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ABSTRACT

This study aimed to develop machine learning models for automated prediction of overall
survival and mutational status in advanced non-small cell lung cancer (NSCLC) patients with
actionable molecular alterations. A retrospective cohort of 275 stage IV NSCLC patients from five
hospitals in Southern Portugal (2016-2021) was analysed. Clinical, demographic, molecular, and
therapeutic data were integrated into four supervised classification algorithms: Support Vector
Machine (SVM), Random Forest (RF), eXtreme Gradient Boosting (XGBoost), and AdaBoost.
Models were optimized using 10-fold stratified cross-validation with hyperparameter tuning via
Grid Search. To address class imbalance, three complementary approaches were implemented:
baseline modeling, Synthetic Minority Over-sampling Technique (SMOTE), and synthetic data
augmentation using Conditional Tabular Generative Adversarial Network (CTGANSynthesizer).
Performance was evaluated using accuracy, precision, recall, F1-score, and Area Under the

Curve — Receiver Operating Characteristics (AUC-ROC) metrics.

Results demonstrated that ensemble-based methods (RF, XGBoost, and AdaBoost)
substantially outperformed SVM, particularly when trained on balanced datasets. The third
approach, incorporating both synthetic data generation and SMOTE oversampling, yielded the
highest discriminatory performance, with AdaBoost achieving an AUC-ROC of 0.9217.
Correlation analysis revealed that Eastern Cooperative Oncology Group Performance Status
(r=0.220), bone metastases (r=0.179), and sex (r=0.159) were the strongest positive predictors
of mortality, while Epidermal Growth Factor Receptor (EGFR) exon 19 deletions (r=-0.140)
demonstrated the most favorable prognostic association. The most prevalent molecular alteration
was Kirsten Rat Sarcoma Virus (KRAS) G12C (35.64%), followed by EGFR mutations (14.91%)
and Anaplastic Lymphoma Kinase (ALK) rearrangements (7.27%), consistent with European

epidemiological data.

This work demonstrates how machine learning tools can be valuable in predicting survival
outcomes and personalizing treatments for patients with advanced NSCLC. Despite these
advantages, there are still important challenges, such as the issue of data imbalance and the
need to validate models in independent patient groups. Therefore, it is essential to maintain
rigorous methodologies throughout the process. In the future, it will be important to test these
models in different hospitals, integrate imaging data, and develop decision-support tools that are

simple and transparent for healthcare professionals to use in their daily practice.

Keywords: Machine learning, Survival prediction, Lung cancer, Molecular alterations,

Precision medicine



RESUMO

Este estudo teve como objetivo desenvolver modelos de aprendizagem automatica para
a predicdo automatizada da sobrevivéncia global e do estado mutacional em doentes com
carcinoma do pulméo de nio pequenas células (CPNPC) avangado com alteragdes moleculares
acionaveis. Foi analisada uma coorte retrospetiva de 275 doentes com CPNPC em estadio IV
provenientes de cinco hospitais do Sul de Portugal (2016—2021). Dados clinicos, demogréaficos,
moleculares e terapéuticos foram integrados em quatro algoritmos de classificagédo
supervisionada: Support Vector Machine (SVM), Random Forest (RF), eXtreme Gradient
Boosting (XGBoost) e AdaBoost. Os modelos foram otimizados utilizando validagcdo cruzada
estratificada de 10 folds com afinagao de hiperparametros através de Grid Search. Para abordar
o desequilibrio de classes, foram implementadas trés abordagens complementares: modelagéo
baseline, técnica Synthetic Minority Over-sampling Technique (SMOTE) e aumento de dados
sintéticos utilizando Conditional Tabular Generative Adversarial Network (CTGANSynthesizer).
O desempenho foi avaliado utilizando as métricas de exatiddo, precisao, recall, F1-score e Area

sob a Curva Caracteristica Operacional do Recetor (AUC-ROC).

Os resultados demonstraram que os métodos baseados em ensembles (RF, XGBoost e
AdaBoost) superaram substancialmente o SVM, particularmente quando treinados em conjuntos
de dados balanceados. A terceira abordagem, incorporando tanto a geragdo de dados sintéticos
como o oversampling com SMOTE, obteve o desempenho discriminativo mais elevado, com o
AdaBoost a atingir uma AUC-ROC de 0,9217. A analise de correlagao revelou que o Performance
Status do Eastern Cooperative Oncology Group Performance Status (r=0,220), as metastases
Osseas (r=0,179) e o sexo (r=0,159) foram os preditores positivos mais fortes de mortalidade,
enquanto as delecdes no exdo 19 do Receptor do Fator de Crescimento Epidérmico (EGFR) (r=-
0,140) demonstraram a associagdo prognoéstica mais favoravel. A alteragdo molecular mais
prevalente foi a Kirsten Rat Sarcoma Virus (KRAS) G12C (35,64%), seguida das mutacées EGFR
(14,91%) e das rearranjos Anaplastic Lymphoma Kinase (ALK) (7,27%), consistente com dados

epidemiolégicos europeus.

Este trabalho demonstra como as ferramentas de aprendizagem automatica podem ser
valiosas na predi¢cao de resultados de sobrevivéncia e na personalizagdo de tratamentos para
doentes com CPNPC avancgado. Apesar destas vantagens, persistem desafios importantes,
como o problema do desequilibrio de dados e a necessidade de validar os modelos em grupos
independentes de doentes. Portanto, é essencial manter metodologias rigorosas ao longo de
todo o processo. No futuro, sera importante testar estes modelos em diferentes hospitais, integrar
dados de imagem e desenvolver ferramentas de apoio a decisdo simples e transparentes para

uso quotidiano pelos profissionais de saude.

Palavras-Chave: Aprendizagem automatica, Previsdo de sobrevivéncia, Cancro do

Pulméao, Alteragbes moleculares, Medicina de precisao
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CHAPTER 1

INTRODUCTION

Lung cancer represents one of the major causes of morbidity and mortality worldwide,
having a significant impact on public health, patients' quality of life and healthcare system
sustainability. The histological and molecular heterogeneity of these tumors, especially in non-
small cell lung cancer (NSCLC), presents major challenges in diagnosis, treatment and prognostic

stratification.

Currently, treatment personalization and the development of precision medicine
strategies have become essential, requiring detailed molecular characterization of each tumor,

and the identification of potentially actionable genetic alterations that guide therapeutic decisions.

Nevertheless, the routine implementation of molecular testing faces not only logistical and
financial constraints, but also time-related limitations, which may delay clinical decision-making

and compromise access to targeted therapies.

In this context, artificial intelligence and machine learning techniques emerge as
promising tools to overcome these barriers. By integrating clinical, pathological, molecular and,
in some cases, imaging data, they can identify hidden patterns associated with specific genetic
alterations and tumor characteristics, supporting the early prediction of molecular profiles and

enabling better patient selection to the most suitable treatment.

The present study combines approaches from biomedicine and data science, aiming to
evaluate, in a national population of NSCLC patients, the utility of machine learning models for
automatic prediction of relevant molecular alterations. This approach seeks to deepen

understanding of the genetic-clinical determinants of lung cancer.

1.1. Motivation

Understanding the molecular profile of NSCLC and accurately identifying alterations with
actionable therapeutic targets is fundamental to advancing in precision medicine. By tailoring
treatment strategies to each tumour’s genetic profile, clinicians can maximize therapeutic efficacy,

reduce unnecessary toxicity and costs, and ultimately improve patient outcomes.

Beyond its clinical relevance, the characterization of molecular alterations also
contributes to the development of real-time registries that monitor the incidence and prevalence

of specific mutations. This is particularly relevant in the context of population-based studies,



where the correlation between molecular profiles and clinicopathological characteristics can
uncover important epidemiological trends, as well as therapeutic and preventive gaps. In the
European population, and particularly in Portuguese population, such data remains limited and
fragmented, underscoring the need for systematic approaches to support both research and

clinical decision-making.

As molecular testing becomes increasingly central to treatment selection, there is a
growing need for efficient, cost-effective, and scalable tools to support the diagnostic workflow.
Machine learning techniques offer a powerful opportunity for automate the evaluation of
mutational status, accelerate the diagnostic process and expand access to precision oncology,
particularly in healthcare settings where molecular testing capacity and turnaround time are

limited.

1.2. Objectives
The principal objective of this study is:

e Develop and validate machine learning models to predict overall survival
outcomes in patients with advanced NSCLC harbouring actionable molecular
alterations, integrating clinical, demographic, pathological, molecular, and
therapeutic data.

As well as:

e Characterize the prevalence and epidemiology of targetable molecular
alterations in the Portuguese population with advance NSCLC.
o |dentify the clinical and pathological characteristics associated with different

molecular subtypes.

1.3. Contributions
This dissertation provides the following principal contributions:

e Integrated Clinical-Molecular Framework: Analytical protocol integrating clinical,
molecular and therapeutic data from 275 patients with Portuguese metastatic NSCLC,
characterizing molecular epidemiology (KRAS 35.6%, EGFR 31.0%, ALK 7.3%) and
clinical-prognostic correlations (ECOG-PS, bone metastases, sex as main predictors).

e Machine Learning Optimization for Survival: Demonstration that data synthesis
(CTGANSynthesizer + SMOTE) is critical for balancing, achieving robust discrimination
(AUC-ROC 0.9217, balanced sensitivity 80-89%) versus models on imbalanced data
(AUC-ROC =0.5).

e Exploratory Analysis of Mutational Prediction: Evidence that isolated clinical data are
inadequate for reliable prediction of mutational status, reaffirming need for direct

molecular testing.



1.4.

Methodological Contribution: Reusable template for machine learning community in

biomedicine facing extreme imbalance in clinical datasets.

Dissertation Structure

This dissertation is organized into five chapters, each contributing to the development and

contextualization of the research problem:

Chapter 1 — Introduction: This chapter, introduces the research topic, presents the
motivation and relevance of the study, and outlines the main research objectives.
Chapter 2 - Literature Review: Provides an overview of lung cancer subtypes and
molecular characteristics, discusses conventional and automated methods for mutation
detection, and reviews recent advances in the application of machine learning techniques
in oncology.

Chapter 3 - Materials and Methods: Describes the data sources used, the
preprocessing steps applied, and the machine learning models implemented. This
chapter also details the experimental design and evaluation metrics.

Chapter 4 — Results and Discussion: Presents and interprets the results obtained from
the application of the machine learning models, including performance metrics and
comparisons across different configurations and data types.

Chapter 5 — Conclusion and Future Work: Summarizes the main findings, reinforces

the relevance of the work, and suggests directions for future research in this area.



CHAPTER 2

LITERATURE REVIEW

This chapter presents a review of the relevant literature, addressing the main subtypes of
lung cancer, the most frequently mutated genes and recent approaches based on machine

learning. Furthermore, it discusses key scientific contributions in the field.

2.1. Lung Cancer: Clinical and Molecular Background

Lung cancer remains one of the leading causes of cancer-related mortality worldwide and
represents a major public health challenge. In 2022, GLOBOCAN' estimates indicated
approximately 2.2 million new cases of lung cancer with 1.8 million related deaths, underscoring
the continued global burden of this disease. With survival rates showing significant improvement
but still challenging outcomes, it continues to be associated with variable prognosis depending

on stage at diagnosis, molecular characteristics, and treatment accessibility [1], [2].

Histologically, lung cancer is broadly classified into small-cell lung carcinoma (SCLC) and
NSCLC, with NSCLC accounting for approximately 80-85% of all diagnosed cases. NSCLC
encompasses several distinct subtypes, most notably adenocarcinoma (representing 60-70% of
NSCLC) and squamous cell carcinoma (25-30% of NSCLC), with large cell carcinoma comprising
a smaller proportion. Recent epidemiological data indicate a sustained increase in the incidence
of lung cancer, with a marked rise in adenocarcinoma cases among non-smokers and younger
individuals [2].

The etiology of lung cancer remains multifactorial, with tobacco identified as the major
risk factor, accounting for 80-90% of cases. Nevertheless, approximately 20% of lung cancer
cases occur in never-smokers, highlighting the importance of other etiological factors including
environmental exposures other than tobacco, occupational carcinogens and genetic
predisposition. NSCLC exhibits substantial molecular and histological heterogeneity, even within
identical histological subtypes, with distinct genomic landscapes that have profound implications

for therapeutic approaches [3].

Among the most relevant molecular alterations in NSCLC include Kirsten Rat Sarcoma
Virus (KRAS) mutations (30-40% of adenocarcinomas, the most frequently occurring mutation),
Epidermal Growth Factor Receptor (EGFR) gene, identified in about 10-25% of lung

adenocarcinomas, and rearrangements in the Anaplastic Lymphoma Kinase (ALK) gene, present

1 https://gco.iarc.who.int/media/globocan/factsheets/cancers/15-trachea-bronchus-and-lung-fact-

sheet.pdf



https://gco.iarc.who.int/media/globocan/factsheets/cancers/15-trachea-bronchus-and-lung-fact-sheet.pdf
https://gco.iarc.who.int/media/globocan/factsheets/cancers/15-trachea-bronchus-and-lung-fact-sheet.pdf

in 3-7% of cases. These driver alterations are more commonly observed in non-smokers, females,
and patients with adenocarcinoma histology. Their detection is essential since they are
associated with marked responses to targeted therapies, which have led to substantial

improvements in survival compared to traditional cytotoxic chemotherapy [4].

