the inference
phase, the embedding of a query patch is extracted using the trained network, and the query
is classified using a kNN classifier trained on the embeddings of the training set, which are
obtained using the same network.

Trained
Weights

collected in F(B) € RM*4 Then, we compute the matrix £ € RM™*M that collects the
pairwise Euclidean distances among the feature vectors of the samples in the batch. As the
next step, another matrix I € RM™*M consisting of the indices of the elements in the matrix
E, sorted row-wise in an ascending manner, is created. This matrix [ is used to obtain
positive and negative lists where we choose positive and negative instances to compute the
triplet loss. The details of the triplet selection methods are given in the following subsection.

The triplet loss aims to pull the positive image through the anchor while pushing the
negative by a margin m € R, as depicted in Figure 4.2. Formally, let us introduce the

following notation:
e superscript ¢ applied to x specifies that such an image has been selected as an anchor;

e P is the set of images in B that belong to the same class of z%, ie., P = {Vz €
Bly(z) = y(a®) A # a*};

e N is the set of images in B that do not belong to the same class of 2%, i.e., N = {Vz €
Bly(x) # y(a*)} = B — (P U{z"});

° xf and z}’ denote the jth and kth element of P and N, respectively.
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P
j

reaches its goal if:

Given z% z¥ and z}’, we, therefore, say that the training process of the triplet networks

() — F@D) |2 +m < || f(z%) — flad)]l2 (4.1)

This intuitive idea can be formalized in the following formulation of the training loss:

L=g512 X (@)= @)= 1) = f@Dl+m], @2

i=1(j,k)=(qp,qn)

where t = min(|P| — qp,|N| — qn,T), qp and gy are any natural number in [1,|P|] and

[1, | N|], respectively, and T is a hyper-parameter lying in [1, [#-]].

Triplet selection

It is worth noting that a brute force approach that computes all the possible triplets may
result in several computations satisfying Equation 4.1, meaning that the distance between
the anchor and the negative sample is already larger than the distance between the anchor
and the positive sample plus the margin. Such triplets do not contribute to the loss (Equa-
tion 4.2), resulting in zero gradient updates. Randomly selecting triplets suffers from the
same limitation, as the vast majority of random combinations are non-violating and yield
zero loss. As noted by several studies [45, 86], effective triplet mining is crucial for fast
convergence and model performance. For this reason, this study experimentally evaluates
three non-trivial triplet selection strategies that emphasize triplets violating the constraint,
thereby enabling more informative gradient updates and faster convergence.

In the case of the first selection method, denoted as Triplet Selection Method (TSM)1 in
the following, from F(B) we select the t easiest positives and ¢ hardest negatives for each
anchor. The easiest positive from P is the closest positive image to x® according to the
distances computed in F. The hardest negative from N is the closest negative image to z¢,
again according to E. The rationale lies in observing that it is easy to pull a positive that
is already close to the anchor, whereas it is hard to push a negative that is too close to it.
Furthermore, ¢p and gy are now equal to zero.

In the case of the second selection method, named TSM2, we introduce an approach where
the difficulty of selected positive instances dynamically varies during training. Indeed, the
first ¢ positives may lie too close to the anchor after some epochs, thus making it very easy to
satisfy Equation 4.1. To overcome this limitation, positives started to be selected from the
easiest, but when loss decreases below a threshold during training, we select them among the
harder ones. Therefore, in Equation 4.2, gp is set to zero at the beginning and it is increased
by one when the loss is smaller than a predefined threshold; ¢y is always equal to zero.

In the case of the last method, denoted as TSM3, both the positive and negative selection
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dynamically varies during the training. In the beginning, they both start with the easiest
instances and then they both get more difficult if the loss is less than a certain threshold.
To work with Equation 4.2 the negative list is reversed, i.e., it is sorted in a descending
manner where the easiest negatives are at the beginning of the list and the hardest ones are
at the end. In Equation 4.2, both ¢p and qy are set to zero at the beginning, and they are

incremented by one until the loss exceeds the threshold.

margin :

Figure 4.2: Triplet loss learning process, where a, p, and n denote the anchor, positive,
and negative samples, respectively. During training, the network learns to minimize the
distance between embeddings of instances with the same label (a and p) while maximizing
the distance between embeddings of instances with different labels (a and n), effectively
shaping a feature space where samples of the same class are closer to each other than those
of different classes by at least a margin.

4.2.2 Classification stage

The lower panel of Figure 4.1 shows the classification stage: from left to right, given a query
image x, the trained CNN extracts the corresponding feature vector f(z) € R%. Then, this
feature vector f(x) is placed into a feature space learnt by the CNN during the training
process and where the minimization of the loss function should have separated samples of
the different classes. The test instance is then classified using the kNN classifier since this
paradigm outperforms other approaches as reported in the literature [46, 89]. Let us remark
that x is an image and, since we are dealing with CT scans, each patient has several slices:
hence, for each patient in the test set, we set the final classification by majority voting on

predictions of all the slices in the CT volume.

4.3 Experimental Configuration

The approach proposed in Section 4.2 is an end-to-end learning framework that includes
the uses of CNNs. In this respect, here we worked with 4 different architecture families,
which have proved to have promising results in many biomedical applications [39]. They are
ResNet-50 [44], MobileNetV2 [85], VGG-16 [87] and GoogLeNet [92]. All the CNNs were

pretrained on the ImageNet dataset, and each network is fine-tuned for 50 epochs with a
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batch size of 32, also applying standard basic geometric augmentation techniques to 2D CT
images extracted from the tumour VOI. Since the available data and computational resources
were limited, 2D tumour patches were used to reduce computational cost while increasing the
number of training samples, ensuring a more efficient and stable training process. Indeed,
images are randomly flipped in the horizontal direction then they are randomly rotated in +5
degrees in the training phase. Furthermore, images are resized into 64 x 64 and normalized
in [0, 1] before being fed to the network. Adam optimizer is used for optimization with a
starting learning rate of 0.001. The learning rate is decreased every 10 epochs by a factor
of 0.1. Note that the loss defined in Equation 4.2 is calculated as the average of t triplets
for each input image in the batch. They are accumulated during backpropagation until the
whole batch is processed, then, weights are updated.

Let us now turn the attention to the competitors used. Triplet networks are compared
against the same plain four deep architectures where the output layer uses the softmax
activation. All the parameters are kept the same except the loss function: in fact, the
cross-entropy loss is used instead of triplet margin loss. Class weights are applied in the
loss function to mitigate the class imbalance problem. In the following, we shortly use the
softmax loss to refer to the use of cross-entropy loss function and softmax activation.

In this work, we used the CT scans of 87 adult patients from the Humanitas dataset
who had segmentation information to extract the tumor patches. We performed all the
experiments using stratified 5-fold cross-validation, repeated 5 times; note that folds were
defined at the patient level to prevent any bias, i.e., slices of the patient can be only in the
training or test set. To ensure a fair comparison across methods, the same patient-level splits

were consistently used in all experiments.

4.4 Results

We performed a wide set of experiments that use, as mentioned, 4 CNNs, and 3 triplet
selection methods with 5 different numbers of triplets (1, 2, 4, 8 and 16). For each combina-
tion between the triplet selection method and the number of triplets, we tested 5 different
numbers of neighbours for the kNN (1, 3, 5, 7 and 9). Considering also the 25 repetitions,
we ran 7500 experiments for triplet networks, plus another 100 runs for the plain networks.
For space reasons, we, therefore, omit to report an analytical table with all the results, and
we deepen the results by means of a statistical comparison between the performance scores,
measured in terms of AUROC averaged out the 25 runs.

In this section, we try to answer the following four issues:

1. If the triplet loss performs better than the softmax loss;
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2. If any network architecture outperforms the others;
3. If any triplet selection method surpasses the others;
4. If there is a number of triplets ¢ that perform better than the others.

Table 4.1: Win-loss comparison between triplet networks and plain CNN. The numbers in
parentheses specify the wins/losses where p < 0.1.

Model ‘ Wins ‘ Loss

ResNet-50 | 74 (30) | 1 (0)
MobileNetV2 | 47 (25) | 28 (0)
VGG-16 43 (12) | 32 (1)
GoogLeNet | 64 (18) | 11 (0)

To deepen the first issue, triplet loss is compared with softmax loss. To aggregate the
results, we calculated in how many experiments the triplet loss performs better than the
softmax loss, i.e., how many times the average AUROC of the triplet loss is larger than
the corresponding value of the softmax loss for each network architecture. In this respect,
Table 4.1 reports the number of wins and losses for each network (no tie was reported).
Furthermore, we determine how many times the performances are statistically different ac-
cording to the Wilcoxon signed-rank test, setting p = 0.1, conducted pairwise across the
25 folds. The corresponding values are reported in parenthesis in each cell of the table.
The results show that the triplet approach outperforms the softmax loss for all the models;
furthermore, while the wins are mostly statistically significant, losses are not, except in one
case. These observations suggest that the triplet approach is more robust to data scarcity

than the softmax approach.

ResNet-50 - ®
MobileNetV2 - 4
VGG-16 A @
GoogleNet A : : ——
1 2 3 4

Figure 4.3: Average and standard deviation of the scores attained by the four models among
all the experiments.

