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Abstract

Non-small cell lung cancer (NSCLC) remains one of the leading causes of cancer-related
mortality worldwide, largely due to its biological heterogeneity, late-stage diagnosis, and
limited accuracy of current prognostic models. Reliable prediction of survival and treatment
response is essential for personalized therapeutic decision. However, traditional approaches
mostly rely on structured clinical variables and fail to capture the rich contextual informa-
tion embedded in the unstructured components of electronic health records (EHR), such as
free-text clinical notes, as well as in medical imaging. In this thesis, we investigate how un-
structured clinical text and multimodal data fusion can be leveraged to enhance prognostic
modeling in NSCLC and related pulmonary diseases, with particular attention to pulmonary
embolism (PE). PE represents a significant contributor to morbidity and mortality among
lung cancer patients, and its timely prediction and management are critical for improving
clinical outcomes.

First, we develop a domain-specific Named Entity Recognition (NER) system tailored to
lung cancer, introducing a clinical ontology and fine-tuning a transformer-based model to
extract relevant entities from free-text narratives. Building on these structured semantic rep-
resentations, we propose a hierarchical attention-based framework that learns patient-level
embeddings from clinical notes and demonstrates improved performance in overall survival
(OS) and pathologic complete response (pCR) prediction compared to models using only
structured data.

To incorporate imaging information, we design a slice-level attention mechanism that
processes chest CT scans through 2D convolutional encoders and aggregates prognostic fea-
tures across slices. This architecture achieves competitive performance on publicly available
NSCLC datasets and provides interpretability by highlighting clinically relevant regions.

Finally, we propose a multimodal fusion framework integrating unstructured text, imag-
ing, and structured EHR data. Our fusion strategies (early, late, and attention-based cross-
modal integration) consistently outperform unimodal baselines across multiple prediction
horizons, when applied to the INSPECT dataset for PE prognosis.

Extensive experiments, ablation studies, and statistical analyses confirm the effectiveness



of our approaches and highlight the complementary nature of clinical text and imaging.
This thesis demonstrates that integrating unstructured EHR with multimodal deep learning
significantly improves prognostic accuracy and model interpretability, paving the way toward
more personalized and data-driven decision support systems in lung cancer care. Future
directions include large-scale validation, integration of longitudinal and genomic information,

and clinical deployment of multimodal Al systems.
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Chapter 1

Introduction

Lung cancer remains one of the leading causes of cancer-related morbidity and mortality
worldwide, accounting for approximately 1.8 million deaths annually [145]. Major risk factors
include tobacco smoking, environmental exposures (e.g., radon and asbestos), and genetic
predispositions, all of which contribute significantly to disease onset and progression [67].

Lung cancer is broadly classified into two main types: small cell lung cancer (SCLC) and
non-small cell lung cancer (NSCLC), with NSCLC accounting for approximately 85% of all
cases. NSCLC includes several subtypes, most notably adenocarcinoma, squamous cell car-
cinoma, and large cell carcinoma. Among these, adenocarcinoma is the most prevalent form,
particularly among non-smokers. Despite advances in diagnostic imaging, molecular profil-
ing, and targeted therapies, the overall prognosis for NSCLC patients remains poor. This is
largely due to the disease’s intrinsic biological and clinical heterogeneity, which complicates
accurate prognostication and personalized treatment planning.

Developing reliable prognostic models is therefore crucial for supporting clinical decision-
making in NSCLC, especially in guiding individualized therapeutic strategies. In recent
years, artificial intelligence (AI) has shown considerable promise in enhancing the accuracy
and robustness of prognostic models in NSCLC [99]. However, many traditional Al ap-
proaches predominantly rely on structured clinical data, such as demographic information,
tumor staging, and molecular markers, which, although informative, may not capture the full
complexity and nuance of patients’ health as documented in real-world clinical environments.
The growing availability of Electronic Health Records (EHRs), especially unstructured data
such as physician notes, radiology reports, and discharge summaries, provides an underuti-
lized but promising resource for improving prognostic models. When combined with imaging
and other structured data, these unstructured sources offer a comprehensive view of patient
health status.

This thesis explores how unstructured EHR data, in conjunction with clinical and imaging
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CHAPTER 1. INTRODUCTION

modalities, and multimodal data fusion techniques, can enhance Al predictive models for
NSCLC. By integrating free-text clinical narratives with structured clinical variables and
imaging-derived information, we aim to improve prognosis in NSCLC patients using deep
learning approaches [85].

In this chapter an overview of the broader clinical and technological context in which
this research is provided. The chapter begins with a brief overview of NSCLC, including
its subtypes, risk factors, and progression patterns, followed by a detailed discussion of the
current challenges in prognosis. Subsequently, the motivation for leveraging unstructured
and multimodal data in predictive modeling is introduced and the most recent techniques

proposed in literature are reviewed. Finally, an outline of the thesis is presented.

1.1 The Non-Small Cell Lung Cancer (NSCLC)

NSCLC is the most common form of lung cancer, accounting for approximately 85% of
all lung cancer cases. It also remains the leading cause of cancer-related deaths globally
[66]. NSCLC differs from SCLC, the other major subtype of lung cancer, in several key
aspects, particularly in histological appearance and biological behavior (Figure 1.1). Under
the microscope, NSCLC cells are generally larger and exhibit slower growth and metastasis

compared to the more aggressive SCLC.

Histological types of lung cancer
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Figure 1.1: Histological differences between NSCLC and SCLC. Source: https://www.scre
enmaine.org/lung-cancer

As illustrated in Figure 1.2, NSCLC encompasses a diverse group of histological subtypes,
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CHAPTER 1. INTRODUCTION

each characterized by distinct morphological and clinical features. The most prevalent sub-

types include:

e Adenocarcinoma: Arising predominantly in the peripheral regions of the lungs, this
is the most common subtype of NSCLC, particularly among non-smokers and younger
patients. It is often associated with specific genetic mutations such as EGFR and ALK

rearrangements, which have important therapeutic implications.

e Squamous cell carcinoma: Typically developing in the central parts of the lungs
near the bronchial tubes, this subtype is strongly linked to tobacco exposure. It is

characterized by keratinization and the presence of intercellular bridges on histology.

e Large cell carcinoma: A less frequent but more aggressive form, large cell carcinoma
can arise in any region of the lungs. It is a diagnosis of exclusion, defined by the
absence of features typical of adenocarcinoma or squamous cell carcinoma, and is often

associated with rapid progression and poor prognosis.

Types of non-small cell lung cancer

Adenocarcinoma
- Most common overall,
including in nonsmokers,
young adults, and women
+ Begins in glands in the
alveoli, usually in outer
part of the lungs

« Typically slow growing

Squamous cell
carcinoma

« Second most common
overall, but most common
in smokers

« Begins in squamous cells
in the bronchi, usually in
center of the lungs

Large cell lung « Typically slow growing

carcinoma

« Least common

- Begins in large cells
found anywhere in the
lungs, but mostly in
the outer part

« Typically fast growing

Figure 1.2: Schematic representation of the three major histological subtypes of NSCLC:
adenocarcinoma, squamous cell carcinoma, and large cell carcinoma. Each subtype varies in
terms of location, morphology, and associated risk factors. Source: https://www.healthli
ne.com/health/lung-cancer/types-of-non-small-cell-lung-cancer

A wide range of risk factors has been implicated in the development of NSCLC. Tobacco

smoking remains the most significant, accounting for the majority of cases; however, other
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contributors are increasingly recognized, especially among non-smokers. Environmental ex-
posures such as radon gas, asbestos, air pollution, and occupational carcinogens (e.g., arsenic,
chromium, and diesel exhaust) have been strongly associated with increased risk [162]. In
addition, genetic susceptibility and a family history of lung cancer may predispose individu-
als to the disease. Recent studies have also pointed to the role of chronic inflammatory lung
conditions, such as chronic obstructive pulmonary disease (COPD), in lung carcinogenesis
[157].

The progression of NSCLC is typically characterized by a multistep process involving
genetic mutations, abnormal cell proliferation, and eventual invasion of surrounding tissues.
Common molecular alterations include EGFR mutations, ALK rearrangements, KRAS mu-
tations, and PD-L1 overexpression, which not only drive tumor growth but also influence
treatment response and prognosis. The disease often remains asymptomatic in its early
stages, leading to delayed diagnosis and reduced survival rates. When symptoms do appear,
such as persistent cough, chest pain, hemoptysis, or unexplained weight loss, they are often
indicative of advanced-stage disease.

NSCLC tends to metastasize through lymphatic and hematogenous routes, frequently
spreading to the brain, bones, liver, and adrenal glands. The heterogeneous nature of the
disease results in highly variable progression patterns among patients, making prognosis
challenging. This heterogeneity underscores the urgent need for advanced predictive tools
that can capture subtle variations in clinical, radiological, and pathological profiles to inform

personalized management strategies.

1.2 Clinical and Prognostic Challenges in NSCLC

As introduced in the previous chapter, NSCLC presents a multifaceted clinical and biologi-
cal challenge that undermines accurate prognostication. To fully appreciate the challenges
and opportunities in developing robust prognostic models for NSCLC, it is important to
first examine the clinical complexity of the disease and the limitations of current predic-
tive approaches. Accordingly, this chapter examines the specific clinical burdens, sources of
heterogeneity, and current limitations in prognosis that motivate the development of more

advanced predictive models.

1.2.1 Clinical Burden of NSCLC

NSCLC imposes a substantial clinical and economic burden on healthcare systems world-

wide. As illustrated in Figure 1.3, adapted from [41], the majority of NSCLC cases are
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diagnosed at advanced stages of the disease, leading to poor outcomes and limited curative
options. Despite progress in screening, diagnosis, and treatment, such as low-dose computed
tomography (LDCT) screening programs and the advent of targeted therapies, the five-year
overall survival (OS, defined as the proportion of patients alive five years after diagnosis)
rate for NSCLC remains below 25% in many regions [135].

This persistently high mortality is driven not only by late-stage diagnosis but also by a
range of additional factors, including tumor resistance mechanisms, and significant patient-
to-patient variability in response to treatment. Moreover, disparities in access to precision
medicine approaches, such as genomic profiling and immunotherapy, further exacerbate the

clinical challenge, particularly in low-resource settings.

Stage |

Stage IV

Stage Il

Stage Il

Figure 1.3: Stage distribution of NSCLC at diagnosis. Most patients are diagnosed at stage
IIT or IV, where curative treatment is less likely.

1.2.2 Heterogeneity in NSCLC: Clinical and Biological Dimen-

sions

NSCLC is not a single disease but a biologically and clinically heterogeneous group of ma-

lignancies. This heterogeneity manifests at multiple levels:

e Histological heterogeneity, with subtypes like adenocarcinoma and squamous cell

carcinoma responding differently to therapies.
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e Molecular heterogeneity, including mutations in EGFR, ALK, KRAS, and other

oncogenic drivers, which influence prognosis and therapeutic decisions.

e Immunological heterogeneity, reflected in varying PD-L1 expression and tumor-

infiltrating immune profiles that affect response to immunotherapy.

¢ Radiological and pathological variability, which impacts staging accuracy and

treatment selection.

Such complexity challenges the development of generalizable prognostic models and em-
phasizes the need for patient-specific approaches. Clinical decisions often rely on a combina-
tion of imaging, histology, molecular diagnostics, and clinical judgment, making standardized
risk stratification difficult.

1.2.3 Unmet Needs in Prognosis and Treatment

Current clinical guidelines stratify patients into broad risk categories based on stage, his-
tology, and molecular markers. However, these guidelines often fail to capture the dynamic

and multifactorial nature of disease progression. Key unmet needs include:

e More accurate prognostic stratification, especially within the same stage or treat-

ment group.

e Better prediction of treatment response, including neoadjuvant or adjuvant ther-

apies.
e Identification of early surrogate markers of long-term outcomes.

e Integration of longitudinal clinical data, such as treatment history, laboratory

trends, and radiologic evolution, into predictive frameworks.

Traditional statistical models, such as Cox proportional hazards models, are limited in
their ability to incorporate high-dimensional, longitudinal, and multimodal data, which are

increasingly available through EHRs and real-world datasets.

1.2.4 Clinical Endpoints in Prognostic Modeling

To address the prognostic complexity of NSCLC, various clinical endpoints have been adopted

as modeling targets. Among the most widely used are:
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Overall Survival (OS)

OS refers to the time from diagnosis (or initiation of treatment) to death from any cause. It
remains the gold standard for evaluating treatment efficacy and prognostic models. OS is a
definitive and objective outcome but is influenced by a wide range of clinical, therapeutic,
and sociodemographic variables. Accurate stage-specific modeling of OS can aid in treatment
planning and follow-up intensity.

In the context of Al-driven models, OS presents both an opportunity and a challenge: its
clinical relevance is high, but its prediction requires integrating heterogeneous and temporally-
evolving patient data.

To evaluate the performance of survival models, the concordance index (C-index) is
commonly used. The C-index measures the model’s ability to correctly rank pairs of patients
based on their predicted survival risk. Specifically, it reflects the probability that, for a
randomly selected pair of patients, the patient who dies first had a higher predicted risk
score. A C-index of 0.5 indicates random performance, whilst a value of 1.0 reflects perfect
concordance between predictions and outcomes. It is particularly useful for assessing models
trained on censored survival data, where traditional accuracy metrics are not applicable.

The C-index is formally defined as:

Zz‘,j 1Tj<Ti ) ]‘77j>77i ’ 5j
Zi,j 1Tj<Ti - 0;

C —index =

(1.1)

Where:

T; is the time to event for individual <.

7; is the predicted risk score for individual ¢.

0; is an indicator function, where ¢; = 1 if the event occurred for individual j and 0 otherwise.

17,<7, is an indicator function that is 1 if T < T;, and 0 otherwise.

1 is an indicator function that is 1 if n; > n;, and 0 otherwise.

15 >Mi

Pathologic Complete Response (pCR)

Pathologic complete response (pCR) is defined as the absence of residual viable tumor cells in
resected specimens following neoadjuvant therapy, which is typically administered to patients
with resectable, locally advanced NSCLC prior to surgery. Pathologic complete response
(pCR) is considered a strong surrogate marker for long-term outcomes such as disease-free
survival (DFS), defined as the length of time after treatment during which a patient shows no

signs of disease, and OS, defined as the duration of time from diagnosis or start of treatment
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until death from any cause, particularly in patients with early-stage or locally advanced
NSCLC [42].

Predicting pCR can support therapeutic decision-making by identifying patients likely to
benefit from preoperative chemotherapy or immunotherapy. However, due to the complexity
of treatment response dynamics, accurate prediction remains a significant challenge.

The performance of predictive models for this binary outcome (pCR vs. non-pCR) is com-
monly assessed using the Area Under the Receiver Operating Characteristic curve (AUC).
This metric measures a model’s ability to correctly distinguish between patients who will
achieve pCR .

The AUC is formally defined as:

1
AUC = — e
|SP| ] |SN‘ Z Z f(@i)>f(z))

1ESp JESN

Where:

Sp is the set of positive instances (e.g., patients with pCR).
Sy is the set of negative instances (e.g., patients without pCR).
|Sp| is the number of positive instances.
|Sn| is the number of negative instances.
f(z;) is the predicted score from the model for a positive instance i.
f(x;) is the predicted score from the model for a negative instance j.

1f()>f,) I8 an indicator function that equals 1 if f(z;) > f(;), and 0 otherwise.

Other Relevant Outcomes

Depending on clinical context, other outcome variables may also be considered, including;:

e Progression-Free Survival (PFS), the length of time during and after treatment
that a patient lives with the disease without it worsening; often used as an early

measure of treatment efficacy.

e Time to Recurrence (TTR), the time from the end of initial treatment to the return

of disease, typically used to evaluate long-term control of cancer.

e Treatment-related toxicity or adverse events, any negative effects experienced
by the patient due to treatment, including side effects from chemotherapy, radiation, or

targeted therapies, which may affect quality of life or require treatment modification.
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e Response to immunotherapy (e.g., iRECIST criteria), the degree to which a
tumor responds to immune-based therapies, measured using standardized guidelines
like iIRECIST (immune Response Evaluation Criteria In Solid Tumors), which account

for unique patterns of response and progression under immunotherapy.

These outcomes, although clinically valuable, are often less standardized in routine EHR
documentation, which complicates their use in large-scale predictive modeling.

AT and machine learning (ML) techniques, particularly deep learning, offer powerful tools
to navigate the prognostic complexity of NSCLC and to overcome many limitations inherent
in traditional statistical models. Despite their potential, however, the clinical adoption of Al-
based prognostic models remains limited. Key barriers include insufficient interpretability,
poor generalizability across diverse patient populations, and a lack of seamless integration
into existing clinical workflows.

This thesis aims to tackle these challenges by developing predictive models that leverage
unstructured electronic health record (EHR) narratives and integrate diverse data modalities
through multimodal fusion techniques. The objective is to enhance the prediction of key
clinical outcomes, such as OS and pCR, in patients with NSCLC.

The following section will describe the various types of data used in NSCLC prognosti-
cation, explore the unique challenges associated with each modality, and examine how these

data sources can be effectively leveraged to support Al-driven prognostic modeling.

1.3 Multimodal Clinical Data: Opportunities and Chal-

lenges

The management and prognostication of NSCLC rely increasingly on a diverse range of clin-
ical data. These data span from structured information stored in EHRs to unstructured
clinical narratives in EHRs, radiological imaging, histopathological slides, and genomic pro-
files. Each modality captures a different aspect of the patient’s clinical status, demographics
and comorbidities, disease trajectory, tumor burden, and cellular-level pathology, and their
integration promises a more accurate and personalized approach to prediction and treatment
planning.

Traditional statistical models, although valuable, are often limited by their reliance on
a small set of predefined variables and assumptions of linearity or independence. These
constraints restrict their ability to capture the complex, nonlinear relationships inherent in
high-dimensional clinical data, and they often treat each data modality in isolation.

In contrast, as illustrated in Figure 1.4, recent advances in Al and deep learning have
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enabled the development of both unimodal and multimodal models that can learn directly
from raw or minimally processed data. Unimodal models focus on extracting deep, task-
specific representations from a single data source, such as imaging or text, while multimodal
models aim to integrate heterogeneous data types to capture inter-modal interactions and

improve predictive accuracy.

TRADITIONAL ADVANCED
PROGNOSTIC AI-DRIVEN
MODELING PROGNOSTIC
MODELING
STATIC DATA DYNAMIC,
HETEROGENEOUS
Demographics DATA
Clinical
Cancer Stage Data

Biomarkers @%

\’ Al

> Medical
Imagin
SURVIVAL 2
OUTCOME Genonic
_\ Data

SURVIVAL
OUTCOME

R

Figure 1.4: Schematic comparison of traditional versus advanced Al-driven prognostic mod-
eling in NSCLC. Traditional models use a small set of static, structured data, whereas
Al-based models can learn from dynamic, heterogeneous inputs.

Despite their promise, these Al-driven approaches face significant challenges related to

data availability, standardization, alignment across modalities, and clinical interpretability.

This section highlights the unique contributions and limitations of each data modality in
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the context of NSCLC, establishing the foundation for the exploration of advanced Al-based

prognostic models, both unimodal and multimodal.

1.3.1 Structured EHR

As illustrated in Figure 1.5, structured EHR data consist of encoded patient information such
as demographics (e.g., age, sex, ethnicity, smoking status), laboratory test results (e.g., blood
counts, liver and kidney function markers), vital signs (e.g., heart rate, oxygen saturation),
diagnostic and procedural codes (e.g., ICD, CPT), and medication prescriptions. These
elements are typically collected routinely in clinical settings and stored in relational formats

that are both accessible and standardized across institutions [160].

Demographics Laboratory

Structured
EHR

Diagnosis a8
Codes Medication

Figure 1.5: Schematic representation of structured EHR data sources. Encoded elements
such as demographics, laboratory test results, vital signs, diagnosis codes (ICD), and med-
ication records provide standardized, analyzable patient information crucial for predictive
modeling in NSCLC prognosis.

Due to their structured nature, these data are highly amenable to conventional statistical
analysis and modern machine learning pipelines. They offer a reliable foundation for train-
ing prognostic models and are often used in large-scale epidemiological and clinical research
studies. Several transformer-based models have been developed to learn representations from
structured EHR data. Med-BERT [129] and BEHRT [93] treat sequences of medical codes
as language tokens, modeling patient histories using contextual embeddings. CEHR-BERT
[117] and G-BERT [134] extend this with time-aware and graph-enhanced mechanisms, re-
spectively. RETAIN [27] offers interpretable predictions through reverse-time attention.
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More recently, MOTOR [141] introduces a modality-aware transformer for multi-task learn-
ing across heterogeneous structured EHR data types, improving generalization and efficiency.

However, structured data alone may fail to capture the longitudinal and contextual sub-
tleties essential for nuanced decision-making in NSCLC. For instance, although ICD codes
can confirm a diagnosis of lung cancer, they do not convey disease stage, tumor burden,
treatment intent (curative vs. palliative), or patient-specific factors such as frailty, functional
status, or psychosocial considerations. Moreover, structured fields may miss the clinician’s
reasoning, temporal patterns in patient trajectories, and subtle changes in clinical status, all
of which are vital for precise prognosis and therapeutic planning.

Therefore, although structured EHR data remain an indispensable component of clini-
cal modeling, their limitations underscore the need to integrate richer and more temporally
sensitive data modalities, such as free-text narratives and medical imaging, in order to com-

prehensively model NSCLC progression and outcomes.

1.3.2 Unstructured EHR

Unlike structured EHR fields, unstructured EHR or free-text clinical notes, such as physi-
cian observations, discharge summaries, pathology reports, and radiology impressions (Fig-
ure 1.6), capture the nuanced and dynamic aspects of patient care that often elude encoded

data systems (Figure 1.7).

Free-text Clinical Notes

Reports

‘ Physician Paology }

Notes

|
v\  ,, /
S

Summaries

Discharge
Reports

Radiology ’

Figure 1.6: Conceptual diagram illustrating the role of free-text clinical notes in EHR. These
unstructured narratives, comprising clinician observations, patient histories, and treatment
responses, offer rich contextual information that complements structured data, enabling
deeper insights into patient trajectories and outcomes.
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These narratives reflect not only diagnostic and therapeutic decisions, but also the rea-
soning processes, uncertainties, and evolving clinical states observed by healthcare providers
[44]. Embedded within these documents are critical contextual cues: symptom progression,
functional decline, clinician judgment, comorbid conditions, complications, psychosocial fac-
tors, and patient preferences. For instance, a pathology report may describe molecular
subtypes or ambiguous findings not encoded in the structured record; a radiology impression
may note subtle progression suggestive of early recurrence; a physician note might docu-
ment a patient’s refusal of chemotherapy due to side effects, information highly relevant to

prognosis, yet difficult to capture in structured fields.

STRUCTURED EHR UNSTRUCTURED EHR
Diagnosis: C34.9 The patient is a 77-year-old
Non-small cell lung cancer former smoker of 40 years.

Retired.
Stage: |IIB (AJCC 8) Following onset of cough,
Histology: 18850004 radiological assessments
Adenocarcinoma are prescribed by the
pulmonologist which reveal
EGFR: 85155-1 a right hilar neoplasm and
Positive mediastinal lymphadenopahy.

Given suspicion of neoplastic
disease of pulmonary origin,

Figure 1.7: Comparison between structured and unstructured EHR in the context of non-
small cell lung cancer. The structured format presents codified clinical concepts using stan-
dardized terminologies (e.g., ICD codes, staging, histology), while the unstructured format
expresses the same information as free-text narrative, providing additional context such as
smoking history, clinical suspicion, and physician reasoning.

Natural Language Processing (NLP) has emerged as a transformative tool for extract-
ing and modeling the latent knowledge within unstructured EHRs. Traditional rule-based
systems and clinical ontologies are increasingly complemented or replaced by neural lan-
guage models capable of learning contextual representations of clinical language. Recent
advances, including transformer-based models such as Clinical BERT [62] and BioGPT [100],
have shown significant promise in predictive tasks such as mortality, progression-free survival

(PFS), and treatment response, outperforming models based solely on structured data [80].
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Nevertheless, unstructured data pose substantial methodological and operational chal-
lenges ([149]). Clinical language is often fragmented, ambiguous, and institution-specific,
with inconsistent terminology and abbreviations. Temporal cues are implicit and sometimes
contradictory, requiring sophisticated approaches to resolve sequence and temporality. More-
over, annotated datasets for supervised learning remain limited due to privacy concerns and
the cost of expert labeling, making self-supervised and weakly supervised learning strategies
increasingly attractive.

Despite these hurdles, free-text clinical notes are indispensable for holistic modeling of
patient trajectories in NSCLC. When appropriately processed, they offer deep insights into
real-world care patterns and can significantly enhance the performance and interpretability

of multimodal AI systems in oncology ([89]).

1.3.3 Computed Tomography (CT)

Computed Tomography (CT) plays a pivotal role in the diagnosis, staging, and longitudinal
monitoring of NSCLC. It remains the most widely used imaging modality in routine oncology
workflows due to its high spatial resolution, accessibility, and ability to provide comprehen-
sive anatomical detail. As illustrated in Figure 1.8, CT scans offer multiplanar visualizations,
axial, coronal, and sagittal, that delineate tumor size, precise localization, lymph node in-
volvement, and the presence of distant metastases, which are central components of TNM
(Tumor-Node-Metastasis) staging.

Beyond visual inspection, CT imaging can be quantitatively mined through radiomics,
a process that extracts high-dimensional features, such as texture, shape, intensity, and
wavelet-based patterns, from segmented tumor regions. These radiomic features have demon-
strated prognostic value in several studies, especially when combined with clinical data such
as patient demographics, staging information, and treatment histories [95]. Radiomic sig-
natures have been associated with outcomes such as OS [155], PFS [21], and response to
chemotherapy or immunotherapy, indicating their potential to support personalized medicine.

However, recent advancements in deep learning have shifted the paradigm from hand-
crafted radiomic descriptors to end-to-end learning from raw pixel data. Convolutional
Neural Networks (CNNs) and other advanced architectures can automatically discover hier-
archical imaging biomarkers, often outperforming traditional methods in classification and
survival prediction tasks [58]. These models can integrate spatial and textural tumor pat-
terns, peri-tumoral features, and even subtle imaging cues imperceptible to the human eye.

Despite these advances, several technical and translational challenges persist. Image

acquisition protocols vary widely across institutions and scanner vendors, leading to het-

32



CHAPTER 1. INTRODUCTION

Coronal View . Sagittal View

Axial View | |

Full Inhalation (07) Mid Inhalation (05) Mid Inhalation (03) Full Exhalation (01)

Figure 1.8: Axial, coronal, and sagittal views of a lung tumor as visualized on a CT scan.
These multiplanar reconstructions illustrate the tumor’s position within the lung, highlight-
ing the importance of 3D imaging for accurate assessment and treatment planning. Source:
https://doi.org/10.1088/0031-9155/57/22/7579

erogeneity in resolution, contrast enhancement, and reconstruction algorithms. This lack
of standardization can compromise model generalizability. Furthermore, the limited avail-
ability of large, annotated imaging datasets, especially with long-term survival labels or
treatment outcomes, hinders the training of robust models. Privacy regulations and the
time-consuming nature of expert annotation further exacerbate this issue.