Advances in understanding tumor biology and molecular mechanisms underlying lung
carcinogenesis have revolutionized therapeutic strategies, particularly through the identification
of actionable driver alterations and the development of precision medicine approaches. The
introduction of tyrosine kinase inhibitors (TKIs) for patients with EGFR mutations or ALK
rearrangements has transformed the natural history of advanced NSCLC, with median overall
survival of 36 months for EGFR — FLAURA trial and 47 months for FLAURAZ2, for ALK can go up
to >60 months [5]. Despite the availability of multiple treatment modalities, including surgical
resection, chemotherapy, radiotherapy, targeted therapy, and immunotherapy; outcomes remain
significantly influenced by stage at diagnosis, with approximately 75% of patients presenting with

advanced disease [6].

In parallel, immunotherapy has emerged as a standard of care for patients with advanced
NSCLC lacking actionable mutations, providing improved survival for a subset of patients, though
the overall prognosis for stage IV disease remains poor, with five-year survival rates typically
below 5% in the general population. Thus, the integration of molecular diagnostics and the rational
use of novel therapies are now central to the management and prognostication of NSCLC,

highlighting the importance of an individualized treatment approach [7].

2.2. Key Genetic Alterations in NSCLC

NSCLC encompasses a molecularly heterogeneous group of malignancies with distinct
mutational landscapes that differ significantly between histological subtypes. Recent
comprehensive genomic analyses have revealed that adenocarcinoma and squamous cell
carcinoma should be treated as separate diseases due to their divergent molecular
characteristics. However, emerging evidence indicates that the biological diversity within NSCLC
subtypes extends well beyond histology, with molecular profiling now recognized as the key

determinant of prognosis and therapeutic response [8].

Genome-wide studies have shown that genomic and transcriptomic differences between
adenocarcinomas and squamous cell carcinomas remain profound, with specific patterns of gene
amplification, mutation, and pathway activation. For instance, squamous cell carcinoma
frequently harbors 3q amplification, particularly involving the 3926-3g28 locus, which is rare in
adenocarcinoma. Conversely, adenocarcinomas display higher rates of targetable driver
mutations, such as EGFR, ALK, KRAS, and others.

More importantly, molecular characterization increasingly supersedes histological
classification in guiding patient management. Recent advances in precision medicine
demonstrate that molecular features - rather than histological subtype alone - dictate treatment

options and expected outcomes. For example, within adenocarcinomas, a tumor harboring an



ALK rearrangement behaves distinctly from one with a KRAS mutation, both biologically and
clinically. This paradigm shift underscores that, although histologic subtypes possess
characteristic genetic and epigenetic traits, individual tumors must be stratified based on their

unique molecular signatures, not just their microscopic appearance.

Thus, the field is moving towards an individualized, biomarker-centered approach to
NSCLC, where personalized medicine based on actionable genomic alterations offers the
potential for tailored therapy and improved prognosis, regardless of the broad histological

classification [9], [10].

2.2.1. Subtypes of Non-Small Cell Lung Carcinoma

e Adenocarcinoma: This represents the most prevalent NSCLC subtype, particularly
among non-smokers and younger patients. It frequently harbors actionable driver
mutations including EGFR (found in 10-15% of Western patients, up to 50% in Asian
patients), ALK (3-7% of cases), ROS Proto-Oncogene 1 (ROS1) (1-2% of cases), and
KRAS (25-30% of cases). Comprehensive molecular profiling studies, especially in
never-smokers, detect driver mutations in up to 70-95% of patients, with an actionable
mutation rate around 40-78% depending on population and testing strategy. These
proportions are dynamic and likely to increase as next-generation sequencing expands
the panel of testable mutations (e.g., Mesenchymal-Epithelial Transition Factor (MET),
Rearranged During Transfection (RET), Neurotrophic Receptor Tyrosine Kinase (NTRK),
B-Rapidly Accelerated Fibrosarcoma (BRAF)). The rise in molecular diagnostics is driving
ongoing development of new targeted therapies, so the percentage of patients eligible for
these approaches continues to grow, making the precise figure a moving target [11].
These molecular alterations make adenocarcinoma highly amenable to targeted
therapeutic interventions [12].

e Squamous Cell Carcinoma: Strongly associated with tobacco exposure, this subtype
demonstrates a complex mutational landscape with high tumor mutational burden. It is
characterized by frequent alterations in TP53, PIK3CA, NFE2L2, and SOX2 pathways.
Unlike adenocarcinoma, squamous cell carcinoma lacks well-defined targetable driver
mutations, making it more challenging to treat with precision therapies [12].

e Large Cell Carcinoma: Representing the smallest proportion of NSCLC cases (2-3%)
[13], this undifferentiated subtype often presents at advanced stages with poor clinical
outcomes. Recent studies have identified unique biomarkers such as USP7

overexpression associated with poor prognosis [14].

2.2.2. Clinical Importance of Molecular Profiling

The integration of molecular profiling has transformed NSCLC management through precision
oncology approaches. Current guidelines recommend testing for multiple biomarkers including
EGFR, ALK, ROS1, Human Epidermal Growth Factor Receptor 2 (HER2), BRAF, KRAS, MET,
RET, and NTRK alterations [4].



e Targeted Therapies: Detection of driver mutations enables application of specific
targeted agents, with response rates that can exceed 70% in biomarker-positive
populations, depending on the target mutation. ALK-rearranged NSCLC patients
receiving next-generation ALK inhibitors (like alectinib or lorlatinib) also show markedly
improved long-term survival, with 5-year survival estimates > 50% in some series [4].
Itis important to note that these survival rates vary significantly among different mutations
and targeted treatments. For instance, KRAS G12C inhibitors, while promising, have
shown more modest improvements in median progression-free survival and overall
survival compared to EGFR or ALK inhibitors, and many other targetable alterations (e.g.,
ROS1, MET, RET) have emerging but less mature survival data. Hence, survival
outcomes with targeted therapy are highly mutation and drug-specific, requiring precise
molecular diagnosis and personalized treatment strategies [5].

e Personalized Treatment Approaches: Comprehensive genomic profiling combined
with circulating tumor Deoxyribonucleic Acid (ctDNA) monitoring can support
individualized treatment regimens, optimizing therapeutic efficacy while enabling early
detection of resistance mechanisms. Recent advances include ultra-short circulating
tumor Deoxyribonucleic Acid detection, which increases ctDNA targets by 1.6-fold,

potentially improving sensitivity [15].

Despite these advancements, significant challenges remain in the clinical management
of NSCLC. Late-stage diagnosis, tumor heterogeneity, and the emergence of resistance to
targeted therapies underscore the complexity of this disease. Ongoing research is essential to
further elucidate molecular mechanisms and to develop novel therapeutic strategies aimed at

improving patient outcomes in NSCLC.

2.3. Lung Cancer Situation in Portugal

Lung cancer represents a significant public health challenge in Portugal, ranking as the fourth
most prevalent cancer in the country, with approximately 6,000 new cases diagnosed annually.
The mortality associated with this malignancy remains elevated, with lung cancer representing
the leading cause of cancer-related death in men and the third leading cause in women, after

breast cancer and colorectal cancer [16].

According to GLOBOCAN 2022 data, 4,253 new cases were registered in men and 1,092
new cases in women, reflecting a significant sex-based disproportion with a male-to-female ratio
of 3.3:1, substantially higher than the global ratio of 2.1:1. Historical data from 2018 documented
5,284 new lung cancer cases with 4,671 related deaths, with projections indicating a 21.2%

increase in new cases and 24.5% increase in deaths by 2040 [17], [18].

2.3.1. Histological Subtypes

According to recent epidemiological data from Portugal, NSCLC accounts for 80-90% of all lung

cancer cases. The histological distribution highlights adenocarcinoma as the most prevalent



subtype (40.8%), followed by squamous cell carcinoma (22.7%), with large cell carcinoma
comprising a smaller fraction of cases. Notably, there are significant sex-related differences:
adenocarcinoma constitutes 57.0% of cases in women versus 35.8% in men, while squamous
cell carcinoma is more common among men (26.8%) compared to women (9.3%). These
disparities are attributed largely to differences in tobacco exposure, with men historically having
a higher smoking burden. Furthermore, the incidence peak of lung cancer occurs later in women

and continues to rise, reflecting the later onset of smoking habits in this group [16], [17].

2.3.2. Geographic Distribution

Epidemiological analysis of lung cancer in Portugal reveals markedly heterogeneous geographic
patterns, with identification of high and low incidence clusters. The Azores demonstrate the
highest incidence rate at 56.8 per 100,000 inhabitants, followed by the Lisbon region accounting
for 29.1% of total national cases. The Northern region contributes 38.0% of total national cases.
In contrast, the Central region demonstrates the lowest incidence rate at 25.6 per 100,000

inhabitants.

Spatial analysis identified four high-incidence lung cancer clusters, predominantly located
in urban areas (Porto and Lisbon), and four low-incidence clusters in predominantly rural areas.
These patterns suggest the influence of urban risk factors, historical industrialization, and
differences in healthcare access [17].

Additionally, an ecological study conducted in Northern Portugal demonstrated a
correlation between indoor radon exposure and lung cancer incidence rates in the region,
highlighting radon as a significant risk factor for lung cancer in the Portuguese population. A
multicentric case-control study including hospitals from Portugal and Spain showed that higher
residential radon concentrations were associated with increased risk of small cell lung cancer,
especially in heavy smokers, with a dose-response relationship. These findings emphasize the

importance of radon as a major, preventable lung cancer risk factor in Portugal [19].

2.3.3. Stage at Diagnosis and Prognosis

According to clinical data from 2012-2016 from the Portuguese Institute of Oncology (IPO) Porto,

the distribution by stage at diagnosis reveals:

e Locally advanced stage (IlIB): 23.6% of cases [18]
o Metastatic stage (IV): 58.4% of cases [18]

This high proportion of patients diagnosed with advanced disease (approximately 82%)
in Portugal contrasts markedly with countries implementing lung cancer screening programs
using low-dose computed tomography (LDCT). Randomized controlled trials such as the US
National Lung Screening Trial (NLST) and the Dutch-Belgian Lung Cancer Screening Trial
(NELSON) have demonstrated significant mortality reductions of approximately 20% and 24 %,

respectively, with LDCT screening compared to controls. These programs not only reduce lung



cancer mortality but also significantly increase the detection of early-stage disease, thereby

decreasing the proportion of stage IV diagnoses by up to 40-50% [20].

Correspondingly, the prognosis of lung cancer patients improves with early detection, as
reflected in stage-stratified survival data demonstrating median survival times extending beyond

previously reported values in Portugal:
e Stage IlIB: Median survival around 16.7 months [20]
e Stage IV: Median survival about 9.8 months. [20]

Portugal currently lacks a nationwide lung cancer screening program, which substantially
limits early detection and contributes to poor overall outcomes. Furthermore, a considerable
proportion of patients (24.2%) with advanced NSCLC receive only supportive care due to
comorbidities or performance status constraints, highlighting barriers related to healthcare access

and socioeconomic factors [18].

2.4. Machine Learning Algorithms

Machine learning algorithms represent the fundamental building blocks of artificial intelligence
systems, enabling computational models to extract patterns from data and make intelligent
decisions without explicit programming. These algorithms are systematically categorized into
supervised, unsupervised, semi-supervised, and reinforcement learning paradigms, each
addressing distinct computational challenges and application domains [21]. Recent advances
have demonstrated that the optimal algorithm selection depends critically on data characteristics,
computational constraints, scalability requirements, and domain-specific performance metrics.
Modern implementations increasingly emphasize the integration of multiple learning paradigms,

with hybrid approaches showing superior performance across diverse applications [22].
Categories of Machine Learning Algorithms

e Supervised Learning: Encompasses algorithms including linear and logistic
regression, decision trees, support vector machines, and advanced ensemble
methods, trained on labeled datasets to predict outcomes or classify data instances.
Recent developments emphasize the integration of Bayesian optimization for
hyperparameter tuning and the incorporation of explainable Artificial Intelligence (Al)

frameworks to enhance model interpretability [23].

e Unsupervised Learning: Includes advanced clustering techniques, dimensionality
reduction methods such as Principal Component Analysis (PCA), and modern self-
supervised learning approaches that identify latent patterns in unlabeled data without
predefined target variables. Current research demonstrates significant advances in
self-supervised learning, which has emerged as a critical subset capable of learning

discriminative features from unlabeled data [24].



e Semi-Supervised Learning: It is situated between supervised and unsupervised
learning that uses a combination of labeled and unlabeled data. The main goal of this
approach is to leverage the large amount of information available in unlabeled data to
create a better and more accurate model than what would be possible using only the

few labeled data available [25].

¢ Reinforcement Learning: Focuses on sequential decision-making through trial-and-
error interactions with dynamic environments, utilizing reward signals to optimize long-
term behavioral strategies. Recent comprehensive surveys highlight the evolution
from foundational tabular methods to sophisticated Deep Reinforcement Learning

(DRL) techniques, with particular emphasis on scalability and sample efficiency [26].