Let us now turn our attention to the second issue. In this respect, we compared all

the models one against the other by fixing the model and comparing the experiments of
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each parameter combination. In other words, for each combination of the triplet selection
method, the number of triplets, and the number of neighbours, we first scored all the models
between 1 to 4 according to the average AUROC (the better the AUROC, the larger the
score), and then we calculated the mean and standard deviation of the scores. The results
are shown in Figure 4.3: we note that GoogLeNet is the best model, whereas the ResNet-
50 ranks second; VGG-16 and MobileNetV2 are both equally worse than the others to a
large extent. Furthermore, we verified with the Friedman test that such performances are
statistically different (p = 1.4 - 10722); then, the Nemenyi test, a posthoc test used for
multiple comparisons [27], confirms that ResNet-50 and GoogLeNet are significantly better
than MobileNetV2 and VGG-16 (p < 1073). All statistical tests were conducted pairwise
on the average results obtained across different experiments. With p = 0.157, the same test
points out that Googl.eNet and ResNet-50 are not statistically different. We deem that the
results can be expected: indeed, on the one side the MobileNetV2 was originally designed
to be trained on computationally limited platforms, and it is smaller than GooglLeNet and
ResNet-50, a feature that usually results in lower performance of this model with respect
to the other two [18]. On the other side, it is likely that the large number of weights of
the VGG-16 makes harder the fine-tuning. Furthermore, the GoogleNet and the ResNet-50
were proposed to reduce the computational burden of deep neural networks while obtaining
state-of-the-art performances, addressing also issues given by overfitting and degradation

problem.

TSM-1 - 'S

TSM-2 - @

TSM-3 + : . Lm . :
1.0 1.5 2.0 2.5 3.0

Figure 4.4: Average and standard deviation of the scores attained by the three triplet selec-
tion methods among all the experiments.

To answer the third and fourth issues, we proceeded as before, fixing triplet selection
methods and the number of triplets, respectively. In the former case, Figure 4.4 shows the
average and the standard deviation of the ranks attained by the three selection methods,
whereas the Friedman test suggests that there exist results statically different (p = 0.016).
The following Nemenyi posthoc test reveals that the difference is only significant between the
TSM1 and TSM2 (p = 0.013), whilst it returns p = 0.157 when comparing TSM1 and TSM3.
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These results that selecting the ¢ easiest positives and ¢ hardest negatives for each anchor
should be preferred with respect to other solutions that, dynamically select the positive and
negative instances, makes harder the minimization of the loss function. When investigating
the number of triplets, the Friedman test returns p = 0.931, clearly suggesting that the use

of different values of ¢ does not provide different results.

4.5 Conclusion

This study focused on triplet deep neural networks to experimentally investigate if they per-
formed better than plain deep neural networks using the well-known cross-entropy loss in
conjunction with softmax activation when a limited training dataset is available, a limitation
of any Al approach that frequently occurs in healthcare. Our exhaustive experiments with
several different implementations of triplet networks demonstrated that they are a viable
option to be used under these circumstances. Furthermore, this work offers two other in-
sights into the use of triplet networks: ResNet-50 and GoogleNet are more suitable backbone
networks to be used, and also, a triplet selection method where the first ¢ easiest positive and
negative instances are selected should be preferred. A possible direction for future work is
to improve triplet mining by adding model-based difficulty measures. For example, a second
stage could select samples that the classifier misclassifies or predicts with low confidence.
Combining embedding-based and model-based criteria could help identify harder examples
and improve generalization. Another promising direction is to explore more imbalance han-
dling strategies, such as focal-like losses, adaptive re-weighting, or class-aware sampling,
to further improve robustness under skewed data distributions. Although in this work we
found that triplet networks are a better approach than conventional methods, the size of the
dataset is still a limitation. To overcome these issues, in the next chapter, we investigated

federated learning approaches to exploit additional datasets while preserving privacy.
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Chapter 5

Enhancing NSCLC Histological Subtype
Classification: A Federated Learning

Approach Using Triplet Loss

5.1 Introduction

The power of analyzing vast amounts of data is crucial for Al’s performance, but limited
data availability, especially in the medical domain, poses challenges. Various methods ad-
dress this issue, including dropout regularization, data augmentation, and simpler network
architectures [15]. In Chapter 4, we explored triplet networks for limited data scenarios,
showing their potential over conventional deep networks using cross-entropy loss and soft-
max activation. While data augmentation offers benefits like class balancing and overfitting
mitigation, it has drawbacks. It may not accurately reflect true data distributions in med-
ical centers, potentially leading to skewed feature representations. Models might overfit to
augmented data, hindering real-world generalization [51]. Geometric transformations can in-
troduce artifacts, compromising model performance [34]. Consequently, healthcare scenarios
prioritize training with real datasets, often by aggregating multiple datasets. However, this
centralized approach raises data privacy concerns, as medical centers typically have strict
protective policies [103]. A promising solution is Federated Learning (FL), a distributed ma-
chine learning framework that allows multiple models to extract insights from local data while
maintaining privacy [60]. In FL, clients keep their sensitive data confidential, periodically
sharing only updated model weights with a central server, enabling collaborative learning
without compromising data security. Despite these advantages, FL presents challenges that
can affect model performance. Variations in data distributions across institutions, known as

data heterogeneity, may hinder convergence and reduce generalization. As a result, models
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trained in federated settings might show lower performance compared to centralized training,
especially when data imbalance or domain shifts exist among clients.

Given these challenges, our study explores the integration of triplet loss within a federated
learning framework. This approach aims to address the issue of limited data availability by
effectively leveraging information from external sources while maintaining strict privacy stan-
dards. To evaluate the effectiveness of our proposed method, we conduct a comprehensive
comparison against two alternative scenarios: (1) a local training approach, where the model
is trained exclusively on data from a single institution, and (2) the widely-used combination
of cross-entropy loss and softmax activation in the output layer. Through these comparisons,
we seek to demonstrate the potential benefits of our federated learning approach with triplet

loss in preserving data confidentiality while maintaining model performance.

5.2 Methods

Our approach leverages federated learning and triplet loss to enhance NSCLC subtype clas-
sification while maintaining data privacy. Triplet networks are explained in detail in Chap-
ter 4, particularly in Sections 4.1.1 and 4.2.1, while the concept of federated learning is
elaborated in Section 5.2.1. Section 5.2.2 outlines our proposed framework, detailing three
critical components: preprocessing steps, training methodology, and inference procedure.
Section 5.2.3 provides a comprehensive overview of our experimental setup, including hy-
perparameter selection, input transformation techniques, data augmentation strategies, and

validation methodology.

5.2.1 Federated Learning

There are three main paradigms of FL: Horizontal Federated Learning (HFL), Vertical Feder-
ated Learning (VFL), and Transfer Federated Learning (TFL). In HFL, the server combines
contributions from models across different clients, assuming that all models share the same
structure. This approach is applicable when customer datasets exhibit significant overlap in
characteristics but minimal overlap in samples. However, this specific data structure is not
always present [66]. In contrast, VFL is an innovative approach within federated learning,
designed for situations where data are vertically partitioned and distributed among several
parts. VFL improves the representation of samples by incorporating features from different
parts, thus improving the model’s capability. Unlike HFL, VFL is typically used in business
collaborations between companies [107]. Finally, TFL is an advanced approach that inte-
grates FL with the principles of transfer learning. In TFL, multiple clients collaborate to
train machine learning models using their local data without sharing it, while at the same

time exploiting knowledge from related activities or domains. This method is particularly
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Parameters
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Figure 5.1: Horizontal federated learning framework. In this framework, all clients and
the central server share the same network architecture. After a predefined number of local
training epochs at each client, the model weights of each client (denoted as wy,) are sent to
the server. The server aggregates these weights and distributes the aggregated weights (w;)
back to all clients. This process is repeated for a predefined number of federation rounds.

advantageous in scenarios where data are isolated between different organisations or do-
mains, allowing the transfer of learnt knowledge to improve model performance [29]. In this
manuscript, we propose to revisit triplet networks with FL mechanism and the paradigm
that better describes such an integration is HFL. Therefore, this section gives a detailed
explanation on how it works before the presentation of the final pipeline.

Let w denote the global model parameters initialized on the server side. Each client
k (with £ = 1,2,..., K) has its local and private dataset Dy containing N samples each,
and receive an exact copy of the server model, denoted as local model. The local objective

function for a client k£ can be defined as:

Lw) = > Llfw)w (5.1)

(wi,y:) €Dy

where L is the loss function, f indicates the model function, x; denotes the input data, and
y; denotes the corresponding labels. Next, each client £ runs a number of local training

epochs to update its local model parameters wy by updating them using gradient descent:
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Figure 5.2: Key steps of the preprocessing pipeline.

At the end of local training, each client sends its updated model parameters w; to the
server which aggregates them through averaging to form the new global model parameters

wy:

1 K
ws = 7 ;wk (5.3)

Finally, the server updates the global model and sends w, back to the clients, repeating
the process for several communication rounds until convergence. A schematic version of HFL

is depicted in Figure 5.1.

5.2.2 Overall framework

The following subsections detail our approach, which consists of three key components:
preprocessing, training methodology, and inference procedure. This structure provides a

comprehensive overview of our experimental framework.