Integrating CT-derived features into multimodal prognostic models requires careful pre-
processing, harmonization, and validation strategies. When combined with other data
modalities, such as EHR-derived variables and histopathology, CT imaging serves as a crit-

ical macroscopic layer in the holistic understanding of tumor biology and patient prognosis
in NSCLC.

1.3.4 Whole Slide Imaging (WSI)

Histopathology remains the definitive standard for the diagnosis and subtyping of NSCLC.
Through tissue biopsy and microscopic examination, pathologists assess key morphological
features that define malignancy, grade, and potential therapeutic targets. In the digital

era, these glass slides are increasingly converted into whole slide images (WSIs), gigapixel-
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resolution scans that preserve cellular-level detail and enable computational analysis [88]. As
shown in Figure 1.9, WSIs capture intricate histological structures, including tumor cell den-
sity, mitotic activity, nuclear pleomorphism, glandular differentiation, stromal composition,
and immune infiltration.

These features are not only diagnostic but also prognostic, as they may correlate with
immunotherapy response ([159]). Furthermore, certain histopathological patterns are associ-
ated with molecular alterations, such as EGFR mutations or ALK rearrangements, providing

indirect cues for molecular testing ([115]).

Figure 1.9: Representative WSI of a NSCLC tissue sample. The high-resolution scan enables
detailed visualization of tumor architecture, cellular morphology, and histopathological fea-
tures critical for diagnosis and prognostic assessment. Source: https://www.eurekalert.o
rg/multimedia/659513

Recent advances in deep learning have revolutionized WSI analysis, enabling automated
tissue segmentation, tumor classification, grading, and survival prediction. CNNs and
transformer-based models can learn discriminative patterns directly from raw pixel data, by-
passing the need for hand-crafted features [92, 163]. These models have achieved pathologist-
level performance in several benchmark tasks and have shown promise in predicting down-
stream outcomes, including recurrence and treatment response ([24, 49]).

However, WSIs present unique computational and operational challenges. Each slide
can exceed several gigabytes in size, requiring significant storage, memory, and processing
capabilities. Annotation at the cellular or regional level is time-consuming and typically
relies on expert pathologists, limiting the availability of labeled datasets. Additionally, many

pathology departments still rely on analog workflows, and the digitization of slides is not yet
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universal across clinical settings. Variability in staining protocols, scanner resolution, and
tissue preparation further complicates model generalizability.

Despite these barriers, WSIs offer a rich, underutilized modality for prognostic modeling.
When integrated with clinical, imaging, and molecular data, histopathological features can
provide ground-truth insights into tumor biology and support more comprehensive, multi-

modal decision-making frameworks in NSCLC.

1.3.5 Genomic Data: Molecular Insights into NSCLC

Genomic data offer a molecular-level understanding of non-small cell lung cancer (NSCLC),
revealing critical alterations that influence disease behavior, therapeutic response, and pa-
tient prognosis. These data typically include somatic mutations, copy number variations
(CNVs), gene expression profiles, and epigenetic markers derived from tumor tissue or liquid
biopsies. Key driver mutations, such as alterations in FGFR, KRAS, ALK, and TP53, have
been identified as pivotal in the classification and targeted treatment of NSCLC subtypes
[161].

As shown in Figure 1.10, genomic information is generally acquired through high-throughput
sequencing techniques, including whole-exome sequencing (WES), targeted gene panels,
or transcriptomic profiling via RNA sequencing (RNA-seq). These platforms yield high-
dimensional data capable of capturing the complex molecular heterogeneity of lung cancer,

offering actionable insights for precision medicine strategies.

Genomic Data
Molecular Insights into NSCLC

== Somatic

L\ éjgﬁ | : Mutations

(A CNVs
Tumor Tissue 1 I Gene
o i Expression
Liquid Biopsy

Figure 1.10: Overview of genomic data sources and their role in NSCLC prognosis. Molec-
ular alterations such as somatic mutations, CNVs, and gene expression patterns can inform
targeted therapies and survival risk stratification.
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In the context of artificial intelligence, genomic data have been successfully used to train
predictive models for prognosis and treatment response. For instance, machine learning algo-
rithms have utilized gene expression signatures to classify tumor subtypes and predict clinical
outcomes in NSCLC ([120]). Integrative approaches that combine genomic profiles with clin-
ical or imaging data have also demonstrated superior predictive performance compared to
unimodal models [32].

Despite their clinical value, genomic data present several challenges. Sequencing costs,
variability in assay platforms, and limited availability of annotated genomic datasets across
diverse populations restrict their routine implementation in real-world clinical settings. More-
over, the high dimensionality and sparsity of genomic features often necessitate sophisticated
dimensionality reduction and regularization strategies to avoid model overfitting ([2]).

Nevertheless, as sequencing becomes more cost-effective and clinically adopted, the in-
tegration of genomic data into multimodal AI pipelines is expected to further personalize

NSCLC management and improve prognostic accuracy.

1.4 From Unimodal to Multimodal Al

This section reviews advancements in Al applied to clinical data, spanning structured and
unstructured EHR data, and examines the trend toward integrating these sources with imag-

ing and molecular data in multimodal models for improved NSCLC prognosis.

1.4.1 AI with Clinical Data: Structured and Unstructured EHR

Structured clinical variables derived from EHRs, including demographic characteristics,
TNM staging, vital signs, and laboratory biomarkers, constitute a readily accessible and in-
terpretable data source for Al-based prognostic modeling in NSCLC. Early models typically
relied on conventional statistical approaches, such as Cox proportional hazards regression
[106] and logistic regression [84], to estimate survival probabilities and clinical outcomes.
With the advent of more sophisticated computational tools, ML techniques have gained
traction in this domain. Models such as random forests [130], support vector machines [146],
and deep neural networks [85] have been increasingly employed to capture complex, nonlinear
relationships among clinical features. For instance, Yuan et al. [164] developed ML-based
survival prediction models using structured EHR data from a cohort of over 42,000 lung
cancer patients, achieving strong discriminative performance in estimating OS. Similarly,
DeepSurv [72], a deep learning—enhanced extension of the Cox model, has demonstrated

superior performance compared to traditional survival models in various cancer datasets.
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However, despite their utility, models relying exclusively on structured clinical data are
inherently limited in their ability to capture nuanced temporal patterns, contextual depen-
dencies, and narrative details embedded in a patient’s longitudinal clinical history ([148]). To
address this limitation, recent efforts have focused on leveraging unstructured data sources
such as free-text clinical notes, discharge summaries, and radiology reports. These data types
offer a rich and underutilized reservoir of prognostic information that is often unavailable in
encoded formats.

NLP techniques, particularly those based on transformer architectures like BERT [37],
have shown promise in extracting clinically relevant signals from these unstructured nar-
ratives. For example, Zhou et al. [173] introduced a model incorporating semantic units
extracted from unstructured notes using a BERT-based model, which, when combined with
radiomic and clinical features, achieved an area under the curve (AUC) of approximately
0.766 in unimodal EHR survival prediction, prior to multimodal fusion.

However, these approaches often lack domain-specific adaptation, and many fail to sys-
tematically bridge unstructured and structured modalities ([15, 126]), leaving significant

room for improvement in model expressiveness, interpretability, and prognostic performance.

1.4.2 Unimodal Models Using Imaging, Pathology, and Genomics

In addition to structured and unstructured clinical records, unimodal prognostic models
have been developed using high-dimensional biomedical data such as radiological imaging,
histopathology, and genomic profiles. These modality-specific models leverage advanced
feature extraction techniques, both handcrafted and data-driven, to identify imaging- or
molecular-based biomarkers that correlate with patient outcomes in NSCLC.

Imaging-based Al models primarily utilize radiomics and deep learning techniques applied
to CT or whole-slide histopathology images. Radiomics approaches extract quantitative
descriptors related to tumor shape, intensity, and texture, which have been consistently
associated with survival across independent NSCLC cohorts [99]. CNN-based pipelines,
including models such as LungNet [40], have demonstrated strong AUC performance in
survival classification tasks [33]. However, radiomics features often suffer from reproducibility
issues due to variations in image acquisition and high dimensionality, leading to potential
overfitting.

A key distinction in unimodal imaging-based models pertains to the type of survival
outcome being predicted. Many deep learning approaches, particularly those employing
standard CNN architectures, frame survival prediction as a binary classification task (e.g.,

alive/dead at a fixed time point such as 1, 3, or 5 years post-diagnosis) due to the relative
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simplicity of optimizing cross-entropy loss and interpreting AUC metrics. While effective
for risk stratification at specific thresholds, this binary formulation discards valuable tem-
poral information present in the exact time-to-event data and cannot directly model hazard
functions or time-dependent risk.

In contrast, time-to-event (survival) models that explicitly incorporate the temporal
dimension, such as Cox proportional hazards extensions (e.g., DeepSurv ([72])), neural
network-based parametric survival models, or ranking-based approaches, leverage both cen-
soring status and observed survival times to estimate continuous risk over time. These
models are typically evaluated using concordance indices (C-index) rather than AUC alone
and offer greater clinical relevance for individualized prognosis.

In the domain of molecular data, genomics- and multi-omics—driven models aim to cap-
ture the prognostic relevance of gene expression, DNA methylation, microRNA, and other
omic signatures. These models often integrate clinical and molecular data using autoencoder-
based architectures or hybrid deep learning frameworks. Reported concordance indices (C-
indices) for such models typically range from 0.67 to 0.69 across different NSCLC subtypes
[33], underscoring the potential of molecular integration for systems-level prognostication
while highlighting limitations in capturing tumor heterogeneity.

Despite these successes, each modality captures only a subset of the multifaceted biolog-
ical and clinical variability in NSCLC. Imaging alone may reflect tumor morphology but not
molecular alterations or treatment response; genomics captures molecular features but not
tumor microenvironment or radiographic heterogeneity; clinical notes provide context not
available in structured variables. Unimodal approaches are further limited by issues such as
overfitting, poor generalizability, and incomplete representation of tumor biology [33]. Con-
sequently, multimodal learning strategies, which integrate clinical, imaging, and molecular
data, aim to leverage complementary information from each source. For instance, fusion
models combining radiomics, gene expression, and clinical data have demonstrated superior
risk stratification, effectively distinguishing low- and high-risk groups with notable accu-
racy and surpassing traditional unimodal data-based approaches [33]. These integrations
enhance prognostic robustness, generalizability, interpretability, and the ability to model

time-to-event outcomes [35, 158, 61].

1.4.3 Multimodal Fusion Models

Given the inherent limitations of single-modality models, there is a growing emphasis on
multimodal Al frameworks that integrate diverse data sources, such as clinical variables,

radiological imaging, histopathology, and molecular profiles, to improve prognostic accuracy
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in NSCLC [99]. These models are designed to harness the complementary strengths of
different modalities, capturing both macro-level clinical context and micro-level biological
signals in a unified analytical framework.

Several recent studies have demonstrated the effectiveness of such multimodal approaches.
Zhou et al. [173] proposed a hybrid model that integrates CT radiomics, structured clinical
variables, and unstructured EHR narratives using BERT embeddings and LASSO-selected
radiomic features. Their multimodal architecture achieved an AUC of 0.8449 for survival
classification, substantially outperforming unimodal baselines, including a clinical/EHR~only
model with AUC of 0.766. Deng et al. [35] introduced an attention-based cross-modal fu-
sion model combining histopathological images and RNA-sequencing data. Their method
improved prognostic concordance (C-index of 0.6587) relative to unimodal configurations
(0.577 for image-only and 0.588 for RNA-only), highlighting the synergy of morphological
and molecular inputs. Wu et al. [158] developed Lite-ProSENet, a lightweight deep learn-
ing framework that fuses CT imaging features with structured clinical data. The model
achieved C-indices as high as 0.893 on the TCIA NSCLC cohort, demonstrating the benefits
of combining anatomical imaging with encoded clinical variables. Hua et al. [61] focused on
predicting resistance to osimertinib by integrating histopathological slides, next-generation
sequencing (NGS) genomic data, demographic variables, and treatment history. Their mul-
timodal system attained a C-index of 0.82; outperforming unimodal models (C-index range:
0.75-0.77), and illustrating the utility of comprehensive data fusion in therapeutic outcome
prediction.

Despite the demonstrated promise of multimodal Al frameworks in NSCLC prognosis,
several challenges remain. Existing approaches often underutilize the rich information em-
bedded in unstructured clinical narratives, relying instead on structured variables that may
miss subtle yet clinically relevant details. Moreover, unstructured text is typically treated as
a sequence of tokens, without explicitly extracting task-oriented entities such as tumor stage,
mutation status, or adverse events, which can limit both predictive performance and inter-
pretability. On the imaging side, many models operate on coarse volumetric representations
or precomputed radiomic features, potentially overlooking slice-level or subregional hetero-
geneity that is critical for survival and treatment response prediction. Fusion strategies that
combine unstructured clinical text with CT imaging, while effective, are often simplistic and
may fail to capture complex cross-modal interactions, limiting generalizability across diverse
NSCLC cohorts. Finally, despite improvements in predictive accuracy, most multimodal
models provide limited insights into the clinical rationale behind their predictions, which

poses a barrier to real-world adoption.
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1.5 Contributions and Thesis Outline

The aim of this thesis is to advance predictive modeling in NSCLC by leveraging unstructured
clinical data from EHRs and combining it with imaging information through multimodal deep
learning architectures. This work draws upon methodologies from clinical NLP, radiomics,
and deep neural networks to investigate both unimodal and multimodal approaches for key
prognostic tasks, including OS and pCR prediction.

The main contributions of this thesis are summarized as follows:

e A domain-specific named entity recognition (NER) system tailored to unstruc-
tured clinical narratives in NSCLC. This includes the construction of a task-oriented
ontology of lung cancer—specific entities and the fine-tuning of a transformer-based

NER model on expert-annotated datasets.

¢ A novel text-based prognostic modeling framework, where the extracted clinical
entities are converted into patient-level representations using hierarchical attention
networks. These embeddings are used to predict survival and treatment response

outcomes, outperforming baselines based on structured variables alone.

e A slice-level attention model for CT imaging, which processes axial slices through
2D convolutional neural networks and aggregates spatial information via attention
mechanisms. This architecture captures tumor-related patterns effectively and achieves

competitive performance on public NSCLC datasets.

¢ A multimodal fusion framework that jointly models unstructured clinical text and
CT imaging data. The proposed architecture integrates pretrained text embeddings
and convolutional image features using attention-based fusion strategies, significantly

improving survival prediction performance over unimodal counterparts.

e Extensive experimental evaluation, including ablation studies, baseline compar-
isons, and model interpretability analyses. These analyses validate the contribution
of unstructured data and multimodal integration to predictive accuracy and clinical

relevance.

The thesis is organized as follows. Chapter 2 focuses on the use of unstructured EHR
data, with particular emphasis on free-text clinical notes, and introduces a domain-specific
NER model designed to extract clinically meaningful entities relevant to NSCLC prognosis.

Chapter 3 presents a deep learning framework that leverages the extracted clinical entities
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Table 1.1: Datasets, modalities, endpoints, and experimental settings across thesis chapters

Chapter Clinical Dataset N Modalities Endpoint Metric / Split
Task
2 Named Entity Institutional 758 Clinical notes 25  entity Fl-score/10-fold CV
Recognition ~ NSCLC Cohort docs; types + patient split
257
patients
3 (0S) Survival pre- Institutional 829 NER + struc- OS Ctd.index/  10-fold
diction NSCLC Cohort docs; tured EHR CV + patient split
231
patients
3 (pCR) Treatment re- Institutional 134 NER + clini- pCR AUC/10-fold CV +
sponse NSCLC Cohort docs; 67 cal features patient split
patients
4 Survival pre- LUNGI; Institu- 422 Chest CT 2-year OS  C*e-index/10-fold
diction tional NSCLC Co- + 119 Cv
hort patients
5 Multimodal ~ INSPECT dataset 19402  EHR + CTPA 1/6/12-mo MCC/official split
mortality patients + reports mortality
prediction

for predictive modeling, where patient-level representations are generated through hierarchi-
cal attention networks and evaluated on survival and treatment outcome prediction tasks.
Chapter 4 explores predictive modeling based on chest CT imaging, proposing a novel slice-
level attention model that processes individual axial slices using convolutional layers and
aggregates spatial information through attention mechanisms, demonstrating strong perfor-
mance on publicly available NSCLC datasets. Chapter 5 integrates the modalities addressed
in the previous chapters, clinical text and CT imaging, into a multimodal fusion frame-
work for survival prediction, evaluating early, late, and hybrid fusion strategies and showing
that the combined model consistently outperforms unimodal approaches. Finally, Chapter 6
concludes the thesis by summarizing the main contributions, discussing implications for real-
world clinical deployment, and outlining future research directions, including the integration

of additional modalities such as genomics and longitudinal data.

1.6 Overview of Datasets and Experimental Settings

To provide a clear and unified overview of the experimental framework adopted throughout
this thesis, Table 1.1 summarizes the datasets, cohort sizes, clinical endpoints, modalities,
and data splitting strategies used across the chapters. This overview aims to facilitate cross-

chapter comparison and improve the overall readability and reproducibility.
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Chapter 2

Information Extraction from Unstruc-

tured EHR

The growing availability of EHRs has ushered in new opportunities for improving the under-
standing, diagnosis, and treatment of complex diseases such as NSCLC. Although structured
data in EHRs is organized and standardized patient information in fixed fields, such as di-
agnostic codes and lab results, a significant portion of clinically valuable information resides
in unstructured narratives. These include physicians’ notes, imaging reports, and follow-up
summaries, which often contain longitudinal insights, personalized treatment details, and
contextual nuances not captured elsewhere.

Extracting structured information from these unstructured texts is a critical step toward
enabling data-driven decision-making in oncology. Named Entity Recognition (NER), a
core task in NLP, facilitates this transformation by automatically identifying and classifying
mentions of medical concepts within free-text documents. In recent years, the application of
deep learning and transformer-based models has substantially improved the performance of
NER systems, particularly in English-language biomedical texts. However, limited research
has addressed the challenges of clinical NER in less-resourced languages such as Italian,
especially in the context of NSCLC.

This chapter explores the role of NER in structuring unstructured EHR data, with a
focus on the development and evaluation of a domain-adapted NER system for Italian-
language clinical reports of NSCLC patients. We present the conceptual, methodological,
and architectural components of the system, detailing the ontology of clinical entities, the
annotation framework, and the neural modeling techniques used. Finally, we benchmark
the proposed approach against general-purpose language models, highlighting the benefits

of domain-specific pretraining.
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2.1 Motivation and Clinical Background

The complexity of NSCLC diagnosis, treatment, and monitoring requires the systematic
recording of a wide array of clinical information, which is often stored in EHRs. Although
structured data formats such as ICD codes or laboratory test results provide standardized
insights, much of the rich and nuanced information describing patient condition, treatment
rationale, and disease progression is embedded in unstructured clinical narratives, including
oncology consultations and radiotherapy notes.

These unstructured texts represent a valuable source for understanding longitudinal pa-
tient history, symptom evolution, and real-world treatment decisions. However, mining
actionable information from such narratives is challenging due to their free-text format,
domain-specific terminology, and variable syntax. NLP techniques, particularly Named En-
tity Recognition (NER), provide a scalable approach for extracting and categorizing clin-
ically relevant information from unstructured content (Figure 2.1). NER aims to identify
and categorize spans of text corresponding to clinical concepts, such as symptoms, diag-
noses, therapies, laboratory findings, and procedures. Importantly, the extracted entities
are not necessarily normalized or codified into canonical, discrete variables, but often con-
sist of multi-token expressions that preserve the original linguistic formulation. As such, the
output of NER in this work should be interpreted as a semi-structured representation of clin-
ical information, in which relevance is captured through contextualized textual embeddings

rather than explicit numerical encoding.

CLINICAL * Diagnosis
NOTES NER * Symptoms
* Treatment
* Biomarkers
UNSTRUCTURED SEMI-STRUCTURED
EHR Information

Figure 2.1: Overview of the information extraction process using NER in lung cancer care.
Unstructured EHR data, such as clinical notes and radiology reports, are processed by an
NER system to identify and categorize clinically relevant concepts, including diagnoses,
symptoms, treatments, and biomarkers, yielding semi-structured, embedding-based repre-
sentations.

This semi-structured extraction paradigm enables the reuse of information embedded in
clinical narratives without imposing strong assumptions on canonical coding or normaliza-

tion. In the context of lung cancer care, such representations can be directly leveraged in
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downstream predictive models, such as OS, by operating on entity-level embeddings rather
than on manually engineered or fully structured feature vectors.

Nevertheless, the development of robust NER systems for healthcare remains a non-trivial
task. Clinical language is characterized by ambiguous abbreviations, institution-specific
jargon, and a lack of grammatical regularity, which substantially limits the effectiveness
of naive text-processing approaches. Early NER methods primarily relied on rule-based
systems or traditional machine learning classifiers, which required extensive manual feature
engineering and showed limited generalization across datasets and clinical settings. Recent
advances in deep learning, and particularly the adoption of transformer-based architectures
such as BERT, have significantly reshaped the field. By modeling contextual dependencies
and long-range semantic relationships, these models are able to better capture the nuances of
clinical language, making them especially well suited for biomedical and clinical NER tasks.

To the best of our knowledge there is few work in applying BERT-based models for NER
to the specific field of NSCLC and the majority includes the lung cancer patients’ clini-
cal reports in wider datasets, with the aim of extracting general oncological information or
rather information about the diagnosis [60, 105]. Only two contributions tackle the NER
task with the aim of extracting specific information about lung cancer patients from their
clinical reports [165, 138]. The article by Zhang et al. [165] extracts entities from Chinese
CT reports for lung cancer screening and TNM staging using a BERT-based Bidirectional
Long-Short Term Memory (BiLSTM)-Transformer network. The network was pre-trained
on 170 chinese unannotated CT reports, to address the challenge posed by limited labeled
data. To evaluate the effectiveness of their approach, the researchers conducted experiments
on a private clinical dataset consisting of 359 CT reports obtained from the Department of
Thoracic Surgery II at Peking University Cancer Hospital, in which they identified 14 entity
types about lung cancer screening and staging. To train and evaluate the proposed model,
they randomly separated 70% CT reports as the training set, 10% as the validation set, and
20% as the test set. The proposed deep learning method demonstrated high efficiency in rec-
ognizing the 14 clinical entities pertinent to lung cancer screening and staging, achieving an
Fl-score equal to 85.96%. In [138] the authors proposed an innovative deep learning-based
approach for the extraction of lung cancer information from clinical notes written in Spanish.
To tackle this challenging task, they leveraged the power of two separate deep learning mod-
els: BiLSTM and pre-trained BERT. In order to evaluate the effectiveness of each approach,
the researchers manually curated a private annotated corpus comprising 500 clinical notes
of patients diagnosed with lung cancer where they found 19 biomedical entity types about
lung cancer staging, diagnosis, treatments, patient information and lifestyle. Using a 10-fold
cross-validation strategy results showed an Fl-score of 91.08% and 93.72% for BiLSTM and
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BERT models, respectively. Although both [165] and [138] achieve impressive performance
in accurately identifying and extracting relevant information related to lung cancer from the
clinical reports, a major limitation of the literature on NER for lung cancer is the adaptation
of transformer-based models for the biomedical domain in less-resourced languages as Ital-
ian. Indeed, the majority of existing research in this field has predominantly focused on the
English language, thanks to the availability of large public datasets such as MIMIC [70], and
more recently on other languages, as Chinese [165] and Spanish [138]. The task of extracting
named entities from oncology clinical texts written in Italian is largely unexplored, needing
domain-specific checkpoints and access to public biomedical data. A recent attempt to start
filling this gap in the Italian biomedical field is the pre-trained model called Biomedical
BERT for Italian (BioBIT) [15]. BioBIT aims to address the disparity between Italian and
English NLP by employing Italian machine translations of English resources and by inte-
grating a domain specific corpus composed of Italian texts. The pre-training of this Italian
biomedical checkpoint can be summarized as follows. Initially, a general-purpose Italian
BERT checkpoint called BaseBIT [15] was pre-trained on a non-medical Italian corpus of
81 GB and 13 billion tokens. This checkpoint was further augmented with a biomedical
corpus obtained by automatically translating the MIMIC [70] corpus, comprising over 2 mil-
lion PubMed abstracts for a final dimension of 28 GB. The resulting checkpoint was called
BioBIT (Biomedical BERT for ITalian). To increase the quality of BioBIT pre-training, the
authors of [15] developed two additional checkpoints (MedBITR3+ and MedBITR12+) by
further pre-training BioBIT on a 100 MB private corpus of medical textbooks used in formal
medical doctors’ education and specialized training, which were either directly written by
Italian authors or translated by human professional translators.

The three checkpoints were evaluated on 6 NER tasks using different public datasets
translated from English to Italian, targeting the annotation of chemicals, diseases, genes,
and other biomedical-related mentions. The MedBITR3+ and MedBITR124+models were
able to outperform BioBIT checkpoint on 4 over 6 NER tasks, proving the benefits of the
higher quality training data. Despite the fact that BioBIT checkpoints represent a significant
step forward in the field of biomedical NER in Italian, it is worth noticing that all datasets
used to test the network on NER tasks were translated from English to Italian, hence the
proposed checkpoints were not evaluated on an original Italian dataset, or rather on a real-
world NER task specifically focusing on lung cancer in the Italian language. For these
reasons, we propose this work that represents a first attempt to apply NER on a real-world
Italian dataset on NSCLC.
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Table 2.1: Entity types acronyms and descriptions

Entity type | Acronym | Description

Cancer CAN Physicians’ descriptions of tumors (e.g. ‘adenocarcinoma’) and
metastasis concepts (e.g. ‘bone metastasis’).

Comorbidity COM Diseases or conditions that co-occur with a cancer diagnosis.

Cancer stage STA The stage of the tumor at the time of diagnosis. It may be implic-

itly described (e.g. ‘advanced stage’) or indicated using a scale
ranging from I to IV.

Focal anomaly FAN Any type of abnormality or suspicious pathology, such as nodules
and lesions.

Anatomical position POS The specific anatomical location of the cancer or anomaly, such
as the right lung.

Therapy TPY The name of the therapy used to treat patients, including radio-
therapy and surgery.

Drug DRU The names of drugs used in the treatment of cancer patients.

Dosage DOS The dosage of drugs (e.g., 25 mg) and therapy.