2.4.1. Supervised Learning

Supervised learning involves training predictive models on datasets where each instance
comprises input features paired with corresponding ground-truth labels. The fundamental
objective is to learn generalizable mapping functions that accurately predict outputs for previously

unseen data instances. This learning paradigm addresses two primary problem categories:

o Classification: Discrete categorical prediction tasks, including binary classification
(spam detection) and multi-class problems (image recognition, medical diagnosis).
Recent applications demonstrate exceptional performance in medical diagnostics, with
accuracy rates exceeding 98% in specialized domains [27].

e Regression: Continuous value prediction problems, encompassing financial forecasting,
real estate valuation, and scientific parameter estimation. Modern implementations
achieve significant improvements through the integration of contextual open data and

advanced optimization techniques [28].

Contemporary supervised learning evaluation emphasizes comprehensive performance
assessment using cross-validation techniques, with metrics tailored to specific task requirements

including precision, recall, F1-score, and domain-specific measures [27].

2.4.2. Support Vector Machines

Support Vector Machines were introduced by Cortes and Vapnik in 1995 as part of the broader
theoretical framework of statistical learning theory proposed by Vapnik in 1998. The core principle
of SVM is to separate classes by identifying the decision boundary that maximizes the margin
between them. This large-margin principle is strongly linked to generalization performance, which

explains why SVMs often achieve robust results on unseen data [29].

One of the key innovations of SVM is the use of kernel functions, which make it possible
to model non-linear relationships by projecting data into higher-dimensional feature spaces
without explicit transformation. Schélkopf and Smola (2002) describe in detail in their book

"Learning with Kernels" the theoretical and practical foundations of SVMs and related kernel
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methods. The most used kernels include linear, polynomial, and radial basis function (RBF)

kernels, each suited for different problem structures [30].

SVM is particularly effective in high-dimensional spaces and in cases where the number
of features exceeds the number of samples, such as in text classification and genomic studies. It
is also robust to overfit when parameters are properly tuned. However, limitations include high
computational cost on large datasets, sensitivity to kernel and parameter choices, and the
absence of native probabilistic outputs, which often require calibration, for example, Platt scaling
[29].

Applications of SVM include handwriting recognition, bioinformatics tasks such as protein
classification, and document categorization. Despite newer algorithms gaining popularity, SVM

remains a valuable method in domains with high-dimensional but relatively small datasets [29].

2.4.3. Random Forests

Random Forests were introduced by Breiman in 2001 as an extension of decision tree ensembles.
The algorithm constructs multiple decision trees; each trained on a bootstrap sample of the
dataset. At each node, only a random subset of features is considered for splitting, which
increases diversity among the trees. The final prediction is made by averaging predictions (in

regression) or by majority vote (in classification).

They offer numerous advantages. Are robust to overfitting, relatively easy to tune, and
capable of handling both numerical and categorical data. They also provide internal performance
estimates through out-of-bag errors and can produce measures of feature importance, which is

useful for exploratory data analysis [31].

Despite these strengths, Random Forests can be computationally demanding when the
number of trees is large, and their interpretability is more limited compared to simpler models.
Additionally, traditional feature importance metrics can be biased toward variables with more

categories or higher variance, as demonstrated by Strobl et al. (2007) [32].

Applications of Random Forests are broad, including disease prediction in healthcare,
ecological modeling for species distribution, and financial applications such as credit risk
assessment. Their combination of robustness and accuracy has made them a strong baseline

model in many applied research contexts [31].

2.4.4. AdaBoost

Adaptive Boosting, or AdaBoost, was introduced by Freund and Schapire in 1997 as one of the
first widely adopted boosting algorithms. Its principle is to combine multiple weak learners into a
single strong learner by training them sequentially. Each new model focuses more on instances

that previous models misclassified, thereby improving overall accuracy.

The theoretical appeal of AdaBoost comes from its close connection to margin theory,

similar in spirit to SVM. Research has shown that AdaBoost tends to improve generalization by
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increasing the margins of training examples. Its simplicity and relatively small number of

hyperparameters make it easy to implement and effective across diverse tasks.

Nevertheless, AdaBoost has important weaknesses. Because it increases the weight of
misclassified samples, it is highly sensitive to noise and outliers, which can harm generalization.

It can also overfit when complex base learners are used [33].

Historically, AdaBoost played a transformative role in computer vision, particularly in the
Viola-Jones face detection framework, which demonstrated its ability to perform real-time object
detection with limited computational resources. Today, although it has been largely surpassed by
gradient boosting methods, AdaBoost remains influential as the conceptual foundation of modern
boosting algorithms, as highlighted by Schapire and Freund (2012) in their book "Boosting:
Foundations and Algorithms" [34].

2.4.5. Extreme Gradient Boosting

Developed by Chen and Guestrin in 2016, is an efficient and scalable implementation of gradient
boosting machines originally introduced by Friedman in 2001. Like AdaBoost, XGBoost builds
ensembles sequentially, but instead of focusing solely on misclassified instances, it minimizes a

specified loss function by fitting trees to the residual errors of previous models.

XGBoost introduced several innovations that contributed to its success. These include
explicit regularization to prevent overfitting, shrinkage (a learning rate that scales the contribution
of each tree), subsampling of features and data to reduce variance, and parallelized tree
construction for scalability. Together, these features make XGBoost not only highly accurate but

also computationally efficient on very large datasets [35].

The strengths of XGBoost are well documented. It consistently outperforms many
competitors on structured/tabular data and has dominated predictive modeling competitions such
as Kaggle. It can naturally handle missing values, allows flexible loss function specification, and
scales effectively to millions of samples. Its weaknesses include high model complexity, a large
hyperparameter space, and reduced interpretability compared to simpler models. However,
modern interpretability frameworks such as Shapley Additive Explanations (SHAP) (Lundberg

and Lee, 2017) have made progress in addressing this limitation [36].

XGBoost has found applications in marketing (customer churn prediction), finance (credit
risk modeling), medicine (disease prognosis), and industrial systems (fault detection). Its
performance and flexibility have made it a standard in applied machine learning for tabular data
[35].

2.4.6. Comparative Discussion

Each of the four models reviewed here represents a significant milestone in the evolution of
supervised learning. SVMs emphasize theoretical rigor and perform especially well in high-
dimensional but small datasets. AdaBoost introduced a simple but powerful framework for

combining weak learners, though its sensitivity to noise limits its use in practice. Random Forests
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provide a balance between accuracy, robustness, and ease of use, making them a strong default
option for many tabular tasks. Finally, XGBoost represents the current state of the art in gradient

boosting methods, achieving high predictive accuracy and scalability at the cost of interpretability.

From the perspective of bias and variance, SVMs and AdaBoost are effective at reducing
bias but may struggle with variance in noisy datasets. Random Forests reduce variance by
averaging many diverse trees, while XGBoost achieves both low bias and controlled variance

through regularization and shrinkage, as described by Friedman (2001).

In terms of interpretability, SVMs with linear kernels and AdaBoost with simple stumps
are relatively transparent, whereas Random Forests provide partial interpretability through feature
importance measures. XGBoost is the least interpretable of the four, though modern

interpretability frameworks like SHAP have made progress in addressing this limitation.

Finally, scalability varies significantly. While SVMs struggle with very large datasets,
Random Forests and XGBoost scale much better, with XGBoost being particularly suited to large-
scale industrial applications. AdaBoost is efficient for small and medium-sized datasets but less

so for big data contexts.

2.5. Evaluation Metrics

The evaluation of machine learning models represents a cornerstone in the development of
effective intelligent systems. Evaluation metrics provide a rigorous quantitative basis for
assessing algorithmic performance, thereby enabling objective comparisons across diverse

methodological approaches.

In this study, five metrics were selected - Precision, Accuracy, Recall, AUC-ROC, and
F1-Score, as presented in Figure 2.1 - based on both the specific characteristics of the
classification task under consideration and the evaluation requirements of the project. This
methodological choice ensures a multidimensional assessment of model performance, capturing

distinct facets of predictive quality and establishing a robust foundation for the interpretation of

T
-\
N

F1-Score
2*P*RI/(P+R)

the empirical results.

FPR
FP [ (FP + TN)
AUC-ROC
TPR vs FPR

Figure 2.1 - Performance Metrics Framework Derived from Confusion Matrix.
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The confusion matrix constitutes the mathematical foundation for deriving binary
classification metrics utilized in this project. This two-dimensional matrix organizes model
predictions into four fundamental categories: True Positives (TP), True Negatives (TN), False
Positives (FP), and False Negatives (FN). The mathematical structure of this matrix enables
precise quantification of different types of classification errors, providing a robust statistical basis

for the implemented evaluation [37].

Precision represents the proportion of instances correctly classified as positive among all
positive predictions made by the developed model. Mathematically, it is defined as shown in

Equation 2.1:

Precision = TP 2.1
recision = TP T FP (2.1)

This metric was selected due to its relevance in evaluating the model's ability to minimize
false positives, a critical aspect in the specific context of the developed application. Precision
addresses the fundamental question: "What is the probability that a positive prediction is correct?"

being particularly valuable when costs associated with false positives are significantly high [38].

Accuracy quantifies the overall proportion of correct classifications relative to the total

instances evaluated in the test set. Its mathematical formulation according to Equation 2.2 is:

TP+TN
TP+TN+FP+FN

Accuracy = (2.2)

Despite presenting limitations in imbalanced datasets, accuracy was included as a
reference metric due to its intuitive interpretation and widespread use in literature, enabling direct

comparisons with other studies [39].

Recall measures the model's ability to correctly identify all positive instances present in

the test dataset. Its mathematical definition represented in Equation 2.3 is:

Recall = —F (2.3)
e = TP FN '

This metric was considered essential for the project due to the importance of minimizing
false negatives in the context of the developed application, where non-detection of positive cases

may carry significant consequences [39].

AUC represents the area under the ROC (Receiver Operating Characteristic) curve,
offering an integral assessment of the developed model's performance, independent of the
chosen classification threshold. This metric was selected for its ability to provide an aggregate

measure of performance across different decision thresholds [40].
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AUC value interpretation in the context of this project follows established conventions
[41]:

e AUC = 0.5: Random performance
e AUC € 0.7, 0.8]: Acceptable performance
e AUC €[0.8, 0.9]: Satisfactory performance

e AUC > 0.9: Excellent performance

The F1 Score constitutes the harmonic mean between precision and recall, providing a
unified metric that balances both components in evaluating the implemented model. Its

mathematical formulation, in Equation 2.4, is [42]:

F1§ 5 Precision X Recall 2.4)
=2 X .
core Precision + Recall

This metric was included for its relevance in evaluating models in contexts where both
precision and recall are equally important, providing a balanced measure of overall performance
[43].

Cross-validation (CV) addresses a critical challenge in predictive modeling: evaluating
model performance when test data is unavailable or limited. The technique operates by dividing
the dataset into multiple subsets, iteratively using different portions for training and validation to
obtain a comprehensive assessment of model accuracy. This approach serves three primary
purposes: estimating prediction errors, tuning hyperparameters, and selecting the most suitable

model among competing alternatives [44].

The fundamental goal of cross-validation is to provide an unbiased estimate of a model's
generalization performance - that is, its ability to make accurate predictions on unseen data. By
repeatedly training and testing the model on different data partitions, cross-validation reduces the
variance associated with a single train-test split and provides more reliable performance

estimates [45].

K-fold cross-validation represents the most widely adopted cross-validation strategy. The
methodology involves partitioning the dataset into k equally sized subsets or "folds". The model
training process then proceeds iteratively: in each of the k iterations, one-fold serves as the
validation set while the remaining k-1 folds constitute the training set. This process continues until

every fold has been used exactly once as the validation set.

The final performance metric is computed as the average of the k individual validation
scores, providing a robust estimate of model accuracy. Common choices for k include 5 or 10,
though the optimal value depends on dataset characteristics and computational constraints.
When k equals the number of samples in the dataset, the method is termed leave-one-out cross-

validation (LOOCYV), where each individual observation serves as the validation set once.

The k-fold approach offers several advantages over simple holdout validation. First, it

maximizes data utilization by ensuring that every observation is used for both training and
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validation. Second, it provides a more stable and less variable estimate of model performance
compared to a single train-test split. Third, it helps detect overfitting by evaluating the model on

multiple independent validation sets [44].

2.6. Related Work

The intersection of genomic data analysis and machine learning has revolutionized survival
prediction in lung carcinoma patients, generating substantial research focused on identifying
prognostic biomarkers and developing predictive models. This comprehensive review examines
recent advances in predicting both survival status (alive/dead) and survival time using genomic

features and supervised machine learning approaches.

Random Forest has emerged as one of the most successful algorithms for lung cancer
survival prediction. Yang et al. developed prediction models for recurrence and survivability in
lung adenocarcinoma (LUAD) and squamous cell carcinoma using The Cancer Genome Atlas
(TCGA) data, integrating genomic, clinical, and demographic data with copy number variation and
mutation information from 15 selected genes. Their RF-based approach demonstrated superior

performance in personalizing treatment decisions [46].

Chen et al. conducted a large cohort study identifying a novel prognosis prediction model
for LUAD through machine learning strategies, where they initially used three distinct algorithms
(sigFeature, random forest, and univariate Cox regression) to evaluate each gene's prognostic
relevance. After 100,000 iterations of model construction, they successfully built a 16-gene-based

prediction model capable of classifying LUAD patients into high-risk and low-risk groups [47].

A comprehensive meta-analysis by researchers comparing machine learning models for
lung cancer survival prognostication showed that machine learning models achieved a C-statistic
of 0.78 compared to 0.70 for traditional logistic regression models, demonstrating superior

discriminative ability [48].