Preprocessing

We employed a series of preprocessing steps on raw DICOM images prior to network input,
drawing upon established practices in medical image analysis and our previous research ex-
periences. Our approach employs 2D tumor patches; hence, from 3D raw scans, we only
included the slices where the tumor is present, identified using existing segmentation data.
The key stages of the preprocessing pipeline are illustrated in Figure 5.2. First, we converted

the pixel intensities into Hounsfield Units (HU)s and standardized the photometric interpre-
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Optimization

Hospital 1

Hospital 2

Optimization

Figure 5.3: Training pipeline. The proposed approach integrates triplet networks with HFL.
Each hospital and the central server share an identical network architecture, specifically
ResNet-18. During the local training phase, each model is trained independently using
triplet loss on its respective local dataset (Humanitas and NSCLC-Radiomics). Triplet
selection and loss computation are performed as described in our previous work, presented
in Chapter 4.2.1. After several local training epochs, both hospitals send their model weights
(wy and ws) to the server. The server aggregates these weights by averaging them and returns
the aggregated weights (w;) to each client.

tation to ensure that higher intensities represent brighter regions in all scans, promoting
consistency across different CT scanners and protocols. We then applied linear interpolation
to the CT scans to achieve uniform pixel spacing, adopting the most commonly observed
dimension in our dataset, 0.977 x 0.977. Meanwhile, we converted the segmentation coordi-
nates into pixel data and interpolated them using the nearest neighbor algorithm to preserve
the same dimension with CT slices. From these pixel data, we extracted bounding boxes by
calculating the minimum and maximum coordinates of the tumor pixels in each slice. We
excluded slices where the area of the bounding box was lower than 100 pixels to eliminate
slices with negligible tumor presence. Furthermore, we calculated the center points of each
bounding box to use later in cropping after augmentations. Before augmentation, we clipped
the pixel intensities to the range of [-600, 400] HUs, which covers the typical values for soft
tissues and tumors while excluding air and dense bone. Finally, we normalized the clipped

intensities to the range [0, 1] to standardize the input for our neural network.
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o ./

Classification

Figure 5.4: Inference procedure. During inference, the final network weights (w;) are re-
trieved from the server. The embeddings of a query sample are extracted using this network
and subsequently classified with kNN.

Training

Figure 5.3 demonstrates the training procedure of the proposed method in the case of two
hospitals. Each client has a local copy of the network, trained locally with triplet loss. First,
preprocessed images are fed into a CNN to extract deep features. Specifically, we employed
a modified version of ResNet-18 [44], a well-known CNN architecture, where we removed the
final classification layer to focus on feature extraction. After obtaining the feature vectors,
we computed their pairwise Euclidean distances within each batch. This distance matrix
serves as the basis for selecting positive and negative instances for each anchor image. In
our implementation, we adopted a strategy of selecting the ”easiest” positive and negative
instances. This means we chose the same-label instance (positive) and the opposite-label
instance (negative) with the minimum distances to each anchor image. While selecting
positives, we excluded the patches that belong to the same patient as the anchor. This
choice was made to prevent the model from learning patient-specific features rather than
generalizable disease characteristics. By selecting positives from different patients, we ensure
that the model focuses on identifying common patterns across patients, which is crucial for
developing a robust and generalizable diagnostic tool. Finally, we calculate the loss, which
is explained in detail in Section 4.2.1 using these selected instances. After all the clients are
trained for a predefined number of epochs, the weights are shared with the server, where they

are averaged and returned. This process is repeated for several rounds until convergence.

Inference

During the inference step, which is depicted in Figure 5.4, the final model weights are

gathered from the server to be used in the classification of new instances. The process then
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proceeds as follows: the CNN extracts a d-dimensional feature vector f(z) from a given query
image x. This feature vector is then mapped into a learned feature space, where the CNN’s
training process has ideally separated different classes through loss function minimization.
Classification of the test instance is performed using a kNN classifier, a method chosen for
its documented superiority in related literature [46, 89]. Given that we're dealing with CT
scans, where each patient has multiple slices, the final classification for a test patient is
determined by majority voting across predictions for all slices containing tumor in their CT
volume. This approach leverages the full information available in the CT scan to make a

robust classification decision.

5.2.3 Experimental Configuration

The training process follows a federated learning approach, consisting of 50 rounds. In each
round, the networks are trained locally for 5 epochs before the local weights are sent to the
server, averaged, and distributed back to all networks. This results in a total of 250 epochs
of training. We use a batch size of 64 and the AdamW optimizer [72] with a weight decay
of 0.001 and an initial learning rate of 0.01. The learning rate is reduced by a factor of 0.1
every 50 epochs. Our model is based on a modified ResNet-18 architecture, initialized with
weights pre-trained on ImageNet. To adapt the model to our specific task, the first three
layers remain frozen while only the fourth layer is fine-tuned. For the triplet loss function,
we set the margin parameter to 0.5. For the cross-entropy loss, we used class weights to
mitigate the class imbalance problem. During the inference, we selected k as 5 in kNN.

To augment our datasets, we applied geometric transformations to the preprocessed im-
ages before feeding them into the network. The augmentation process involved four distinct
transformations: horizontal flipping, vertical flipping, rotation, and translation. For rota-
tion, we randomly selected an angle between -90° and 90°, while for translation, we shifted
the images by a random number of pixels ranging from 0 to 10 in each dimension. Im-
portantly, the rotation was performed around the tumor center, which had been previously
calculated during the preprocessing step detailed in Section 5.2.2. Following these transfor-
mations, we extracted a 64 x 64 pixel patch centered on the tumor. To ensure a balanced
and robust training set, we applied one or more of these transformations iteratively to the
image patches, resulting in 5,000 augmented patches for each class in the training dataset.

In all experiments, we employed stratified 5-fold cross-validation at the patient level. This
means that all slices from a single patient are contained within either the training or test
set, but never both. This approach helps to prevent any bias that could arise from having
data from the same patient in both the training and test sets. To ensure a fair comparison

across methods, the same patient-level splits were consistently used in all experiments.
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Table 5.1: Average results of the 5 folds. In bold, are the largest scores of each metric.
*Proposed method.

’ Method \ Accuracy \ AUROC \ Sensitivitj Speciﬁcity\ Gmean ‘
*Triplet (Federated learning) 0.664 0.664 0.739 0.550 0.630
Softmax (Federated learning) 0.579 0.610 0.586 0.567 0.572
Triplet (Local dataset only) 0.664 0.654 0.793 0.468 0.604
Softmax (Local dataset only) 0.629 0.632 0.726 0.477 0.582
Chaunzwa et al. [21] 0.600 0.581 0.680 0.478 0.568

5.3 Results

Our study utilized two datasets: Humanitas, which served as our main source of data, and
NSCLC Radiomics to increase the amount of data used to train the model. We conducted a
series of experiments to evaluate: 1) the effects of employing an external dataset trained in a
federated setting against using the local dataset alone, and 2) the effectiveness of triplet loss
compared to traditional cross-entropy loss combined with softmax activation. For brevity,
we will refer to the latter simply as softmax loss from this point forward. Our assessment
included training the same network (ResNet-18) with both triplet and softmax loss on the
private dataset. We also incorporated the NSCLC Radiomics dataset [2] into training using
a federated learning approach. Furthermore, we compared our method to work by Chaunzwa
et al. [21], who employed a comparable approach using 2D tumor patches as input to a CNN
(specifically VGG-16 pre-trained on ImageNet) for histological subtype classification. Since
the open-source code of Chaunzwa’s method is not available, the model was reimplemented
based on the details provided in the paper and was retrained and tested on the same dataset
using the same fold configuration as in our experiments. We observed that Chaunzwa’s
method exhibited lower performance compared to the results reported in the original study.
For evaluation, we employed five distinct metrics: accuracy, AUROC, sensitivity, specificity,
and the geometric mean of sensitivity and specificity (Gmean).

Table 5.1 presents the results of our experiments. The first two rows report the results
of experiments where the models are trained in a federated setting using both datasets.
Specifically, the first row shows the results of the experiments where the models are trained
with triplet loss, while the second row presents those with softmax loss. The subsequent two
rows report the results of experiments where the model is trained on the local dataset only.
The third row corresponds to the experiment with triplet loss, and the fourth row to that
with softmax loss. Finally, the last row presents the results of the competitor model [21],
which is trained on the local dataset only.

As shown in Table 5.1, the proposed method achieves the highest AUROC and Gmean

scores while sharing the top accuracy with the other triplet approach trained solely on
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the local dataset. To address the first objective, we evaluated the effect of incorporating
an external dataset through federated learning compared to using only the local dataset.
When applying the softmax loss, performance declined across key metrics, reflecting the
challenges of leveraging external data without direct data sharing. In contrast, with triplet
loss, performance was preserved. Although small gains were observed (1% in AUROC and
3% in Gmean), these differences were not statistically significant (p > 0.05). This result
indicates that triplet loss maintains stable performance when trained on decentralized data,
supporting its suitability for privacy-preserving collaborative learning. Regarding the second
objective, we compared triplet loss against softmax loss within the federated framework.
Triplet loss led to notable improvements, including an 8% increase in accuracy, a 5% increase
in AUROC, a 5% increase in sensitivity, and a 6% increase in Gmean, with only a 2%
decrease in specificity. The pairwise Wilcoxon signed-rank test across folds confirmed that
these differences were significant (p < 0.05) for accuracy, AUROC, and sensitivity. Finally,
the competitor model underperformed, with accuracy 6% lower, AUROC 8% lower, and
Gmean 6% lower than our proposed method, ranking it lowest in AUROC and Gmean and
second lowest in accuracy among all approaches. The Wilcoxon test confirmed that all these
differences were statistically significant (p < 0.05).

These results demonstrate the robustness of our proposed method, which employs triplet
loss in a federated learning setting. The effectiveness of triplet loss over softmax loss was
evident, with improvements in almost all evaluated metrics. This highlights the potential of
triplet networks in combination with federated learning to preserve privacy while maintaining
performance. Notably, this advantage was not observed with softmax loss, underscoring the

importance of loss function selection in federated learning contexts.