Therapy duration DUR The duration of a patient’s cancer treatment or the period during
which a specific drug was administered.

Teraphy line TPL The number of cycles within a therapy.

Tumor progression TUP Changes in the rate of growth or invasiveness of cancer cells.

Quantity habits QHA The quantity of cigarettes smoked by the patient or alcohol con-
sumed.

Exam EXA All the medical examinations undergone by a cancer patient.

Medication frequency FRE The frequency of medication administration.

Patient event PEV When a treatment has been given to a patient, reduced, changed,
or discontinued.

Patient symptom PSY Symptoms experienced by the patient.

Mass MAS Abnormal growth of cells that forms a mass or tumor within the

tissue. It can be described in terms of maximum diameter (mm

or cm) or volume (cm?)

Morphology MOR Shape and structure of the tumor, such as a solid formation with
irregular margins.

Date DAT Dates of exams, diagnosis, and follow-up implicity mentioned in
the clinical notes.

Histology HIS Histological characteristics of the cancer, such as ‘squamous’.

Familiarity FAM Cancer cases in the patient’s family clinical history.

TNM classification TNM T describes the tumor’s size on a scale of 1 to 4, N indicates

the status of nearby lymph nodes (ranging from 0 to 3), and
M indicates the presence of distant metastasis (0 if absent, 1 if

present).

Numerical Rating Scale | NRS Pain level on a scale from 0 to 10, with 0 indicating no pain and
10 reﬁresenting the worst tolerable pain.

Weight WEI Weight of a cancer patient.

Height HEI Height of a cancer patient.

2.2 Materials and Methods

2.2.1 Clinical Concept Taxonomy and Annotation Framework

A fundamental step in developing an effective NER system is the definition of a domain-
specific ontology that accurately captures the clinical concepts of interest. In the context of
NSCLC, a set of 25 clinically meaningful entity types, listed in Table 2.1, was defined in col-
laboration with an oncologist and a radiation oncologist. These entities cover a broad range

of information relevant to lung cancer management, including cancer characteristics (e.g.,
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morphology, stage, TNM classification), patient-related factors (e.g., comorbidities, symp-
toms, familiarity), treatment details (e.g., drug, dosage, therapy duration), and diagnostic
information (e.g., imaging findings, histology).

This ontology was tailored to address the specific needs of NSCLC care and ensures that
the resulting annotations support both clinical interpretability and computational feasibility.
The decision to limit the entity set to those requiring genuine NER, rather than simpler
extraction techniques, further enhances the precision and relevance of the annotation effort.

The annotation process was carried out using the Doccano tool [109] and involved the
manual labeling of 758 Italian clinical reports from 257 patients diagnosed with stage III
or IV NSCLC [127, 19]. These reports, collected prior to the initiation of therapy, are di-
vided into two main categories: oncological visits and radiotherapy visits. Each document
provides a comprehensive overview of the patient’s clinical profile, including personal infor-
mation, medical history, reason for consultation, histological and imaging findings, physical
examinations, preliminary diagnoses, prescriptions and recommendations, conclusions, and
follow-up plans.

The patient cohort was enrolled under two separate ethical approvals: the first ap-
proved on 30 October 2012 and registered at ClinicalTrials.gov on 12 July 2018 (Identifier:
NCT03583723); the second approved on 16 April 2019 (Identifier: 16/19 OSS).

Annotations were performed using the BIO (Beginning, Inside, Outside) tagging format
to mark the spans corresponding to each entity type. For instance, the sentence ‘Adenocar-
cinoma dell’apice polmonare sinistro’ (Adenocarcinoma of the left lung apex) can be labelled
as shown in Figure 2.2. It is worth noticing that in this example an entity can include one
or more tokens: the entity type CAN is assigned to an entity encompassing one token (i.e.
‘Adenocarcinoma’), whereas the entity type POS is assigned to an entity encompassing three

tokens (i.e. ‘apice’, ‘polmonare’; ‘sinistro’).

Adenocarcinoma dell ' apice polmonare sinistro

B-CAN o} (o] B-POS I-POS I-POS

Figure 2.2: Sentence labeled with the BIO tagging format.

Initial annotation was carried out by a trained non-expert and subsequently validated by

clinicians to ensure clinical soundness.
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To evaluate the quality and consistency of the annotations, inter-annotator agreement
(IAA) was measured using the Fl-score. This choice is motivated by findings from several
studies [17, 133, 76|, which argue that the Fl-score [59] is more appropriate than the Kappa
statistic [29] in the context of named entity annotation. This is primarily because anno-
tated entities can span varying numbers of tokens, making token-level agreement metrics
like Kappa less reliable. On the one hand, we first computed the score at token level, mean-
ing that the TAA for each token is calculated separately. Indeed, when an entity contains
several tokens, a pair of annotators can annotate different token groups. In this case, correct
annotations include only those tokens where both annotators agree. On the other hand, the
IAA Fl-score was also obtained at the entity level, meaning that the correct annotations

encompass only those entities where both annotators agree on all annotated tokens.

Table 2.2: Inter-annotator agreement for the NSCLC corpus

Entity type Token level TAA | Entity level TAA
Cancer 0.92 0.92
Comorbidity 0.95 0.95
Cancer stage 1.0 1.0
Focal anomaly 0.97 0.97
Anatomical position 0.98 0.98
Therapy 0.99 0.99
Drug 0.99 0.98
Dosage 1.0 1.0
Therapy duration 1.0 1.0
Teraphy line 1.0 1.0
Tumor progression 1.0 1.0
Quantity habits 1.0 1.0
Exam 0.99 0.99
Medication frequency 1.0 1.0
Patient event 0.98 0.98
Patient symptom 0.93 0.96
Mass 1.0 1.0
Morphology 1.0 1.0
Date 1.0 1.0
Histology 1.0 1.0
Familiarity 1.0 1.0
TNM classification 1.0 1.0
NRS 0.82 0.57
Weight 1.0 1.0
Height 1.0 1.0
Average 0.984+0.04 0.97+0.08

Table 2.2 shows the TAA using the F1-score: on the one hand with respect to the token
level TAA values are near the complete agreement for all entities, on the other hand looking
at the entity level IAA we notice a lower value for the NRS entity type. We deem this

result depends on the difficulty in agreeing with the correct number of tokens comprising
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this entity, which is one of the main challenges when dealing with a NER annotation process.
However, looking at the average values for both measures, it is possible to conclude that the

annotation is overall reliable.

2.2.2 Neural Architecture for Clinical NER

The technical implementation of a clinical NER system relies on the careful design of the
underlying neural architecture. A transformer-based model was employed, specifically the
MedBITR3+ checkpoint, a variant of BioBIT pretrained on Italian biomedical corpora [15].
This model integrates both general linguistic knowledge and domain-specific information,
rendering it well-suited for extracting entities from clinical narratives in Italian.

As depicted in Figure 2.3, the training pipeline followed a three-stage process: (1) cor-
pus generation and preprocessing, (2) fine-tuning of the pretrained model, and (3) evalua-
tion using cross-validation. Preprocessing included sentence segmentation and tokenization
adapted for clinical Italian text of annotated NSCLC clinical reports. To address linguistic
and structural challenges of NSCLC clinical reports written in Italian, we developed a cus-
tom algorithm for sentence detection and tokenization specifically designed for the Italian
NSCLC clinical notes. First, the reports in the annotated corpus were split into distinct
sentences using two separator characters: the dot character *.” and the double new line char-
acter ‘/n/n’. The first character (‘.”) was considered a separator, except when: it appeared
after abbreviations; it was followed by a number; in special cases like web addresses and
emails.

The second separator (‘/n/n’), was chosen since typically two occurrences of ‘/n’ character
indicate the start of a new sentence, unlike a single occurrence. After splitting the documents
into sentences, each sentence was tokenized, i.e. split in its atomic units using various word
separators, including the blank space, brackets, punctuation marks, etc..

The fine-tuning phase optimized the model on the annotated NSCLC corpus for the
specific NER task addressing class imbalance via focal loss. Finally, a rigorous 10-fold cross-
validation strategy ensured robust evaluation.

Among the transformer-based architectures available for the Italian language, the Med-
BITR3+ checkpoint [15] has been demonstrated to be particularly effective for biomedical
applications. This model builds upon the BaseBIT [15] and BioBIT [15] checkpoints by
incorporating additional pretraining on high-quality, domain-specific data, namely, Italian
medical textbooks written or translated by experts.

This domain adaptation strategy allows the model to acquire an in-depth understanding

of specialized vocabulary, syntactic patterns, and semantic nuances characteristic of clini-
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10 fold CV

Clinical a) corpus generation b) model fine-tuning

notes —
Training . Madel
. set fine-tuning
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Figure 2.3: Proposed pipeline. Panel a) shows the corpus generation, including annotation
and the pre-processing of the raw text (sentence detection and tokenization). Panel b) shows
the fine-tuning phase, whereas panel c¢) the validation phase. Both b) and ¢) are carried out
considering a 10 fold cross-validation experimental setup (10 fold CV black dotted box).

cal discourse. Compared to general-purpose models such as multilingual BERT (mBERT)
[36] and umBERTo [119], which are trained on Wikipedia or CommonCrawl corpora, Med-
BITR3+ provides a distinct advantage in accurately identifying entities specific to oncology
and NSCLC care.

2.3 Experimental Setup

The model fine-tuning was performed on the annotated NSCLC dataset using the following
configuration: a batch size of 8, 12 training epochs, a dropout rate of 0.1, and a learning rate
of 5 x 10° with the Adam optimizer. These settings were selected to balance convergence
stability with generalization performance.

A focal loss function [96], defined as

FL(p:) = -a¢(1 — p¢)"log(p:) (2.1)

was employed to mitigate the effects of class imbalance inherent in the dataset, which
features highly skewed distributions of certain entity types (Figure5.4). The loss function
dynamically down-weights well-classified examples and emphasizes harder, minority-class
samples. This approach enables the model to better learn infrequent but clinically significant

entities.
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Figure 2.4: Histogram of entity types. On the y-axis we show the count (on the left) and
the percentage frequency (on the right) of occurrences of each entity type. On the x-axis
we show the various entity types. In addition to the histogram, we also display the Lorenz
curve (in orange), which illustrates the distribution of entities in terms of their occurrences.

2.4 Results and Discussion

Evaluating the performance of a NER system within a clinical context necessitates a rigor-
ous and comprehensive assessment strategy. To this end, the MedBITR3+ model [15] was
benchmarked against two general-purpose transformer-based models, multilingual BERT
(mBERT) [36] and umBERTo [119], using standard evaluation metrics: precision (P), recall
(R), and Fl-score (F1). These metrics were computed at the entity level under a strict
matching criterion, which requires complete span overlap between predicted and annotated

entities.

#Entities correctly predicted as Ej
#Entities predicted as E;

P(E) =

R(E,) = #Entities correctly predicted as E} (2.3)
v #Entities belonging to E; in the dataset '

2. P(Ey) - R(Ey)
P(E;) + R(E;)

Equations 2.2, 2.3 and 2.4 present the formal computation of the aforementioned metrics

F1(E,) = (2.4)

according to this rationale. Each score is calculated with respect to a specific entity type E
and the symbol ‘#’ stands for ‘Number of’.

To ensure robust and unbiased evaluation, a 10-fold cross-validation was employed at the
patient level. This approach minimizes the risk of overestimating performance by prevent-
ing the leakage of patient-specific information between training and test sets. The predic-
tions from each fold were aggregated to produce overall performance scores across the entire

dataset.
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Table 2.3: Results for multilingual BERT, umBERTo, MedBITR3+

mBERT umBERTo MedBITR3+

Entity type | F1 P R | F1 P R | F1 P R
Cancer 0.927 0.906 0.949 0.934 0.914 0.955 0.949 0.934 0.965
Comorbidity 0.679 0.664 0.694 0.733 0.702 0.767 0.762 0.744 0.780
Cancer stage 0.791 0.750 0.837 0.786 0.753 0.822 0.800 0.761 0.843
Focal anomaly 0.800 0.770 0.834 0.802 0.769 0.837 0.818 0.789 0.849
Anatomical position 0.770 0.747 0.794 0.783 0.754 0.815 0.801 0.779 0.824
Therapy 0.844 0.818 0.873 0.847 0.814 0.882 0.865 0.840 0.891
Drug 0.899 0.893 0.905 0.921 0.915 0.926 0.921 0.911 0.931
Dosage 0.897 0.886 0.909 0.908 0.901 0.915 0.917 0.914 0.920
Therapy duration 0.761 0.727 0.798 0.785 0.757 0.814 0.764 0.716 0.818
Teraphy line 0.877 0.875 0.879 0.894 0.865 0.925 0.892 0.861 0.925
Tumor progression 0.517 0.484 0.55 0.603 0.565 0.645 0.623 0.580 0.672
Quantity habits 0.911 0.911 0.911 0.898 0.876 0.923 0.911 0.906 0.917
Exam 0.870 0.850 0.891 0.874 0.851 0.898 0.892 0.872 0.914
Medication frequency 0.797 0.758 0.842 0.807 0.764 0.855 0.815 0.779 0.854
Patient event 0.757 0.717 0.802 0.754 0.703 0.814 0.778 0.735 0.826
Patient symptom 0.683 0.668 0.699 0.748 0.720 0.778 0.766 0.751 0.781
Mass 0.872 0.841 0.906 0.879 0.851 0.910 0.895 0.875 0.915
Morphology 0.693 0.653 0.739 0.712 0.674 0.754 0.740 0.703 0.782
Igate 0.905 0.871 0.940 0.904 0.871 0.940 0.915 0.883 0.949
Histology 0.885 0.880 0.891 0.917 0.908 0.925 0.907 0.885 0.931
Familiarity 0.601 0.544 0.684 0.646 0.587 0.718 0.643 0.594 0.701
TNM classification 0.776 0.693 0.884 0.795 0.691 0.938 0.780 0.678 0.919
NRS 0.980 0.967 0.994 0.959 0.931 0.989 0.969 0.946 0.994
Weight 0.938 0.928 0.949 0.958 0.939 0.978 0.971 0.977 0.966
Height 0.976 0.969 0.981 0.942 0.939 0.945 0.969 0.981 0.957

Average =+ std | 0.817£0.113 0.79140.124 0.846+0.103 | 0.83240.09 0.800£0.110 0.86740.085 | 0.8434+0.094 0.816+0.109 0.873+0.082

2.4.1 Benchmarking Against General-Purpose Language Models

The benchmarking analysis aimed to quantify the benefit of employing a domain-specific lan-
guage model by comparing the MedBITR3+ checkpoint against two widely adopted general-
purpose models: multilingual BERT (mBERT) and umBERTo. While mBERT is trained
on Wikipedia across 104 languages, including Italian, umBERTo is trained specifically on
Italian text from the OSCAR corpus. However, neither model is pretrained on biomedical
data, which limits their effectiveness in clinical NER tasks.

The upper panel of Table 2.3 shows results of mBERT, UmBERTo and MedBITR3+ for
each entity type, whereas the lower panel presents the average performance with the standard
deviation (std). The highest scores are highlighted in bold. Looking at the results it is evident
that the MedBITR3+ model outperforms the others. The MedBITR3+ model achieved an
average F'l-score of 0.843, outperforming mBERT and umBERTo, which reached 0.817 and
0.832, respectively. Notably, MedBITR3+ attained the highest F1-score across 76% of the 25
entity types, demonstrating its superior ability to generalize across diverse clinical concepts.
For instance, in the identification of cancer-related terms (e.g., morphology, staging, and
drug therapy), the domain-adapted model consistently delivered higher precision and recall.

In addition to descriptive statistics, the McNemar statistical test [82] was conducted to
assess the significance of the performance differences between MedBITR3+ and its competi-
tors. In both comparisons the final McNemar statistic s was far greater than the threshold
value 3.841 (s = 6682.90 for MedBITR3+ vs. umBERTo and s = 10527.90 for MedBITR3+
vs. mBERT) with a p-value near 0. These results demonstrate the statistically significant
superiority of MedBITR3+ in the NER task at hand, thereby confirming that the observed

gains were not due to random variation.
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In conclusion, the benchmarking results affirm the added value of domain-adaptive pre-
training in biomedical NLP. Models like MedBITR3+, which integrate specialized clinical
language into their training corpus, are better equipped to handle the intricacies of healthcare
narratives and deliver more reliable performance in information extraction tasks relevant to

lung cancer care.
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Chapter 3

Prognostic Modeling from NER-Driven
Representations of Unstructured Clin-

ical Text

The narrative sections of EHRs are a rich repository of patient information, encompassing
diagnostic findings, treatment plans, comorbidities, and disease progression notes. In the
case of NSCLC, such unstructured text can contain subtle prognostic cues that may not be
reflected in structured data fields.

However, the inherent variability of clinical language, use of abbreviations, and lack of
consistent formatting present major obstacles to direct computational analysis.

NLP, and in particular NER, provides a mechanism to transform these free-text narratives
into structured, semantically meaningful representations. Although much of the existing
literature has focused on using NER for feature extraction, relatively little attention has
been given to leveraging the contextual embeddings produced by NER models themselves.
These embeddings preserve not only the presence of medical entities but also the linguistic
and clinical context in which they appear, potentially carrying latent prognostic information
that manual extraction might overlook.

This chapter presents a prognostic modeling framework that capitalizes on these rich
NER-derived representations through a Hierarchical Embedding Attention architecture (HEAL).
The approach integrates entity-level contextual embeddings from a transformer-based mul-
ticlass NER system with a two-level attention mechanism, enabling selective aggregation
of information first at the token level and then across sentences and reports. The result-
ing patient representation serves as input to predictive models for two clinically relevant

endpoints:
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e OS, a time-to-event outcome measuring the duration from diagnosis or treatment to

death.

e pCR, a binary endpoint indicating the absence of residual invasive cancer after neoad-

juvant treatment.

Beyond predictive performance, the proposed methodology emphasizes interpretability,
providing attention maps that highlight clinically relevant sentences and entities. By com-
paring this automated, data-driven representation with manually curated clinical features,
we assess the potential of NER-driven embeddings to enhance both the accuracy and trans-
parency of prognostic models.

The remainder of this chapter details the motivation for structured semantics from free
text (Section 3.1), the hierarchical representation learning architecture (Section 3.2), the
clinical outcomes addressed (Section 3.3), the experimental design (Section 3.4), quantitative

evaluation (Section 3.5), and interpretability analysis (Section 3.6).

3.1 Motivation and Clinical Background

EHRs often contain rich narrative sections that capture nuanced clinical details unavail-
able in structured tables. In the context of NSCLC prognosis, these free-text notes include
histology descriptions, comorbidities, treatment regimens, and temporal disease evolution,
signals that are critical for accurate survival prediction. However, their unstructured nature
poses challenges for computational analysis. As seen in the previous chapter, NER offers a
means of converting these narratives into structured semantic units, identifying and catego-
rizing clinically relevant concepts such as cancer stage, therapy, comorbidities, and histology
(Figure 3.1).

Early progress in clinical NER was slower than in the general domain, largely due to
limited availability of annotated clinical data. Over time, the release of public benchmarks
and shared tasks, together with the adoption of machine learning and deep learning ap-
proaches such as CRFs [83] and BiLSTMs [56], contributed to advancing the field, as dis-
cussed in Chapter 2. More recently, transformer-based pre-trained language models built
on the BERT architecture have emerged as the dominant paradigm for clinical NER, con-
sistently outperforming earlier methods across multiple benchmarks [111]. An overview of
representative recent approaches applied to EHR data is reported in Table 3.1. Specifically,
we observe that 8 out of 12 studies employ a BERT-based approach, which aligns with the
methodology adopted in this work. With respect to the clinical domain, most of the ana-

lyzed papers address broad and heterogeneous clinical scenarios, while only three focus on a
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Figure 3.1: Conceptual overview of transforming unstructured clinical text into structured,
entity-level information for prognostic modeling in NSCLC. The process begins with raw
narrative EHR data, applies NER to extract clinically relevant entities (e.g., diagnosis, treat-
ment, findings), and generates structured representations that inform predictive models for
patient survival outcomes.

specific pathology [174, 166, 139]. This predominance of general-purpose settings limits the
ability to capture disease-specific linguistic patterns, clinical terminology, and contextual nu-
ances that may be critical for modeling complex conditions such as lung cancer. As a result,
clinically relevant aspects, including pathology-specific symptoms, treatment protocols, and
prognostic descriptors, may be underrepresented or insufficiently characterized in existing
approaches. Additionally, nearly all of these studies formulate NER as a multiclass problem,
reflecting the simultaneous presence of multiple entity types within clinical narratives. In
light of this, our approach involves implementing a multiclass NER system. We believe that
the distinctive classes within the NER embeddings can provide significant benefits when
using such representations to train a predictive model. Among the literature examined, we
found only three papers that include NER to build a predictive model, but they do not use
NER embeddings as feature representations. Instead, entities are extracted through a NER
system and subsequently transformed into numerical representations, primarily using various
embedding techniques such as BERT-based models or Word2Vec. This process, however, re-
sults in the loss of EHRs contextual information surrounding the entities, which can provide
valuable insights for a more comprehensive and accurate understanding. By representing
entity-level information in a semi-structured form through contextual embeddings, we can
create richer and more discriminative patient representations that capture both the identity
of clinical entities and aspects of their surrounding context. These representations bridge
the gap between raw narrative text and survival modeling, allowing predictive models to
leverage detailed, clinically relevant information while remaining automated, scalable, and

interpretable.
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Table 3.1:
Part,

Recent advances in NER applied to EHR. Abbreviations:
Problem, Op=Operation,
Med=Medicine, Lab=Laboratory, Exam=Examination, Dos=Dosage, Freq=Frequency,
RoA=Route of Administration, Str=Strength.

Trt=Treatment,

Sx=Symptom, MedProb=Medical

BP=Body

Model Ref. Dataset App. Entities Perf. Usage
MC-BERT+ (23] CCKS17 [90], Notes 9: BP, Trt, Signs,  F1: 94.2, 86.5, 92.3 -
BIiLSTM+ CCKS19 [176], Check, Disease,
CNN+ MHA+ cEHRNER [167] Lab, Med, Op, Sx
CRF
BiLSTM-CNN-  [78] i2b2-10 [154], 2014  Notes 4: MedProb, Trt,  F1: 87.6, 96.1, 89.9 -
Char n2c2 [142], 2018 Test, Drug
n2c2 [54]
MUSA- [8] CCKS17 [90], Notes 5: Disease, Sx, F1: 92.0, 91.8 -
BIiLSTM-CRF CCKS18 [170] Exam, Trt, BP
BERT [110] 2018 n2c2 [54], Notes 4: Drugs, Dos, F1: 90.0, 80.9, -
2009 n2¢2 [123], Reasons, ADE 88.4, 87.5, 82.6
2010 n2c2 [154],
2012 n2c2 [143),
ShARel3 [43]
BERT- [74] ShARel3 [43], Notes 1: Disorder F1: 79.9, 80.7 -
BiLSTM-CRF ShARel4 [18]
BERT [124] i2b2-2010 [154], Notes 3: MedProb, Trt, F1: 87.7, 80.9 -
VietBioNER [125] Test
CancerBERT [174] Proprietary Breast cancer 8: HR type, HR F1: 87.6 -
(EHRs) NER status, Tumor size,
site, grade, type,
laterality, stage
scispaCy [104] MIMIC-III [70] Notes 2: Disease, - Mortality
Chemical
med7 [169] MIMIC-III [70] Notes 7: Dos, Drug, - Mortality
Duration, Form,
Freq, RoA, Str
Rule-based [166] CCKS20 [91], Breast cancer 6: Disease, F1: 87.9, 99.8, 96.2 -
gastroscopy, mixed =~ NER Anatomy, Imaging,
Lab, Drug, Op
Ensemble [71] Proprietary Notes 11: Dept, Date, F1: 89.2 -
(CRF, (EHRs) Duration,
mBERT, Evidential, Freq,
XLM- Occurrence,
RoBERTa, Problem, Test,
LSTM) Time, Trt, Value
RoBERTa [139] Proprietary Breast cancer 23: Breast cancer F1: 95.0 -
(EHRs) info domain
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3.2 Materials and Methods

3.2.1 Datasets and Preprocessing

Two datasets were used:

e OS prediction: 829 pre-treatment clinical reports from 231 stage III-IV NSCLC

patients.

¢ pCR prediction: A separate cohort of 134 EHRs belonging to 67 patients with stage
IIT NSCLC, of whom 15 had a positive pCR and 52 had a negative pCR.

The datasets were annotated for the 25 entity types described in Chapter 2. Entity anno-
tation achieved >0.97 F1 inter-annotator agreement for both datasets. NER was performed
using the best-performing model identified in Chapter 2, namely a fine-tuned biomedical
BERT architecture (MedBITR3+ for Italian) [15], trained with Focal Loss to address class
imbalance. Both tasks were evaluated using stratified 10-fold cross-validation at the patient

level.

3.2.2 Representation Learning via Hierarchical Attention Networks

The proposed methodology, HEAL, depicted in Figure 3.2, transforms NER-derived en-
tity embeddings into patient-level representations through a hierarchical, two-level atten-
tion mechanism. Starting from a transformer-based multiclass NER model fine-tuned on
NSCLC-specific entity types, the architecture first aggregates embeddings of entity tokens
at the sentence level, and then across all clinical notes for a given patient, producing a rich
patient representation that encodes both entity identity and contextual information.

This patient representation is then fed into a prediction network. For OS prediction,
the network functions as a multi-output risk assessment model, providing hazard estimates
at the considered time points. For pCR classification, the same representation is used as
input to a separate binary classification network. In both cases, the networks leverage the
semi-structured, embedding-based patient representations to enable automated, scalable,

and interpretable prognostic modeling.

Token-Level Attention

For each sentence containing at least one recognized entity, the model extracts token embed-
dings e; of size dp from the NER encoder before classification. A soft attention mechanism

assigns weights to entity tokens, reflecting their relative importance in the sentence for the
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Figure 3.2: Proposed architecture: The architecture utilizes token embeddings generated
by the NER system before the classification layer. Each token embedding classified by the
NER system as an entity (Entity Embedding) undergoes a weighting process through a token
attentional layer. This produces a weighted average of the same embedding size, named as
Sentence Embedding. The sentence embeddings derived from all sentences in a patient’s
clinical reports, are then fed into a sentence attentional layer, which shares weights with the
token attentional layer. The outcome is a weighted average vector, maintaining the original
embedding size dE | referred to as the patient embedding x(i). The patient embedding is
the input of the output network.

prognostic task. The weighted average of these embeddings produces a sentence embedding

of fixed dimensionality s; as follows:

Q
s = ijej. (3.1)
=0

where w; is the weight produced by the soft attention for the token embedding e;, @) is
the total number of tokens in the input sentence and [ ranges from 1 to the total number
of sentences R in the patient clinical reports that contain at least one token classified as an
entity. It is worth nothing that s; has the same size dg of the token embedding. This process
prioritizes clinically relevant terms, such as comorbidity mentions or histological subtypes,

over less informative text.
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Sentence-Level Attention

The sentence embeddings, originating from all sentences within a patient’s clinical reports,
are then inputted into a sentence attentional layer, i.e., the right most block in Figure 3.2

that compute

R
X(Z) = Zwlsl. (32)
=0

It is a comprehensive representation of the patient’s clinical information and serves as the
vector of features for the risk assessment network in Figure 3.2. It is worth noting that this
layer incorporates a soft attention mechanism that shares weights with the token attentional
layer. The purpose of weight sharing is twofold: first, to decrease the overall number of
network parameters, thereby mitigating overfitting on small data and reducing computational
complexity; second, to enhance the transferability of features between layers since the clinical
relevance of a sentence is correlated to the clinical relevance of a recognized clinical entity.
Hence, the result is a weighted average vector, maintaining the same embedding size dg and

named as the patient embedding.