In 2023, Kang et al. proposed a Generative Adversarial Network (GAN) based method to
generate synthetic data, using a divide-and-conquer strategy to preserve logical relationships
between variables. It was validated on three clinical datasets (NSCLC, breast cancer, and
diabetes). The presented method showed consistent improvements in classification model
performance, particularly in AUC-ROC, while reducing limitations such as data scarcity and class

imbalance, thus facilitating the application of ML in clinical contexts [49].
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CHAPTER 3

MATERIALS AND METHODS

Chapter 3 outlines the methodological foundation of this work. It details the characteristics
of the dataset, the design of the framework developed to address the research goals, the
preprocessing procedures applied to the data, and the machine learning models implemented

throughout the study.

A raw dataset comprising genetic mutation profiles of lung carcinoma patients, along with
their corresponding clinical outcomes in terms of survival, was compiled for this study. To improve
the robustness of the analysis, in collaboration with the clinician, the most discriminative clinical,
molecular, and pathological features were selected, discarding the less informative ones.
Subsequently, a set of machine learning algorithms was employed to model the relationship
between the mutational landscape and patient outcomes. Hyperparameter tuning (HT) was
conducted to optimize the performance of the algorithms and ensure the most suitable
configuration for predictive accuracy. The trained models were then applied to unseen mutation
data to estimate survival probability and classify patients into alive or death groups. Finally, the
predictive results were systematically examined to extract meaningful insights into the association
between specific genetic alterations and survival outcomes in lung carcinoma. The proposed

pipeline is represented in Figure 3.1.

Dataset Data Curation Apply ML Algorithms

=~ -

IRl R -

Analysis of Predicted Output Hyperparameter Tuning
Predicted Output

Figure 3.1 - Integrated Machine Learning Workflow for Prognostic Assessment.
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3.1. Dataset

Data on the molecular profile of metastatic NSCLC patients were retrospectively collected from 5
hospitals in the South of Portugal, including patients diagnosed between January 2016 and July
2021 with a targetable alteration detected in next-generation sequencing (NGS) or equivalent
method. Patients with incomplete clinical records or without histological confirmation were

excluded from the analysis.

In addition to the identification of key target mutations (EGFR, ALK, KRAS, BRAF, among
others), a broad set of demographic and clinical variables was recorded. These encompassed
age at diagnosis, sex, Eastern Cooperative Oncology Group Performance Status (ECOG-PS),
smoking history, tumor histology, clinical stage, metastatic sites, and PD-L1 expression, as well

as treatment regimens administered and corresponding outcomes.

To guarantee the reliability and integrity of the dataset, a comprehensive data curation
procedure was implemented. This process involved systematic data cleaning, identification and
management of missing values, detection of inconsistencies and potential entry errors, feature

selection and cross-validation against the original medical record.

The dataset included these variables:

a. Patient Demographics

« Age At Diagnosis: Age at the time of lung cancer diagnosis;

« Sex: Patient Sex;

+ ECOG-PS: Eastern Cooperative Oncologic Group - Performance Status;

* Smoking history.

b. Disease Characteristics

« Date Of Diagnosis: Date of initial diagnosis;

» Histology: Histological subtype (adenocarcinoma, squamous cell carcinoma, or other

rare subtypes);

» Stage: Clinical stage (according to the American Joint Committee on Cancer — Tumor
Node Metastasis (AJCC TNM) classification valid at the time of diagnosis);

» Burden of Metastatic Disease: Site of metastases (lung, central nervous system,

adrenal glands, bone, liver, others);
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» PD-L1 Expression: PD-L1 expression assessed by immunohistochemistry (0%, =1%,
or >50%).

. Primary Tumor Treatment Characteristics

« Type of treatment: (surgery; surgery plus (neo)adjuvant chemotherapy;
chemoradiotherapy; chemoradiotherapy plus immunotherapy; radiotherapy; surgery

plus adjuvant osimertinib; other);

» Treatment Discontinuation: Reason for treatment discontinuation (completion of

planned therapy, disease progression, toxicity, secondary malignancy, death, other).

. Central Nervous System (CNS) Disease Treatment

» Type of treatment: (surgery, stereotactic body radiotherapy [SBRT], whole-brain
radiotherapy, systemic therapy, other);

» DateCNSProg: Date of CNS progression.

. First-Line Treatment in Metastatic Disease

» TypeTreatment_1L: Therapeutic regimen used (chemotherapy, immunotherapy,

targeted therapy, radiotherapy, surgery, Palliative Care);

e Start and end dates of treatment;

+ Treatment response: Treatment response (complete response, partial response,

stable disease, or disease progression);

» Discontinuation: Reason for discontinuation (completion of planned therapy,

progression, toxicity, secondary malignancy, or death);

» Date of progression.

Subsequent Lines of Treatment (Second- and Third-Line Metastatic Therapy)

» TherapyReg: Therapeutic regimen (chemotherapy, immunotherapy, targeted therapy,
other);

e Start and end dates of treatment;
+ Treatment response: Treatment response (complete response, partial response,

stable disease, or disease progression);
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» Discontinuation: Reason for discontinuation (progression, toxicity, secondary

malignancy, or death);
» Date of progression;
» Date of last follow-up;
» Status: Survival status (alive or deceased);

» Date of death/last follow-up.

3.2. Design and Implemented Strategies

The methodological design of this study was structured around an integrated ML pipeline,
conceived to predict overall survival and, in an exploratory context, molecular profile in patients
with stage IV NSCLC harbouring molecular alterations. The development of this pipeline involved

four fundamental strategic dimensions [50]:

e Definition of a data preprocessing and feature representation strategy;

e Structured selection and optimization of supervised learning algorithms;

e Systematic design of mechanisms to address class imbalance;

e Establishment of an evaluation framework grounded in multiple performance metrics

appropriate for clinical applications.

3.2.1. Modeling Framework

The overall framework, represented in Figure 3.2., was conceived as a binary supervised
classification problem in which each patient is represented by a vector of clinical, pathological,
molecular, and therapeutic features, and the target variable corresponds to survival status (alive
vs. deceased) or, exploratorily, to the predominant actionable mutation category. This framework
was deliberately designed to reflect clinical decision-making: rather than focusing on a single data
domain, the models integrate heterogeneous information that is realistically available in oncology

practice.
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Figure 3.2 - Framework of Data Preprocessing, Analysis, and Model Evaluation

The dataset was divided into training and test subsets using a stratified 80/20 split,
ensuring preservation of the original class distribution. Within the training subset, models were
developed, optimized, and internally validated using stratified 10-fold cross-validation. The
independent test subset was reserved for final performance evaluation, thus providing an

unbiased estimate of generalization to unseen patients.

3.2.2. Data Preprocessing and Feature Representation

The preprocessing strategy was defined beforehand to ensure methodological consistency
across all models. Continuous variables (e.g., age at diagnosis) and ordinal clinical scales (e.g.,
ECOG-PS) were standardized using z-score normalization (StandardScaler), ensuring that each
feature presented zero mean and unit variance. This step was considered vital given the
heterogeneity of variable scales, particularly for algorithms sensitive to feature scaling such as
SVM.

Categorical variables (e.g., histology, smoking history, treatment type) were transformed
into numerical representations compatible with the learning algorithms. Nominal variables were
encoded as integers (LabelEncoder). Variables with extensive missing data or limited clinical
relevance were excluded during a preliminary feature selection phase, while key prognostic
factors identified in the literature (e.g., burden of metastatic disease, and PD-L1 expression) were

retained to ensure that the models remained aligned with current clinical knowledge.

This preprocessing pipeline was implemented in a modular manner so that the same
sequence of transformations could be consistently applied to both training and test data, therefore

preventing information leakage and ensuring full reproducibility of the analyses.
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3.2.3. Model Selection

Four supervised classification algorithms were selected to model survival and molecular profile:
SVM, RF, XGBoost, and AdaBoost. These models were chosen for their complementary

properties and extensive validation in structured clinical datasets.

e SVM was included as a large-margin classifier particularly suited to high-dimensional
spaces and relatively small sample sizes;

e Random Forest represents a robust, non-parametric ensemble method capable of
modeling complex non-linear interactions;

e XGBoost was selected as a gradient boosting implementation, recognized for its high
predictive performance on tabular data and ability to handle heterogeneous feature types;

e AdaBoost was incorporated as a boosting algorithm with a distinct learning dynamic,
focusing sequentially on misclassified instances and thus providing a useful point of

comparison with both Random Forest and XGBoost.

Hyperparameter optimization for each model was performed using grid search embedded
in a stratified 10-fold cross-validation scheme, with F1-score defined as the primary optimization
metric. This procedure ensured systematic exploration of the hyperparameter space and reduced
the risk that identified differences between algorithms would be driven by sub-optimal

configurations rather than by intrinsic model capabilities.

3.2.4. Strategies to Adress Class Imbalance

An important consideration in this work was the pronounced class imbalance observed in the
survival outcome, with a clear predominance of deceased patients (n=232) over survivors (n=43),
as well as in several mutational categories. To address this issue, three complementary strategies

were implemented and compared:

In the first approach (baseline), the models were trained on the original, imbalanced
dataset, serving as a reference that reflects the natural distribution of outcomes but is known to

bias learning towards the majority class.

The SMOTE technique was applied in the second approach, exclusively to the training
folds, generating synthetic instances of the minority class through interpolation between nearest
neighbours. This strategy aimed to improve the models’ ability to detect the minority class while

preserving the overall structure of the feature space.

Finally, in the third approach, SMOTE was combined with data augmentation using
Conditional Tabular Generative Adversarial Network (CTGANSynthesizer). For each class, a
CTGAN-based synthesizer was trained to learn the conditional probability distribution,
considering both numerical and categorical variables and enforcing clinically admissible value
ranges. Synthetic samples were then generated to equalize the size of all classes, thereby

producing fully balanced training datasets. This combined strategy was designed to test whether
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modelling a balanced and augmented distribution of patients could improve the discriminative

performance of the algorithms without compromising clinical validity.

By comparing these three approaches across all algorithms, the study evaluates the
impact of different class imbalance mitigation strategies on survival prediction and molecular

profile classification.

3.2.5. Performance Evaluation

Model performance was evaluated using a set of complementary metrics derived from
the confusion matrix: accuracy, precision, recall, and F1-score, together with AUC-ROC. Given
the asymmetric clinical consequences of incorrectly classifying the minority class, particular
emphasis was placed on recall and F1-score, which more adequately capture the balance
between sensitivity and precision in imbalanced settings. ROC curves and confusion matrices
were additionally inspected to provide more granular understanding of error patterns and

trade-offs between sensitivity and specificity.

3.3. Preprocessing

The initial stage of dataset preprocessing involved several systematic steps to ensure data
integrity, consistency, and preparation for analysis. The original dataset, stored in Comma-
Separated Values (CSV) format, was imported into a Pandas DataFrame. Initially it contained 69
columns and 529 rows encompassing clinical, demographic, and molecular data from lung
carcinoma patients. Each variable was examined to determine its data type (integer, floating-

point, or object) and level of data integrity.

To streamline the dataset, several columns that stored numeric information as object
types, including age at diagnosis, smoking history, ECOG-PS, clinical stage (ESTADIOCAT),
histology, and number of metastatic sites, were converted to floating-point values. Any formatting
inconsistencies or conversion errors were handled through coercion of invalid entries into missing

values (NaN), thus ensuring consistency and reliability for subsequent analyses.

Patterns with data missing were carefully reviewed, and the dataset was improved by
retaining only variables with adequate data coverage (more than 340 valid entries per column).
Columns with sparse data were removed to improve analytical rigor. Clinically significant date
variables were standardized to a uniform datetime format, allowing the derivation of new time-
based metrics, including overall survival and follow-up time, which were added as additional

variables.

Rows with critical missing values were excluded, resulting in a clean dataset ready for

modeling and analysis.

Following this initial phase of data cleaning and structuring, attention turned to exploratory

variable analysis and preparatory transformations. The intermediate dataset comprised 48
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columns and 275 patient records, encompassing demographic, clinical, molecular, and

therapeutic information.

Finally, exploratory data analysis was performed using frequency counts for key
variables, including gender, smoking history, ECOG-PS, histology subtype, number of genetic

alterations, PD-L1 expression, number and location of metastatic disease, and survival status.

3.4. Classification Models and Technical Implementation

This research employed supervised classification algorithms implemented in Python (Anaconda
Inc.), leveraging the Scikit-Learn library and the imbalanced-learn package to address dataset
imbalances through SMOTE augmentation. The project implementation was based on a set of
libraries: Pandas for data manipulation, NumPy for numerical operations, Scikit-learn for algorithm
implementation, imbalanced-learn (imblearn) for SMOTE, Synthetic Data Vault (SDV) for
CTGANSynthesizer, and Matplotlib for visualization.

3.4.1. Pipeline Architecture and Data Flow

Each model follows a structured pipeline architecture that chains transformations sequentially:
raw data pass through the StandardScaler (normalization), then through SMOTE, applied only to
training data, and finally reach the classifier. This design ensures that all transformations are
applied consistently and reproducibly, using ImbPipeline to correctly integrate SMOTE into the

cross-validation workflow, thereby preventing information leakage.

The dataset was first divided into training and test subsets using a stratified 80/20
(train/test) split to preserve class proportions. To address the imbalance in the target classes,
SMOTE was applied exclusively to the training subset, generating synthetic samples for the

minority class and thus improving model training.