5.4 Conclusion

Our research demonstrates the effectiveness of combining federated learning with triplet loss
preserving data privacy while maintaining model performance. The proposed method con-
sistently outperformed alternative approaches across key metrics, particularly in AUROC
and Gmean scores, while maintaining competitive accuracy. In the federated setting, triplet
loss preserved the performance in the main evaluated metrics compared to softmax loss. Im-
portantly, our findings highlight the synergistic effect of combining federated learning with
triplet loss. This approach demonstrated robustness in leveraging external datasets. In con-
trast, models trained with softmax loss showed decreased performance in federated settings,
emphasizing the critical role of loss function selection in federated learning contexts. How-
ever, a limitation of this study is that we did not systematically investigate how performance

changes with varying amounts of training data. Future research should evaluate the impact
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of gradually reducing training samples to clarify whether the superiority of the triplet-based
approach is primarily pronounced when training data is limited or driven by differences in
how the models train and stabilize between loss functions. Controlled experiments on pro-
gressively smaller subsets would provide deeper insights into the capabilities and robustness
of the triplet networks.

While increasing the amount of data is essential, enriching the informational content of
the data is equally important. In medical imaging, different modalities capture distinct and
complementary aspects of the underlying pathology, and integrating them can provide a
more comprehensive representation of the disease. Therefore, in the following chapter, we
investigate multimodal learning approaches by incorporating PET imaging in addition to
CT, aiming to assess the benefits of integrating complementary modalities for more accurate

and robust classification.
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Chapter 6

Multi-stage intermediate fusion for mul-
timodal learning to classify NSCLC sub-
types from CT and PET

6.1 Introduction

Most deep learning approaches for medical imaging use single modalities, but combining
multiple data sources can improve performance. This approach, known as Multimodal Deep
Learning (MDL), has shown promising results in healthcare applications [38]. MDL tech-
niques can be categorized into three main methods: early, intermediate, and late fusion.
Early fusion combines features at the raw data level, which can lead to the loss of unique
modality-specific traits, while late fusion occurs at the decision level and may overlook
deeper interactions between modalities. In contrast, intermediate fusion integrates data
at the feature extraction stage, offering a more effective combination of modality-specific
characteristics.

Table 6.1 presents a subset of Table 2.1, highlighting studies in the literature that employ
PET and CT images for histological subtype classification, including key information such
as fusion method, input type, evaluation strategy, and performance metrics reported in
the respective papers. Detailed information about these studies can be found in Table 2.1
and Section 2.2.2. As seen in Table 6.1, only one approach [79] employs 3D input, while
all other studies use either tumor patches or whole slices, thereby losing spatial coherence
between slices. Only [79] performs 10-fold cross-validation; all other studies use a hold-
out test set, making it difficult to assess the generalizability of these models. None of the
studies provide the source code, limiting reproducibility. Finally, four out of five studies [79]

employs an early fusion strategy to combine CT and PET images, integrating pixel values
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from both modalities through image registration. Since this combination happens at the raw
data level, it may result in the loss of modality-specific characteristics. As an alternative,
intermediate fusion merges data during the feature extraction process. This can help preserve
the unique information from each modality. This method works well for complex biomedical
data [38]. MDL models can learn the non-linear relationships between modalities, which may
help interpret the complementary information from both CT and PET. Despite potential
benefits, only one study [79] has utilized intermediate fusion, indicating that this approach
remains relatively unexplored in the context of histological subtype classification. Qin et
al. [79] proposed two DenseNet-based CNNs to separately extract features from CT and PET
images, followed by a gated multimodal unit to fuse these features, and a fully connected
layer to classify histological subtypes. It is worth noting that such an approach, which first
extracts deep features using one backbone network per modality, and then merges them at a
single point before the classification head, is widely used in the literature [38]. However, this
method overlooks the potential benefits of spatial correlations between the modalities, as the
features are reduced to a vector at the end of the feature extraction backbones. Given that
CT and PET images are acquired simultaneously, there is a high degree of spatial correlation

between them, despite slight misalignments caused by respiratory motion.

Table 6.1: Subset of Table 2.1 showing the studies in the literature on multimodal deep
learning methods for histological subtype classifications using PET and CT scans. The
performance metrics are those reported in the respective papers and not the results of our
reimplementations.

Study Fusion Input type Evaluation Performance
Method strategy metrics
Qin et al. [79] Intermediate Whole volume | 10-fold  cross- | 0.92 AUC, 0.72
w/ tumor validation ACC
Han et al. [43] | Early Tumor slice Hold-out  test | 0.90 AUC, 0.84
set ACC
Jacob & | Early Whole slice Hold-out  test | 0.92 AUC, 0.95
Menon [54] set ACC
Barbouchi et | Early Whole slice Hold-out  test | 0.98 AUC, 0.96
al. [10] set ACC
Zhao et al. [111] | Early Tumor slice Hold-out  test | 0.77 AUC, 0.76
set ACC

On these grounds, we propose MINT, a novel Multi-stage INTermediate fusion approach
in MDL applied to histological subtype classification in NSCLC. Our approach fuses knowl-
edge extracted by CNNs from CT and PET images at different levels of abstraction, enabling
gradual integration across multiple layers of the feature hierarchy. To demonstrate the ad-

vantages of our intermediate fusion approach, we evaluated its performance against several
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benchmarks. First, we compared it to unimodal models, which we implemented using the
individual branches of our proposed multimodal model, as well as relevant models from the
literature. Additionally, we compared our approach with other fusion strategies, specifically
early and late fusion techniques. Finally, we benchmarked our model against the only exist-
ing study [79] utilizing an intermediate fusion of CT and PET images for histological subtype

classification.

6.2 Methods

We propose an end-to-end deep learning classification pipeline that takes raw C'T and PET
images as input and predicts the histological subtypes. The entire framework is depicted
in Figure 6.1. Our pipeline starts with a pre-processing step shown in panel (a), where
the raw scans are prepared for processing by the network. The corresponding details are
presented in Section 6.2.1. After the pre-processing, the images are fed into a custom 3D
multimodal multi-fusion network for classification (panel (b) of Figure 6.1), with archi-
tectural details explained in Section 6.2.2. It utilizes a multi-stage fusion mechanism, in
which fusion occurs repeatedly throughout the network, beginning in the early layers where
feature maps still retain 3D spatial information. This approach allows us to leverage the
spatial correlation between modalities. At each stage of our architecture, features are fused
and then redistributed across the unimodal backbones within the same fusion block. This
strategy enables the network to extract modality-specific features, effectively harnessing the

complementary information provided by both imaging modalities in greater detail.

6.2.1 Pre-processing

We applied several preprocessing steps to the raw CT and PET scans before feeding them to
the network. CT and PET scans contain large volumes of data that extend beyond the lungs.
Since tumors represent only a small portion of each scan, this extra information makes it
difficult for DL models to learn meaningful features. Additionally, different imaging machines
produce scans with different characteristics, which complicates the learning process.

To address these challenges, we developed a preprocessing pipeline that standardizes the
scans and focuses on the lung regions. First, we standardized the photometric interpreta-
tion to correct scans where higher intensity values represented darker regions. Second, we
converted CT intensities to HU and PET intensities to SUV. Third, we applied linear in-
terpolation to normalize slice thickness and pixel spacing across all scans. We set the xyz
dimensions to 0.977 mm x 0.977 mm x 3.27 mm, which were the most common values in
our dataset. Fourth, we aligned the CT and PET scans to ensure they matched spatially.
Fifth, we used an established segmentation algorithm [47] to segment the lungs from CT
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Figure 6.1: Overall framework of the proposed method. (a) Pre-processing. (b) Proposed
multimodal convolutional architecture, where N indicates the number of feature extraction
blocks in a stage, and L represents the number of stages in the model. GAP stands for
Global Average Pooling, and the outputs 0 and 1 correspond to SQC and ADC, respectively.
(c¢) Detailed schema of a feature extraction block: A’ (J) and B! (.J) represent the input and
output of the nth block of the [th layer in the branch .J, with J corresponding to either CT
or PET. (d) Detailed schema of a fusion block: B4 (CT) and By (PET) are the inputs to
the fusion block from the CT and PET branches, respectively, while C4 (CT) and Cy(PET)
are the outputs of the corresponding branches; &; represents a fusion point.

images and applied the resulting masks to both CT and PET scans. Finally, we clipped
pixel intensities to [-1024, 1024] for CT and [0, 20] for PET, then normalized all values to
the range [0, 1] to standardize the input for the DL models.

6.2.2 Network architecture

We designed a network architecture to extract and fuse features from both CT and PET
images simultaneously. This design allows the modalities to inform each other throughout
feature extraction. The overall network is organized in L stages, represented in violet in
panel (b) of Figure 6.1, each performing feature extraction and fusion. Within each stage,
we have N feature extraction blocks per modality represented in dark green in the figure.
After extracting the features, each stage has one fusion block, shown in blue in the figure,
that merges these features. We use L and N to highlight the network’s modular design, which
allowed us to test and find the best number of stages and blocks during our experiments.
We provide the specific details, including network parameters and training procedure, in
Section 6.2.3. At the end of this modular architecture, we concatenate the fused feature

maps from both modalities along the channel dimension. This latent space is then passed
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through the classification head. The head uses a Global Average Pooling (GAP) layer to
average the spatial dimensions and generate a feature vector. A final fully connected output

layer with two neurons then makes the final predictions.