3.2.3 Clinical Outcomes and Prediction Network

Time-to-Event Prognostic Outcome for OS

OS is defined as the time from diagnosis or treatment initiation to death from any cause. The
survival data includes right-censoring for patients alive at last follow-up, requiring models to
account for incomplete event times. Survival data offers three essential pieces of information
for each instance or patient: observed features, time elapsed since features were first collected,
and a label indicating whether the event (e.g., death) has occurred. In our approach, we
consider survival time as discrete, with a finite time horizon. The time set, denoted as T,
is defined as T = {0,...,Thaz }, Where T, represents the predetermined maximum time
horizon. Given that the event of interest may not always be observed due to patients
being lost to follow-up, survival data often involve truncation. Truncation happens when
the observation of an individual ends before the event of interest occurs. Patients may
cease participating in the study or being monitored before the event of interest takes place.
Addressing this challenge is a crucial aspect of our analysis. We define truncation as the
event 0 and the set of possible events, including truncation, as K = {0, 1}, where 1 represents
the event of interest. Each data point or instance is therefore a triple (x, s, k) where x €

X is a D-dimensional vector of features, s € T' is the time at which the unique event or
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truncation occurred, and k£ € K is the event or truncation that occurred at time s. The
dataset D = {(x@, s® E@D)}N  describes a finite set of observed instances or patients in
our analysis. For each tuple (x*,s® k®) with k@ # 0 our focus lies in determining the
actual probability P(s = s, k = k@ |x = x(¥). This probability models the likelihood that
a patient with features x will encounter the event k) at the specific time s. Given the
inherent limitation that the true probability cannot be precisely ascertained from any finite
dataset, our objective is to derive estimates P that serve as approximations to these true

probabilities.

Risk Assessment Network The body of literature addressing survival analysis often ap-
proaches the event of interest as the first hitting time of an underlying stochastic process.
In a medical context, survival analysis pertains to the duration a patient survives. A sig-
nificant challenge in survival analysis involves understanding the relationship between the
distribution of hitting times and the covariates, which represent individual features. Previ-
ous research in this field often assumes a specific form for the underlying stochastic process,
utilizing available data to learn the relationship between covariates and the parameters of
the model, subsequently deducing the connection between covariates and the distribution of
first hitting times, also known as the risk of the event (e.g., the risk of death).

We take a markedly different approach to survival analysis by leveraging a deep neural
network named DeepHit [86] (Figure 3.3), which allows us to model the complex, non-
linear relationships between high-dimensional patient representations and survival outcomes
without imposing strong parametric assumptions on the underlying stochastic process. This
flexibility enables the network to more accurately capture patient-specific risk patterns and

to directly integrate rich, semi-structured embeddings derived from clinical narratives.

)
Y11
)
Risk . %E
Assessment B y(i)
Network K1

' )
YT

Patient
Embedding

Figure 3.3: OS prediction: The outcome of HEAL x(i) is the input of the risk assessment
network DeepHit.

DeepHit learns the distribution of first hitting times directly, without making assumptions

61



CHAPTER 3. PROGNOSTIC MODELING FROM NER-DRIVEN
REPRESENTATIONS OF UNSTRUCTURED CLINICAL TEXT

about the form of the underlying stochastic process. The objective is to instruct the risk
assessment network to acquire the knowledge of P, the estimate for the joint distribution of
the first hitting time and competing events. DeepHit consists of a shared sub-network (SN)
and multiple cause-specific sub-networks (CSNs), contingent upon the number of events k.
To guarantee the learning of the joint distribution of k£ competing events, as opposed to
the marginal distributions of individual events, DeepHit employs a single softmax layer as
its output layer. Furthermore, the model incorporates a residual connection linking the
input covariates to the input of each cause-specific sub-network, contributing to the overall
robustness and effectiveness of the learning process. In our specific context, the sole event
under consideration is the patient’s death, denoted as £ = 1. Consequently, we have just
one cause-specific subnetwork. The shared sub-network and the cause-specific sub-network
are composed of Lg and L¢ fully-connected layers, respectively. The shared sub-network
takes clinical covariates x() as inputs and generates an output vector f,(x®) capturing
the latent representation of covariates. On the other hand, the cause-specific sub-network
takes pairs z = (f,(x), x(®) as inputs and produces an output vector f.(z) representing the
probability of the first hitting time. Notably, these sub-networks incorporate both the output
of the shared network and the original covariates as inputs. This design choice allows the
sub-networks to access the learned common representation f,(x") while retaining the ability
to learn distinct aspects of the representation. The softmax layer generates a probability
distribution denoted as y = [y1,1, ..., Y170 |, Where yy 5 represents the estimated probability
P(s® k@ |x®) indicating the likelihood of the patient experiencing event k® = 1 at the
time s®. This architectural framework encourages the network to grasp potentially non-
linear and even non-proportional relationships between covariates and associated risks. To
assess the risk of event occurrence, the cause-specific cumulative incidence function (CIF),
expressed as Fy) (s |x®), is employed. This function quantifies the probability of the event
k" = 1 occurring on or before time t), given the covariates x?. Formally, the CIF for

event k) = 1 is expressed as:

no)
Fo (txD) = >~ P(s = sk = kD |x = x1), (3.3)
s() =0

However, since the true CIF Fq) (s®|x®) is not known, we utilize the estimated CIF:

5(0)

Fro (89 |x %) Z Y1m- (3.4)
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Loss Function In our implementation of DeepHit we define a loss function £, that has
been specifically crafted to effectively handle censoring data. It is expressed as the formula
L = aly + BLy + vL3 where «, 3, v weight the three terms Ly, Lo, £3 now described.
The term £; embodies the log-likelihood of the joint distribution concerning the first hitting
time and the unique event, i.e. death (k¥ = 1). Notably, this formulation has been adapted
to accommodate the presence of censored data. For patients who have not experienced
censoring, £, encapsulates both the occurrence of the event and the corresponding time at
which it occurred. On the other hand, for patients who have been subject to censoring, £
effectively captures the time at which the patient becomes censored, indicating that they
were alive up to that specific point in time and providing valuable information regarding their
status at that juncture. This adjustment ensures that censoring is appropriately accounted

for, offering a more accurate representation of patient outcomes. Formally

N

Ly==> [1(kD #£0) - log(y\) )

i=1

K (3.5)
+1(kY = 0) - log(1 =Y Fi(sVx)),
k=1

where 1() is an indicator function and N is the number of patients in the dataset. The first
term captures the information contributed by patients who have not undergone censoring.
The second term addresses censoring bias by leveraging the understanding that these patients
are confirmed to be alive at the time of censoring. This acknowledgment enables the model
to anticipate that the first hitting event will occur after the specified censoring time.

L, integrates a blend of cause-specific ranking loss functions, and it uses the estimated
CIFs computed at various times, corresponding to the instances when events actually occur.
This approach is employed to fine-tune the network for each cause-specific estimated CIF.
Since this study focuses on a single event, there is only one cause-specific estimated CIF. Our
methodology employes a ranking loss function that incorporates the concept of concordance:
a patient experiencing an event at time s should exhibit a higher risk at that specific time
s than a patient who has survived beyond s. This ensures that the model not only predicts

the occurrence of the event, but also correctly orders the risks of death over time. Formally

K N

Lo= 3003 Ay (Bl x ), F(s01x0)), (36)
k=1 =1
i)

where the coefficients 6, are chosen to trade off ranking losses of the k —th competing event,

n(a,b) is a convex loss function defined as 7(a,b) = exp <—@> with o set equal to 0.1 and
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Ay, j is defined as follows:

Apij = 1(kW =k, 50 < s, (3.7)

and represents pairs (i, j) acceptable for event k. Since this study focuses on a single event,
only one coefficient, i.e. 61, is included, and its value is fixed at 1. The inclusion of L5 in the
overall loss function penalizes the misordering of pairs concerning each event. Consequently,
minimizing the total loss serves to incentivize the correct ordering of pairs for each event.
L3 is a calibration loss: it focuses on how well predicted probabilities align with ob-
served outcomes, ensuring that the model’s predicted risk accurately reflects the true event

occurrence. It is defined as follows:

£3=Z%-

where I; represents the indicator of the event, specifically, the death of the patient. When

(Fr(sVx™) = 1), (3.8)

-

I; equals 1, it signifies the occurrence of the patient’s death. Conversely, when [I; equals 0,

it indicates truncation.

Binary Treatment Response Endpoint for pCR

Pathologic complete response (pCR) was defined as the absence of residual invasive cancer
in both the primary tumor and the regional lymph nodes following neoadjuvant therapy, as
confirmed by histopathological examination after surgery. This endpoint is widely recognized
as a surrogate marker of favorable long-term outcomes in several cancer types.

The patient representations generated by HEAL were used as input to a prediction mod-
ule designed to address the binary nature of the pCR task. Given the limited number of
available patients and the consequent risk of overfitting associated with high-capacity models,
we explored both deep learning and classical machine learning approaches.

First, a neural network classifier implemented as a three-layer multi-layer perceptron
(MLP) was employed to model non-linear relationships between the learned patient repre-
sentations and treatment response. The MLP outputs class probabilities corresponding to
the two possible outcomes (pCR vs. no-pCR), as illustrated in Figure 3.4. To mitigate class
imbalance, Focal Loss was adopted during training, and optimization was performed using
standard stochastic gradient-based methods.

In addition to deep learning, we evaluated several classical machine learning classifiers
operating on the same HEAL-derived patient representations. These models, characterized
by lower capacity and stronger inductive biases, are often better suited for small-sample

clinical settings. In particular, linear and non-linear machine learning methods were included
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to assess whether simpler decision boundaries could yield improved generalization compared
to deep architectures in this low-data regime.

This dual evaluation strategy allows us to disentangle the contribution of representation
learning from that of the final classifier. While the attention-based HEAL framework is
responsible for extracting clinically meaningful and compact patient-level embeddings from
unstructured text, the downstream prediction can be flexibly adapted to the task and data

characteristics.

Patient
Embedding
YNO pCR

YpcRr

Figure 3.4: pCR prediction pipeline: patient representations produced by HEAL serve as
input to a neural network classifier.

3.3 OS Experiments and Results

3.3.1 Experimental Setup

For OS prediction, within each cross-validation iteration, a stratified inner 10-fold cross-
validation was conducted to fine-tune the network hyperparameters reported in Table 3.2.
This optimization process involved a random search with 100 iterations over the hyperpa-
rameter space depicted in Table 3.2. The entire process was repeated five times for each
setting (HEAL, clinical features, ablation tests) to address fluctuations in the results, ul-
timately providing a more reliable and precise perspective on the performance of the risk
assessment network. All experiments were implemented in PyTorch and run on a NVIDIA
A100 GPU with 40 GB of VRAM.

Baselines and Ablation Strategy

This section outlines the baseline comparisons and ablation studies designed to rigorously

evaluate the effectiveness and robustness of our proposed approach.
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Table 3.2: Hyperparameters search space of the risk assessment network.

Hyperparameter Search space

Batch size [8, 16]

# hidden layers for both SN [1, 2, 3, 5

and CSNs

# neurons per hidden layer [20, 50, 100, 200]

Dropout rate [0.2, 0.3, 0.4]

Activation function [ReLU, SELU]
[0.1, 0.5, 1.0, 3.0]

Loss function £ B [0.1, 0.5, 1.0, 3.0]

0.1, 0.5, 1.0, 3.0]

As a first step, we benchmarked our method against a set of clinically relevant features
manually extracted by domain experts, as reported in Table 3.3. These features were defined
under the guidance of two specialists, an oncologist and a radiation oncologist, and have
been employed in prior research [20]. In this baseline configuration, they served as the
exclusive input to the risk assessment network, providing a clinically meaningful reference

for comparison.

Table 3.3: Patients’ features.

Feature Description Values

Gender The gender of the patient M, F]

Overall Stage  The cancer stage, indicating the extent of the disease progression [I1, III, IV]

cT The clinical tumor classification, providing the tumor size information 1,2, 3, 4]

cN The lymph node classifications, providing information about the lymph node involvement [0, 1, 2, 3]

cM The metastasis classification, providing information about metastatic status [0,1]

Histology The specific diagnosis related to the cancer type [Adenocarcinoma, Squamous, Other, Unknown]
CTV This feature pertains to the volume of tissue that is outlined for therapeutic irradiation [1.8-568.61] cm?

Age The age of the patient [29-92]

Beyond this baseline, we carried out a series of ablation studies to disentangle and quan-
tify the contribution of each component of our method. Specifically, we investigated the

following configurations:

e No NER: this approach involves combining at first attention layer (token level atten-

tion in Figure 3.2) the embedding of all tokens within a sentence, not only of those
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belonging to an entity type, ignoring the NER output. It serves to assess the impor-
tance of incorporating NER classification output to understand the contribution of

NER classification in order to extract discriminative features for OS prediction.

e Binary NER: in binary NER, a token within a sentence is classified as belonging to
an entity or not, without additional subcategorization into specific types defined in
Table 2.2. It serves to evaluate the relevance of multiclass NER as opposed to binary

NER in order to extract discriminative features for OS prediction.

e No HEAL: this approach involves substituting HEAL with a simple average among
all the entity token embeddings that are outputted by the NER system, without any
distinction in sentences. It allows to assess the importance of weighting information in

clinical reports.

e Only Sentence Attention (SA): this approach substitutes only the first attention
layer (token level attention in Figure 3.2) with a simple average among all entity
token embedding of a sentence. The sentence level attention is maintained, allowing

to understand the importance of weighting sentences within patient clinical reports.

e Only Token Attention (TA): this approach substitutes the second attention layer
(sentence level attention in Figure 3.2) with a simple average among all sentence token
embedding in the patient clinical reports. The token level attention is maintained,

allowing to understand the importance of weighting tokens within sentences.

e NER degradation: this method utilizes a degraded NER system with an F'1 score of
65%, achieved by introducing noise through the random removal of correctly identified
entities. This approach allows for the evaluation of how a reduction in entity quality

impacts overall model performance.

3.3.2 Results and Discussion

We use the time-dependent concordance index (C'-index) as metric of performance, which
ranges from 0 to 1. It is important to highlight that the conventional concordance index
(C-index) [51] is a widely utilized discriminative metric. The C-index operates under the as-
sumption that patients with longer lifespans should be associated with a lower risk compared
to those with shorter lifespans. However, the ordinary C-index is calculated solely at the
initial observation time, lacking the capacity to capture potential variations in risk over time.

In contrast, the time-dependent concordance index considers the temporal aspect, offering a
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more comprehensive understanding of how risk evolves over the course of observation. The

C'_index for event k is defined as:

O = P(Ey(sP]2®) > Fi,(s9[29)[s0) < sU))

>ty Ay - LER(sD]20) > Fy(s0]20)) (3.9)
- Zi;ﬁj Ak,m‘ .

Thus, the C*-index for event k is computed by comparing pairs of observations. In each
pair, one patient has experienced event k at a specific time, whilst the other has neither
encountered the event nor been truncated to that time. The significance of this discriminative
index lies in its independence from a single fixed time. This characteristic renders it well-
suited for situations where the impact of covariates on survival undergoes variations over
time. In other words, this index is particularly valuable when risks exhibit non-proportional
behavior over the course of observation.

Table 3.4 summarizes the results averaged over 5 runs, presenting the performance metrics
in terms of the C*-index for the compared modality. For the HEAL modality, the model
achieved an average C'-index of 0.639 with a low standard deviation of 0.014, which is
lower than the standard deviations of other methods, indicating higher consistency across
the runs. Conversely, the model’s performance decreased in No HEAL modality, yielding
an average C'eindex of 0.558. This observation highlights the importance of appropriately
weighing information within clinical reports for optimal predictive outcomes. The ablation
test with only the Sentence Attention (SA) mechanism led to improved performance, with an
average C'eindex of 0.624. Although slightly lower than HEAL, this enhancement suggests
that strategically weighting sentences inside clinical reports had a positive impact to overall
performance. In the absence of weight sharing inside HEAL, the model exhibited an average
C'index of 0.615, which is slightly lower than HEAL by 0.009. This suggests that the
network performs better with a reduced number of parameters, possibly due to training with
a limited number of samples. Both the binary NER (Bi-NER) and the no NER modalities
resulted in significatively lower performances, with an average C'»index of 0.546. This
indicates the fundamental role of NER label information in training an effective predictive
model, emphasizing that tokens not associated with entities are of low informational value.
Clinical features exhibited a slightly lower performance with an average C*@-index of 0.590.
This suggests that the proposed automated process outperforms manually extracted features
by humans. In summary, these results offer insights into the relative effectiveness of different
modalities and model configurations in predicting risk, with the HEAL modality emerging
as the most consistent and effective among the tested approaches.

In order to further validate the difference between the proposed approach and the com-
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Table 3.4: Results of C*-index for individual modalities obtained from 5 iterations.

Approach C'l-index (mean + std)
Clinical features 0.590 £ 0.019

No NER 0.546 +0.029
Bi-NER 0.499 £ 0.023

No HEAL 0.558 £ 0.023

SA 0.624 +0.027

TA 0.570 + 0.037

No WS 0.615 £ 0.033
HEAL 0.639 £ 0.014

pared methods, we performed the Student’s t-test in a pairwise fashion, considering HEAL
angaist each competitor. The results are summarized in Table 3.5. A significance threshold
a of 0.05 was established for the conducted tests. The results of t-tests again highlight
the pivotal role of attention mechanisms:for all competitors lacking attention mechanisms,
the p-values consistently fell below the established threshold of 0.05, indicating statistical
significance. The significance of the p-value persists even for the TA competitor, where an
attention mechanism is present. However, this mechanism aggregates all words in patient
clinical reports, disregarding sentence splitting and thus the hierarchical structure of our
methodology. Noteworthy are the elevated p-values associated with the other scenarios fea-
turing at least one attention mechanism, specifically in the exclusive presence of the Sentence
Attention (p-value = 0.290) and the absence of weight sharing (p-value = 0.174). Even if
the two approaches are similar to HEAL, the C*%-index mean and standard deviation values
reveal a consistent trend towards superior and more robust outcomes with HEAL. Attribut-
ing our model’s superiority, we highlight two key factors: the inclusion of weighting tokens
within sentences before weighting the sentences themselves, and the use of weight sharing.
The first significantly enhances the comprehension of clinical information, particularly when
dealing with larger data volumes compared to the Sentence Attention (SA) approach. The
second reduces the number of parameters compared to the No Weight Sharing (No WS)

approach, contributing to the model’s efficiency and effectiveness.

3.3.3 Interpretability and Clinical Insights

HEAL provides attention maps at both token and sentence levels, enabling inspection of

which clinical concepts influenced predictions. An example of attention map is shown in
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Table 3.5: Statistical analysis of performance differences between HEAL and the other
modalities. Statistically significantly differences (p-value<0.05) are highlighted in bold.

Approach Compared to  AC!'-index (mean) p-value

HEAL Clinical features 0.049 0.001
No NER 0.093 <0.001
Bi-NER 0.140 <0.001
No HEAL 0.081 <0.001

SA 0.015 0.290

TA 0.069 0.004

No WS 0.024 0.174

Figure 3.5, which presents sentences extracted from the clinical reports of a patient who has
been assigned an 86% risk score of experiencing “ death ” within 29 months.

To evaluate the robustness and reliability of the model in generating attentional maps
we implemented a sanity check that involved comparing attentional maps obtained from a
faulty system angaist those from the accurate system. The attentional maps from the faulty
system are generated by training the model using randomly permuted OS labels, following a
data randomization test [3]. The primary objective of the sanity check is to discern whether
the model can distinguish between the true signals influencing its decisions and mere noise or
random associations. Cosine similarity analysis between attentional maps of the two systems
yielded a mean score of 0.578 with a standard deviation of 0.138, indicating a relatively
substantial difference between attentional maps from the faulty and accurate systems.

Furthermore, to qualitatively assess the attentional maps generated by our model during
the decision-making process, we measures the agreement with domain experts on the im-
portance given by the model to the sentences within patients’ clinical reports for predicting
clinical outcomes. To this end we set up a questionnaire consisting of four questions, each cor-
responding to an individual patient’s clinical report under examination. For each question,
participants assess the level of agreement with the significance assigned by the model to the
sentences within the report. In particular, each sentence in the report was highlighted with a
specific color denoting its importance. We employed a three-level highlighting system: orange
for the most important sentences (those receiving the highest attentional weights from the
model), blue for the least important sentences (those receiving the lowest attentional weights
from the model) and green for sentences falling in between. For each question, participants
have the option to choose from five different response levels: completely agree, agree, neutral,

disagree, and completely disagree. These responses were systematically encoded on a numer-
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Heatmap
The oncology visit at our facility [kl

Takes Tiklid for previous myocardial infarction, lipid-lowering [01¢/]

For pain, the patient underwent the following instrumental tests: [Xekf)

MR lumbar-sacral spine: Mass with ovoidal morphology characteri ed by medium-low signal in all sequences, with extensive interruption of the bony
cortical of the posterior wall, with a maximum diameter of 4.5 cm not further characteri able with the present examination

0.032

CT chest-abdomen with contrast 09.12: Nodule left subdiaphragmatic area 14 x 20 mm
Lytic lesion involving the S1 vertebral body, with continuous solution of the posterior wall and indentation on the dural sac

It becomes necessary to characteri e the lung lesion, highly suspicious, for which a chest X-ray is required

Following, in case of positive histological examination for oncological pathology, PET examination with FDG + CT and iodinated contrast agent is
recommended

Subsequent reevaluation based on examination results
Complete blood tests are required
Takes Ticlid for previous AMI, lipid-lowering

For pain the patient underwent the following instrumental examinations:

MRI'lumbar-sacral spine 15.11.19: Ovoidal mass characteri ed by medium-low signal in all sequences, resulting in extensive disruption of the bone
cortical of the posterior wall, with a maximum diameter of 4.5 cm not further characteri able with the present examination

CT with contrast agent 09.12: Nodule LSD 14 x 20 mm
Lytic lesion affecting the body of $1, with continuous solution of the posterior wall and impression on the dural sac
Performed lung biopsy: Adenocarcinoma of the lung

PET scan performed at SDN in City Execution of molecular examinations

Sentences

Based on PET results, diagnostic and therapeutic pathway will be defined by Dr. X
Comorbidities: A, no family history of autoimmune diseases or hepatitis
Takes Ticlid for previous AMIL, lipid-lowering

For pain, the patient underwent:

Lumbo-sacral spine MRI on 15.11.19: Mass with ovoid morphology characteri ed by medium-low signal in all sequences, determining extensive interruption
of the bone cortex of the posterior wall, with a maximum diameter of 4.5 cm not further characteri able with the present examination

CT with contrast medium on 09.12: LSD nodule measuring 14 x 20 mm (0[]
Lytic lesion affecting the $1 vertebral body, with continuous wall breakdown and impression on the dural sac [t22

Lung biopsy: Lung adenocarcinoma

Today, he presents a baseline PET scan from 31.01.2020 showing increased glucose metabolism corresponding to the LSD lesion (SUV 20), some LNFs of the
Barety (SUV 3.7), and in the tracheobronchial site on the right (SUV 8.9)

Increased metabolism with SUV 29.9 involving the sacral lesion [tXe7A]

The patient complains of sacral pain controlled with Voltaren as needed 0.05

For now, no RT visit is scheduled for pain, pending analgesic effect of oncological therapy |[t027¢

Considering the diagnosis, molecular investigations, disease staging, and PS, he is a candidate for first-line immunochemotherapy |t =
Next evaluation via PET after 3-4 cycles 0.031

« Folingrav: one tablet per day + Dobetin 1000IU: one injection every 9 weeks + Parameters: 102 kg, 190 cm 0.058

Attention weights

Figure 3.5: OS prediction: The outcome of HEAL x(i) is the input of the risk assessment

network DeepHit.

ical scale using the Likert scale, with values ranging from 0 for “completely disagree” to 4 for
“completely agree”. The questionnaire was proposed to four domain-experts. We obtained
an overall agreement of 67.2%, which suggests a substantial level of consensus among the
respondents. This indicates a noteworthy degree of alignment in perceptions regarding the
model’s attention to critical information within clinical reports. However, it is important to
further explore the remaining 32.8%, where participants have divergent views. Specifically,

these divergent perspectives manifest a clinicians’ tendency to attribute higher significance
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to particular sections in the descriptions of CT and MRI exams, as well as to the diagnosis
itself, even though the model does not categorize these details as the least crucial in the
reports. Moreover, since the diagnosis is consistent for almost all patients in the cohort, the
model may not emphasize this feature significantly when distinguishing between patients for

prognostic purposes.

3.4 pCR Experiments and Results

3.4.1 Experimental Setup

The experimental evaluation was designed to assess the impact of different architectural
choices within the proposed deep learning framework, as well as to compare its performance
against traditional machine learning baselines, particularly in light of the limited number of

available patients.

Deep Learning configurations For the deep learning experiments, multiple network
configurations were explored by varying both the attention mechanism and the classification
layers. The goal was to analyze how different levels of model expressiveness and inductive
bias affect performance under data-constrained conditions.

Specifically, the attention component was instantiated using three alternative designs:
convolutional layers, fully connected (FC) layers, and multi-layer perceptrons (MLPs).

Similarly, the classification module following the attention mechanism was implemented
using either a single FC layer or a deeper MLP. This choice allows controlling the trade-off
between model capacity and overfitting risk, which is particularly relevant given the relatively
small cohort size.

All deep learning models were trained using the Focal Loss to mitigate class imbalance,
the Adam optimizer, a batch size of 2, and a learning rate of 0.001. These hyperparame-
ters were kept fixed across configurations to ensure a fair comparison between architectural

variants.