Model performance was evaluated on the test set using multiple metrics: accuracy,
precision, recall, F1-score, and AUC-ROC. Confusion matrices were also plotted to visually

assess classification errors and true positive rates.

3.4.2. Hyperparameter Optimization via Grid Search

To optimize hyperparameters, both Grid Search and cross-validation were employed with a
stratified 10-fold scheme, optimizing the F1-score to balance the precision-recall trade-off.
Parameter grids included variations in the regularization and kernel parameters for SVM, number

of estimators and tree depth for RF and XGBoost and learning rates and estimators for AdaBoost.
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In the SVM model, it was used three parameters for HT, as presented in Table 3.1.

Table 3.1 - Hyperparameter optimization parameters (Grid Search) for the Support Vector Machine

algorithm
Parameter Description Values Used
Controls the trade-off between maximizing the margin
Cc 0.1, 1,10, 100
and minimizing classification errors
‘scale’, ‘auto’, 0.1,

gamma Defines the influence range of each training point

0.01, 0.001
kernel Defines the function mapping data to higher dimensions ‘rbf’, ‘poly’

Table 3.2 presents the five parameters used for HT in the RF model.

Table 3.2 - Hyperparameter optimization parameters (Grid Search) for the Random Forest algorithm

Parameter

Description

Values Used

n_estimators

Number of trees in the forest

50, 100, 200, 300

max_depth Maximum depth each tree can grow None, 5, 10, 15, 20
min_samples_split Minimum samples required to split a node 2,5,10
min_samples_leaf Minimum samples required in a leaf node 1,2, 4
max_features Number of features considered for splits ‘sqrt’, ‘log2’

The XGBoost model employed three parameters for HT, as shown in Table 3.3.

Table 3.3 - Hyperparameter optimization parameters (Grid Search) for the XGBoost algorithm

Parameter

Description

Values Used

n_estimators

Number of boosting rounds (trees) to build

100, 200, 300

max_depth

Maximum depth of each tree

3,5,7,9

learning_rate

Controls the contribution of each tree

0.01, 0.05,0.1,0.2

min_child_weight

Minimum sum of instance weights in a child node

1,3,5

subsample

Fraction of training data used for each tree

0.6,0.8,1.0
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Two parameters for HT were utilized in the AdaBoost model, as demonstrated in Table
3.4.

Table 3.4 - Hyperparameter optimization parameters (Grid Search) for the AdaBoost algorithm

Parameter Description Values Used
n_estimators Number of boosting iterations 50, 100, 200, 300
learning_rate Controls the contribution of each weak learner 0.5,1.0,1.5
algorithm Boosting strategy ‘SAMME’, ‘'SAMME.R’

3.4.3. Synthetic Data Generation for Class Balancing

For the exploratory analysis of mutational status prediction, a categorical variable named
"MutationalStatus" was created in the dataset. In the original dataset, all mutations were coded
in binary format (0/1) in individual columns (EGFR, KRAS, ALK, BRAF, ROS1, NTRK, MET,
HER2, RET, and others). However, multiclass classification requires a single categorical variable

as target, consolidating information dispersed across multiple columns.

To address this requirement, was implemented the following strategy. For each patient, the

primary mutation was identified following a clinical priority hierarchy:
1. EGFR ; 2. KRAS ; 3. ALK ; 4. Other (BRAF, ROS1, NTRK, MET, HER2, RET)

This hierarchy reflects current clinical practice, where therapeutic selection prioritizes the

most clinically relevant mutation in cases of multiple genetic alterations.

Application of this procedure to N=275 patients with valid mutational status data produced

the following distribution:

e EGFR: 105 patients (38.4%);
e KRAS: 90 patients (32.8%);
e ALK: 19 patients (6.9%);

e Other: 60 patients (21.9%).

One patient presented no recorded mutation and was therefore excluded from this analysis.

All remaining mutations not explicitly included in the hierarchy (BRAF, ROS1, NTRK, MET,
HER2, RET, and rare variants) were consolidated in the "Other" category, resulting in a
categorical variable suitable for multiclass modeling. This approach consolidates dispersed binary
information into a single target variable, enabling multiclass classification. However, it implies loss

of information regarding co-mutations.

The exploratory mutational status prediction analysis employed identical methodology to the

primary survival analysis, differing only in the target variable definition. Specifically, same feature
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set, preprocessing, class imbalance correction strategies (two-stage approach), cross-validation
(10-fold stratified), classification algorithms (SVM, RF, XGBoost, AdaBoost), hyperparameter
tuning (Grid Search with identical parameter spaces), and evaluation metrics.

Class imbalance requires data augmentation strategies. Synthetic samples were generated
from both the minority and majority classes to achieve equal numbers of instances for both.
CTGAN was employed, specifically through the CTGANSynthesizer from the SDV library.
CTGANSynthesizer was selected because it learns the joint distribution of features while
preserving correlations between variables; automatically handles mixed data types (continuous
and categorical); and imposes data integrity constraints ensuring that values remain within

specified ranges.

3.4.3.1. Procedure Used for Creation of Synthetic Data

The first step involved stratifying the dataset by the target variable. For the exploratory analysis,
the EGFR class contained N=105 patients, the KRAS class contained N=90 patients, the ALK
class contained N=19 patients, and the Other class contained N=60 patients. Each class was

processed independently, enabling selective augmentation of minority classes.

In the second step, for each class, metadata was automatically detected from the data
through a procedure that identifies data types (integer, floating-point, categorical) for each
column, statistical properties (minimum, maximum, mean, standard deviation) for numerical

variables, and unique values with their frequencies for categorical variables.

In step three, the synthesizer was initialized with the following hyperparameters and
constraints: enforce_min_max_values set to True to ensure that generated values remain within
the ranges of each variable; enforce_rounding set to True to ensure that if original values are
integers without decimal places, synthetic data maintains this precision; epochs set to 300
representing the number of training iterations; and verbose set to True to monitor data
convergence. The enforce_min_max_values=True constraint is critical for medical data, avoiding
generation of biologically implausible values (for example, age greater than 120 years) where out-

of-range values have no clinical interpretation.

Subsequently, the CTGANSynthesizer was fitted to each class's data through a procedure
that trains the neural network to learn the conditional probability distribution of each class, with

training converging when discriminator and generator losses stabilize.

Following training, synthetic samples were generated with specific quantities to achieve
multiclass balance. Specifically, 45 synthetic samples were generated for EGFR (105 original +
45 synthetic = 150 total), 60 synthetic samples for KRAS (90 original + 60 synthetic = 150 total),
131 synthetic samples for ALK (19 original + 131 synthetic = 150 total), and 90 synthetic samples
for Other (60 original + 90 synthetic = 150 total). Generated samples had the target class label

re-appended.

Original and synthetic data were concatenated into a single augmented matrix.
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Finally, validation procedures were performed to ensure quality of synthetic data. In the range
verification validation, for each numerical feature, the ranges of synthetic values were compared
to original values by checking whether the minimum and maximum of synthetic data remained
within [minimum_original, maximum_original]. In the descriptive statistics comparison validation,
descriptive statistics (mean, median, standard deviation, minimum, maximum, quartiles) of

synthetic data were compared to original data.

For the primary analysis of survival outcome prediction, an equivalent methodology to that
described for the exploratory analysis was applied, differing only in the target variable definition.
The extreme imbalance of the minority class (only 43 alive patients out of 275) required data
augmentation strategies. Synthetic samples were generated from both classes (deceased and

alive) to achieve equal numbers of instances.

43 synthetic samples were generated for class 1 (Deceased: 232 original + 43 synthetic =
275 total) and 232 synthetic samples were generated for class 0 (Alive: 43 original + 232 synthetic

= 275 total), totalling 550 data instances.
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CHAPTER 4

RESULTS AND DISCUSSION

This chapter presents the results of statistical analysis and predictive classification models
developed to predict survival outcomes in patients with NSCLC with actionable molecular
alteration using machine learning algorithms. The statistical analysis involved a comprehensive
exploration of relationships between survival outcomes (alive vs. deceased) and a range of
clinical, demographic, and pathological variables. This analysis applied descriptive statistics,
correlation analysis, and classification modeling techniques to elucidate patterns and associations

within the data that determine NSCLC prognosis.

For developing predictive models of survival, four machine learning algorithms were
utilized: Support Vector Machines, Random Forest, XGBoost, and AdaBoost. The algorithms
were trained on a subset of data and subsequently evaluated for their predictive capacity on
independent test samples, utilizing 10-fold cross-validation. Performance of the models was

evaluated using multiple classification metrics appropriate for clinical prognosis prediction.

The results of the developed classification models are presented in detail in this chapter,
including: (i) sample characterization and outcome distribution; (ii) comparative performance of
predictive models through confusion matrices and ROC curves; (iii) quantification of discriminative
capacity of each algorithm; and (iv) identification of significant prognostic factors associated with
survival in NSCLC.

4.1. Statistical Analysis

In the final analysis, shown on Figure 4.1, 275 patients with advanced NSCLC and a targetable
molecular alteration were included, predominantly male with a history of smoking (n=186, 67.6%).
This reflect the traditional epidemiology and risk factors associated with NSCLC, although, in

recent years an increase in incidence has been among women and non-smokers.

29



Variables

Total Dataset (n = 275)

Age at Diagnosis 65.5 + 11.35
Sex
Male 165 (60 %)
Female 110 (40 %)

Smoking History

Yes 186 (67.64 %)
No 89 (32.36 %)
PS ECOG
0 75 (27.27 %)
1 131 (47.64 %)
2 55 (20 %)
3 12 (4.36 %)
4 2(0.73 %)
Histology
Adenocarcinoma 253 (92 %)
Squamous Cell Carcinoma 10 (3.64 %)
Adenosquamous 4 (1.45 %)
Other 8 (2.91 %)
Number of Genes with Alterations
1 220 (80 %)
2 45 (16.36 %)
3 8 (2.91 %)
4 1(0.36 %)
9 1(0.36 %)
PDL1 Expression
<1% 105 (38.18 %)
1% - 49% 57 (20.73 %)
250% 68 (24.73 %)
Unknown 45 (16.36 %)

Figure 4.1 - Demographic and clinicopathological
distribution of the study cohort (n=275 patients with stage IV
NSCLC)

Performance Status was assessed according to the ECOG scale. Most patients present
preserved or mildly impaired functional status (n=206, 74.9%), with 75 patients (27.3%) classified
as ECOG-PS of - 0 and 131 patients (47.6%) as ECOG-PS of - 1. A further 55 patients (20.0%)
exhibited ECOG-PS 2, while 12 (4.4%) and 2 (0.7%) patients were classified as ECOG-PS 3 and
ECOG-PS 4, respectively. These findings indicate that most patients maintained a good general
condition at the time of diagnosis, which may represent a favorable prognostic factor for treatment

response and overall outcomes.

Histologically, there was a clear predominance of adenocarcinoma, identified in 253
patients (92.0%), followed by squamous cell carcinoma in 10 patients (3.6%), other histological
types in 8 patients (2.9%), and large cell or unspecified carcinoma in 4 patients (1.5%). These
are consistent with the epidemiological profile of NSCLC, in which adenocarcinoma is the most
frequent histological subtype overall, particularly among patient harboring targetable molecular

alterations.
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Regarding molecular status, most patients present a single gene alteration, (n=220,
80.0%), suggesting a dominant oncogenic driver in most of the cases. In the other patients, 45
(16.36%) show alterations in two genes and 8 (2.91%) in three genes, one (0.36%) in 4 genes,

and another (0.36%) in 9 mutated genes.

PD-L1 expression has a heterogeneous distribution, with 105 patients (38.18%) with PD-
L1 <1%, 57 patients (20.73%) with expression between 1-49%, 68 patients (24.73%) with PD-L1
250%, and 45 patients (16.36%) with unknown PD-L1 expression. This stratification assumes
particular importance for guiding first-line treatment, especially in patients without target mutations
or less common target mutations, where immunotherapy with anti-PD1/PDL1 and anti-CTL4 can

be done in combination with chemotherapy or in monotherapy if PD-L1 25.

The burden of metastatic disease in this cohort reveals a spectrum of disease
dissemination (Figure 4.2): 36.73% of patients presented with metastatic involvement confined to
a single site, while 33.45% had metastases in two sites. A smaller but significant proportion
exhibited more extensive spread, with 17.09% having three metastatic sites, 8.36% with four sites,
and 3.64% presenting metastases in five sites. Only one patient (0.36%) demonstrated metastatic
disease in six distinct sites, and a single case had no documented distant metastases, potentially

representing locally advanced unresectable disease. All the data are represented in Figure 4.2.

Variables Total Dataset (n = 275)

Burden of Metastatic Disease

0 1(0.36 %)

1 101 (36.73 %)

2 92 (33.45 %)

3 47 (17.09 %)

4 23 (8.36 %)

5 10 (3.64 %)

6 1(0.36 %)
MTxLymphNodes 71 (25.82 %)
MTxCentralNervousSystem 78 (28.36 %)
MTxSupraRenal 41 (14.91 %)
MTxLiver 41 (14.91 %)
MTxBone 114 (41.45 %)
MTxPleural 86 (31.27%)
MTxLung 105 (38.18 %)

Figure 4.2 - Distribution of metastases and metastatic burden
in the cohort.