Feature extraction block

The feature extraction blocks extract deep feature maps using the basic block of well-
established 3D ResNet architecture [100], which has proven effective across a wide range
of domains. This block consists of a main branch and a residual branch, enabling the con-
struction of deeper networks by mitigating the vanishing gradient problem. Consequently,
it allows us to increase the number of feature extraction blocks (N) and stages (L) in our
implementation. As depicted in panel (¢) of Figure 6.1, the main branch begins with a
3 x 3 x 3 convolutional layer, followed by a batch normalization layer and a ReLLU activation
function. This is succeeded by another 3 x 3 x 3 convolutional layer, followed again by a
batch normalization layer. In parallel, the residual branch of the first feature extraction
block in each stage includes a 1 x 1 x 1 convolutional layer, followed by batch normaliza-
tion. This convolution ensures the spatial dimensions align with the main branch, especially
when the main branch reduces the spatial dimensions. The outputs of the two branches are
merged through element-wise summation, then a ReLLU activation function is applied. As
shown in panel (b) of Figure 6.1, the output of a block, B! (.J), can be passed either to the
next feature extraction block, Al (.J) (since there could be N block) or to a fusion block,
BY;. In the initial block of each stage, the first convolutional layer uses a stride of 2 and
produces 2 x C' feature maps, where C' represents the number of feature maps in the final
layer of the preceding stage. This convolutional layer reduces the spatial dimensions of the
input, addressing the absence of pooling layers throughout the network. Additionally, it
enhances the representational capacity of the extracted features by doubling the number of
feature maps. The subsequent convolutional layers within the stage use a stride of 1 and
also produce 2 x C feature maps, maintaining the increased depth of the feature maps while
preserving spatial dimensions. Hence, the parallel branch serves as a skip connection since

the spatial dimensions are preserved.

Fusion block

Our core idea is that CT and PET images provide complementary information that can
improve feature extraction for each patient. To achieve this, we design each fusion block
to combine data from both modalities using element-wise multiplication. We also introduce

two residual branches to incorporate the fused features back into the original unimodal data.
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As illustrated in panel (d) of Figure 6.1, we denote as By (CT) and By (PET), the feature
maps corresponding to the outputs of the previous basic blocks, which extract the features
from CT and PET branches, respectively. These feature maps are first passed through a
1 x 1 x 1 convolutional layer with an output feature map size of 1, squeezing the feature
maps along the channel dimension and yielding a single feature map for each modality.
After a batch normalization step applied to both modalities, we introduce an element-wise
multiplication between the two feature maps. The resulting fused feature map is then added
to the input feature maps, B4(CT) and B, (PET) with element-wise summation, producing
the output maps C4(CT) and C§(PET). We formalize this fusion process by the following

equations:
Fusion = BN(f{(B5\(CT))) ® BN(f}(BY\(PET))) (6.1)
C\(CT) = BY(CT) & Fusion (6.2)
C\(PET) = B\,(PET) @ Fusion (6.3)

where BN denotes the batch normalization, and f; represents a convolutional layer with a
channel size of ¢ and a kernel size of k x k x k. The symbols @& and ® are used to indicate

element-wise addition and element-wise multiplication, respectively.

6.2.3 Network configuration

In the previous section, we reported that the network consists of N feature extraction blocks
and L stages so that it is possible to identify the best configuration for a given task. To this
end, we performed a grid search by varying both N and L in the range [1,5]. We applied
stratified 5-fold cross-validation after shuffling the three datasets used in this work: Human-
itas, NSCLC-Radiogenomics, and Lung-PET-CT-Dx. To ensure a fair comparison across
methods, the same splits were consistently used in all experiments. The training, validation,
and test sets comprised 60%, 20%, and 20% of samples, respectively. Straightforwardly,
the architecture search was conducted on the validation set. During these experiments we
trained the models for 100 epochs, with the learning rate reduced by a factor of 0.1 every
25 epochs, using the Adam optimizer with class weights and an initial learning rate equal
to 0.001. We evaluated performance using accuracy, the AUROC, and the geometric mean
of sensitivity and specificity (Gmean). In particular, we consider AUROC and Gmean since
the a-priori class distribution is imbalanced. Indeed, the former focuses on the model’s rank-
ing ability, evaluating how well a model differentiates between the two classes regardless of
the class distribution. The latter offers a balanced assessment of the two classes ensuring
that the model performs well for both. The results of this grid search showed us that the

best-performing architecture consists of three stages, with three blocks per stage.
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Table 6.2: Detailed architecture of MINT. Each convolutional layer is denoted as (kernel size,
number of filters, stride). FE represents the feature extraction blocks. The second column in
each branch denotes the parallel branch within the feature extraction blocks. GAP: Global
Average Pooling, FC: Fully Connected

Stage | Block CT branch PET branch
3x3x3, 16, 2 3x3x3, 16, 2
FE 1 3%3x3, 16, 1 1x1x1, 16, 2 3%3x3. 16, 1 1x1x1, 16, 2
FE 2 3x3x3, 16, 1 3x3x3, 16, 1
1 3x3x3, 16, 1 3x3x3, 16, 1
FE 3 3x3x3, 16, 1 3x3x3, 16, 1
3x3x3, 16, 1 3x3x3, 16, 1
Fusion Ix1x1,1,1 1x1x1, 1,1
3x3x3, 32, 2 3x3x3, 32, 2
FE 1 3x3x3. 32, 1 1x1x1, 32, 2 3x3x3, 32. 1 1x1x1, 32, 2
FE 2 3x3x3, 32, 1 3x3x3, 32, 1
9 3x3x3, 32, 1 3x3x3, 32, 1
FE 3 3x3x3, 32, 1 3x3x3, 32, 1
3x3x3, 32, 1 3x3x3, 32,1
Fusion Ix1x1,1,1 1x1x1, 1,1
3x3x3, 64, 2 3x3x3, 64, 2
FE 1 3%3x3. 64, 1 1x1x1, 64, 2 3x3x3, 64. 1 1x1x1, 64, 2
FE 2 3x3x3, 64, 1 3x3x3, 64, 1
3 3x3x3, 64, 1 3x3x3, 64,1
FE 3 3x3x3, 64, 1 3x3x3, 64, 1
3x3x3, 64, 1 3x3x3, 64, 1
Fusion Ix1x1,1,1 1x1x1,1,1
Classifier GAP, 2-d FC, softmax

With reference to the number of feature maps throughout the network, we selected 16
feature maps for the first convolutional layer in the first block of the initial stage. Con-
sequently, all convolutional layers within the first stage output 16 feature maps, while the
second stage outputs 32, and the third stage outputs 64. As a result, the final feature vector,
combining information from both modalities, consisted of 128 features. Table 6.2 details the
architecture of MINT, and it provides a description of each layer within each block at every
stage to clearly outline the network’s structural components. Each stage consists of three
consecutive feature extraction blocks (FE 1, FE 2, and FE 3), followed by one fusion block
that integrates features from both the CT and PET branches. The branches are presented
in two columns to highlight their parallel structure during feature extraction. At the end
of the third stage, the classification head is implemented, consisting of a GAP layer, a 2D
Fully Connected (FC) output layer, and a softmax activation function.

Given this network configuration, Figure 6.2 represents the overall fusion mechanism of

our approach using the graph representation proposed in [38]. The nodes z; and x5 represent
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Figure 6.2: Graphical representation of the overall fusion mechanism. The nodes x; and o
represent the CT and PET inputs, respectively, while the nodes F; denote the fusion points.
This diagram illustrates only the flow of the fusion process and omits the architectural details
between the fusion points.

the inputs of the network, A}(C'T) and A}(PET) in Figure 6.1, respectively, while each %
denotes a fusion occurring within the network. For visual clarity, we have omitted the
multiple trainable layers between fusion points, representing only an arrow to indicate the
fusion flow. In reality, these layers transform the inputs and extract deeper features. Still,

according to [38], this process can be formalized by the following equations:

Fa1—2 = ®<937l—47 9733—3) (6'4)
Fg_1 = @(93?74793372) (6.5)
Ty = D(Fg)_g, Fg)_o) (6.6)

where L%j represents a fusion operation. ¥_; and %, are exceptions, as they represent the
network inputs: z; and z in Figure 6.2, which correspond to A} (CT) and Aj(PET) in Fig-
ure 6.1, respectively. The subscript i is the fusion number while the superscript j is the
number of trainable layers in which fusion inputs have been processed before the fusion.
Finally, the symbols ®() and @() represent element-wise multiplication and element-wise
summation, respectively, and [ is the stage index, which ranges from 1 to 3. The model is

finalized with the following step of fusion:
F1o = concat(F), Fy) (6.7)

where concat() indicates a concatenation operation.

6.3 Results

We conducted a series of experiments to evaluate the performance of the proposed model
and to compare it against seven baseline methods. They are: i) four unimodal models that

rely exclusively on either CT or PET imaging, ii) two alternative fusion strategies, i.e., early
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Table 6.3: Average results across 5 folds, presented as mean (standard deviation). The
highest scores for each metric are highlighted in bold.

Model ‘ #Params ‘ Accuracy ‘ AUROC ‘ Gmean
@ CT branch 800k 607 (.168) 489 (.096) 305 (.283)
g PET branch 800k 624 (.206) 465 (.153) 329 (.109)
‘= | DetectLC [30] 5.2M 342 (.237) 499 (.003) .000 (.000)
~ | LUCY [98] 51.6M .762 (.008) | .641 (.061) 175 (.194)
@ Early fusion 800k 655 (.164) 452 (.078) 224 (.218)
é Late fusion 1.6M 657 (.109) 513 (.116) 342 (.244)
= | Qin et al. [79] 2.5M 539 (.164) 421 (.073) 280 (.171)
25 MINT 1.6M 724 (.030) | .681 (.042) | .646 (.062)

and late fusion methods, and iii) the only existing study utilizing intermediate fusion of CT
and PET images for histological subtype classification [79].

In case i), we tested four different unimodal models. Two of them correspond to the CT
and PET branches of our architecture, named as C'T Branch and PET Branch in Table 6.3,
respectively. Each branch consists of three stages with three blocks per stage, followed by a
classification head, but no fusion layers. We selected the other two unimodal models from the
literature: DetectL.C [30] and LUCY [98], chosen because they classify histological subtypes
using a 3D approach on CT lung volumes, similar to our unimodal approach in terms of
input structure.