Machine Learning baselines In addition to deep learning models, traditional machine
learning (ML) approaches were included as comparative baselines. Given the limited number
of patients, classical ML methods often provide strong performance due to their lower vari-
ance and reduced susceptibility to overfitting. These models operate on the same extracted
feature representations and serve as a reference to assess whether the increased complexity

of deep architectures yields consistent performance gains in low-data regimes.

72



CHAPTER 3. PROGNOSTIC MODELING FROM NER-DRIVEN
REPRESENTATIONS OF UNSTRUCTURED CLINICAL TEXT

Implementation details All experiments were implemented in PyTorch and executed on
an NVIDIA A100 GPU with 40 GB of VRAM.

3.4.2 Results

Evaluation Criteria

The performance of the model was assessed using several metrics: Accuracy, AUC, F1 Score,
and MCC. These metrics were chosen to provide a comprehensive evaluation of the model’s
performance, particularly given the strong class imbalance present in the dataset (77% pos-
itive vs. 33% negative).

Accuracy is the ratio of correctly predicted instances, which include True Positives (TP)
and True Negatives (TN) representing the correctly classified positive and negative classes,
respectively, to the total number of instances, including False Positives (FP) and False
Negatives (FN), representing the misclassified positive and negative classes, respectively. It

is calculated as follows:

TP+ TN
TP+TN+ FP+ FN
The AUC is a measure of the ability of the model to distinguish between positive and

Accuracy = (3.10)

negative classes. It represents the area under the ROC curve, which plots the true positive
rate (TPR) against the false positive rate (FPR) at various threshold settings. The TPR,
also known as Recall, measures the proportion of actual positives that are correctly identified
by the model, while the FPR measures the proportion of actual negatives that are incorrectly
identified as positives by the model.

The F1 score is the harmonic mean of Precision and Recall, providing a single metric that
balances both concerns. It is particularly useful when the class distribution is imbalanced.
The Precision, Recall and F1 score are defined as:

TP TP

Precision = ————— Recall = ——— 3.11
recision = s ccall = 75— (3.11)

Precision X Recall
Fl1=2 3.12
% Precision + Recall ( )

The MCC is a measure of the quality of binary classifications, taking into account true
and false positives and negatives, and is generally regarded as a balanced measure even for

imbalanced datasets. MCC is given by:
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MO — TPxTN —FPx FN (3.13)
/(TP + FP)(TP+ FN)(TN + FP)(TN + FN)

An MCC of 41 indicates a perfect prediction, 0 indicates a random prediction, and —1

indicates total disagreement between prediction and observation.

Results and Discussion

The results are reported in Table 3.6 and Table 3.7. As we can see from Table 3.6, using an FC
as a classification layer lead to the best accuracy of 64.2% by using convolutional layers within
the attentional mechanisms. The real effectiveness compared with using convolutional, FC
or MLP layers can be deduced from the MCC index, on which, on the other hand, a higher
difference is observed. The use of FC layer achieves the best value, which is 10.4%. In contrast
to Table 3.6, the use of an MLP as a classification layer brings all the best performance on
the use of convolutional layers in the dual attention mechanism, with an accuracy of 73.1%
and a MCC of 22.7%, as shown in Table 3.7. In order to improve the performance of the
latter results, a reduction in embedding size and the use of an optimized AdamW with weight
decay was tested. The results are shown in Table 3.8.

In Table 3.8 we note the improvement with an embedding size of 768 achieving an MCC
of 23.9%, bringing a +1.2% improvement over the parameters in Table 3.7. Given the small
number of patients, the deep learning approach did not achieve satisfactory performance. For
this reason a classical classification approach using machine learning was tested. Specifically,
the algorithms tested are: Decision Trees [156], SVM [31], Random Forest [55] and XGBoost
[25].

As shown in Table 3.9, the machine learning-based approach allowed a large jump of about
+13.2% on the MCC index and +1.5% on accuracy compared with the best result from deep
learning techniques. Given the promising results obtained, in order to concretely validate the
effectiveness of encoding the dual attention mechanism, in addition to the features extracted
from the EHRs, clinical features extracted from the 67 patients were added, and the results
were compared with the experiments performed without the clinical features.

By comparing Table 3.9, 3.10 and 3.11 emerges the actual informational contribution
made by each feature and its combinations. The EHR features alone produced by the double
attention mechanism bring a great improvement over the deep learning models. The clinical
features alone come close to this result with the Random Forest [55], achieving an accuracy
of 80.6% and an MCC of 33.3%, a +1.5% and —3.8%, respectively, compared with the EHR
features. The combination of these clinical features and those of EHRs led to the results

shown in Table 3.11. These performances see the XGBoost [25] algorithm as the best on all
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metrics considered. Moreover, these performances are the same as those seen in Table 3.9

considering only the features extracted from the EHRs, which is not the case for the other

algorithms, that see a slight drop in performance. The best MCC index is, again, 37.1%.

Table 3.6: Deep Learning with a Fully Connected classification layer.

Metric Convolution FC MLP
Accuracy 0.642 0.612 0.582
AUC 0.485 0.560 0.517
F1 0.200 0.350 0.300
MCC —0.030 0.104 0.029

Table 3.7: Deep Learning with a Multi-layer Perceptron classification layer.

Metric Convolution FC MLP
Accuracy 0.731 0.716 0.641
AUC 0.613 0.556 0.556
F1 0.400 0.300 0.333
MCC 0.227 0.122 0.100

Table 3.8: Deep Learning results using the Multi-layer Perceptron as classification layer with
AdamW and weight decay as the embedding size varies.

Metric 128-d 256-d 768-d
Accuracy 0.746 0.776 0.716
AUC 0.576 0.571 0.628
F1 0.320 0.286 0.424
MCC 0.177 0.208 0.239
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Table 3.9: Machine Learning results using the features of the EHRs.

. Decision Random
Metric SVM XGBoost
Trees Forest
Accuracy 0.582 0.582 0.791 0.776
AUC 0.446 0.494 0.604 0.689
F1 0.176 0.263 0.363 0.516
MCC —0.099 —0.011 0.284 0.371

Table 3.10: Machine Learning results using the Clinical features.

Decision Random

Metric Trees SVM Forest XGBoost
Accuracy 0.731 0.522 0.806 0.701
AUC 0.613 0.455 0.614 0.618
F1 0.400 0.238 0.381 0.412
MCC 0.227 —0.076 0.333 0.218

Table 3.11: Machine Learning results using the features of the EHRs and the Clinical fea-
tures.

Decision Random

Metric Trees SVM Forest XGBoost
Accuracy 0.657 0.582 0.761 0.776
AUC 0.542 0.494 0.562 0.689
F1 0.303 0.263 0.273 0.516
MCC 0.080 —0.011 0.168 0.371

3.5 Cross-task Discussion and Chapter Summary

This chapter evaluated the proposed HEAL framework across two clinically distinct pre-
diction tasks: OS, formulated as a time-to-event problem, and pCR, modeled as a binary

classification task. Although both tasks rely on the same underlying representation learning
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strategy based on NER-driven hierarchical attention, their experimental outcomes highlight
important differences in task characteristics, data availability, and modeling requirements.

For OS prediction, HEAL demonstrated strong and consistent performance improvements
over all baseline configurations, including manually engineered clinical features and multiple
ablated variants. The hierarchical attention mechanism proved particularly effective in this
setting, as evidenced by both quantitative gains in the time-dependent concordance index
and qualitative interpretability analyses. These results suggest that survival prediction ben-
efits substantially from the ability of HEAL to selectively weight clinically relevant entities
and sentences across longitudinal narratives, capturing nuanced temporal and semantic pat-
terns that are difficult to encode through structured variables alone. Moreover, the reduced
variance observed across runs indicates that the architecture generalizes well despite the
moderate sample size.

In contrast, the pCR task presented a markedly different scenario. The limited number
of patients and the binary nature of the endpoint constrained the effectiveness of deep learn-
ing models, even when architectural refinements and regularization strategies were applied.
While the dual attention mechanism still contributed meaningful representations, classical
machine learning methods consistently outperformed deep architectures in this low-data
regime. This behavior aligns with well-known bias—variance trade-offs: simpler models with
lower capacity are often better suited when data scarcity limits the reliable estimation of
complex decision boundaries.

Importantly, the pCR experiments also demonstrated that features derived from HEAL
remain highly informative, as machine learning models operating on these representations
achieved the best overall performance. This finding confirms that the proposed attention-
based encoding captures clinically relevant signals, even when the final prediction is del-
egated to non-deep classifiers. In this sense, HEAL acts as a powerful feature extraction
and representation learning module, adaptable to different downstream modeling paradigms
depending on task complexity and data availability.

Taken together, these results highlight the flexibility of the HEAL framework across het-
erogeneous clinical prediction tasks. For time-to-event outcomes with richer supervision and
longer follow-up, end-to-end deep survival modeling fully exploits the benefits of hierarchical
attention. Conversely, for small-sample binary endpoints, combining HEAL-derived repre-
sentations with classical machine learning offers a more effective and robust solution. This
dual behavior underscores the general applicability of HEAL as a modular and task-aware

approach for learning from unstructured clinical text.
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Chapter 4

Slice-Level Attention for Survival Pre-

diction from Chest CT Imaging

Chest CT is a cornerstone of NSCLC management, routinely employed for diagnosis, staging,
and response evaluation. Beyond its diagnostic role, CT imaging holds rich prognostic infor-
mation, as tumor size, morphology, and intra-tumoral heterogeneity have all been associated
with survival outcomes. Traditionally, this prognostic value has been extracted through
manual interpretation or radiomics, the latter relying on handcrafted features quantifying
shape, intensity, and texture. However, these approaches face intrinsic limitations: man-
ual assessments are prone to inter-observer variability, whilst radiomics requires carefully
engineered features that may fail to capture the full complexity of tumor biology.

Deep learning has emerged as a transformative alternative, enabling the automatic ex-
traction of high-dimensional features directly from imaging data [101]. CNNs have achieved
remarkable success in medical image analysis tasks such as detection, segmentation, and
classification. Yet, their application to survival prediction remains challenging. A primary
obstacle is the volumetric nature of CT scans: although 3D CNNs can process entire volumes,
they are computationally expensive and prone to overfitting in data-limited scenarios. Con-
versely, 2D CNNs process slices independently, but lack mechanisms to integrate slice-level
information into coherent volume-level prognostic representations.

To address this limitation, a slice-level attention mechanism is introduced to explicitly
model the contribution of individual slices within a CT volume. Rather than treating all slices
as equally informative, the model learns to emphasize those that carry stronger prognostic
signals, while down-weighting less relevant or redundant slices. This design enables the
use of efficient 2D convolutional networks while still capturing volumetric context through
attention-based aggregation. By selectively weighting slices according to their relevance for

survival prediction, the resulting patient-level representation becomes more compact, with
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an implicit focus on tumor-bearing regions.

This chapter presents a slice-level attention framework for survival prediction in NSCLC,
integrating an EfficientNetBO encoder for slice-level feature extraction with a soft atten-
tion mechanism to aggregate slice representations into a comprehensive volume-level embed-
ding. This representation is subsequently processed by a survival analysis network to pre-
dict patient-specific risk across a 24-month horizon. We describe the preprocessing pipeline,
model design, experimental setup, and results on two datasets, LUNG1 and CLARO, high-
lighting the advantages of slice-level attention over conventional 3D CNNs and slice-agnostic

strategies.

4.1 Motivation and Clinical Background

CT is the most widely adopted imaging modality in the clinical management of NSCLC.
It provides high-resolution anatomical detail of lung parenchyma, mediastinum, and tumor
morphology, making it the gold standard for initial diagnosis, staging, treatment planning,
and follow-up. In particular, CT imaging allows radiologists to assess tumor size, location,
nodal involvement, and metastatic spread, which are critical prognostic factors.

Beyond anatomical assessment, CT has been shown to correlate with patient outcomes,
as quantitative imaging features, such as tumor volume, shape irregularity, and intra-tumoral
heterogeneity, are linked to survival. However, prognostic inference from CT is tradition-
ally dependent on manual interpretation and handcrafted radiomics [22], both of which
are subject to variability, inter-observer bias, and limitations in capturing subtle prognos-
tic cues. Deep learning—based approaches promise to overcome these challenges by auto-
matically extracting hierarchical representations from raw CT data [101]. Recent studies
(14, 171, 116, 150, 48] have explored the use of deep learning for OS prognosis in NSCLC
patients using the public NSCLC-Radiomics (LUNGI1) dataset from the MAASTRO clinic
[4], which, to the best of our knowledge, represents the most comprehensive and extensive
resource for OS prediction in NSCLC cases. In Braghetto et al. [14], radiomics and deep-
learning approaches were compared on the LUNG1 dataset for the classification of 2-year
OS. For radiomics, the study considered the best combination between two feature selectors
(ANOVA, Cluster reducer) and six classifiers (SVM, BAG, XGB, Neural Network, KNN;,
RF). The optimal combination achieved an average AUC of 0.67 across five random test
splits. The deep learning approach, consisting of a 2D convolutional neural network (CNN),
achieved a slightly lower average AUC of 0.64 across the same splits. In Zheng et al. [171],
a hybrid model that integrated both image and clinical features was implemented using a

3D CNN for the classification of 2-year OS in stage I-IITA non-small cell lung cancer pa-
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tients. Image features were learned from cubic patches containing lung tumors extracted
from pre-treatment CT scans. Relevant clinical variables were identified through analyses,
revealing that age and clinical stage are the most significant prognostic factors for 2-year OS.
Using these two clinical variables in combination with image features from pretreatment CT
scans, the hybrid model, after training on the University Medical Center Groningen (UMCG)
dataset, achieved a median AUC of 0.64 on the LUNGI test set, which contained 228 patients
(n=228) with stage I-IITA lung tumors treated with radiation or concurrent chemoradiation.
In [116], a foundation model for cancer 2-year OS classification was developed by training
a convolutional encoder through self-supervised learning using a comprehensive dataset of
11,467 radiographic lesions. The foundation model was then fine-tuned using data from the
HarvardRT cohort (n=291) to classify 2-year OS after treatment. Subsequently, the model
was evaluated on the LUNG1 cohort, achieving an AUC of 0.638. In [150] Torres et al.
developed a fully automated imaging-based prognostication technique (IPRO) using a 3D
CNN to predict 1-year, 2-year, and 5-year mortality from pretreatment CT's of patients with
stage I-IV lung cancer by sing six publicly available data sets (1,689 patients, of whom 1,110
were diagnosed with non-small-cell lung) [1, 4, 11, 45, 75, 5]. IPRO showed a Concordance-
index (C-index) of 0.72 for 1-year, 0.70 for 2-year, and 0.68 for 5-year mortality, performing
a five-fold cross-validation. In [48], Haamburger et al. showed that by simplifying survival
analysis to median survival classification, convolutional neural networks can be trained with
small batch sizes and learn features that concatenated with radiomics features predict sur-
vival equally well as end-to-end hazard prediction networks. They obtained a C-index of
0.623 over 100 random splits, where for each split, 60%, 15% and 25% of the data was used
for training, validation and testing, respectively. Direct hazard predictions from a neural
network with radiomics features (multi-modal) and without were less precise with C-index
of 0.613 and 0.585 respectively. Although these studies have demonstrated promising results
in both classification and regression tasks, there are several notable limitations. A major
limitation is represented by the high dimensionality of CT data and model complexity. The
use of 3D CNNss in survival prediction models, as in studies like Zheng et al. [171] and Torres
et al. [150], involves processing vast amounts of image data. Although 3D CNNs can capture
volumetric details, the high dimensionality leads to increased computational costs and the
risk of overfitting, particularly when datasets are limited in size. We propose a method that
integrates a 2D convolutional neural network (CNN) with a soft attention mechanism to
create a comprehensive representation of the 3D volume for the 2-year OS prognosis task.
This approach aims to leverage the benefits of automatic feature extraction from images
while focusing on relevant slices within the 3D images, which is achieved through the atten-

tion mechanism. Using 2D CNNs with soft attention reduces the complexity of the model
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compared to 3D CNNs, which can lead to easier training and better generalization, espe-
cially when data is limited. Another limitation consists in the underutilization of temporal
dynamics in survival prediction since these state-of-the-art papers primarily focus on fixed
time points (e.g., 2-year survival), not accounting for the dynamic nature of survival, where
the risk of mortality changes over time. We address this by processing the enhanced repre-
sentation through the DeepHit risk-assessment network [86], as introduced in Section 3.3.1
for handling censored data and optimizing dynamic survival predictions over multiple time
points. To assess the effectiveness of the proposed approach, we employ the time-dependent
C-index (C'-index), which is particularly suitable for OS regression as it accounts for the
time to the event. This index offers a more comprehensive evaluation of model performance
over the entire time horizon, rather than limiting the assessment to a single endpoint. Con-
sequently, it provides deeper insights into the model’s ability to predict survival risks at

different intervals, ultimately leading to more robust and accurate survival predictions.

4.2 Materials and Methods

4.2.1 Datasets (LUNG1 and CLARO)

Two datasets were used for experiments: the publicly available LUNGI1 dataset [4] and a
proprietary dataset, hereafter referred to as CLARO. The LUNGI1 dataset consists of 422
patients with stages I-III NSCLC. We excluded seven patients from the 422 due to missing
CT slices in the complete volume (i.e. LUNG1-014, LUNG1-021, LUNG1-085, LUNG1-095,
LUNGI1-128, LUNG1-194, LUNG1-246). The CLARO dataset consists of 119 patients with
stage III NSCLC, who received concurrent radiochemotherapy at the radiotherapy depart-
ment of Campus Bio-Medico University, and has already been utilized in our previous stud-
ies [151, 152]. The 2-year OS distributions of the two datasets are depicted in Table 4.1. For

both datasets, we employed only the pretreatment CT scans, preprocessed as in Section 4.2.

4.2.2 CT Preprocessing and Slice Selection Framework

To ensure comparability across patients and mitigate heterogeneity in acquisition protocols,
a structured preprocessing and slice selection pipeline was implemented. The objective was
to reduce the dimensionality of CT volumes while preserving the most prognostically relevant
regions. The pipeline of a single CT scan is depicted in Figure 4.1.

In the initial step, we extracted a 3D array with voxel intensity values represented as

Hounsfield Units from Digital Imaging and Communications in Medicine (DICOM) data
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Table 4.1: 2-Year OS distributions for LUNG1 and CLARO datasets.

Dataset Outcome A-priori Probability
0 (Survivor) 0.40
LUNG1
1 (Non-Survivor) 0.60
0 (Survivor) 0.57
CLARO
1 (Non-Survivor) 0.43
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Figure 4.1: Preprocessing Pipeline.

and resampled the image voxels to a resolution of (1, 1, 3) mm to standardize the spatial
dimensions of the CT scan. This resolution strikes a balance between spatial detail and
computational efficiency. A voxel size of 1 mm in the x and y directions ensures high spatial
resolution in the axial plane, which is essential for accurately visualizing fine details of lung
tumors and lesions. Meanwhile, the 3 mm resolution in the z direction reduces the number of
slices needed to cover the entire volume, thereby lowering computational demands without
significantly sacrificing diagnostic quality.

Next, we applied an area filtering criterion to isolate a specific volume of the CT scan.
This step utilized a U-net model, trained specifically for lung segmentation [57], to segment
each individual slice and extract the right and left lungs. Slices with lung areas less than
2% of the total slice area were excluded to remove apical or basal slices containing minimal
lung tissue, while the first slice below this threshold was retained to ensure complete cov-

erage. This threshold was empirically chosen to balance prognostically relevant regions and
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computational efficiency, as processing entire CT volumes with full peripheral slices would
significantly increase GPU memory usage.

In the third step, we focused on extracting the region of interest (ROI). Once all slices were
segmented, we extracted the ROI by identifying the largest bounding box that encompassed
the lungs across all the selected slices and applied it to the entire volume.

Finally, we resized each slice to 224 x 224 pixels to standardize the input size for subse-

quent processing stages, thus enabling the use of pre-trained models on ImageNet.

4.2.3 Learning Prognostic Features from CT Scans

The proposed architecture, illustrated in Figure 4.2, combines slice-level feature representa-
tions through an attention mechanism to derive patient-level prognostic embeddings. The
design exploits the efficiency of 2D convolutional neural networks (CNNs) while integrating
inter-slice dependencies via attention, striking a balance between computational tractability

and volumetric contextualization.

slices
slices representations

soft attention

<@ Risk — Y1

EfficientNetBO —’I—> Assessment RO}
de Network [

volume — VKT
representation '

Figure 4.2: Overview of the proposed pipeline for slice-level feature extraction and attention-
based aggregation.

CNN Encoder for Slice-Level Feature Extraction

Each axial slice of the CT scan was processed independently by a 2D encoder network.
We selected the EfficientNetBO0 as our backbone due to its numerous advantages. The
primary benefit is its exceptional efficiency. EfficientNet-BO consists of a low number of
parameters and FLOPS (Floating Point Operations per Second), detailed in Figure 4.3. This

ensures that we can obtain high-quality features while minimizing the number of parameters,
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reducing the risk of overfitting on small datasets. Moreover, EfficientNet-B0 is a versatile
network. Its efficient feature extraction capabilities make it suitable for a wide range of
computer vision tasks, enhancing its applicability across different projects [122, 102, 147, 9].
This architectural efficiency makes it particularly suitable for data-limited medical imaging
scenarios.

The encoder was initialized with weights pretrained on ImageNet, enabling the transfer
of low-level feature extraction capabilities (e.g., edge and texture detection) to the medical
domain. To reduce overfitting risks, only the final layers of the backbone were fine-tuned on
the survival prediction task. For each slice j belonging to patient ¢, the encoder produced
§-’)
parenchymal alterations, and lymph node involvement.

a dense feature vector s;” € R, capturing local prognostic cues such as tumor boundaries,

Inter-Slice Attention for Aggregating Prognostic Cues

Although naive strategies such as average pooling treat all slices equally, they ignore the fact
that only a subset of slices carries meaningful prognostic information (e.g., tumor-bearing
regions). To address this, we employed a soft attention mechanism that dynamically
assigns weights to slice embeddings according to their relevance to survival prediction.

5})
nected transformation followed by a softmax normalization:

For each slice representation s:’, attention weights were obtained through a fully con-

ws!” + )
o exp ( s; + |
SO exp <WS](Z) + b)

J
where W € R'™% and b € R are learnable parameters, and R denotes the number of

j=1,....R,

slices for patient 1.
The aggregated patient-level embedding x(? € R% was then computed as the weighted

sum of slice representations:

R
x® = Z wj(-l) s§l). (4.1)
j=1

This formulation enables the model to prioritize slices containing critical prognostic cues,
while down-weighting redundant or non-informative regions. By generating a compact yet
expressive representation of the entire CT volume, the method leverages the strengths of
2D CNNs combined with attention, thus avoiding the high computational burden of full 3D
CNNss.

Overall, this approach reduces model complexity, accelerates training, and improves gen-
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eralization in scenarios with limited data availability, all while retaining the volumetric con-

text necessary for accurate survival prediction.

Risk Assessment Network

The representation x( is fed into the DeepHit risk assessment network [86], detailed in
Section 3.3.1. This network learns the distribution of survival times directly, without as-
sumptions on the underlying stochastic process, and handles right-censored data through its
specialized loss function. Here, we apply it to CT-derived features, maintaining the archi-
tecture with a shared sub-network and one cause-specific sub-network (for & = 1, patient
death). The output is a probability distribution over discrete time points up to a 2-year
horizon, enabling estimation of the cumulative incidence function (CIF) as in Equation 3.3.

For implementation details, including the loss function L = aL; + Ly that jointly ac-
counts for log-likelihood and ranking objectives, we refer to Section 3.3.1. Reusing the same
prediction architecture across different data modalities promotes methodological consistency
and comparability of results, allowing performance differences to be attributed to the in-
put representations rather than to changes in the survival modeling framework, while also

avoiding unnecessary redundancy in the methodological description.

4.3 Experimental Setup

4.3.1 Comparative Analysis

To demonstrate the benefits and strengths of our methodology, we compared our model
against several competitors, each selected and configured to provide a clear and rigorous
comparison. Below, we outline the key questions we aim to address through these com-
parisons, along with a detailed description of the experimental setups for each competing
method.

Question 1: How does our method compare to 3D networks? To assess the effec-
tiveness of our approach for constructing a robust representation of 3D volumes for the 2-year
OS risk prediction task, we carried out a comparative evaluation by replacing our approach
with competitive 3D baselines: an 18-layer 3D ResNet (ResNet3D_18) [153] pre-trained on
the Kinetics dataset [73], a 121-layer DenseNet3D (DenseNet3D_121), and a Medical Slice
Transformer (MST) [108] leveraging DINOv2 [114]. We evaluated both the 3D networks
and our approach by employing different layer-freezing strategies. We evaluated two train-
ing strategies. First, we froze half of the layers in both the ResNet3D and the 2D backbone
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(EfficientNetBO0) of our approach. Next, we opted to freeze all layers except the last one (fea-
ture extractor), based on the hypothesis that reducing the number of parameters to optimize
would enhance generalization with a limited dataset. This systematic evaluation allowed us
to understand the impact of various layer-freezing configurations on the performance and

efficiency of the models.

Question 2: How effective is the soft attention mechanism? We aimed to demon-
strate the efficacy of the attention mechanism by comparing it with two alternative ap-
proaches: a simple average of the slices representations generated by the backbone, and
a self-attention mechanism that incorporates a class token (CTk) summarizing the entire
volume before being passed to the risk-assessment network. This set of experiments was
conducted by freezing all backbone layers except the last one, as this configuration yielded

higher performance in previous experiments.

Question 3: Is our approach adaptable to different 2D backbones? To illustrate
the adaptability of our approach with various 2D backbones, we conducted another set
of experiments using as backbone widely recognized architectures, including VGG16 [137],
ResNet50 [81], AlexNet [81], Vision Transformer (ViT) [6], and MedViT _small [103]. These
architectures were selected to represent different foundational paradigms, namely, convolu-
tional networks (e.g., VGG16, ResNet50, AlexNet) and attention-based models (e.g., Vision
Transformer, MedViT), to evaluate the versatility of our approach across both convolutional
and attentional frameworks. This set of experiments also was conducted by freezing all

backbone layers except the last one.

Question 4: What is the impact of fine-tuning? To underscore the significance of
transfer learning, particularly when dealing with limited data, we conducted two experiments
using the CLARO dataset. One experiment involved training without fine-tuning on LUNGI,
whilst the other included fine-tuning on LUNGI.

Question 5: What is the computational complexity of the proposed method?
To demonstrate the efficiency and cost-effectiveness of our approach, we conducted a com-
putational complexity analysis of the various neural network configurations by considering
the mean number of slices in the dataset, i.e. 72 and includes the number of parameters
and the FLOPS for each configuration, providing insight into the computational demands of

each model.
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Table 4.2: Hyperparameters of the risk-assessment network.