The distribution of metastatic sites are in line with well-described hematogenous
dissemination patterns typical of NSCLC. Bone is the most frequently affected site, involved in
41.45% of patients, followed by pulmonary metastases (38.18%) and pleural involvement

(31.27%). Central nervous system (CNS) metastases occurred in 28.36% of patients, while
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distant lymph node metastases and metastases to the liver and adrenal glands affected
approximately 25.82% and 14.91% of patients, respectively. This pattern holds important
prognostic and therapeutic implications.

Emerging evidence suggests that metastatic patterns may differ according to molecular
tumor profiles, with certain driver mutations conferring specific organotropism. For example,
tumors harboring EGFR mutations or ALK rearrangements more frequently metastasize to the
brain and bone, while KRAS-mutated tumors show a predilection for other metastatic sites.
Incorporating molecular data into the analysis of metastatic burden not only refines
prognostication but also potentially guides the application of site-directed therapies and

surveillance strategies.

Detailed analysis of specific molecular alterations (Figure 4.3) shows that KRAS mutation
constitute the most frequent oncogenic driver in this cohort, present in 98 patients (35.64%). This
prevalence aligns well with published literature reporting KRAS mutation rates ranging from
approximately 25% to 35% in European NSCLC populations. ALK rearrangements were identified
in 20 patients (7.27%), consistent with the generally reported prevalence of 3-7% worldwide.
BRAF mutations (4.36%), MET alterations (4.73%), HER2 amplifications or mutations (4.73%),
RET fusions (1.45%), and ROS1 rearrangements (1.82%) were within expected ranges. No
NTRK fusions were detected, as expected given their rarity (<1%). Additionally, 56 patients
(20.36%) harbored other molecular alterations, reflecting the characteristic heterogeneity of
NSCLC [51].

Variable Total dataset (n=275)
KRAS G12C 98 (35.64 %)
EGFR
EGFR_del_ex19 37 (13.45 %)
EGFR_L858R_ex21 41 (14.91 %)
EGFR_T790M 1(0.36 %)
EGFR _insex20 4 (1.45 %)
EGFR_ex21 5(1.82 %)
EGFR_ex20 7 (2.55 %)
EGFR_ex19 1(0.36 %)
EGFR _ex18 9 (3.27 %)
EGFR_other 7 (2.55 %)
EML4-ALK 20 (7.27 %)
MET_skippingex14 13 (4.73 %)
HER2 13 (4.73 %)
BRAF_V600E 12 (4.36 %)
ROS 5(1.82 %)
RET 4 (1.45 %)
NTRK 0 (0%)
Other 56 (20.36 %)

Figure 4.3 - Analysis of the molecular profile of the study
cohort.
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Regarding EGFR gene mutations, an overall prevalence between 13.45% and 14.91% is
observed, considering different categorizations. Analysis by specific exons reveals that mutations
in exon 21, corresponding to the L858R mutation, are present in 41 patients (14.91%), while
deletions in exon 19, the most frequent, were identified in 37 patient (13.45%). Insertions in exon
20 occur in 4 patients (1.45%), other mutations in exon 20 in 7 patients (2.55%), mutations in
exon 18 in 9 patients (3.27%), and other rare EGFR mutations in 7 patients (2.55%). This
prevalence aligns with reported rates in Caucasian populations, where EGFR mutations in
NSCLC generally range between 10-15%, distinctly lower than in East Asian populations, where

prevalence can reach 40-60% [52].

The distribution of first-line treatment types (Figure 4.4) in this advanced NSCLC cohort
demonstrates a diverse therapeutic landscape across the 275 patients. Chemotherapy was the
most frequently applied modality, administered to 140 patients (50.91%), representing the
standard-of-care approach for a substantial portion of the population. Combined chemo and
immunotherapy represented the second most common strategy, employed in 88 patients (32.0%),
reflecting the increasing integration of immunotherapeutic agents into first-line management.
Targeted therapy addressing specific molecular alterations was utilized in 19 patients (6.91%),
while immunotherapy as monotherapy was administered to 6 patients (2.18%). Radiotherapy was
applied in 8 patients (2.91%), and combined chemo and radiotherapy was implemented in 3
patients (1.09%). Palliative care, representing the least frequent intervention, was documented in
6 patients (2.18%), often reflecting patients with extensive disease burden or poor performance

status precluding active treatment.

Variables Total Dataset (n = 275)
Type of Treatment in First Line

Radiotherapy 8 (2.91 %)
Chemotherapy 140 (50.91 %)
Chemo & Immunotherapy 11 (4 %)
Targeted Therapy 88 (32 %)
Immunotherapy 19 (6.91 %)
Palliative Care 6 (2.18 %)
Chemo & Radiotherapy 3 (1.09 %)

Figure 4.4 - Treatments administered as first-line care in
metastatic disease.

This treatment pattern reflects the increasing use of precision medicine, with a substantial

proportion of patients receiving targeted therapy based on molecular profiling [53], [54].

During the follow-up period, 232 patients (84.36%) died, while 43 patients (15.64%)
remained alive at the date of last record. This high mortality rate reflects the aggressive nature of

advanced disease and constitutes an indicator of the generally reserved prognosis of metastatic
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stage NSCLC, although the follow-up period and time since diagnosis are determining factors for

proper interpretation of this indicator.

The correlation analysis (Table 4.1) between clinical, demographic, and molecular
variables with patient status revealed a spectrum of associations ranging from moderate positive
correlations to moderate negative correlations, with no strong correlations identified in either
direction. Of the 33 variables analysed, 22 showed positive correlations with mortality and 11
demonstrated negative correlations, suggesting that certain characteristics are associated with
worse prognosis while others may confer relative protection or reflect more effective therapeutic

strategies.

Table 4.1 - Correlation coefficients between clinicopathological and molecular variables and mortality.

Features Status | Features Status
PS ECOG 0.2204 | EGFR_T790M 0.0260
Sex 0.1594 | EGFR_insex20 0.0523
Age at Diagnosis 0.1133 | EGFR_ex21 -0.0164
Smoking History 0.0018 | EGFR_ex20 0.0696
Histology 0.0445 | EGFR_ex19 -0.1403
Burden of Metastatic Disease 0.1580 | EGFR_ex18 0.0792
MTxLung 0.0086 | EGFR_other 0.0060
MTxLiver 0.0959 EML4-ALK 0.0049
MTxBone 0.1794 | MET_skippingex14 0.0015
MTxSupraRenal 0.0116 | HER2 -0.0928
MTxLymphNodes 0.0938 | BRAF_V600E 0.0430
MTxPleura 0.0313 | ROS -0.0164
MTxCentralNervousSystem -0.0401 | RET -0.0313
Number of Genes with Molecular 00832 | NTKR NaN
Alteration

KRAS G12C 0.0694 | Other -0.0061
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EGFR_del_ex19 L0.0063 | 1YPe of Treatment in -0.0714

First Line

EGFR_L858R_ex21 -0.0166 | PDL1 Expression 0.0115

ECOG Performance Status emerged as the variable with the most positive correlation
with mortality, presenting a coefficient of 0.220. This association is clinically expected and well
established in the literature, as compromised functional status reflects not only tumor burden but
also the patient's physiological reserve to tolerate the disease and treatments, consistently
constituting one of the most important prognostic factors in advanced NSCLC [55]. The magnitude
of this correlation, although moderate, exceeds all other variables in the analysis, underlining its
independent prognostic relevance. Multiple studies have documented that patients with ECOG
Performance Status =2 present significant reductions in response rates, progression-free survival,

and overall survival compared with those with ECOG 0-1 [56].

Bone metastases demonstrated the second strongest positive correlation with mortality,
with a coefficient of 0.179. This finding is consistent with literature documenting bone metastases
as an indicator of advanced disease and associated with significant morbidity, including pain,
pathological fractures, and compromised quality of life, in addition to frequently reflecting greater
systemic tumor burden. Male sex presented a positive correlation of 0.159 with mortality,
suggesting a possible worse prognosis in men, a finding that may be related to differences in
tumor biology, more prevalent comorbidities, greater accumulated tobacco exposure, or
differences in treatment response. The number of metastatic sites demonstrated a correlation of
0.158, confirming that the extent burden of metastatic disease constitutes an adverse prognostic
indicator, as a greater number of affected sites generally reflects greater tumor aggressiveness

and higher disease burden [57].

Age at diagnosis presented a moderate positive correlation of 0.113 with mortality, an
expected result considering that older patients frequently present more comorbidities, lower
functional reserve, and may have limited access to more aggressive or intensive treatments. Liver
metastases showed a correlation of 0.096, which is consistent with the fact that hepatic
involvement generally indicates disseminated disease and is associated with worse prognosis.
Similarly, distant lymph node metastases presented a correlation of 0.094, reflecting extensive

lymphatic dissemination that usually indicates more advanced stage.

In the domain of specific EGFR gene molecular alterations, mutations in exon 18
demonstrated a weak positive correlation with mortality (coefficient 0.079), followed by mutations
in exon 20 (0.070) and insertions in exon 20 (0.052). While exon 20 insertions historically confer
resistance to first- and second-generation EGFR tyrosine kinase inhibitors (TKIs) and associate
with poorer prognoses relative to classic sensitizing mutations, therapeutic options have recently

improved considerably. Amivantamab, a bispecific antibody targeting EGFR and MET, is Food
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and Drug Administration (FDA) approved for advanced NSCLC harboring EGFR exon 20
insertions post platinum chemotherapy. Clinical studies such as CHRYSALIS and PAPILLON
demonstrate amivantamab plus chemotherapy achieves overall response rates near 40% and
prolonged progression-free survival compared to chemotherapy alone, representing a substantial

clinical advance for this rare subgroup.

Itis important to underline that truncal exon 20 insertions remain uncommon, and patients
harboring these mutations are underrepresented in major clinical trials, highlighting an ongoing

need for tailored research and treatment strategies in this population [58].

KRAS mutations presented a positive correlation of 0.069, which may reflect the clinical
context at the time of treatment, when effective targeted therapies for this alteration were not yet
available. Currently, targeted agents specifically designed for KRAS G12C mutations, have been
approved and have demonstrated substantial survival benefits, potentially altering the prognostic

and therapeutic implications of KRAS mutations in contemporary clinical practice [59].

BRAF mutations, particularly the V600E variant, demonstrated a modest positive
correlation of 0.043 with mortality. It is important to note that targeted therapies for BRAF V600E
mutations, such as BRAF and MEK inhibitors, are currently approved and have significantly
improved the prognosis for these patients. Pleural metastases showed a weaker positive
correlation with mortality (0.031). Other variables such as PD-L1 expression, adrenal and lung
metastases, histological subtype, and other molecular alterations such as ALK and MET
mutations, as well as smoking history, exhibited very weak correlations close to zero. This
suggests that their isolated influence on vital outcomes is limited or may be modulated by other
factors, including access to specific targeted therapies and the relatively low prevalence of these
alterations in the cohort. For example, ALK rearrangements are generally considered a favorable

prognostic factor, while MET alterations are often linked to poorer outcomes.

In the negative correlation spectrum, the variable with the greatest magnitude was the
presence of deletions in EGFR exon 19, with a coefficient of -0.140. This substantial negative
correlation is highly consistent with scientific literature, as exon 19 deletions, together with the
L858R mutation in exon 21, constitute the classic sensitizing EGFR mutations that respond
effectively to tyrosine kinase inhibitors, conferring significant survival benefit to patients harboring
these alterations [60]. The magnitude of this negative correlation reinforces the favorable
prognostic value associated with identifying this mutation and subsequent access to targeted

therapies.

HER2 amplifications or mutations presented a negative correlation of -0.093 with
mortality, followed by the total number of mutated genes identified by NGS with a coefficient of -
0.083. While this latter finding may suggest that patients harboring multiple molecular alterations
benefit from access to a wider array of targeted therapies or clinical trials, caution is warranted in
interpretation. At the time when these patients were treated, targeted therapies for HER2
alterations were not yet available, likely contributing to poorer outcomes for this subgroup.

Additionally, HER2-altered NSCLC patients represent a relatively small cohort, which may also
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explain the limited statistical correlations observed. Treatment type demonstrated a negative
correlation of -0.071, suggesting that certain therapeutic modalities, probably targeted therapies

and immunotherapy in selected populations, are associated with better survival outcomes [61].

Central nervous system metastases presented a negative correlation of -0.040, a result
that may initially seem counterintuitive given that CNS involvement is generally considered an
adverse prognostic factor. However, this finding may reflect recent advances in the management
of brain metastases, including stereotactic radiotherapy, neurosurgery in selected cases, and the
fact that certain targeted therapies, particularly third-generation tyrosine kinase inhibitors for
EGFR mutations and new-generation ALK inhibitors, demonstrate good CNS penetration and

efficacy in controlling brain metastases [62].

RET rearrangements presented a negative correlation of -0.031, as did the L858R
mutation in EGFR exon 21 with -0.016 and ROS1 rearrangements also with -0.016. These
negative correlations are consistent with the availability of highly effective targeted therapies for
these molecular alterations, including selpercatinib and pralsetinib for RET fusions, and crizotinib,
entrectinib, and other ROS1 inhibitors, which have demonstrated significant survival benefits in
these molecular subgroups. EGFR exon 21 L858R and EGFR exon 19 deletion, categories
presented very weak negative correlations of -0.017 and -0.006 respectively, as did other

unspecified molecular alterations with -0.006 [61].