Case ii) tests early and late fusion by using the same unimodal architecture as before,
i.e., two branches with three stages, each containing three blocks and a classification head at
the end of each branch, but without any joint fusion blocks. To set up the early fusion, we
merged the CT and PET images before feeding them into the network using element-wise
multiplication, as in our multimodal approach. For late fusion, we again used the two sep-
arate unimodal branches and then averaged their output probabilities to make predictions
during inference. Finally, in case iii) we compared our method with the only existing inter-
mediate fusion approach for PET/CT histological subtype classification [79], which employs
a single-fusion block that fuses the modalities after extracting individual feature vectors from
each modality using two separate branches. Even though these branches are trained with a
shared loss, the effect of each modality on the other remains at a high level of abstraction
since the feature fusion occurs only once and before the classification head. In contrast,
we have presented a multi-fusion method, where the fusions occur at various levels of the
feature extraction hierarchy, preserving spatial correlations embedded in the feature maps
and allowing for more extensive information sharing between modalities.

Table 6.3 presents the results attained by such seven competitors and by our method,

reporting the average accuracy, AUROC, and Gmean scores computed across the five cross-
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validation runs, along with the number of parameters each model has. The models selected
from the literature were retrained and tested using the same dataset and fold configuration.
For retraining, the published source code of LUCY [98] was used. Since the other two
models [30, 79] do not have open-source implementations, they were reimplemented based on
the information provided in their respective papers. Focusing on the results of the unimodal
approaches, we notice that our multimodal method outperforms these competitors in all
metrics, except for accuracy in the case of LUCY. We also observe that the two unimodal
competitors drawn from the literature could not achieve the performance reported in their
papers and attain the lowest Gmean scores, suggesting a bias toward one class. In particular,
DetectL.C collapses into a single class across all folds. Although LUCY demonstrated the
highest accuracy and a comparable AUC score, its Gmean ranks as the second-worst: this
suggests that it struggles to effectively predict the minority class, i.e., SQC in our dataset,
and LUCY’s high accuracy is likely a result of significant bias toward the majority class. To
deepen this analysis we also run the Wilcoxon signed-rank test on the AUROC and Gmean
scores, as these metrics better represent performance given the data’s imbalance. The test
was conducted pairwise across folds to assess whether the observed performance differences
were statistically significant. In all pairwise comparisons for the Gmean score, our approach
statistically differs from the unimodal approaches (p < 0.05). The same consideration holds
for the AUROC score, except when comparing with LUCY (p = 0.16). It is also worth noting
two unimodal baselines (CT and PET branches) are derived from our network and, hence,
their comparison with our approach is equivalent to an ablation test. This observation,
together with the previous ones, supports the consideration that neither modality alone
captures the full range of meaningful features necessary for an effective classification.

Let us now turn our attention to the results of multimodal approaches in Table 6.3.
We notice that our approach outperforms the other three in all metrics. The Wilcoxon
signed-rank test shows that our performance statistically differs from all competitors for
both AUROC and Gmean (p < 0.05), except for Gmean in the case of late fusion where
we get p = 0.0625, which is close to the significance threshold. Furthermore, early fusion
achieves a lower Gmean score than the unimodal backbones, suggesting that data-level fusion
might even harm the classification model. While late fusion shows some improvement over
early fusion, both methods still fall short of the proposed intermediate fusion approach,
which demonstrates that fusion during the feature extraction process performs better than
at the data or decision level. Finally, the sharp increase in all metrics compared to [79]
demonstrates that our multi-stage voxel-wise fusion approach performs significantly better
than a single-stage fusion of extracted features. This highlights the advantage of integrating
features at multiple stages to better capture the complementary information between CT

and PET modalities. Note that [79] could not achieve performance similar to what was

29



CHAPTER 6. MULTI-STAGE INTERMEDIATE FUSION FOR MULTIMODAL
LEARNING TO CLASSIFY NSCLC SUBTYPES FROM CT AND PET

Table 6.4: Performance metrics for different kernels, filtered to include only those with 15
or more items.

Vendor ‘ Kernel ‘ # Scans ‘ Accuracy ‘ AUROC ‘ Gmean

Siemens | B30f 19 632 .629 621
Siemens | B31s 231 736 .658 .663
Siemens | B70f 78 .667 738 717
GE Standard 355 741 .667 .639

reported in their paper, which is also indicated in Table 2.1.

Turning our attention to efficiency, our model achieves these results with a modest pa-
rameter count of 1.6M, which is comparable to late fusion and significantly smaller than
DetectLC (5.2M), LUCY (51.6M), and Qin et al. (2.5M). This highlights MINT’s ability to
balance efficiency while effectively leveraging multimodal information. Furthermore, MINT
achieves an inference time of 185 ms per instance, which is low for clinical applications.

Furthermore, we evaluated our model’s performance across different reconstruction ker-
nels used in CT scanners. Since our dataset is composed of three real-world datasets, it
naturally includes a variety of reconstruction kernels, each with distinct characteristics. Ro-
bustness to these variations demonstrates the model’s ability to handle input variations and
noise effectively. Reconstruction kernels significantly influence the magnitude and texture of
noise [90]. Our merged dataset contains 10 different kernels from six CT models manufac-
tured by two different vendors. However, as some kernels were used in only a small number
of scans, we limited our analysis to those with at least 15 instances to ensure statistical
reliability. Table 6.4 presents the results stratified by kernel type. We observe variations
in all metrics across different kernels. However, in terms of Gmean, in all cases, our model
achieves higher scores than the competing models reported in Table 6.3. Specifically, when
applied to images reconstructed with the B70f kernel, it attains the highest Gmean score
(0.717), followed by B31s (0.663). Even in the case of B30f (0.621), it still outperforms
all competitors. Regarding AUROC, only in the case of B30f (0.629) does our model fall
slightly below LUCY (0.641), whereas in all other cases, it surpasses all competing mod-
els. These findings demonstrate that despite variations in reconstruction settings, our model
consistently performs well across different types of reconstructed images, highlighting its ro-
bustness and generalizability. To assess whether any statistically significant differences exist
among kernel types, we conducted a Kruskal-Wallis test, which yielded a p-value of 0.3987.
This result indicates no statistically significant differences between kernel types, confirming
that our model is robust to variations in input noise.

Finally, we conducted an ablation study to assess the impact of multi-stage fusion. We

modified the network, altering only the fusion points while maintaining the number of stages
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Table 6.5: Results of fusion at different stages, presented as mean (standard deviation) across

5- folds.

Stage (1) | Accuracy | AUROC | Gmean

1 573 (.059) | .570 (.064) | .560 (.032)
2 702 (.080) | .628 (.067) | .493 (.278)
3 653 (.092) | .604 (.085) | .559 (.087)

and feature extraction blocks. Specifically, instead of employing three fusion blocks (one
at each stage), we evaluated configurations in which only one fusion block was placed at
different stages. The results of these experiments are presented in Table 6.5, and they show
that our multi-stage fusion approach outperforms single-stage fusion (i.e., fusion at only

stage 1, 2, or 3) across all evaluation metrics.

6.4 Conclusion

In this work, we have presented a novel multimodal approach for histological subtype clas-
sification in NSCLC, utilizing an intermediate fusion method that integrates CT and PET
images at various network depths. Our experiments show the effectiveness of this approach
in comparison to unimodal baselines and other fusion techniques, being also able to handle
the challenges posed by dataset imbalance. By harnessing the complementary information
from both imaging modalities, we underscore the value of multimodal fusion in medical image
analysis to provide a more comprehensive understanding of tumor characteristics.

While this chapter highlights the benefits of integrating multiple imaging modalities with
specialized architectures, the next chapter turns to foundation models, a rapidly growing and
broader area in Al. Unlike our prior work, which relied on task-specific architectures and
multimodal inputs, this work explores whether large-scale pretrained models can provide

strong generalization with minimal adaptation.
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Chapter 7

NSCLC histological subtype classifica-
tion from CT scans using generalist 3D

medical foundation models

7.1 Introduction

DL models require large amounts of labeled data, but manual labeling is expensive and time-
consuming. Most DL approaches in medical imaging use supervised learning, where models
are trained on labeled data for specific tasks. These task-specific models, such as CNNs
trained on tumor patches, slices, or entire volumes, have been successfully applied to various
medical imaging modalities, including CT, PET, MRI, and X-ray. In cancer research, task-
specific DL models have been employed for tumor detection, stage classification, prediction
of overall survival outcomes, and histological subtype classification.

In the context of NSCLC histological subtype classification, early works primarily relied
on traditional machine learning algorithms with hand-crafted radiomics features, while more
recent studies have leveraged task-specific CNNs. Some trained their models using tumor
patches [21, 64, 33, 4], others used entire CT slices [105, 78], and several approaches employed
3D CNNs [5, 30] or combined CNNs with LSTMs [99, 98] to enhance performance. To date,
these methods have been designed for specific tasks and rely heavily on labeled data.

Foundation models offer an alternative approach. These models are trained on large,
diverse datasets using self-supervised learning. They learn broad representations that can
be adapted to different tasks through fine-tuning [14]. This approach is promising for medical
imaging because it allows models to learn from extensive unlabeled data and then be fine-
tuned on smaller labeled datasets.

To our knowledge, no study has yet investigated the use of foundation models for NSCLC
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histological subtype classification using CT images. In this study, we aim to address this
gap by evaluating three generalist medical foundation models pre-trained on 3D CT scans of
diverse diseases and fine-tuning them on a dataset of 714 NSCLC patients. Additionally, we
train and evaluate three task-specific models from the literature to provide a comparative
baseline. This analysis allows us to assess the potential of foundation models in improving
accuracy and efficiency for NSCLC subtype classification relative to conventional task-specific

approaches.