Hyperparameter Value

# hidden layers for both SN and CSNs 5

# neurons per hidden layer 100

Dropout rate 0.2

Activation function ReLU
o 0.5

Loss function £

4.3.2 Performance metric

We evaluated the prognostic performance of our model using the time-dependent concordance
index (C'-index), as defined and detailed in Section 3.5. The C*-index measures the model’s
ability to correctly rank pairs of patients based on survival times, accounting for censoring.
The significance of this discriminative index lies in its independence from a single fixed time.
This characteristic renders it well-suited for situations where the impact of covariates on
survival varies over time. In other words, this index is particularly valuable when risks

exhibit non-proportional behavior throughout the observation period.

4.3.3 Experimental settings

We implemented all considered methods in PyTorch [121] and trained them on an NVIDIA
A100 40GB GPU. The training data augmentation strategy involved randomly flipping and
rotating within a range of 20° each 2D slice with a probability of 0.2. During the training and
evaluation of the risk-assessment network, we employed 10-fold cross-validation. For each
fold, the 90% portion allocated for training was further split using a 90-10 ratio (90% for
training and 10% for validation). All tested networks were trained with AdamW optimizer
with base learning rate 1 x 10™*, weight decay 1 x 1072 and batch size 4 for 100 epochs.
The best-performing model configuration was selected based on the highest time-dependent
concordance index (C'-index) achieved on the validation set. The loss weights and the
other DeepHit hyperparameters were not optimized but were kept fixed at the values listed
in Table 4.2. For the experiments on the CLARO dataset, we selected the best model

configuration for each fold based on performance on the LUNG1 validation set. We then
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fine-tuned this configuration using the CLARO training set.

4.4 Results and Discussion

We conducted a series of experiments to thoroughly evaluate the performance and flexibility
of our proposed approach. First, we aimed to compare it against 3D baselines in survival
prediction tasks, particularly focusing on the impact of employing a soft attention mech-
anism. Additionally, we tested the adaptability of our method by integrating alternative
2D backbones, such as ResNet50 and ViT, to assess whether it can maintain strong perfor-
mance across diverse architectures. Moreover, we explored the significance of domain-specific
transfer learning by fine-tuning models pre-trained on the LUNG1 dataset to investigate its
impact on the smaller CLARO dataset and performed a detailed computational complexity
analysis to determine the efficiency of our approach and its viability for survival prediction
tasks in resource-limited environments. In the following, we present the results addressing

the questions raised in Section 4.3.2.

Question 1: How does our method compare to 3D networks? Table 4.3 summa-
rizes the results of the initial set of experiments, where our approach was compared with
competitive 3D baselines: an 18-layer ResNet3D, a 121-layer DenseNet3D, and a Medical
Slice Transformer. As shown in the table, our fusion approach, which combines Efficient-
NetB0 with a soft attention mechanism, consistently outperforms the 3D models under both
layer-freezing strategies. This demonstrates the superior capacity of our method to create
a consistent volume representation suitable for the OS prediction task, which is crucial for
the risk-assessment network. Notably, the best performance is achieved with the Efficient-
NetBO0 as the feature extractor, indicating that optimizing fewer parameters leads to better
generalization when dealing with limited data availability. Given that we only one measure-
ment per fold in the cross-validation, classical significance tests such as the paired t-test
or Wilcoxon signed-rank test are not reliable, as their statistical power is limited in such
low-sample settings and their distributional assumptions may not hold. To address this, we
adopted a permutation-based paired t-test. In this approach, the observed difference in C*-
index between two models is compared against a null distribution obtained by repeatedly
(5000 times) randomly swapping (with probability 0.5) the predictions of the two models
at the patient level. The p-value is then computed as the proportion of permuted differ-
ences as extreme as the observed one. This non-parametric procedure makes no assumptions
about the underlying distribution and is therefore more robust in our context of limited
sample size. The results show that our proposed method (EfficientNetB0 + Soft Attention)
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Table 4.3: Comparison between our approach and ResNet3D_18. Results of C**-index over
10-fold cross-validation.

Approach Training Strategy C!%-index (mean + std)
ResNet3D_18 half layers freezed 0.528 4+ 0.069
DenseNet3D_121 half layers freezed 0.5331 £ 0.038

MST half layers freezed 0.4915 + 0.066
EfficientNetB0O + Soft Attention half layers freezed 0.572 £ 0.064
ResNet3D_18 feature extractor 0.507 £ 0.074
DenseNet3D_121 feature extractor 0.5281 £ 0.056

MST feature extractor 0.504 £ 0.051
EfficientNetB0 + Soft Attention feature extractor 0.584 + 0.054

achieves statistically significant improvements compared to all 3D baselines (ResNet3D_18,
DenseNet3D_121, and MST), with p < 0.05 in all cases. This confirms that the observed
performance gains are unlikely to be due to chance. The only non-significant comparison
(p = 0.4162) arises when comparing our approach trained with the feature extractor strat-
egy against the same model trained with half of the layers frozem. This result highlights
that the advantage comes not only from the architecture itself but also from the training
strategy: using EfficientNetB0 as a frozen feature extractor reduces the number of trainable

parameters and thus improves generalization under limited data availability.

Question 2: How effective is the soft attention mechanism? We compared the
soft attention approach with a simple average of the slices’ representations generated by
the backbone, and a self-attention mechanism incorporating a class token (CTk) summa-
rizing the entire volume. We selected in all the experiments the EfficientNetB0 as feature
extractor since it was the experiment with the best performance in the previous analysis
in paragraph 4.4. Table 4.4 shows the results of this comparison study.

The table demonstrates that the fusion approach using the soft attention mechanism
yields superior performance compared to both the average and self-attention approaches.
The superior performance of the soft attention mechanism over the Average Pooling ap-

proach can be attributed to its ability to weigh the most important slices within the volume.
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Table 4.4: Comparison between the soft attention mechanism with the Average Pooling and
Self Attention approaches. All backbone layers are frozen, except for the last one (feature
extractor). Results of C*-index over 10-fold cross-validation.

Approach Aggregation Mechanism C'?-index (mean =+ std)
EfficientNet B0 Average Pooling 0.570 +0.033
EfficientNetBO Self Attention + CTk 0.579 £ 0.079
EfficientNetBO Soft Attention 0.584 +0.054

This weighting allows the risk-assessment network to focus on the most relevant portions of
the volume, which are more critical for OS prediction. When compared to the self-attention
mechanism, the superior performance of soft attention may be due to its better generaliza-
tion capability and the optimization of fewer parameters, which together can lead to more
effective learning and improved performance, especially when dealing with limited data, as
shown in the previous experiments. To assess the statistical significance of these differences,
we employed a permutation-based paired t-test across the 10 cross-validation folds. The
results confirmed that the improvements of soft attention over average pooling (p = 0.5450)
and over self-attention (p = 0.3240) were not statistically significant. Nevertheless, the pro-
posed method consistently achieved the highest mean C**-index across folds, supporting its
robustness. Beyond the numerical results, soft attention provides a more flexible aggregation
strategy by weighting slices according to their relevance, providing interpretable insights into
which regions contribute most to the prediction. In addition, compared to the self-attention
mechanism, soft attention requires fewer parameters and is computationally more efficient,

making it more suitable in scenarios with limited data and for practical deployment.

Question 3: Is our approach adaptable to different 2D backbones? Table 4.5
reports the results of these experiments. EfficientNetB0’s superior performance with respect
to other 2D backbones stems from its compound scaling method, which balances network
depth, width, and resolution, optimizing its architecture for both accuracy and efficiency.
Additionally, its streamlined architecture, characterized by a reduced number of parameters,
makes it particularly well-suited for data-limited scenarios, where it effectively minimizes the
risk of overfitting while preserving high computational efficiency. As evidenced by the results,
our fusion approach achieves higher performance with different backbones compared to the
3D approach. This demonstrates that the mechanism of combining 2D slice representations

to construct a 3D volume representation is more effective for OS prediction, particularly
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Table 4.5: Comparison between the EfficientNetB0O with other 2D backbones in combination
with the Soft Attention mechanism. All approaches are compared with the 3D approach. All
backbone layers are frozen, except for the last one (feature extractor). Results of C*-index
over 10-fold cross-validation.

Approach C'l-index (mean + std)
ResNet3D_18 0.507 £ 0.074
ResNet50 + Soft Attention 0.564 £ 0.067
Veggl6 + Soft Attention 0.524 + 0.063
AlexNet + Soft Attention 0.550 + 0.0510
ViT_b_16 + Soft Attention 0.546 £ 0.043
MedViT small + Soft Attention 0.5482 + 0.056
EfficientNetBO + Soft Attention 0.584 + 0.054

when working with limited data. The enhanced performance underscores the advantage of

leveraging 2D networks over directly using 3D networks in this context.

Question 4: What is the impact of fine-tuning? The results of these experiments
are presented in Table 4.6. Since the CLARO dataset is extremely small, we did not report
the standard deviation. We had to aggregate the test folds to obtain a single measurement,
making it impossible to calculate variability across folds. The results clearly indicate that
domain-specific transfer learning from the LUNGI1 dataset leads to better performance on
the CLARO dataset compared to fine-tuning. This improvement can be attributed to the
limited data available in the CLARO dataset, which makes it challenging to fine-tune a
model effectively. In contrast, leveraging the knowledge learned from the LUNGI1 dataset
provides a substantial boost, as the pre-trained model can utilize previously acquired patterns
and features, thereby enhancing the performance on the smaller CLARO dataset. This
underscores the value of domain-specific transfer learning in scenarios with constrained data
availability.

To further demonstrate the robustness of our approach, we repeated the experiments five
additional times and performed statistical testing. With fine-tuning on LUNG1, the model
achieved an average performance of 0.577 + 0.021, whereas training from scratch resulted in
0.503 + 0.017.
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Table 4.6: Results of C*%-index on CLARO. All backbone layers are frozen, except for the
last one (feature extractor).

Approach Fine-tuning on LUNG1 C*%-index
EfficientNetB0 + Soft Attention No 0.503
EfficientNetB0O + Soft Attention Yes 0.579

To compare the two models we conducted a paired statistical test. Each model was
evaluated over the six repeated runs, with each run producing a single aggregated perfor-
mance metric from a 10-fold cross-validation. The pairing is feasible because the same data
splits and experimental conditions were used for both models in each run, ensuring that
performance differences reflect the model initialization strategy rather than variability in
the data.

Given the small number of paired samples (n = 6) and the unknown distribution of per-
formance differences, we used the Wilcoxon signed-rank test, a non-parametric alternative
to the paired t-test. This test assesses whether the median difference between paired ob-
servations is significantly different from zero without assuming normality. Additionally, we
report the effect size (r) to quantify the magnitude of the observed difference.

The Wilcoxon signed-rank test yielded a statistic of 0.0, with a p-value of 0.03125 and a
large effect size (r = 0.899)

These results indicate a statistically significant difference between the two models (p <
0.05), with the pretrained model consistently outperforming that trained from scratch. The
large effect size (r =~ 0.9) further confirms that this difference is not only statistically signif-
icant but also practically meaningful.

In conclusion, pretraining the EfficientNetB0-based architecture provides a clear advan-
tage over training from scratch, and the Wilcoxon signed-rank test robustly supports this
finding despite the limited number of repeated runs.

This improvement can be attributed to the limited data available in the CLARO dataset,
which makes fine-tuning a model from scratch challenging. In contrast, leveraging the knowl-
edge learned from the LUNG1 dataset provides a substantial boost, as the pretrained model
can exploit previously acquired patterns and features, thereby enhancing performance on
the smaller CLARO dataset. These findings underscore the value of domain-specific transfer
learning in scenarios with constrained data availability.

In addition, to further assess the generalizability of our approach, we directly evaluated

the best-performing model selected from the 10-fold cross-validation on the external LUNG1
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dataset without any fine-tuning. The model achieved a C*@-index of 0.5608, indicating that
the learned representations retain prognostic relevance beyond the training cohort, despite

the absence of dataset-specific adaptation.
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Figure 4.3: Computational complexity analysis of the experimented models. The x-axis
represents the model’s performance, while the y-axis shows the number of giga floating-
point operations per second (GFLOPS) required for inference. The size of each point is
proportional to the number of parameters of the corresponding model, providing a visual
representation of the trade-off between model accuracy, computational cost, and model size.

Question 5: What is the computational complexity of the proposed method?
The computational complexity analysis of the various model configurations is detailed in Fig-
ure 4.3. The figure is a bubble chart comparing various model configurations based on their
performances (x-axis) and GFLOPS (y-axis, log scale). Each bubble represents a specific
model, with its size indicating the number of parameters. The analysis highlights the trade-
offs between performance and computational cost across different model architectures and
layer-freezing strategies. Notably, EfficientNetB0 variants are characterized by lower param-
eter counts and computational costs, making them a suitable choice for resource-constrained

environments with high performance. In the versions of EfficientNet with the lowest costs,
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Figure 4.4: Average attention weight distributions generate by our model.

the soft attention mechanism is utilized to further enhance efficiency. In comparison, other
2D backbones demonstrate inferior performance and higher computational costs relative to
EfficientNet B0, underscoring the crucial role of parameter efficiency in data-limited scenar-
ios. On the other hand, 3D networks yields significantly higher computational costs and

parameter counts, leading to lower efficiency and performance.

4.5 Interpretability and Clinical Insight

Interpretability remains a fundamental challenge in deep learning, particularly in medical
applications: understanding why a model produces a specific prediction is critical for clinical
trust and adoption. We address this challenge by leveraging attention weights derived from
a soft attention mechanism to identify the CT scan slices that the model considered most
informative for prognostic prediction. By highlighting these slices, we provide a window into
the model’s decision-making process, thereby bridging the gap between algorithmic output
and clinical understanding.

Our model was trained to assign attention weights to individual slices within a 3D CT

volume, quantifying their relative contribution to the final prognostic outcome. For the
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Figure 4.5: Example of attention weight distribution for patient LUNG1-040 (stage III
NSCLC, total slices = 57). Slices in the 50th percentile of the mean attention distribution
are highlighted, showing a concentration of attention in the basal lung regions where the
tumor is located, consistently with the adanced stage of the patient.

interpretability analysis, we relied on the models trained in the 10 cross-validation folds. For
each fold, attention weights were computed on the corresponding test set. Since the number
of slices varies between patients, we normalized slice positions by calculating relative slice
indices. Subsequently, we averaged the attention weights across all patients and folds to
obtain a robust, mean attention distribution.

Analysis of this aggregated distribution revealed a consistent and clinically meaningful
pattern, as illustrated in Figure 4.4. Specifically, basal lung regions consistently received
higher attention weights from the model. This observation aligns closely with clinical ev-
idence: tumors located in the basal regions of the lung are often associated with worse

outcomes in non-small cell lung cancer (NSCLC). Basal tumor location has been linked to
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several prognostic factors, including:

e Advanced stage and aggressiveness: Tumors in basal regions are frequently de-
tected at later stages and may exhibit higher invasive potential due to delayed symptom

onset and the complexity of anatomical positioning [87].

e Proximity to vital structures: Basal tumors are anatomically positioned near crit-
ical organs such as the heart, great vessels, and diaphragm, which can complicate

surgical interventions and directly impact prognosis.

e Increased symptom burden: These tumors often result in more severe respira-
tory impairment and cardiac complications, including pleural effusion and atelectasis,

negatively affecting both survival and quality of life.

The correspondence between the model’s attention focus and established clinical knowl-
edge reinforces the biological plausibility of the learned features. This not only enhances
interpretability but also increases confidence in the model’s ability to capture clinically rel-
evant patterns, which is essential for translational applications in precision oncology. By
highlighting CT slices associated with known prognostic indicators, attention-based inter-
pretability enables a more transparent and informative dialogue between AI predictions and
clinician decision-making.

An illustrative example is shown in Figure 4.5, highlighting the slices in the 50th per-
centile of the mean attention weight distribution for patient LUNG1-040 (total slices = 57)
with stage III NSCLC. The tumor is present in the lower (basal) slices, consistent with its
advanced stage and basal position, which underscores the model’s ability to capture clinically
meaningful spatial patterns in the lung. Furthermore, the patient’s observed survival time
was 19 months, and the model assigns a corresponding probability of 0.61 for the occur-
rence of the event “death” at that time, demonstrating coherent alignment between model

prediction and clinical outcome.
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Chapter 5

Multimodal Clinical Data Fusion for
Prognostic Modeling in Pulmonary Dis-

eases

In previous chapters, this thesis investigated the enhancement of predictive models for
NSCLC using single-modality data sources, specifically unstructured EHRs (Chapter 3) and
CT scans (Chapter 4). Although multimodal models have the potential to outperform uni-
modal approaches by integrating complementary information, their development has been
hindered by the lack of publicly available NSCLC datasets that offer sufficient sample size,
complete modality coverage (CT imaging, structured and unstructured EHR), and prognos-
tic labels.

To overcome this limitation, the present chapter shifts focus to the INSPECT dataset,
a publicly available resource originally designed for pulmonary embolism (PE) prognosis.
INSPECT includes CT pulmonary angiography (CTPA) scans, radiology reports, and struc-
tured EHR data, all aligned with mortality outcomes at 1-, 6-, and 12-month intervals. This
dataset was selected due to the shared pulmonary context between PE and NSCLC: both
conditions require thoracic imaging and clinical data integration for effective prognostic mod-
eling. Although PE and NSCLC differ in etiology, the high incidence of PE in lung cancer
patients, and its demonstrated association with increased morbidity and mortality [112, 177],
support the use of PE as an informative surrogate to explore multimodal fusion strategies
relevant to lung disease prognosis. The comprehensive modality coverage and prognostic
task alignment of INSPECT make it a suitable testbed to extend the methodologies previ-
ously developed in this thesis, particularly NER (Chapter 3) and slice-level attention for CT

imaging (Chapter 4), within a multimodal fusion framework.
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This chapter presents a comparative study of multimodal data integration for PE prog-
nosis, advancing the overarching goal of this thesis: improving predictive modeling in lung
diseases. Beyond advancing PE prognosis, these findings offer transferable lessons for fu-
ture NSCLC research, addressing current gaps in modality selection and fusion strategy

optimization.

5.1 Motivation and Clinical Background

PE is a potentially life-threatening cardiovascular condition caused by obstruction of the
pulmonary arteries, most commonly due to thromboembolic events. Despite improvements
in diagnostic imaging and anticoagulant therapies, PE remains associated with substan-
tial short- and medium-term mortality, highlighting the clinical importance of accurate risk
stratification and prognostic assessment [12]. The prognostic impact of PE is even more pro-
nounced in oncologic populations: recent studies have shown that incidental or unsuspected
PE significantly worsens long-term survival in patients with cancer [112]. This association
is particularly relevant for thoracic malignancies, where tumor-related hypercoagulability,
treatment toxicity, and advanced disease burden jointly contribute to an increased throm-
boembolic risk. As emphasized in [177], PE represents a major determinant of morbidity
and mortality in lung cancer patients, underscoring the need for reliable prognostic tools in
this clinical setting.

Risk stratification in PE has traditionally relied on validated clinical scoring systems,
most notably the Pulmonary Embolism Severity Index (PESI) and its simplified version
(sPESI) [10, 69]. These scores combine demographic variables and readily available clinical
features to estimate short-term mortality risk and are widely adopted in clinical practice.
While effective for early decision-making, their reliance on a limited set of structured inputs
restricts their ability to capture the multidimensional nature of PE, particularly information
embedded in imaging studies, radiology reports, and longitudinal electronic health records
(EHRs).

In recent years, machine learning (ML) and deep learning (DL) approaches have been
increasingly explored to overcome these limitations. Unimodal models based on structured
EHR data leverage demographic information, vital signs, laboratory values, and comorbidi-
ties using techniques such as logistic regression, gradient-boosted trees, and neural networks
[39, 131]. Imaging-based approaches apply convolutional neural networks to CT pulmonary
angiography (CTPA) to extract prognostically relevant features related to clot burden or
cardiac strain [38]. In parallel, natural language processing (NLP) methods applied to ra-

diology reports have evolved from rule-based systems to transformer-based architectures,
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enabling the extraction of clinically meaningful semantic information for PE detection and,
more recently, prognosis [128, 52, 113, 7]. Each of these unimodal approaches captures
complementary aspects of PE but remains inherently limited when considered in isolation.

Multimodal deep learning (MDL) has therefore emerged as a promising paradigm to in-
tegrate heterogeneous clinical data sources and improve predictive performance. By jointly
modeling imaging, textual, and structured EHR data, MDL approaches aim to exploit the
complementary strengths of each modality. Fusion strategies can be broadly categorized into
early, late, and intermediate fusion, each offering different trade-offs between flexibility, in-
terpretability, and capacity to model cross-modal interactions [46]. Across multiple medical
domains, multimodal integration has consistently demonstrated superior performance com-
pared to unimodal models [144, 64, 68]. In the context of PE, studies combining imaging
and clinical data have shown improved diagnostic and prognostic accuracy over traditional
clinical scores and unimodal baselines [65, 16, 172].

Despite these advances, several critical limitations remain. First, most existing PE stud-
ies focus on diagnosis or short-term outcomes, with limited attention to clinically actionable
medium-term prognostic horizons (e.g., 1-, 6-, and 12-month mortality). Second, the major-
ity of multimodal approaches integrate only two modalities, typically CTPA and structured
EHR, while underutilizing the rich qualitative and semi-structured information contained in
radiology reports. Third, reproducibility and generalizability are hindered by the frequent
use of proprietary datasets, limiting external validation and clinical translation.

The release of the INSPECT dataset [63] represents a major step toward addressing
these challenges. INSPECT is the first large-scale, publicly available multimodal cohort
that jointly provides CTPA images, radiology report impressions, and longitudinal struc-
tured EHR data, together with diagnostic and prognostic labels. While existing INSPECT
baselines demonstrate the benefits of multimodal learning, they primarily adopt late fusion
strategies and do not fully exploit the textual modality or systematically assess different
fusion paradigms across multiple prognostic horizons.

Motivated by these gaps, this chapter aims to provide a comprehensive and reproducible
evaluation of multimodal learning strategies for PE prognosis. Specifically, the main contri-

butions are:

e Systematic multimodal comparison: A comprehensive evaluation of unimodal
(CT, radiology reports, structured EHR) and multimodal models for PE prognosis
across clinically relevant prediction horizons (1-, 6-, and 12-month mortality) using
the INSPECT dataset.

¢ Extended prognostic scope: A focus on medium-term outcomes beyond diagnosis
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and short-term risk assessment.

e Comprehensive modality coverage: An explicit assessment of the incremental

value of imaging, textual, and structured EHR data and their combinations.

e Fusion strategy analysis: An empirical investigation of early, intermediate, and late

fusion schemes to determine when and how modalities should be integrated.

e Benchmarking and reproducibility: The establishment of reproducible baselines

to facilitate future multimodal PE research.

Together, these contributions provide both a methodological and practical foundation
for the development of multimodal prognostic models in pulmonary embolism and related

cardiovascular conditions.

5.2 Materials and Methods

5.2.1 The INSPECT Dataset

Experiments were conducted on the INSPECT dataset [63], the only publicly available mul-
timodal resource for PE prognosis, which includes paired CTPA scans, radiology reports,
and structured EHR data. The original dataset contains in total 23,248 CTPA studies from
19,402 patients, with some patients undergoing multiple CTPA exams. Our analysis is per-
formed at the CTPA-study level. Accordingly, the dataset provides multimodal information
collected around the “index CTPA study”, defined as the CT angiography performed during
the clinical visit in which pulmonary embolism was suspected or diagnosed.

Each sample includes the full 3D CTPA volume acquired at this index visit (acquisition
details are reported in [63]) and the associated radiology report, which contains only the
“Impression” section summarizing key PE-related findings. Full narrative reports are not
provided.

The structured EHR data consist of the entire longitudinal clinical history available for
each sample, including diagnoses (ICD codes), medications, procedures, laboratory tests, and
vital signs. Importantly, INSPECT does not pre-align EHR events to the CTPA exam: each
patient’s EHR timeline is provided in full. In our study, we specifically selected only those
events occurring prior to the index CTPA timestamp to ensure that prognostic modeling
is based strictly on pre-diagnostic information, thereby avoiding any potential data leakage

and reflecting clinically realistic prediction scenarios. We excluded samples for whom the
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Time Label All Train Val Test
pos. 1143 939 (5.45%) 53 (5.23 %) 151 (5.14%)
1m neg. 20049 16305 (94.55%) 960 (94.77%) 2784 (94.86%)
cens. 2056 - - -
pos. 2302 1891 (11.54%) 99 (10.21%) 312 (11.17%)
6 m neg. 17854 14501 (88.46%) 871 (89.79%) 2482 (88.83%)
cens. 3092 - - -
pos. 2811 2303 (14.59%) 125 (13.51%) 383 (14.25%)
12 m neg. 16473 13369 (85.31%) 800 (86.49%) 2304 (85.75%)
cens. 3964 - - -

Table 5.1: Distribution of prognostic labels across 1-, 6-, and 12-month mortality prediction
tasks in the INSPECT dataset. Each case includes a CTPA scan, its corresponding radiology
report, and structured EHR data. Patient-level splitting ensures that all cases from the same
patient are assigned to the same set (train, validation, or test). Percentages in splits indicate
the proportion of positive versus negative cases.

timestamp of the index CTPA study was missing, since this prevents consistent extraction
of pre-exam EHR events.

INSPECT provides prognostic outcomes at 1-, 6-, and 12-months, enabling systematic
evaluation across short- and medium-term horizons. Outcomes are annotated as positive
(death within the target window), negative (survival), or censored (insufficient follow-up).
In line with the original benchmarks, only positive and negative samples were considered,
while censored cases were discarded, as shown in Table 5.1. This resulted in 21,192 CTPA
studies for the 1-month mortality task, 20,156 for the 6-month task, and 19,284 for the 12-
month task. Across these horizons, each patient contributes slightly more than one study,
with values ranging from a minimum of 1 to a maximum of 13 CTPA studies per patient
across all prognostic tasks.

To ensure reproducibility and prevent information leakage, particularly because individ-
ual patients may undergo multiple CTPA exams, the official patient-level INSPECT splits
were adopted, assigning all CTPA studies from a given patient exclusively to a single set

(training, validation, or test).

5.2.2 Data Preprocessing

Each modality in INSPECT required a tailored preprocessing pipeline to ensure compara-
bility across samples and suitability for downstream modeling.

CTPA scans. For CTPA preprocessing we follow the same pipeline described in [63] .
Each CTPA exam was preprocessed by extracting the pixel data from the original DICOM
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format. Raw intensities were converted into Hounsfield Units (HU). To reduce computational
cost, all slices were resized to 256 x 256 pixels and subsequently cropped around the lung
region, resulting in a final resolution of 224 x 224.