It is important to note that the NTRK variable did not present a calculable correlation due
to the absence of positive cases in the sample, which is consistent with the extreme rarity of these
fusions in NSCLC. Smoking history demonstrated a practically null positive correlation of 0.002,
suggesting that, although it is the main risk factor for NSCLC development, its influence on

prognosis after diagnosis is limited when adjusted for other clinical and molecular variables [63].

The global correlation analysis reveals a mean of 0.029 and median of 0.012, with
standard deviation of 0.080, evidencing an asymmetric distribution with a slight predominance of
positive correlations. The correlation coefficient ranged from -0.140 for EGFR exon 19 to 0.220
for ECOG-PS, demonstrating a moderate spectrum of associations. The absence of robust
correlations suggests that vital outcome in advanced NSCLC is multifactorial, resulting from the
complex interaction between host characteristics, tumor biology, metastatic dissemination

pattern, and access to appropriate therapies.

4.2. Machine Learning Analysis

Following characterization of the study cohort, four classification algorithms (SVM, Random
Forest, XGBoost, AdaBoost) were optimized via 10-fold cross-validation and Grid Search

hyperparameter tuning to predict survival outcomes.

As a secondary exploratory analysis, multiclass models were developed to predict
mutational status (EGFR, KRAS, ALK, Others) from clinical data.
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4.2.1 Survival Prediction: First Approach

The presented results in Table 4.2 and Figure 4.5, reveal a uniform and potentially concerning
pattern that warrants careful discussion: all four algorithms (SVM, Random Forest, XGBoost, and
AdaBoost) demonstrated identical or nearly identical performance on training metrics (CV F1-
score = 0.918), but show variability in test results, particularly in metrics such as AUC-ROC and
recall. This phenomenon suggests possible systematic distortion in either the data or model

evaluation.

Table 4.2 - Comparison of F1-Scores in Cross-Validation Across Classification Algorithms (First Approach
- unbalanced baseline model)

Model SVM Random Forest XGBoost AdaBoost

CV F1-Score 0.9184 0.9184 0.9184 0.9145

The most striking observation is the perfect recall of 1.00 (100%) for SVM and Random
Forest on the test set. In binary medical classification, predicting death vs survival, perfect recall
is theoretically possible, but usually clinically suspicious. Perfect recall means the model identified
every instance of the positive class (deaths) but provides no information about false positives
[64].
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Figure 4.5 - Comparative summary of the performance of classification algorithms - First Approach
(baseline model without balancing)

Perfect recall combined with a precision of 83.64% means the model is classifying a
significant percentage of cases as “death” when they truly represent “survival.” This may indicate

model bias toward the majority class or substantial class imbalance in the data [65].
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CV F1-scores are nearly identical across models (0.9184 - 0.9145), yet test performance
diverges. This means that, during cross-validation, models perform good, but on the separate test

set, results differ. Possible causes include [66]:

e Differences in class distribution between train/validation folds and the test set.
e Possible overfitting specific to cross-validation folds.

e Random variability due to a small test sample size.

The confusion matrices (Figure 4.6) demonstrate that SVM and Random Forest classified
every test patient as "Dead." Both models show zero true negatives and nine false positives,
meaning none of the "Alive" patients were correctly classified. XGBoost and AdaBoost each
correctly identified only one "Alive" patient. For all models, nearly all "Dead" cases were correctly

classified.

SVM Random Forest

Actual
Actual

Predicted Predicted
XGBoost AdaBoost

Actual
Actual

Predicted Predicted

Figure 4.6 - Comparative confusion matrices between classification algorithms
- First Approach (baseline model without balancing)

All models except AdaBoost and XGBoost failed to recognize a single living patient; even
these correctly identified at most one. This means recall for "Alive" is zero or near zero - a

dangerous flaw in survival analysis [67].

In survival settings, systematically predicting all patients will die (or nearly all) undermines
confidence in the model’s outputs and has direct clinical risks: survivors may be denied care or

receive inappropriate interventions based on erroneous, pessimistic predictions [68].
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AUC (Figure 4.7) of 0.5169 for SVM is especially revealing. An AUC of 0.5 means random
performance. This is at odds with the high F1-score (0.9109) for the same model, suggesting that
despite high precision and recall, the ability to discriminate between classes is weak. Such
discrepancies arise with significant class imbalance, where F1-score can appear high, while AUC-

ROC more accurately reflects discriminative ability.
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Figure 4.7 - Comparative AUC-ROC Curves Between Classification Algorithms -
First Approach (Unbalanced Data)

These results reinforce literature recommending metrics robust to imbalance, such as
balanced accuracy or per-class recall and precision and highlight the importance of confusion

matrix inspection in reporting biomedical classification results [67].

4.2.2. Survival Prediction: Second Approach

This second experimental iteration sought to address the significant class imbalance observed in
the initial results of NSCLC survival prediction with machine learning classifiers. The primary
objective remained the evaluation and comparison of SVM, Random Forest, XGBoost, and
AdaBoost models; however, SMOTE was implemented as a strategy to mitigate the
disproportionate representation of classes, aiming to improve model discrimination and clinical

value. The results are shown in Table 4.3 and Figure 4.8.

Table 4.3 - Comparison of F1-Scores in Cross-Validation Across Classification Algorithms (Second
Approach - With SMOTE)

Model SVM Random Forest XGBoost AdaBoost

CV F1-Score 0.9067 0.9047 0.9042 0.8671
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Figure 4.8 - Comparative summary of the performance of classification algorithms - Second Approach
(with SMOTE)

Following the application of SMOTE, a notable shift was observed in the model's
behaviour. While cross-validation F1-scores remained high, there was a modest reduction relative
to the first iteration, suggesting a more challenging classification landscape and potentially greater
generalizability. Importantly, model predictions exhibited less extreme bias: recall for the "Dead"
class, although still high, was no longer perfect, and precision remained robust. SVM, Random
Forest, and XGBoost achieved both strong recall and balanced F1-scores, while AdaBoost
demonstrated lower but still acceptable recall, indicating its relative sensitivity to resampling and

hyperparameter adjustment.

In Figure 4.9, the confusion matrices reveal a systematic and pronounced pattern of class
imbalance prediction. The SVM and Random Forest classifiers predicted every test patient as
belonging to class 1, resulting in zero true negatives and nine false positives - meaning none of
the class 0 patients were correctly identified. XGBoost and AdaBoost demonstrated marginally
improved performance, correctly identifying only one class 0 patient each (eight FP in each
model). This represents a critical sensitivity of 11% (1/9) for XGBoost and AdaBoost toward the

minority class.
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Figure 4.9 - Comparative confusion matrices between classification algorithms -
Second Approach (With SMOTE)

In contrast, for class 1 (the majority class), nearly all cases were correctly classified as
true positives. Specifically, SVM and XGBoost achieved 44 TP with only 2 false negatives,
Random Forest achieved 43 TP with 3 false negatives, and AdaBoost achieved 34 TP with 12
false negatives across 46 total class 1 samples. This pattern indicates a pronounced bias across
all models toward classifying cases as belonging to the majority class, with substantial failure to
identify minority class instances.
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The marked improvement in AUC-ROC (Figure 4.10) for Random Forest and XGBoost,
contrasted with persistently low AUC-ROC for SVM, this suggests these ensemble methods

benefitted more from oversampling in distinguishing between classes.
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Figure 4.10 - Comparative AUC-ROC Curves Between Classification
Algorithms - Second Approach (With SMOTE)

These findings are congruent with the wider literature, where SMOTE and similar
resampling strategies are routinely recommended and demonstrated to enhance sensitivity for
minority-class predictions in cancer outcome models. Multiple studies report that SMOTE allows
algorithms to better balance the trade-off between identifying rare positive events (e.g., survivors)
and maintaining overall predictive accuracy, especially in biomedical datasets with inherent class
skew. Furthermore, recent research in oncological machine learning asserts that tree-based
ensemble methods, much like Random Forest and XGBoost, often derive more benefit from
oversampled data than linear or kernel-based classifiers. Notably, some works still caution that
even post-SMOTE, not all algorithms can fully overcome intrinsic limitations of the original data
or model assumptions, often reflected in modest or unstable AUC-ROC improvements for
algorithms like SVM [69].

The improvements observed are attributable to SMOTE's direct modification of the
underlying sample distribution, generating synthetic examples for the minority class and thus
allowing algorithms access to more informative decision boundaries. The higher AUC-ROC and
more balanced recall seen especially for Random Forest and XGBoost likely stem from these
models’ ability to leverage complex data topology introduced by synthetic sampling. The relatively
poor AUC-ROC for SVM may point to ongoing sensitivity to feature space boundaries and an
inability to abstract from artificial minority-class instances, a finding that aligns with comparative
studies in the literature. AdaBoost’s drop in recall, and F1-score could reflect its inherent instability

when faced with changes in the composition and weighting of the training data [70].
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These results highlight the key importance of rigorous imbalance correction for achieving
reliable predictions in medical machine learning applications. From a practical standpoint, the
findings reinforce that without interventions like SMOTE, algorithms risk systematically neglecting
minority classes, thereby limiting their suitability for real-world prognostic decisions. The relative
gains seen for ensemble models endorse tree-based architectures as promising candidates for

future clinical deployment, particularly when supplemented by robust oversampling strategies.

4.2.3. Survival Prediction: Third Approach

This third iteration aimed to significantly improve classification performance and clinical
applicability by addressing class imbalance through data-level techniques. The original dataset
with 275 patients was expanded by synthetically generating 275 additional samples using the
CTGANSynthesizer method, achieving a perfectly balanced 550 patient dataset with equal
survival and mortality representation. Additionally, SMOTE was applied during model training to
further refine class balance. This experimental design intended to test whether these advanced
oversampling approaches could enhance model discrimination in NSCLC survival prediction. The

results are shown in Table 4.4.

Table 4.4 - Comparison of F1-Scores in Cross-Validation Across Classification Algorithms - Third
Approach - (With SMOTE + Balanced Synthetic Data)

Model SVM Random Forest XGBoost AdaBoost

CV F1-Score 0.9067 0.9047 0.9042 0.8671

The balanced dataset yielded generally improved and more reliable classification metrics
across all tested models compared to previous imbalanced experiments (Figure 4.11). SVM
showed moderate test performance with balanced recall and precision, while Random Forest,
XGBoost, and AdaBoost demonstrated progressively superior accuracy, F1-scores, and
especially AUC-ROC values, peaking at 0.9217 for AdaBoost. These results indicate a stronger
ability of the ensemble models to appropriately distinguish survivors from non-survivors in the

balanced data scenario.
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Figure 4.11 - Comparative summary of the performance of classification algorithms - Third Approach (with
SMOTE + Balanced Synthetic Data)

The confusion matrices (Figure 4.12) reveal that all four classifiers achieved meaningful
detection rates for the minority class (class 0), representing a substantial departure from the
earlier systematic bias toward the majority class.
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XGBoost AdaBoost
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Figure 4.12 - Comparative confusion matrices between classification
algorithms - Third Approach (With SMOTE + Balanced Synthetic
Data)

45



When examining the minority class specifically, performance varied across the
algorithmic spectrum. The SVM classifier attained a 72.7% true positive rate (40 TP out of 55
class 0 instances), incurring 15 false positive errors. The Random Forest implementation reached
78.2% sensitivity for class 0 (43 TP), with a FP count of 12. Both gradient-boosting approaches,
converged on comparable minority class sensitivity at 80% (44 TP each), though they
accumulated 11 false positives apiece. This performance spectrum across models suggests
variable decision boundaries, with ensemble methods establishing more permissive thresholds

for class 0 classification.

The majority class demonstrated consistently high recall across all implementations. The
SVM model achieved 45 true positives against 10 false negatives among 55 class 1 samples.
Random Forest correctly classified 48 instances with 7 misclassifications. The gradient boosting
variants yielded the highest specificity for class 1, with XGBoost achieving 48 TP and 7 FN, and
AdaBoost achieving 49 TP and 6 FN. Collectively, class 1 sensitivity ranged between 86.5%
(SVM) and 89.1% (AdaBoost), indicating robust majority class identification across the model

portfolio.

The increase in AUC-ROC (Figure 4.13) significantly above 0.85 for all except SVM,

reflects improved discriminatory power not observable in prior imbalanced trials.
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Figure 4.13 - Comparative AUC-ROC Curves Between Classification Algorithms -
Third Approach (With SMOTE + Balanced Synthetic Data)

These results are consistent with the broader body of research highlighting the pivotal
role of data balance in determining the effectiveness of machine learning classifiers within
biomedical applications. The combined use of generative models, such as the CTGAN
Synthesizer, and conventional oversampling techniques like SMOTE reinforces recent findings in
oncological prognostication, suggesting that sequential synthetic data augmentation can

markedly enhance both model performance and generalizability. In line with previous studies,
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ensemble approaches tend to outperform individual classifiers when trained on balanced and
enriched datasets, owing to their ability to model complex non-linear relationships and mitigate
variance [69], [70].

This dual-level synthetic augmentation compensates for the original dataset’s inherent
scarcity in one class and reduces overfitting bias toward survival or death. AdaBoost’s top
performance may derive from its boosting mechanism, which adapts well to complex re-weighting
in balanced yet challenging data [70].

This iteration reinforces the importance of combined synthetic data augmentation and
oversampling in overcoming the challenges posed by real-world biomedical data limitations.
Practically, the relatively high AUC-ROC and balanced precision-recall profiles suggest that these
algorithms trained on augmented balanced data achieve clinically actionable discrimination. Their
implementation could support decision-making tools in NSCLC treatment planning with greater

confidence than non-balanced models [69].