7.2 Method

In this study, we investigated generalist vision foundation models trained on 3D CT scans for
the task of NSCLC histological subtype classification and compared them with task-specific
models that were explicitly designed, trained, and tested for this purpose. Section 7.2.1
introduces foundation models and elaborates on the specific models employed in this study.
Section 7.2.2 provides an overview of the task-specific models and describes the architec-
tures used in our experiments. Finally, Section 7.2.3 outlines the experimental setup and

configurations.

7.2.1 Foundation models

In recent years, foundation models have gained significant attention. Foundation models are
characterized by training on large and diverse datasets, enabling them to learn generalizable
representations that can be adapted to many domains. These models are usually trained
in two stages: pretraining and fine-tuning. During pretraining, these models often use
self-supervised learning techniques, where they learn from large amounts of unlabeled data
such as contrastive learning or masked image modelling. This helps them develop broad,
transferable representations that require fewer labels. In the fine-tuning stage, the model
is refined for specific tasks. Because of the knowledge gained in pretraining, fine-tuning
typically requires only a small amount of labeled data, and in some cases, it can even be
done without any task-specific labels.

One common approach in self-supervised learning is contrastive learning, which focuses on
learning representations by comparing data samples. The core idea is to bring similar samples
closer together in the representation space while pushing dissimilar ones farther apart. This
approach typically relies on constructing positive pairs (e.g., augmentations of the same
image) and negative pairs (e.g., different images) to train the model. By optimizing this
contrastive objective, the model learns discriminative representations that are transferable

to downstream tasks.
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One notable example of contrastive learning is Contrastive Language-Image Pretraining
(CLIP) [80], which extends this concept to multimodal data. CLIP learns joint representa-
tions of images and text by aligning them in a shared embedding space. It pairs each image
with its corresponding caption as positive examples and uses unrelated image-caption pairs
as negatives. This approach allows CLIP to learn powerful image and text features that can
be effectively applied to a wide range of tasks. The architecture typically consists of two
encoders: one for image encoding and one for text encoding. The embeddings generated
by these encoders, are then aligned in a shared latent space, enabling the model to learn

cross-modal relationships between the image and its textual description.
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Figure 7.1: Pre-training and finetuning steps of each foundation model. MLP: Multi Layer
Perceptron

In this study, we evaluated three foundation models, all trained on 3D CT scans. Fig-
ure 7.1 provides an overview of the pre-training and fine-tuning stages of these models. While
the fine-tuning strategy remains consistent across all three models, the pre-training objec-
tives and data sources differ substantially. The following paragraph describes each model in
detail.

The first foundation model we employed is Merlin [12], a vision-language model. Merlin
comprises an image encoder and a text encoder, specifically utilizing a 3D ResNet152 for
image encoding and a clinical Longformer [67] for text encoding. The model was trained on
15,311 CT scans paired with Electronic Health Record (EHR) diagnosis codes and radiology
reports. Training was conducted in two stages: first, binary cross-entropy loss was used
with diagnosis codes, followed by contrastive training with radiology reports using the In-

foNCE loss function. The model is evaluated on 752 individual tasks across six different task
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types, including findings classification, phenotype classification, cross-modal retrieval, five-
year chronic disease prediction, radiology report generation, and 3D semantic segmentation.
The second foundation model is CT-CLIP [41], another vision-language model. They em-
ployed CT-ViT’s image encoder [42], which is a vision transformer, as the image encoder and
CXR-BERT [13] as the text encoder. CT-ViT is an autoregressive encoder-decoder network
that utilizes all-to-all spatial and causal attention layers to encode CT tokens. The model
was trained using contrastive learning on paired CT scans and radiology reports from 20,000
patients. The authors evaluated their model on two downstream tasks: multi-abnormality
detection and case retrieval. The final foundation model is the CLIP-Driven Universal Model
(CDUM) [70], which employs a training approach different from the previous two models.
While it utilizes the text encoder of CLIP [80], it does not rely on a contrastive loss. Instead,
the model uses text embeddings as a substitute for traditional one-hot class labels. As the
vision encoder, it utilizes Swin UNETR [95], which consists of a Swin Transformer [71] to
encode the 3D patches and a CNN-based decoder connected via skip connections, forming
a U-shaped network. Designed for organ and tumor segmentation, CDUM was trained on
3,410 CT scans collected from 14 different datasets.

All three models are specifically designed to handle 3D data, in contrast to many other
foundation models for medical imaging, which are limited to processing 2D images. Working
with 2D slices often leads to various problems, such as a loss of spatial context between
adjacent slices, limiting the model’s ability to capture complex anatomical relationships and
spatial dependencies. These challenges highlight the advantage of using 3D models, making
them the preferred choice for this study to maintain spatial coherence and accurately capture

the full volume of interest.

7.2.2 Task-specific models

Task-specific models are specialized architectures designed to solve narrowly defined prob-
lems by aligning their designs and training pipelines with specific data and goals. However,
their reliance on high-quality annotated datasets makes them challenging to train effectively
in data-limited settings.

The typical pipeline for training task-specific models begins with curating an annotated
dataset tailored to the specific task. This dataset is systematically divided into subsets
designated for training, validation (development), and testing. The process then involves
identifying and implementing a suitable model architecture. The selected architecture is
trained using the training set while its hyperparameters and performance are fine-tuned
through validation on the development set. Finally, the model is rigorously evaluated on the
test set to ensure its robustness and reliability.

In this study, we reimplemented and evaluated two models from the literature which are
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specifically designed for histological subtype classification in NSCLC using 3D CT scans in
addition to our previous model, the CT branch of MINT which is presented in Chapter 6.
Our model is a 10-layer ResNet-based 3D CNN with approximately 800k parameters. It
comprises three convolutional blocks, each containing two branches: a main branch and a
residual branch with a bottleneck structure. In the main branch, two consecutive 3x3x3
convolutional layers are followed by batch normalization layers. The first convolution uses
a stride of 2 to reduce the spatial dimensions, and a ReLU activation function is applied
after batch normalization. The residual branch includes a 1x1x1 convolutional layer with
a stride of 2, followed by a batch normalization layer. These two branches are combined via
element-wise summation, followed by a final ReLLU activation. After processing through the
three convolutional blocks, global average pooling is applied to the resulting feature maps,
which are then connected to the output layer.

The second model we employed is DETECT-LC [30], an 11-layer 3D CNN with residual
connections and approximately 5.20 million parameters. The first six layers consist of 3D
convolutional layers, each followed by a ReLLU activation function and an average pooling
layer. Residual connections are present between each of these layers, enhancing gradient
flow and mitigating vanishing gradient issues. Following the convolutional layers, the model
includes four dense layers, culminating in an output layer. Additionally, a dropout layer is
applied to the flattened feature vector after the convolutional layers to reduce overfitting.

The final task-specific model we employed is LUCY [98], a 3-layer ConvLSTM-based
neural network with approximately 51.6 million parameters. The first layer consists of a 3x3
ConvLSTM layer with 8 filters, followed by a dropout layer to mitigate overfitting. This is
succeeded by a dense layer with 128 neurons and a ReLLU activation function, accompanied
by another dropout layer. Finally, the network concludes with an output layer featuring a
softmax activation function for classification.

Although the three algorithms employ different preprocessing steps, they all utilize 3D CT
scans as input, with the lungs segmented beforehand. We strictly followed the preprocessing
procedures described in the respective papers and trained each model using the parameters

specified in their original implementations.

7.2.3 Experimental configuration

For this study, we combined three datasets, Humanitas, NSCLC-Radiogenomics, and Lung-
PET-CT-Dx, totaling 714 subjects. For our experiments, we applied stratified 5-fold cross-
validation, ensuring that the training, validation, and test sets comprised 60%, 20%, and 20%
of the samples, respectively. Notably, the same fold configuration was maintained across all
experiments to ensure consistency and comparability of results.

All three task-specific models were trained from scratch using the training set, adhering
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strictly to the hyperparameters and configurations specified in their respective papers. The
validation set was employed for early stopping, utilizing different metrics tailored to each
approach: the maximum geometric mean of sensitivity and specificity for our own model, CT
branch of MINT, maximum accuracy for DetectLC [30], and minimum loss for LUCY [98].
Finally, all three models were evaluated on the same test set to ensure a consistent compar-
ison.

For the foundation models, we utilized their image encoders to extract embeddings from
3D CT scans. To achieve this, we froze the entire model and passed the input scans through
the image encoders. The size of the embeddings generated by the image encoders varies
across the foundation models: 512 for both Merlin and CT-CLIP, and 7680 for CDUM.
Once the embeddings were obtained, we trained a linear probe to classify histological sub-
types based on these embeddings. The linear layer was trained using the cross-entropy loss
function, where class weights were applied to address class imbalance, and the AdamW opti-
mizer [73]. Training was conducted for 200 epochs, with early stopping applied based on the
best geometric mean of sensitivity and specificity. We performed experiments with various
learning rates and batch sizes for each model, selecting the combinations that yielded the
best performance on the validation set. The learning rates are set to 0.0001, 0.001, 0.001;
and batch sizes are set to 32, 64, 128 for the linear probes of Merlin, CT-CLIP, and CDUM,
respectively. We used the same training, validation, and test sets as in the task-specific

model experiments to ensure consistency in the evaluation process.

Table 7.1: Average results across 5 folds, presented as mean (standard deviation).