To emphasize clinically relevant structures, three standard viewing windows were applied,
each optimized for a specific diagnostic perspective: (i) lung parenchyma, (ii) pulmonary
embolism, and (iii) mediastinum. The corresponding windowed images were stacked to form
a three-channel representation of each slice (224 x 224 x 3). Finally, pixel intensities were
normalized to zero mean and unit variance using ImageNet statistics (mean and standard
deviation), ensuring compatibility with pretrained convolutional backbones ([34]).

Radiology reports. Free-text radiology reports were segmented into sentences using a
custom algorithm designed to preserve clinically meaningful structures, including numbered
findings (e.g., “1. PROBABLE”). The algorithm temporarily replaces periods in numbered
lists (e.g., “1.”) to prevent incorrect sentence splits, then applies standard sentence-ending

(1M

punctuation rules by identifying spaces following “.”, “7?”, or

44'77

. Finally, the original num-
bering is restored. This procedure is summarized in Algorithm 1 and ensures that both
the overall report structure and individual observations are accurately preserved. After sen-
tence segmentation, each sentence was tokenized using the Clinical-Longformer tokenizer

[94], ensuring compatibility with the subsequent transformer-based encoding,.

Algorithm 1 Custom Sentence Splitter for Radiology Reports

1: procedure CUSTOMSENTENCESPLITTER (text)

2 Input: raw radiology report text

3 Output: list of sentences

4 Replace all “\d+.\s” with “\1###"

5: Split text at spaces following ’.’; ’7’ or ’!

6 Restore numbering by replacing “###” with “. 7
7 Trim whitespace in each sentence

8 Remove empty sentences

9: return list of sentences

10: end procedure

Structured EHR data. Structured EHR events were represented using a count-based
featurization strategy ([126]), producing a sparse patient-by-code matrix. Each entry in this
matrix indicates the frequency with which a specific clinical code (e.g., diagnoses, medica-
tions, procedures, lab tests) occurs in a patient’s record prior to the index “CTPA exam”,
ensuring that only information available at prediction time is used. This representation pro-

vides a compact summary of longitudinal patient history, retaining at the same time rich
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information about prior comorbidities, interventions, and monitoring.

To incorporate EHR features into deep learning models, which typically require dense,
low-dimensional representations, two complementary dimensionality reduction strategies were
investigated .

The first approach relied on truncated singular value decomposition (T'SVD) ([50]), pro-
jecting each patient vector into a 128-dimensional embedding that preserved approximately
99% of the variance of the original sparse matrix. This method retains most of the salient
information, substantially reducing computational complexity, thus facilitating integration
with the other modalities. We refer to this representation as the EHR-TSVD embedding.

The second approach employed a feed-forward autoencoder trained to reconstruct the
original sparse matrix from a compact latent representation. The encoder output defines the
EHR-AE embedding, a dense representation that summarizes each patient’s longitudinal
clinical history and can be seamlessly combined with imaging and text embeddings within

multimodal architectures (see Section ?? for details).

5.2.3 Models

To systematically evaluate the contribution of different data sources and fusion strategies
for PE prognosis, both unimodal and multimodal models were implemented. This section is
organized into three main components.

First, the representation extraction process is described, in which each modality (struc-
tured EHR, radiology reports, and CTPA imaging) is encoded into a fixed-length sample-level
representation using modality-specific encoders. This component establishes the common
feature space shared by all subsequent models.

Next, the unimodal baselines are presented. Each modality is modeled independently
using architectures tailored to its statistical and structural properties. These baselines serve
two purposes: (i) they provide strong single-source predictors for PE prognosis, and (ii) they
allow quantification of the standalone predictive value of each modality before integration
into multimodal settings.

Finally, the multimodal fusion models are introduced, combining the representations
extracted from different modalities through a set of fusion strategies. Both bimodal and
trimodal configurations are detailed. The primary objective is to assess the added value
of multimodal models over unimodal baselines. Among the multimodal strategies, bimodal
combinations offer insight into which modality pairs contribute most to predictive perfor-

mance and serve as ablation studies related to trimodal fusion.
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Representation Extraction

For each data modality (structured EHR, radiology reports, and CTPA imaging) a fixed-
length sample-level representations were extracted using modality-specific encoders designed
to capture complementary aspects of a patient’s clinical profile. The dimensionality of the
resulting representations is summarized in Table 5.2.

Structured EHR data were converted into high-dimensional count vectors summarizing
each sample’s clinical events up to the time of the index CTPA exam. The resulting repre-

sentation is a sparse vector of size 1 x 74,303 for each patient.

Table 5.2: Dimensionality of the intermediate representations extracted for each modality
prior to aggregation.

Modality Encoder / Method Representation Dimensionality
Structured EHR ~ Count-based featurization 74,303

Radiology Report Clinical-Longformer [#Sentences, #Tokens, 768]
CTPA Imaging ResNetV2-101 [#Slices, 6,145]

In radiology reports, the text was first split into sentences and tokens (see Section 5.2.2)
and then encoded using Clinical-Longformer [94], a transformer model pretrained on large-
scale clinical corpora (e.g., MIMIC-III [70]) and specifically optimized for long clinical doc-
uments. The model produced a contextualized embedding t;; of size 768 for each token j
in each sentence i. This results in a tensor of shape |#sentences, #tokens, 768], where
the “4#” symbol denotes “number of”, thus preserving the sentence-level structure prior to
hierarchical aggregation.

For CTPA imaging, after the preprocessing described in Section 5.2.2 | each axial slice
was processed using a ResNetV2-101 convolutional encoder pretrained with BigTransfer [79]
and subsequently adapted to the pulmonary domain through fine-tuning on the RSPECT
dataset [30], yielding slice-level representations c; of size 6145 before slices-level aggregation.
This results in a tensor of shape [#slices, 6145], where the “#” symbol denotes “number
of”. To ensure consistency across samples, the first 250 slices for scans exceeding this number
were retained. This cutoff was chosen to standardize input dimensionality at the same time
preserving the full thoracic region relevant for prognostic assessment, thus excluding abdomi-
nal sections that do not contribute with meaningful information and reducing computational
overhead.

These modality-specific representations serve as the inputs for the unimodal baselines

and the multimodal fusion models described in the following sections.
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Figure 5.1: Overview of unimodal prognostic models. Each modality is processed indepen-
dently: (i) CTPA slices are encoded with a ResNetV2-101 backbone followed by sequential
modeling and pooling, (ii) radiology reports are embedded with Clinical-Longformer and ag-
gregated via a two-levels hierarchical attention mechanism (Token Attention and Sentence
Attention), and (iii) structured EHR data is featurized with count-based methods and mod-
eled using gradient boosting or autoencoder.
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Unimodal Models

Unimodal baselines are illustrated in Figure 5.1. Each modality was first modeled indepen-

dently to establish strong single-source predictors before exploring multimodal fusion.

Structured EHR data For the Unimodal EHR (Structured EHR) experiments, a su-
pervised autoencoder (EHR-AE) designed to learn compact, task-specific embeddings from
structured, count-based EHR features was first introduced. Let x € R? denote a sample-level

EHR vector, with d = 74303. The encoder computes a latent representation

Z = fenc(x)a fenc : Rd — R7687

through a two-layer architecture with dimensions d — 512 — 768. The decoder mirrors this

structure:
X = fdec(z)a fdec : R768 — Rd-

A classification head predicts mortality:

U= fclf(Z), fa: R708 [07 1]7
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implemented as a two-layer MLP (768 — 128 — 1).

The model is trained end-to-end with a joint loss:

L=« ﬁrecon(X, }A() + 8 EBCE(% g)7

with weights @ = 0.5 and § = 1.0, chosen to prioritize the mortality prediction task while

still encouraging accurate reconstruction of the input. Here,
Lrecon = |Ix — )EH%, Lpcr = — [ylog(y) + (1 —y) log(1 — )] .

This model learns dense, task-adaptive embeddings from structured EHR data, which
can be directly used for downstream multimodal fusion.

For comparison, the gradient boosting EHR model from the INSPECT framework [63]
was also reproduced. Let fgpm(x) denote the model prediction, defined as an ensemble of T

regression trees:
T
fapm(x) = Z n h(x),
t=1

where 7 is the learning rate and h; are the leaf-wise regression trees fitted via gradient boost-
ing on the negative gradients of the loss function. LightGBM efficiently captures non-linear
interactions among sparse EHR features and serves as a validated baseline for structured
data.

This setup allows us to compare the EHR-AE approach with a literature-based baseline
(EHR-GBM), demonstrating the benefits of learned dense embeddings maintaining at the

same time methodological continuity with prior work.

Radiology reports For the Unimodal Radiology Report experiments, a novel hierarchical
text encoder that leverages token-level embeddings t;,; produced by Clinical-Longformer
was developed. To capture both local and global semantics within each report, a two-level
hierarchical attention mechanism was designed. At the first level, token embeddings t; ;
within each sentence ¢ are aggregated according to learned attention weights, emphasizing

clinically relevant terms and producing the sentence embedding s;:

L
S; = Zwi,jti,ja (5.1)
=0

L is the total

number of tokens in the input sentence and ¢ ranges from 1 to the total number of sentences

where w; ; is the weight learnt by the soft attention for the token embedding t; ;,
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N in the radiology report. Since each sentence may contain a variable number of tokens and
each radiology report consists of a different number of sentences, both L and N are defined
dynamically at runtime for each mini-batch. Specifically, L is set to the maximum number
of tokens in a single sentence across all sentences in the minibatch, whereas N is defined as
the maximum number of sentences across all radiology reports in the mini-batch. To ensure
uniform tensor shapes in the mini-batch, we use padding with all-zero vectors of size 768,
which receive a weight of zero from both the token-level and sentence-level attention layers,
ensuring they do not contribute to the final representation. It is worth nothing that s; has
the same size 768 of the token embedding.

At the second level, sentence representations were combined through the Sentence At-

tention layer, that computes:
N
X = Z W;S;, (52)
i=0

where w; is the weight learnt by the soft attention for the sentence embedding s;, N is the
total number of sentences in the radiology report. It provides a comprehensive representation
of the radiology report. Importantly, this layer employs a soft attention mechanism that
shares its weights with the token-level attention layer. This sharing is feasible because both
token and sentence embeddings have the same dimensionality (768) making it possible to
use a single soft attention module implemented as a fully connected layer of size 768. Weight
sharing serves two main purposes: (i) it reduces the total number of trainable parameters,
helping to prevent overfitting on limited data and lowering computational cost; and (ii) it
improves feature transferability across layers, since the clinical relevance of a sentence is
inherently related to the clinical relevance of its constituent entities. The final outcome is a
weighted average vector, x of size 768. It acts as the feature vector for the MLP classification

network, whose architecture is detailed in Table 5.3.

CTPA scans For the Unimodal Image (CTPA) model, ResNetV2-101 slices representa-
tions c¢; of size 6145 were processed with a bidirectional GRU to capture sequential depen-
dencies across slices. Then, a hybrid attention-and-max pooling mechanism was applied to

aggregate the sequence into a single patient-level representation u:

’ Zi;wc] , (5.3)

where max;—o__rc; denotes the max pooling operation over the resulting GRU slice-level

u= | max c;
i=0,...,.R

embeddings, Zf:o w;c; corresponds to the attention-based aggregation (R is the total number

of slices in the CTPA scan, w; is a scalar weight reflecting the contribution of the i-th slice,
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Layer Output Size Notes / Activation / Dropout

Input enc_size Embedding
Linear 512 Fully connected
ReLU 512 Activation
Dropout 512 p=0.2
Linear 128 Fully connected
ReLU 128 Activation
Dropout 128 p=20.2
Linear 1 Fully connected output layer (logit)

Table 5.3: Architecture of the MLP classification head.

and c; represents the feature embedding of the i-th slice), whereas the operator || indicates
the concatenation of the two resulting vectors. The unimodal CTPA model adopts the
established architecture from INSPECT [63], providing a validated baseline for structured
comparison with other modalities. The result is a CTPA representation u of dimension
12290, which is then fed into the MLP classification network, whose architecture is detailed
in Table 5.3.

Multimodal Fusion Models

To integrate complementary information, a range of fusion strategies were explored, consid-

ering all pairwise modality combinations and the joint use of all three modalities.

Early Fusion The trimodal Early Fusion strategy is illustrated in Figure 5.2. In this
approach, the modality-specific embeddings are directly concatenated into a single feature
vector, which is then passed to a multi-layer perceptron (MLP) for classification (see Table 5.3
for architectural details).
Formally, let
z € Rl x e R*r  ue Rbme

denote the embeddings extracted from structured EHR data, clinical reports, and CTPA
images, respectively, where depy, drep, and diyng represent the dimensionalities of the three
modality-specific embeddings. The embedding z is obtained by applying either Truncated
SVD or an Autoencoder to the sparse matrix of count-based EHR features, resulting in a
compact representation of the structured data. The embedding x is derived from radiology
reports processed with Clinical Longformer, followed by a two-level Hierarchical Attention

Mechanism (token-level and sentence-level attention). Finally, the embedding u is com-
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Figure 5.2: Overview of the early fusion method, where embeddings from EHR, clinical
reports, and medical images are concatenated into a joint representation, subsequently pro-
cessed by an MLP classifier.

puted from CT scans by first extracting slice-level representations using ResNetV2. These
slice representations are then passed through an attention mechanism in which each slice
is assigned a weight by a fully connected layer. The final CT embedding is given by the
weighted aggregation:

R
u = Zwici, (54)
i=1

where w; denotes the attention weight for slice embedding c;, and R is the total number
of slices in the CTPA study. In contrast to the unimodal CTPA model, max pooling is
omitted in the multimodal setting. This choice is motivated by the fact that (i) the atten-
tion mechanism already captures the relative importance of each slice, and (ii) removing
max pooling reduces the dimensionality of the resulting embedding, limiting the number of
trainable parameters in the fusion model.

The Early Fusion representation is then obtained by concatenation:
a = [2]]x]| u] € Rbrtdorim,

where || denotes the concatenation operator. The fused vector is then passed to the MLP

classifier:

A

y = o(furr(a)),
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Method Modalities Embedding
EHR-TSVD EHR-AE CT Report

Unimodal v - - - 128
Unimodal - v - - 768
Unimodal - - v - 12,290
Unimodal - - - v 768
Bimodal v - v - 6,273
Bimodal v - - v 896
Bimodal - v v - 6,913
Bimodal - v - v 1,536
Bimodal - - v v 6,913
Trimodal v - v v 7,041
Trimodal - v v v 7,681

Table 5.4: Overview of fusion strategies used in the experiments. The table reports the
included modalities (EHR, CT, Report) and the resulting embedding dimension for the
early fusion strategy.

with fyupp(-) denoting the feed-forward classification network and o(-) the final sigmoid
activation.

The dimensionalities of all modality-specific embeddings used in the Early Fusion strategy
are reported in Table 5.4. In addition to the trimodal configuration, all bimodal combinations

were also evaluated.

Intermediate Fusion This strategy leverages joint training with modality-specific en-
coders, whose latent representations are integrated through a cross-attention mechanism.
Unlike Early Fusion, where embeddings are directly concatenated, here the model explicitly
learns inter-modality interactions by aligning tokens across different representation spaces.

For EHR data, we use embeddings derived from the sparse matrix of count-based features,
obtained either via Truncated SVD or the Autoencoder. For Radiology reports, we adopt
embeddings produced by the two-level hierarchical attention mechanism ([118]), built upon
representations generated by the Clinical LongFormer. Finally, for CT data, we utilize slice-
level representations extracted using ResNetV2.

To ensure dimensional consistency across inputs, each modality was projected through
an embedding layer that maps representations to a common size of 512. The following
subsections distinguish between trimodal and bimodal fusion configurations.

For the trimodal setting, two intermediate fusion strategies were employed: Joint Fusion
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with contrastive alignment (ARMOUR) and Cascaded Fusion (CROSS). These methods
were selected for their complementary capabilities in modeling cross-modal interactions and
for their suitability for multimodal clinical data.

In the first strategy, the ARMOUR framework proposed by [97] was adopted. ARMOUR
enables robust bimodal fusion for clinical prediction tasks while preserving performance in
scenarios with missing modalities. In the present configuration, ARMOUR was used to fuse
CTPA imaging and radiology report embeddings, producing a joint image—text represen-
tation. This fused representation was subsequently combined with the EHR embedding,
resulting in a trimodal fusion architecture.

To enable cross-modal interaction, each modality is first projected into a shared embed-
ding space (“Embedding” in Figure 5.3) of equal dimensionality through modality-specific
projection layers. Subsequently, modality-specific class tokens are introduced for each modal-
ity (e.g., imaging and reports) to act as compact global representations that summarize
modality-level semantics. These class tokens are then refined via cross-attention layers,
where one modality attends to the other (e.g., text attending to image features and vice
versa), allowing the model to capture fine-grained interactions and contextual dependencies
across modalities.

A contrastive alignment strategy, inspired by Momentum Contrast (MoCo, [53, 26]), is
applied to these class tokens. The contrastive loss encourages paired embeddings from the
same sample to be close in the latent space while pushing apart embeddings from different
samples. This promotes semantic coherence between modalities and enhances robustness
under missing-modality conditions, as the network can leverage complementary information
from the available modalities.

After the cross-attention layers, modality-specific class tokens are fused through concate-
nation. In our adaptation, the resulting fused representation from the ARMOUR cross-
attention and contrastive alignment stage is then concatenated with the EHR embedding.
The unified multimodal vector is finally passed to the classifier for prognostic prediction (see
Figure 5.3).

In the CROSS strategy, multimodal interactions are modelled through a hierarchical
sequence of cross-attention operations rather than a joint or parallel fusion. Formally, the

cross-attention operation is defined as:

QK'
CrossAttn(Q, K, V) = softmax V,
Vvdy

where Q = XoWyg, K = XgWg, and V = Xy Wy, with X, Xk, Xy denoting the

query, key, and value sequences from different modalities.
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Figure 5.3: Conceptual illustration of the ARMOUR workflow, showing cross-attention
blocks between modality-specific encoders, the contrastive alignment mechanism, and the
final fusion with the EHR embedding.

To capture richer interactions across multiple subspaces, this operation was extended to

a multi-head cross-attention (MHCA) mechanism:

MHCA(Q,K, V) = Concat(hy,..., hy) W°,
h; = CrossAttn(QW?, KWK, VW),

where H denotes the number of heads.

In this approach, the EHR embedding, represented as a single query token, acts as
the central information carrier that sequentially integrates complementary information from
other modalities. Specifically, in the first stage, the EHR token attends to one modality
(e.g., imaging), acquiring modality-specific contextual features and generating an enriched
representation. This updated token then serves as the query in a second cross-attention
step, attending to another modality (e.g., textual reports), thereby incorporating additional
semantic cues.

This cascaded design allows the model to progressively refine the EHR representation
through modality-specific conditioning, enabling an interpretable flow of information across
modalities and reducing the complexity of joint optimization. Unlike ARMOUR, which align
modalities in a shared latent space simultaneously, CROSS enforces a sequential dependency
that mimics a stepwise reasoning process, first grounding the representation in one modality

before enriching it with another. The final token generated by the cascaded process thus
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Figure 5.4: Illustration of a case of trimodal intermediate fusion approach: A cascaded
fusion mechanism is employed, where the EHR embedding sequentially attends to the other
modalities through a Multi-Head Classification (MCA) layer prior to the final classification.

encodes aggregated multimodal information and is subsequently passed to the classification
layer for prognostic prediction, as illustrated in Figure 5.4.

Alternative cascade configurations were also explored, varying the ordering of modalities
within the two-stage attention process. In the first configuration, the EHR representation
acted as the query and sequentially attended to the report and then to the image, producing
a single enriched token that was directly passed to the classifier. In the second configuration,
the cascade began with image tokens serving as the query attending to the report, followed by
attention to the EHR representation. In this setup, the full token sequences were preserved
rather than collapsed into a single token, and the resulting sequence was averaged to obtain
a mean embedding for classification.

These alternative designs made it possible to assess how different query—key/value hierar-
chies influence the propagation of cross-modal information and, ultimately, impact predictive
performance.

For bimodal setting, experiments were carried out using only the CROSS scheme with a
single Multi-head Cross-Attention (MCA) layer, where the query sequence was taken from
one modality and the key—value pairs from the other. The evaluated modality pairs cor-
respond to those considered in the early fusion setting (Table 5.4); however, note that the
resulting embeddings in this CROSS scheme have different dimensionalities from those re-
ported for early fusion. In the specific case of pairs with EHR data, which is represented by

a single token, this token was directly used as the query. Consequently, the cross-attention
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Figure 5.5: Hlustration of the late fusion method, where predictions from unimodal models
are averaged to obtain the final decision.

operation yields an output sequence reduced to a single token, which is subsequently passed
to the classification layer. In all other cases, the output sequence produced by the cross-
attention mechanism was averaged across tokens, and the resulting mean representation was

fed into the classification layer.

Late Fusion FEnsemble averaging of unimodal predictions was performed, as illustrated
in Figure 5.5, by combining the outputs of the three unimodal models (EHR, report, and
imaging) through the averaging of their predicted probabilities. The final predicted class
is then obtained by applying a threshold of 0.5 for a binary outcome. Both bimodal and
trimodal combinations were considered. For the bimodal case, was used the same pairs as in
the Early Fusion reported in Table 5.4; however, note that the resulting embeddings in this

Late fusion scheme have different dimensionalities from those reported for early fusion.

5.3 Experimental Setup

Unimodal and multimodal models were trained and evaluated using the patient-level hold-
out splits defined in [63], allocating 80% of the data to the training set, 5% to the validation
set, and 15% to the test set. Our effective cohort comprises a subset of the original INSPECT
dataset, totaling 23248 CTPA studies. Details on the number of samples selected for each
prognostic horizon are provided in Section 5.2.1. Samples lacking a valid reference time point
(e.g., CT scan timestamp) were excluded to ensure that only pre-exam EHR events are used

for prognostic modeling.

114



CHAPTER 5. MULTIMODAL CLINICAL DATA FUSION FOR PROGNOSTIC
MODELING IN PULMONARY DISEASES

All experiments were implemented in PyTorch and executed on an NVIDIA A40 GPU
with 48 GB of VRAM. Models were trained for up to 50 epochs using the AdamW optimizer
with a weight decay of 0.02, a learning rate of 0.001, and a batch size of 128. The cross-
entropy loss was employed as the training objective. To better characterize performance
variability, each experiment was repeated over five independent runs with different random
seeds.

For the EHR-GBM model, rather than relying on the default configuration, we performed
a targeted hyperparameter search over a compact grid including max depth [3, 6, —1], learning
rate [0.02, 0.1, 0.5], and number of leaves [10, 25, 100].

Model performance was evaluated using the Matthews Correlation Coefficient (MCC),
the Area Under the Receiver Operating Characteristic curve (AUROC), and the Area Under
the Precision-Recall curve (AUPRC). The MCC is defined as

TP-TN - FP-FN
/(TP + FP)(TP+ FN)(TN + FP)(TN + FN)

MCC =

where T'P,/TN, FP, FN denote true positives, true negatives, false positives, and false neg-
atives, respectively. MCC provides a balanced measure of prediction quality even in the
presence of class imbalance, as it considers all four entries of the confusion matrix.

These metrics were chosen because the dataset is inherently imbalanced: mortality events
are much less frequent than survival outcomes, especially at shorter prognostic horizons. On
the one hand, accuracy can be misleading in such scenarios, as a model could achieve high
accuracy by simply predicting the majority class. Similarly, F1-score does not account for
true negatives, even though it captures the harmonic mean of precision and recall. On
the other hand, MCC incorporates all entries of the confusion matrix, AUROC provides a
threshold-independent measure of discriminative ability, and AUPRC emphasizes the model’s

performance on the minority positive class, which is critical for prognostic prediction.

5.4 Results and Discussion

This section presents the results of unimodal and multimodal experiments across three prog-
nostic time horizons (1-, 6-, and 12-month mortality). Given the pronounced class imbal-
ance in the INSPECT dataset (Table 1), with positive mortality rates of 5.45%, 11.54%,
and 14.59% for 1-, 6-, and 12-month prediction tasks, respectively, the MCC was prioritized
as the primary evaluation metric for model comparison and discussion, whereas additional
metrics (e.g., AUROC, Fl-score) are reported in the Appendix for completeness. MCC ef-

fectively balances true positives, true negatives, false positives, and false negatives, making
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it ideal for assessing prognostic models in imbalanced settings like PE.
The findings of this thesis are structured around five key research questions, which col-
lectively clarify the individual contribution of each modality, the behavior of different fusion

strategies, and the broader implications for multimodal prognostic modeling in PE:

1. How well do unimodal models perform individually?

2. Does multimodal fusion improve predictive performance over the strongest unimodal

baseline?
3. Which fusion strategy is most robust across the three prognostic horizons?

4. What are the potential pitfalls of complex fusion mechanisms such as CROSS and
ARMOUR?

5. What potential clinical insights can multimodality provide?

This section address these questions sequentially, beginning with unimodal performance
and progressively incorporating more complex multimodal interactions, to uncover how each

data source and fusion mechanism influences predictive accuracy and robustness.

Table 5.5: MCC of unimodal models across 1-, 6-, and 12-month mortality prediction tasks.
Results are reported as mean + standard deviation over five runs. Best MCC values for each
time horizon are highlighted in bold

Model 1-Month 6-Month 12-Month

EHR-GBM  0.258 + 0.059 0.367 + 0.072 0.454 + 0.023
EHR-AE 0.269 £ 0.013 0.352 £ 0.016 0.395 £ 0.008
Report 0.242 + 0.008 0.329 &= 0.030 0.354 £ 0.014
Image 0.221 £ 0.010 0.297 + 0.016 0.304 £ 0.028

(1) How well do unimodal models perform individually? To establish baseline per-
formance, unimodal models were evaluated separately on EHR, report, and imaging data
across the three prognostic horizons (1-, 6-, and 12-month mortality). Table 5.5 reports the
results in terms of MCC, AUC, and AUPRC.

For structured EHR data, two models were assessed: a Gradient Boosting Machine
(GBM) and a Deep Autoencoder (AE). The EHR-AE achieved the highest mean MCC
at the 1-month horizon (0.269), whereas EHR-GBM obtained the highest mean MCC at
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both the 6-month (0.367) and 12-month (0.454) horizons. In addition, EHR-GBM consis-
tently exhibited strong AUC and AUPRC values across all tasks, underscoring the predictive
value of structured clinical variables.

The textual report model (Report in Table 5.5), based on Clinical-Longformer embed-
dings and hierarchical attention, achieved moderate performance, with mean MCC values
of 0.242, 0.329, and 0.354 at 1-, 6-, and 12-month horizons, respectively. Meanwhile, the
imaging-only model (Image in Table 5.5), relying on ResNetV2 features extracted from CT
volumes, exhibited the lowest performance across all horizons, with mean MCC scores of
0.221, 0.297, and 0.304.