4.2.4. Mutational Status Prediction: First Approach

The results obtained in this analysis (Figure 4.14) reveal a significant problem in multiclass
prediction of mutational status in NSCLC, with moderate to low overall model performances
(accuracy between 47% and 55%) and high variability in performance among the different
mutations analysed (EGFR, KRAS, ALK, Others).
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Figure 4.14 - Comparative summary of the performance of classification algorithms - Mutational Status
Prediction: First Approach (SMOTE)
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Among the four algorithms tested, distinct performance patterns emerged. Random
Forest and XGBoost achieved the best accuracy of 54.55%, while SVM and AdaBoost presented
an accuracy of 47.27%. However, the analysis of this single metric in isolation can be misleading
and obscure important complexities. When we analyse Macro-F1, SVM presents comparable
performance (0.42) to Random Forest (0.38), indicating that SVM achieves more balanced

distribution of correct predictions across mutations.

The most notable pattern emerges in the PR-AUC metric, where AdaBoost presents the
best average performance (0.543), followed by Random Forest (0.527) and SVM (0.485). This
discrepancy between accuracy and PR-AUC shows that ensemble models achieve better
discrimination between classes, particularly useful when the distribution of mutations is unequal.
The study by Moreno et al. showed that ensemble methods have better performances in

approaches for clinical sensitivity, with unbalanced datasets [71].

As it shows in Figure 4.15 and Figure 4.16, EGFR emerges as the most well-identified
mutation across all models, presenting a performance (F1-score between 0.71-0.75; PR-AUC
between 0.80-0.83), thus aligning with a study that reports accuracies of 0.83-0.84 using
radiomics with machine learning. This robustness results from two complementary factors: first,
its relatively high prevalence in the dataset, and second, its more well-characterised and distinct

molecular profile [72].
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Figure 4.15 - Comparative confusion matrices between classification
algorithms - Mutational Status Prediction: First Approach (SMOTE)
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Figure 4.16 - Multiclass Classification Metrics for
Mutational Status Prediction: First Approach (SMOTE)

KRAS presents intermediate performance, but with pronounced heterogeneity among
algorithms (F1-score 0.41-0.61; PR-AUC 0.61-0.74). While Random Forest and XGBoost
achieved F1-score of 0.61, SVM and AdaBoost obtained only 0.41. This difference indicates that
ensemble-based algorithms can better identify the nuances of KRAS. The literature recognises
KRAS as a more complex and heterogeneous mutation than EGFR, thus potentially justifying the

slightly inferior performance [73].

ALK constituted the critical point of failure, with insufficient performance (F1-score 0.00-
0.21; PR-AUC 0.14-0.27). It is concerning that Random Forest, XGBoost and AdaBoost were
unable to identify any true positives, while SVM achieved moderate recall (correct prediction in 2
out of 4 cases) but with precision of 0.13. This gap is clinically relevant, as ALK presents distinct
and critical implications in NSCLC, with accurate identification being required for therapeutic
decision-making with ALK inhibitors [74].

The "Other" category maintained consistently weak performance (F1-score 0.10-0.33;
PR-AUC 0.28-0.44), reflecting the heterogeneity of a "catch-all" category. This pattern is
predictable and illustrates a fundamental limitation of multiclass schemes that group rare
mutations. The confusions observed in the matrices reveal that models frequently classify "Other"
as EGFR or KRAS, showing that these mutations do not constitute mutually exclusive
characteristics [75].
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4.2.5. Mutational Status Prediction: Second Approach

In this approach, the dataset was augmented to balance all four mutations with an equal number

of cases. This resulted in 150 cases per mutation, for a total of 600 cases.

It can be observed in Figure 4.17 that XGBoost emerges as the best algorithm, achieving
a test accuracy of 65% and Macro-F1 of 0.64, whereas SVM presented the weakest performance
with 55% accuracy and 0.55 Macro-F1. The systematic review by Haixian et al. (2025) reports
that models based on traditional machine learning reach mean AUCs of 0.78, which shows that
XGBoost with mean PR-AUC of 0.691 positions itself as a potential competitor in this aspect,

although it remains below what is described in the literature [76].
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Figure 4.17 - Comparative summary of the performance of classification algorithms - Mutational Status
Prediction: Second Approach (SMOTE + Data Augmentation)

SVM revealed vulnerabilities in this test. With a precision of 0.52 for ALK and 0.70 for
EGFR, the model faced difficulties in sensitivity for EGFR (0.70 in precision, but with compromised
recall). Shiri et al. (2020) observed similar problems in studies with SVM for EGFR/KRAS
prediction, attributing them to the complexity of imbalanced datasets and the need for careful
feature selection. Random Forest presented more balanced results (0.63 precision, 0.623 Macro-
F1), approaching closer to XGBoost but without achieving the same level in capturing interactions

between features [73].

AdaBoost achieved only 0.62 precision, suggesting that the adaptive boosting strategy
may have difficulty converging with the specific characteristics of this dataset. The literature on
class imbalance (Hemmatian et al., 2025) demonstrates that AdaBoost frequently benefits from

resampling techniques such as SMOTE to mitigate problems with minority classes [77].
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The confusion matrices, presented in Figure 4.18, reveal error patterns that could not be
observed with the data presented previously. For the SVM model, a tendency towards more
conservative classification can be observed, where only 16 cases of ALK were correctly identified
out of 30, with 9 of them being confused with the "Other" category. For EGFR, 21 cases were
correctly classified, but interestingly 7 were predicted as KRAS, exposing that perhaps the SVM
decision boundary may frequently confuse these two frequently co-mutant classes.

SVM Random Forest

Actual

Qutra =) 4 7 10 Qutra B 7 10 10

T T T T T T T T
ALK EGFR KRAS Qutra ALK EGFR KRAS Qutra

Predicted Predicted
XGBoost AdaBoost

7, 10

Actual
Actual

Outra = 4 10 Outra 4 5 12 9

T T T T T T T T
ALK EGFR KRAS Qutra ALK EGFR KRAS Qutra
Predicted Predicted

Figure 4.18 - Comparative confusion matrices between classification algorithms
- Mutational Status Prediction: Second Approach (SMOTE + Data
Augmentation)

Random Forest presents a different pattern: it correctly identifies 20 out of 30 cases for
ALK, 24 out of 30 for EGFR, and 22 out of 30 for KRAS. The "Other" category remains problematic
with only 10 out of 30 cases correctly predicted, showing that less frequent mutations remain
problematic.

XGBoost achieves 20/30 for ALK, 26/30 for EGFR, and 22/30 for KRAS. The
improvement in EGFR shows that XGBoost can better exploit the characteristics that differentiate
mutated EGFR from other types, probably through its ability to capture non-linear interactions.
However, "Other" remains without improvements (10 out of 30 correct predictions), indicating a

limitation.

Finally, AdaBoost (17/30 ALK, 25/30 EGFR, 23/30 KRAS, 12/30 Other) presents
performance comparable to Random Forest in EGFR but with greater difficulty in ALK.
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43.

Comparative Analysis with State-of-the-Art Studies

To ratify the findings of the third approach (SMOTE + CTGAN), the results achieved in this project

were compared with a reference study conducted by Kang et al. (2023) [49]. Kang, in his study,

specifically addresses the generation of synthetic tabular data using GANs in the healthcare field,

offering a parallel to the methodology applied in this dissertation.

While Kang et al. operated a "Divide-and-Conquer" strategy on a dataset from the Korean

Lung Cancer Registry (N=5281), in this project, the SMOTE + CTGAN strategy was applied to a

cohort of Portuguese metastatic patients (N=275).

Table 4.5 summarizes the main

methodological differences and performance results between the two studies.

Table 4.5 - Comparative analysis between Kang et al.(2023) results and the proposed model

Feature

Kang et al. (2023)

This Dissertation

Main Objective

Dataset / Population

Class Balance

Technical Approach

Classification Models

Best Result

Impact of Synthetic Data

Validate “Divide-and-Conquer” | Develop ML models for

strategy for synthetic tabular | survival and mutation

data generation prediction in advanced
NSCLC

5281 patients (Korean Lung | 275 patients  (Southern

Cancer Registry) Portugal, Stage V)

270% survival / 30% death 15.6% survival / 84.4%
mortality

CTGAN/CopulaGAN with | CTGAN + SMOTE to address

Conditional Sampling vs. Divide- | extreme imbalance and data

and-Conquer scarcity

Decision Trees, Random Forest, | SVM, Random Forest,

XGBoost, Light Gradient- | XGBoost, AdaBoost
Boosting Machine
AUC-ROC: 0.856 (Random | AUC-ROC: 0.922 (AdaBoost

Forest with synthetic data)

with synthetic data + SMOTE)

Balanced synthetic data
consistently
imbalanced real data (AUC-ROC

raise from ~0.84 to ~0.85)

outperformed

Synthetic data was critical:

performance surged from

AUC-ROC ~0.50 (baseline) to
>0.90
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This comparison shows a strong methodological alignment, potentially validating the use
of synthetic data as a viable strategy to improve predictive performance in oncology. In the study
conducted by Kang et al., they demonstrated that data generated from GANs preserve statistical
properties and enhance model training. In this work, it was possible to corroborate these
conclusions, extending them to a scenario where data scarcity was extreme, causing the synthetic

data to have a more pronounced impact.

They achieved an improvement of 0.01 (AUC-ROC from 0.84 to 0.85) using a large
dataset, while this project obtained a substantial leap above 0.40 (AUC-ROC =0.50 to 0.92). This
shows that data generated by GANs is particularly valuable in small and highly imbalanced
datasets, effectively recovering datasets that would otherwise be insufficient for ML. However,
the higher AUC-ROC in this work must be interpreted with caution due to the sample size (N=275

vs N=5281), which, even when using cross-validation, may introduce a higher risk of overfitting.
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CHAPTER 5

CONCLUSIONS

5.1. Conclusion

In this work, we developed a methodological framework integrating machine learning, clinical
analysis and molecular profiling for prognostic assessment in metastatic lung cancer. The
analysis of 275 patients with stage IV NSCLC from five hospitals in Southern Portugal (2016-
2021) revealed epidemiological characteristics consistent with European literature: male
predominance (60%), median age 65.5 + 11.35 years and high smoking prevalence (67.64%).
KRAS was the most frequent molecular alteration (35.64%), followed by EGFR (14.91%) and ALK
(7.27%). The metastatic pattern showed bone as the most involved site (41.45%), followed by
lung (38.18%) and pleura (31.27%).

Eastern Cooperative Oncology Group performance status emerged as the strongest
mortality predictor (r=0.220). EGFR exon 19 deletions demonstrated the strongest negative
correlation with mortality (r=-0.140), while bone metastases (r=0.179) and sex (r=0.159)

constituted additional adverse predictors.

Ensemble methods demonstrated clear superiority when applied to balanced data.
Synthetic data generation via CTGAN combined with SMOTE produced clinically significant
gains, with AdaBoost achieving AUC-ROC of 0.9217, sensitivity of 89.1% for deceased patients
and 80.0% for alive patients. The exploratory analysis of mutational status prediction from clinical
data revealed acceptable performance only for EGFR (F1 0.71-0.75), moderate for KRAS (F1
0.41-0.61), and inadequate for ALK (F1 0.00-0.21) and "Other" (F1 0.10-0.33), confirming that

clinical-demographic data are insufficient for reliable prediction of mutational status.

5.2. Limitations

e Cohort of 275 patients remains small in scale. Machine learning studies in
oncology typically benefit from 500 to 10,000 individuals.

e Limited to patients with actionable molecular alterations introduces selection bias
by excluding patients without molecular testing, rare mutations or wildtype
pattern.

e Class imbalance (84.4% deceased versus 15.6% alive) was addressed with
SMOTE and synthetic data, but risk remains that patterns are not transferable to
real clinical scenarios.

e Data collected between 2016-2021 during significant evolution in targeted

therapies, introducing confounding temporal heterogeneity.
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e Data derive exclusively from Southern Portugal, with generalization to other
regions.

e Weak to moderate correlations (r=-0.140 to +0.220) suggest complex
multifactoriality not fully captured.

e Validation internal only (cross-validation). Without independent external cohort,
generalization beyond this population cannot be affirmed. This gap is a

mandatory prerequisite before clinical implementation.
5.3. Future Work

Although this work has demonstrated the feasibility of machine learning for prognostic
assessment in metastatic lung cancer, results must be consolidated through external validation,

data expansion and integration of complementary clinical modalities.
Clinical Validation

e Prospective external validation in independent cohort (>500 patients) from Portuguese
centers.
e Prospective studies evaluating accuracy, perceived clinical utility and impact on

therapeutic decisions.
Data Expansion and Refinement

e Recruitment of 500-1000 additional patients from Portuguese centers to increase
statistical power and enable stratified analyses.

¢ Inclusion of patients without complete molecular testing to evaluate model's capacity to
predict mutational status.

e Collection of additional variables: detailed comorbidities, laboratory biomarkers,

structured imaging data.
Methodological Advances

e Exploration of alternative models: deep learning, next-generation gradient boosting.
e Application of temporal survival models: regularized Cox, Random Survival Forests.
e Implementation of causal methodologies to identify causal versus correlational

relationships.
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