Model ‘ Sensitivity ‘ Specificity ‘ Gmean ‘ Accuracy
£ | Merlin [12] 614 (.054) | .654 (.084) | .632 (.049) | .623 (.044)
é CT-CLIP [41] | .568 (.046) | .624 (.067) | .593 (.015) | .581 (.021)
é‘ CDUM [70] 582 (.071) | .684 (.123) | .627 (.051) | .606 (.050)
?;) Our approach | .690 (.282) | .343 (.289) | .305 (.283) | .607 (.168)
:Tzs DetectLC [30] | .200 (.400) | .800 (.400) | .000 (.000) | .342 (.237)
Q
;5; LUCY [98] 976 (.031) | .065 (.098) | .175 (.194) | .762 (.008)

7.3 Results

In this study, we conducted a series of experiments to evaluate the performance of three open-
source, open-weights foundation models: Merlin [12], CT-CLIP [41], and CDUM [70]. To

benchmark the performance of these foundation models, we also assessed three task-specific
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models, CT branch of MINT, DetecL.C [30], and LUCY [98], that have demonstrated promis-
ing results in histological subtype classification for NSCLC. The evaluation employed four
metrics: sensitivity, specificity, the geometric mean of sensitivity and specificity (Gmean),
and accuracy. While calculating these metrics, we designated ADC as the positive class and
SQC as the negative class. Given the imbalance in the dataset used for our experiments, we
placed particular emphasis on Gmean, as it provides a balanced assessment by accounting
for both sensitivity and specificity.

Table 7.1 presents the results of our experiments. The first three rows display the perfor-
mance of the foundation models; Merlin, CT-CLIP, and CDUM, respectively. The last three
rows summarize the performance of the task-specific models in order: our previous model,
DetectL.C, and LUCY. We observed lower performance for DetectLC [30] and LUCY [98]
compared to the results reported in their original studies. This suggests that these models
face one of the key limitations discussed in Section 2.3, namely limited generalizability.

Focusing on the Gmean scores, we observe a clear distinction between the foundation
models and the task-specific models. Merlin achieves the highest Gmean score of 0.632,
followed by CDUM with 0.627. CT-CLIP attains a comparatively lower score of 0.593.
However, the task-specific models show a sharp decline in Gmean. Specifically, the best-
performing task-specific model in terms of Gmean is the CT branch of MINT, our own
model presented in Chapter 6, with a score of 0.305, approximately 28% lower than the worst-
performing foundation model, CT-CLIP. This provides strong evidence of the robustness of
the foundation models, highlighting their ability to balance performance across both classes
more effectively than the task-specific models. Furthermore, we observe relatively lower
scores for LUCY and DetectL.C, with Gmean values of 0.175 and 0, respectively, suggesting
a bias toward one class. In particular, DetectLC collapses into a single-class prediction across
all folds. This is evident when analyzing the sensitivity and specificity scores. While all three
foundation models achieve balanced sensitivity and specificity, task-specific models exhibit
an unbalanced distribution, indicating a bias toward one of the classes. Notably, LUCY
achieves extremely high sensitivity but extremely low specificity, demonstrating a clear bias
toward the positive class, ADC, which is the majority class in the dataset. This suggests
that LUCY predominantly predicts ADC, leading to an imbalanced classification. Similarly,
we observe that DetectL.C collapses into a single-class prediction across all folds. It predicts
only SQC in four folds, while in one fold, it predicts only ADC. In all cases, it yields a Gmean
score of 0. Consequently, DetectLC has an average sensitivity of 0.2, an average specificity
of 0.8, and an average Gmean of 0. It is well known that accuracy is not a reliable metric for
evaluating model performance on imbalanced datasets such as ours [75]. This is evident in
our results, as LUCY achieves the highest accuracy score while having the lowest specificity

score.
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Another interesting observation is that task-specific models, except for LUCY, exhibit
much higher standard deviations across nearly all metrics. This further reinforces the evi-
dence that foundation models are more robust and generalizable. Since task-specific models
are trained from scratch in each fold, their outcomes depend heavily on the specific samples
included in the training set. With limited data, such dependence can easily lead to over-
fitting and unstable performance. In contrast, since the foundation models are frozen and
only a linear layer is fine-tuned with the new data, they offer consistent feature extraction.
This approach prevents the models from being overly influenced by the small, fold-specific
training sets, ensuring greater stability and reduced bias toward the fine-tuning dataset. For
the case of LUCY, we observe that it is consistently biased toward the majority class. As a
result, it shows lower standard deviations compared to the other models.

These results provide strong evidence for the advantages of foundation models in histolog-
ical subtype classification, particularly when working with limited labeled data. The superior
performance of foundation models can be attributed to their large-scale pre-training, which
enables them to extract meaningful and generalizable features without being overly influ-
enced by the small training sets. In contrast, task-specific models, which are trained from
scratch, struggle to generalize due to their reliance on a limited dataset, leading to increased
variability in performance. Furthermore, the diverse datasets used during pretraining allow
foundation models to develop robust hierarchical representations that transfer effectively to
new tasks. This makes them inherently more stable and less prone to dataset-specific biases
compared to task-specific models, which are more susceptible to overfitting. Overall, these
findings emphasize the importance of foundation models in scenarios with limited data and

demonstrate their potential for improving the robustness of NSCLC subtype classification.

7.4 Conclusion

In this study, we evaluated foundation models, a class of deep learning models trained on
large-scale unannotated data that have shown strong generalization capabilities across vari-
ous domains. We compared their performance with task-specific models, which are trained
from scratch for a specific task, to assess their effectiveness in NSCLC histological subtype
classification. The results indicate that foundation models outperform task-specific models,
mainly due to their ability to leverage pre-trained features that provide stable and gen-
eralizable representations even when only limited training data are available. In contrast,
task-specific models, which rely entirely on the available data for training, face challenges
in achieving comparable generalization. Overall, these findings highlight the advantages of
foundation models as a robust and efficient approach for medical imaging applications where

annotated data are limited.
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Chapter 8

Conclusions

This thesis has addressed the pressing need for accurate and non-invasive histological sub-
type classification in NSCLC, with a particular focus on differentiating ADC and SQC, two
subtypes that require distinct treatment strategies. Recognizing the limitations of current
biopsy-based approaches, including invasiveness, sampling bias, and diagnostic uncertainty,
the work presented here leverages radiological imaging and deep learning to develop more
accessible and scalable diagnostic tools. To address this objective, the thesis was structured
around four research questions (RQ1-RQ4), each targeting a specific challenge in developing
effective and generalizable diagnostic models for NSCLC subtype classification. The key
findings corresponding to each research question are summarized below.

RQ1: Can triplet networks improve model performance under limited data conditions?

The first core contribution of this thesis investigated the use of triplet networks, a form of
metric learning, to enhance classification performance under the constraint of limited train-
ing data, a frequent challenge in medical imaging due to privacy concerns and small sample
sizes. Our comprehensive experiments demonstrated that triplet networks, particularly when
paired with architectures such as ResNet-50 and GoogleNet, outperformed traditional deep
learning models trained with softmax loss. Furthermore, our findings showed that selecting
the top-t easiest positive and negative samples within a triplet batch improves training effec-
tiveness. These findings confirm that triplet networks effectively address RQ1 by improving
model performance under limited data conditions.

RQ2: Can federated learning with triplet loss maintain performance while ensuring data
privacy?

To scale the benefits across institutions while preserving patient confidentiality, the
second major contribution introduced a FL framework using triplet loss. This privacy-
preserving approach enabled collaborative model training across decentralized datasets with-
out data sharing. The combination of FL. and triplet loss consistently improved key perfor-

mance metrics such as AUROC and Gmean compared to both locally trained models and
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federated models using softmax loss. These findings provide a positive answer to RQ2,
demonstrating that federated triplet learning maintains strong performance while fully pre-
serving data privacy.

RQ3: How can CT and PET features be effectively integrated for NSCLC' subtype clas-
sification?

The third part of the thesis tackled the challenge of multimodal integration by proposing
MINT, a novel Multi-stage INTermediate fusion architecture designed to combine CT and
PET information at multiple depths of the network. MINT successfully leveraged the com-
plementary anatomical and metabolic information from both modalities and outperformed
unimodal models, as well as early, late, and existing intermediate fusion strategies. These
results provide a clear answer to RQ3, demonstrating that multi-stage intermediate fusion
is an effective strategy for capturing complementary multimodal information.

RQ4: Can large-scale pretrained foundation models effectively predict histological sub-
types in NSCLC'?

The final contribution shifted focus to foundation models, exploring their applicability
in NSCLC subtype classification. These large-scale pretrained models, known for their abil-
ity to generalize across tasks with minimal fine-tuning, were evaluated against task-specific
architectures. Despite class imbalance and dataset limitations, foundation models exhibited
superior performance, especially in low-data settings, due to their robust feature representa-
tions learned from diverse pretraining sources. The results provide an affirmative answer to
RQ4, showing that foundation models effectively generalize to NSCLC subtype classification.

Across all contributions, this thesis has proposed and validated strategies that address the
critical barriers to developing reliable, non-invasive diagnostic tools: limited data availability,
privacy constraints, the need for multimodal integration, and the challenge of building models
that generalize well in clinical settings. The proposed solutions, triplet networks, federated
metric learning, intermediate fusion, and foundation model adaptation, offer complementary
advances toward this goal.

Looking ahead, several avenues for future work remain. These include expanding datasets
to better capture the diversity of NSCLC subtypes, exploring more sophisticated federation
strategies such as VFL and TFL, and incorporating genomic data to enhance multimodal
fusion. Additionally, fine-tuning foundation models using advanced techniques such as Low-
Rank Adaptation (LoRA) or evaluating their zero-shot capabilities can further push the
boundaries of data-efficient model development. Ultimately, the integration of these strate-
gies moves us closer to realizing non-invasive, accurate, and personalized diagnostic systems

that can be translated into routine clinical practice for lung cancer care.
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