To assess whether the observed differences in MCC across the four unimodal baselines
were statistically meaningful, paired one-tailed t-tests over the five independent runs were
conducted for each prognostic horizon and applied Benjamini-Hochberg correction to control
the false discovery rate ([13]). This analysis revealed three distinct patterns depending on
the prediction window.

At the 1-month horizon, the EHR-AE clearly emerged as the strongest performer, signif-
icantly outperforming both the report-only model (t = 3.96, FDR~adjusted p = 0.011) and
the imaging-only baseline (t = 6.54, FDR-adjusted p = 0.0008). Its performance, however,
remained statistically indistinguishable from that of EHR-GBM (p = 0.81), suggesting that
the two EHR-based approaches offer comparable predictive power in the short term.

At the 6-month horizon, the landscape became more balanced. No significant differences
emerged between either of the EHR-based models and the report-only system. Nonetheless,
the EHR-AE maintained a clear advantage over imaging (t = 5.44, FDR-adjusted p = 0.004),
while the marginal superiority of EHR-GBM over imaging did not survive FDR correction
(p = 0.32).

At the 12-month horizon EHR-GBM established itself as the dominant unimodal ap-
proach . It significantly outperformed the Autoencoder (t = 5.42, FDR~adjusted p = 0.0013),
the report-only model (t = 8.30, FDR-adjusted p = 0.0002), and the imaging model (t =
9.26, FDR-adjusted p = 0.0001). Even so, the EHR-AE continued to retain a significant
edge over both the report-only (t = 5.69, FDR-adjusted p = 0.002) and image-only (t =
6.99, FDR-adjusted p = 0.0008) baselines, confirming the consistent strength of structured
EHR information across all horizons.

Overall, the findings delineate a clear and coherent trend: structured EHR data offer
the strongest and most reliable unimodal signal for mortality prediction. The EHR-AE
proves most effective in the short term, whereas the EHR-GBM progressively asserts itself
as the leading baseline at longer horizons. Nevertheless, the steady, though comparatively

weaker, predictive contribution of textual and imaging modalities underscores their value
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as complementary sources of information, supporting their integration within multimodal

fusion frameworks.

(2) Does multimodal fusion improve predictive performance over the strongest
unimodal baseline? To evaluate the benefit of multimodal integration, each fusion strat-
egy was compared against the strongest unimodal baselines, the EHR-AE at the 1-month
horizon (mean MCC of 0.269) and the EHR-GBM at the 6- and 12-month horizons (mean
MCCs of 0.367 and 0.454, respectively). Table A.2 reports MCC, AUC, and AUPRC for all
unimodal models and the early, late, CROSS, and ARMOUR fusion schemes.

Late fusion strategies that incorporated the EHR-GBM model predictions consistently
delivered the strongest results. Across the three prognostic horizons, different combinations
of modalities emerged as the most effective. At the 1-month horizon, the best-performing
configuration was the late fusion of clinical reports with EHR-GBM, reaching an MCC of
0.399 + 0.050, which corresponds to a notable gain of +0.130 over the EHR-AE. Moving
to the 6-month horizon, performance peaked with a fusion model that integrated reports,
imaging, and EHR-GBM, achieving an MCC of 0.479 £+ 0.011 and improving upon the
EHR-GBM baseline by +0.112. At the 12-month horizon, the most effective strategy com-
bined imaging with EHR-GBM, yielding an MCC of 0.497 £ 0.011, a 40.043 gain over the
GBM alone.

Notably, the three-modality late fusion model (Reports, Image, EHR-GBM) maintained
strong performance across all horizons, with MCC values of 0.362, 0.479, and 0.488, reinforc-
ing the value of integrating complementary information sources in multimodal frameworks.

Early fusion yielded more modest gains. The best early fusion variants (EHR-TSVD
+ Report + Image and EHR-TSVD + Report) reached MCC values up to 0.426 at 12-
months but never significantly surpassed EHR-GBM on any horizon. Most CROSS-fusion
and ARMOUR-fusion approaches performed poorly, with many MCC scores below or close
to the unimodal report or image baselines, showing that sequential prediction and complex
attention routing may introduce noise and error propagation in this setting.

To assess whether multimodal fusion genuinely contributed additional predictive value, we
focused on all late fusion strategies that incorporated EHR—GBM predictions and evaluated
them against the strongest EHR-only baseline. For each horizon, we applied paired one-
tailed t-tests on MCC across the five independent runs, followed by FDR correction using
the Benjamini-Hochberg procedure ([13]). This analysis, summarized in Table 5.7, revealed
a marked contrast with respect to other integration approaches: late fusion configurations
involving EHR-GBM displayed a consistent and statistically robust advantage, signalling a

clear shift in performance.
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Table 5.6: MCC of unimodal and multimodal models across 1-, 6-, and 12-month mortality
prediction tasks (mean 4 std over five runs). Best values in bold. In Cross Fusion models,

“—” indicates the order of modality integration.

Model 1-Month 6-Month 12-Month
Unimodal

EHR-GBM 0.258 4 0.059 0.367 4+ 0.072 0.454 £+ 0.023
EHR-AE 0.269 4+ 0.013 0.352 4+ 0.016 0.395 £ 0.008
Report 0.242 4+ 0.008 0.329 £+ 0.030 0.354 £+ 0.014
Image 0.221 4+ 0.010 0.297 4+ 0.016 0.304 £+ 0.028
Early Fusion

EHR-AE, Report 0.296 4+ 0.014 0.371 4+ 0.018 0.407 £+ 0.009
EHR-AE, Image 0.302 £+ 0.011 0.380 4+ 0.016 0.405 £+ 0.010
EHR-TSVD, Report 0.280 4+ 0.027  0.392 £ 0.006 0.419 £+ 0.010
EHR-TSVD, Image 0.274 + 0.013 0.376 £+ 0.011 0.390 £+ 0.017
Report, Image 0.244 4+ 0.024 0.350 + 0.016 0.366 + 0.012
EHR-AE, Report, Image 0.302 4+ 0.008 0.378 + 0.014 0.398 £+ 0.007
EHR-TSVD, Report, Image 0.293 4+ 0.009 0.393 4+ 0.008 0.426 £ 0.008
Late Fusion

Reports, EHR-AE 0.286 4+ 0.015 0.388 4+ 0.019 0.424 £+ 0.005
Reports, EHR-GBM 0.399 + 0.050 0.472 £ 0.011 0.494 £ 0.008
Image, EHR-AE 0.297 + 0.017  0.395 £ 0.016 0.426 + 0.004
Image, EHR-GBM 0.374 4+ 0.025 0.467 4+ 0.031  0.497 + 0.011
Reports, Image 0.275 4+ 0.015 0.375 £ 0.011 0.398 £ 0.012
Reports, Image, EHR-AE 0.331 4+ 0.014 0.409 £+ 0.014 0.444 £ 0.008
Reports, Image, EHR-GBM 0.362 £ 0.016 0.479 £+ 0.011  0.488 £ 0.002
Cross Fusion

EHR-TSVD — Image — Report  0.240 + 0.023 0.321 4+ 0.017 0.351 £ 0.028
EHR-AE — Image — Report 0.227 + 0.011 0.327 4+ 0.019 0.404 £+ 0.022
EHR-TSVD — Report 0.247 £+ 0.021 0.350 4+ 0.028 0.377 £ 0.035
EHR-TSVD — Image 0.181 4+ 0.024 0.294 4+ 0.063 0.294 £+ 0.119
EHR-AE — Report 0.285 4+ 0.032 0.363 + 0.019 0.391 £+ 0.039
Image — Report 0.236 4+ 0.025 0.341 4+ 0.016 0.361 4+ 0.013
EHR-TSVD — Report — Image  0.084 + 0.032 0.146 4+ 0.052 0.087 4+ 0.051
EHR-AE — Report — Image 0.124 £ 0.083 0.204 4 0.158 0.165 £ 0.184
Image — Report — EHR-AE 0.305 &£ 0.007  0.372 £ 0.023 0.397 £+ 0.010
Image — Report — EHR-TSVD  0.250 + 0.021 0.346 4+ 0.017 0.388 4+ 0.013
Armour Fusion 119

EHR-TSVD, Image, Report 0.239 4+ 0.027  0.360 £ 0.030 0.391 4+ 0.024
EHR-AE, Image, Report 0.284 4+ 0.023 0.372 4+ 0.015 0.420 £+ 0.012
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Table 5.7: Statistical comparison of late fusion strategies incorporating EHR-GBM against
the EHR-only baseline. Paired one-tailed t-tests were applied on MCC across five indepen-
dent runs, with FDR correction using the Benjamini—-Hochberg procedure.

Fusion Strategy 1-month 6-month 12-month
Reports + EHR-GBM t =4.08, FDR-p = 0.0020 ¢ = 3.22, FDR~p = 0.0066 ¢ = 3.67, FDR-p = 0.0034
Image + EHR-GBM t =4.05, FDR-p = 0.0021 ¢ =2.85, FDR-p =0.0116 ¢ = 3.77, FDR-p = 0.0029

Reports + Image + EHR-GBM ¢ = 3.80, FDR-p = 0.0029 ¢ = 3.44, FDR-p = 0.0048 ¢ = 3.29, FDR-p = 0.0059

In conclusion, simple decision-level late fusion of independent modality-specific predic-
tions with the strong EHR-GBM model predictions consistently and significantly improves
mortality prediction across all three prognostic horizons. The combination of structured
EHR data with either narrative radiology reports, imaging features, or both yields the high-
est absolute performance, with gains of up to +14.1% MCC at 1-month and +11.2% MCC
at 6-months. These results point out that radiology reports and CT imaging encode comple-
mentary prognostic information that is most effectively exploited through late fusion rather

than joint representation learning or complex sequential architectures.

(3) Which fusion strategy is most robust across the three prognostic horizons?
To evaluate the robustness of each fusion strategy across the 1-, 6-, and 12-month mortality
prediction tasks, mean MCC performance, ranking consistency, and statistical superiority
over competing strategies were considered.

To provide a rigorous statistical synthesis of fusion strategy performance, Table 5.8 re-
ports pairwise win rates across all models, metrics, and horizons. Late trimodal fusion
(LTri.) dominates, achieving near-perfect win rates (0.8-1.0) with 100% significance against
most categories and 86% significance vs. unimodal models. Late bimodal (LBi.) also excels,
particularly against early and CROSS fusion.

Early fusion shows moderate strength against unimodal models (0.7 wins, 85-92% sig-
nificance) but is consistently outperformed by late fusion. ARMOUR trimodal wins against
CROSS and unimodal models but never beats late fusion (0.0 wins). Cross fusion (CTri.)
performs the weakest among the evaluated strategies, exhibiting win rates at or below 0.3
and generally lacking statistical significance in most comparisons.

These results statistically confirm that late fusion, especially trimodal, is the most ro-
bust and generalizable strategy, even when accounting for metric-specific fluctuations (e.g.,
occasional bimodal MCC wins at 1- and 12-month). Its superiority can be attributed to
its modular design: each modality is modeled independently at its optimal capacity, partic-

ularly the strong EHR-GBM component, and only calibrated predictions are combined at
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Fusion Type Uni. EBi. ETri. LBi. LTri. CBi. CTri. ATri.

Uni. - 0.3 0.3 0.2 0.2 0.6 0.8 0.6
(60%)  (100%) (100%) (73%)  (11%)  (66%)  (66%)
EBi. 0.7 - 0.3 0.1 (0%) 0.0 (0%) 0.7 0.9 0.8
(85%) (63%) (61%)  (T7%)  (77%)
ETri. 0.7 0.7 - 0.2 0.0 (0%) 0.8 0.9 0.9
(92%)  (44%) (11%) (81%)  (88%)  (58%)
LBi. 0.8 0.9 0.8 - 0.2 1.0 1.0 1.0
(100%) (88%)  (72%) (78%)  (100%) (100%)  (68%)
LTri. 0.8 1.0 1.0 0.8 - 1.0 1.0 1.0
(100%)  (100%) (100%)  (79%) (100%)  (100%) (100%)
CBi. 0.4 0.2 0.2 0.0 (0%) 0.0 (0%) — 0.8 0.5
(T7%)  (49%)  (85%) (78%)  (61%)
C'Tri. 0.2 0.1 0.1 0.0 (0%) 0.0 (0%) 0.2 - 0.3
(63%)  (83%)  (67%) (27%) (47%)
ATri. 0.4 0.2 0.1 0.0 0.0 (0%) 0.5 0.7
(90%)  (T1%)  (67%)  (50%) (7T0%)  (74%)

Table 5.8: Pairwise win comparisons across fusion strategies, aggregated over all time hori-
zons and metrics (AUC, MCC, AUPRC). Each cell reports the proportion of wins by the
row model vs. the column model, with the percentage of statistically significant wins (FDR-
adjusted p < 0.005) in parentheses. Abbreviations: Uni. = Unimodal; EBi. = Early
Bimodal; ETri. = Early Trimodal; LBi. = Late Bimodal; L'Tri. = Late Trimodal; CBi. =
Cross Bimodal; CTri. = Cross Trimodal; ATri. = Armour Trimodal.

the decision level. This minimizes interference between heterogeneous data types, reduces
overfitting, and preserves the predictive power of structured EHR data while extracting
complementary information from reports and imaging.

Across the three prediction horizons, the optimal late fusion configurations are: Radiol-
ogy Reports with EHR-GBM for 1-month mortality, Radiology Reports, CT Imaging, and
EHR-GBM for 6-month mortality, and CT Imaging with EHR-GBM, or alternatively all
three modalities, for 12-month mortality, yielding very similar performance. These simple,
interpretable ensembles consistently achieve the highest predictive performance with statis-

tically significant improvements over other fusion strategies.

(4) What are the pitfalls of complex fusion mechanisms (CROSS and ARMOUR)?
Although advanced fusion strategies such as CROSS Fusion and ARMOUR, Fusion aim to

capture intricate inter-modal interactions through attention-based or bidirectional mecha-
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nisms, our results reveal significant pitfalls that undermine their effectiveness and robustness
in clinical mortality prediction.

Cross Fusion exhibits severe performance degradation and instability, particularly in
multi-step cascading configurations. Despite using the same modalities, performance varies
dramatically with fusion order. For instance, the sequence EHR TSVD — Report — Image
yields MCC values of only 0.084 £+ 0.032 (1-month), 0.146 £+ 0.052 (6-month), and 0.087 +
0.051 (12-month), drastically worse than unimodal baselines. This sensitivity to ordering
indicates that the attention mechanism may amplify noise or introduce destructive inter-
ference when weaker modalities (e.g., Image) are used as queries or keys in early stages.
Furthermore, high variance across runs (e.g., £0.184 in EHR Autoencoder — Report —
Image at 12-months) suggests poor generalization and overfitting to spurious correlations in
training splits.

Similarly, ARMOUR Fusion, designed for bidirectional modality refinement, fails to out-
perform simpler strategies. Even in its full three-modality form (EHR, Image, Report), it
achieves only moderate MCCs (0.239-0.284 at 1-month, up to 0.420 at 12-months) and never
surpasses Late Fusion. The incremental refinement steps appear to dilute discriminative
signals from the dominant EHR-GBM predictor, adding computational overhead without
proportional gain.

A key shared pitfall is the risk of over-parameterization in high-dimensional heteroge-
neous clinical data. Both CROSS and ARMOUR introduce numerous attention heads and
fusion layers, which, although expressive, increase the risk of overfitting, especially given the
limited size of medical cohorts and class imbalance in mortality tasks. In contrast, Late Fu-
sion preserves modality-specific optimization and combines predictions at the decision level,
avoiding interference.

Moreover, the behavior of the more complex fusion mechanisms reveals a lack of robust-
ness across prediction horizons. Whereas Late Fusion improves steadily from 1 to 12 months,
both CROSS and ARMOUR exhibit irregular and often unstable performance, with several
configurations deteriorating sharply at longer horizons despite the availability of richer longi-
tudinal information. This pattern suggests that these intricate fusion schemes may struggle
to scale with increasing predictive difficulty.

In practical terms, these shortcomings make CROSS and ARMOUR unreliable candidates
for real-world deployment. Late Fusion, by contrast, stands out as the most effective strategy:
it is simple, stable across horizons, and aligns naturally with clinical workflows, confirming

its role as the preferred approach.
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(5) What potential clinical insights can multimodality provide? Multimodal mod-
els integrating EHR, radiology reports, and CT images could offer rich clinical insights be-
yond unimodal predictions, revealing complementary risk signals and temporal patterns in
mortality prediction. These insights may support personalized clinical decision-making.

First, EHR dominates unimodal performance across all horizons (MCC: 0.269 at 1-month,
0.367 at 6-month, 0.454 at 12-months), confirming that structured clinical variables, such
as vital signs, lab results, and comorbidities, carry the strongest and most stable prognostic
signal. This underscores the foundational role of electronic health records in risk stratifica-
tion.

However, multimodal Late Fusion consistently outperforms EHR alone, indicating addi-
tive predictive value from unstructured modalities.

At the 1-month horizon, combining Reports with EHR-GBM yields a sizeable gain of
+0.130 MCC (from 0.269 to 0.399). This improvement indicates that radiology reports may
encode acute, clinically actionable findings, such as signs of respiratory distress or emergent
complications, that are only partially reflected in structured fields.

Over longer horizons, the contribution of imaging becomes more prominent. At 6 and 12
months, the addition of CT features within the Reports + Image + EHR-GBM ensemble
produces further gains (+0.112 to 40.034 MCC). This suggests that CT scans may capture
slowly evolving anatomical patterns, chronic vascular changes, cardiopulmonary remodeling,
and other structural markers, that carry long-term prognostic value.

Taken together, these results reveal a clear temporal structure in multimodal prediction:
short-term mortality is best informed by acute descriptors encoded in narrative reports,
whilst long-term risk increasingly depends on structural information visible in imaging. The
complementary nature of these modalities underscores the value of multimodal fusion for a
holistic, time-sensitive assessment of patient trajectory.

Furthermore, the failure of complex fusion (CROSS/ARMOUR) despite access to the
same data highlights that not all inter-modal interactions are beneficial. Destructive fusion
in cascading attention (e.g., EHR — Image — Report) may propagate imaging noise into
textual reasoning, reducing reliability. In this context, clinical multimodal systems may
benefit from modular, decision-level integration (Late Fusion) to preserve signal fidelity,
though this may not generalize to all tasks or datasets.

Finally, in the best-performing models, AUPRC increases from 0.394 at 1 month to 0.581
at 12 months (see A.2 for full results), suggesting that class separability becomes more
pronounced for longer prediction horizons. Multimodal architectures seem to exploit this
widening gap particularly well: they leverage early warning cues embedded in radiology

reports while integrating anatomical information that becomes apparent in the CT scans at
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the time of the visit.

This evolution across time also suggests how such systems could be deployed in clinical
practice. In the immediate, 1-month window, radiology reports combined with EHR data
may offer rapid and actionable insight, supporting early risk stratification in acute scenarios.
As the horizon extends to 6- and 12-months, imaging features may gain increasing predictive
relevance, making them valuable for monitoring disease progression and gauging treatment
response. From an implementation standpoint, late-fusion ensembles are especially practical,
as they combine modality-specific predictions while remaining robust to variability in input
data availability.

In essence, multimodal models reveal how different data sources contribute complemen-
tary prognostic value at different stages of the patient trajectory, turning heterogeneous

clinical information into coherent, horizon-specific decision support.

Comparison with the Original INSPECT Study A direct, point-by-point comparison
with [63] is not possible, as several methodological and practical differences separate our work
from the original study. Three elements, in particular, shape this divergence.

First, our analysis is conducted on a reduced version of the INSPECT cohort. Patients
lacking a reliable reference timestamp (CT acquisition time) had to be removed, since struc-
tured EHR features and prognostic labels could not be aligned consistently. This necessary
filtering both reduced the available data and slightly altered class balance.

Second, although the MOTOR model ([141]), a time-to-event foundation model designed
by the creators of the INSPECT dataset to extract temporal representations from struc-
tured EHR data, is officially released, its use remains out of reach in practice. The absence
of operational code, documentation, and working preprocessing pipelines prevents us from
reproducing its reported performance (AUC = 0.924) or from incorporating it as a compar-
ative baseline.

Third, differences in evaluation metrics complicate direct comparisons. [63] reported only
AUC, which can be sensitive to class imbalance and potentially misleading in rare-event
settings ([132]). In our experiments, for example, the EHR-GBM model, the same EHR-
based Gradient Boosting Machine baseline used in the INSPECT study, achieves a higher
AUC at 1 month (0.926) than our best late-fusion model (0.884), yet its MCC is substantially
lower (0.258 vs. 0.399). This illustrates how AUC and MCC can provide complementary
perspectives, and why MCC is particularly informative in the presence of class imbalance.

Despite these constraints, we were able to reproduce the main INSPECT baselines under
identical preprocessing conditions. For the unimodal CT model, our AUCs reached 0.800,

0.790, and 0.781 at the 1-, 6-, and 12-month horizons, closely matching the original results
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(0.794, 0.755, 0.748). The unimodal EHR-GBM achieved AUCs of 0.926, 0.893, and 0.893,
in line with the structured-data performance reported in INSPECT (0.848, 0.875, 0.866).
Similarly, the bimodal late-fusion model combining EHR-GBM with CT imaging yielded
AUCs of 0.863, 0.862, and 0.871, which remain highly comparable to the corresponding
INSPECT results (0.867, 0.875, 0.866) despite the smaller cohort used in our study.

These replications indicate that our pipeline faithfully recovers the original behaviour of
the unimodal and bimodal models and therefore provides a solid basis for evaluating more
advanced multimodal extensions.

Importantly, our Late Fusion models that incorporate radiology reports, a modality ab-
sent from the original INSPECT framework, achieve the highest MCC scores across horizons
(0.399 for Reports + EHR-GBM at 1-month and 0.479 for Reports + Image + EHR-GBM
at 6-month). Both configurations significantly outperform the reproduced baselines as well
as the original EHR+CT benchmark (p < 0.05). The improvements are especially evident
at the 1- and 6-month horizons because descriptive elements in the reports likely capture
clinically relevant signals—such as thrombus burden or right-ventricular strain—that are
only partially reflected in structured vitals or imaging-derived features.

In summary, although strict numerical comparability with [63] is precluded by differ-
ences in data availability and model accessibility, our carefully reproduced baselines and the
consistent gains achieved through report-augmented Late Fusion models demonstrate that
incorporating narrative radiology information meaningfully extends the prognostic capacity
of the INSPECT framework.
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Chapter 6

Summary and Conclusions

Lung cancer, and in particular NSCLC, remains one of the most complex and deadly malig-
nancies worldwide, posing major challenges in early diagnosis, risk stratification, and treat-
ment planning. Despite significant advances in imaging, molecular profiling, and targeted
therapies, OS rates remain suboptimal. A major limitation of current clinical practice lies in
the restricted predictive capacity of conventional prognostic tools, which are typically based
on a limited set of structured variables and traditional statistical models that fail to capture
the multidimensional and heterogeneous nature of disease progression. There is therefore a
critical need for predictive models capable of integrating heterogeneous sources of clinical
information to provide accurate, personalized, and clinically meaningful predictions.

Traditional Al-based approaches in oncology often rely predominantly on structured
clinical data such as demographics, staging, comorbidities, and laboratory values. While
standardized and accessible, these features do not fully represent the richness of clinical
reasoning, longitudinal disease evolution, and nuanced patient-specific factors. In contrast,
unstructured EHR data, including physician notes and radiology reports, contain essential
contextual information regarding symptoms, treatment response, complications, and clinical
judgment. In parallel, medical imaging, particularly CT, provides detailed morphological
and spatial information about tumor burden and disease extent. However, each modality in
isolation offers only a partial representation of the patient.

Building upon these considerations, the central hypothesis of this thesis is that the in-
tegration of unstructured EHR data with imaging and structured clinical variables through
multimodal deep learning can substantially enhance prognostic modeling in NSCLC and
related pulmonary diseases.

This thesis addressed this hypothesis through a sequence of methodological contributions,
each corrisponding to a major chapter.

In Chapter 2, we developed a domain-specific NER system tailored to NSCLC, introduc-
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ing a novel clinical ontology comprising 25 entity types and fine-tuning a transformer-based
architecture (MedBITR3+) on an annotated corpus of over 1,000 sentences. Comparative
analyses demonstrated that domain- and language-specific models significantly outperform
general-purpose alternatives, achieving an average F1-score of 0.843 compared to 0.817 for
multilingual BERT and 0.832 for umBERTo, with statistical significance confirmed by Mc-
Nemar tests (p near 0). These results highlight the importance of domain adaptation in
clinical NER and enable robust semantic structuring of unstructured narratives for down-
stream prognostic tasks.

Chapter 3 introduced HEAL, a hierarchical attention-based framework designed to de-
rive patient-level embeddings from NER-annotated clinical text for OS and pCR prediction.
The hierarchical attention mechanism captures discriminative patterns beyond single-level
aggregation strategies, achieving a time-dependent concordance index (C'-index) of 0.639
+ 0.014 for OS, outperforming clinical-only features (0.590 + 0.019) and several ablation
models. For pCR prediction, classifiers trained on HEAL-derived representations, particu-
larly XGBoost, achieved a Matthews Correlation Coefficient (MCC) of 0.371 and accuracy
of 0.821 when combined with clinical features, demonstrating the complementary value of
structured and unstructured information.

In Chapter 4, we proposed a slice-level attention mechanism for CT-based survival pre-
diction using 2D convolutional encoders (EfficientNetB0) with cross-slice aggregation. This
approach outperformed 3D CNN baselines both in predictive performance and computational
efficiency, achieving a C'-index of 0.584 £ 0.054 compared to 0.507 & 0.074 for ResNet3D.
Domain-specific fine-tuning improved external generalization (e.g., from 0.503 to 0.579 on
CLAROQO), and attention maps revealed focus on clinically relevant tumor regions, enhancing
interpretability.

Finally, Chapter 5 presented a multimodal fusion framework integrating unstructured
text, CT imaging, and structured EHR data for pulmonary embolism mortality prediction
using the INSPECT dataset. Late fusion strategies emerged as the most robust configura-
tion, achieving MCC improvements of up to +0.141 over unimodal baselines, with statistical
significance confirmed through paired t-tests and FDR correction. More complex mechanisms
such as cross-attention and armour fusion demonstrated reduced stability, highlighting the
importance of balancing architectural sophistication with dataset size and noise sensitivity.
These findings emphasize that robust multimodal integration does not necessarily require
highly complex fusion schemes.

Collectively, these contributions demonstrate that unstructured EHR data and multi-
modal integration substantially enhance prognostic modeling. The thesis advances the state

of the art by: (i) introducing a lung cancer—specific NER system enabling semantic structur-
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ing of clinical narratives; (ii) proposing hierarchical attention for patient-level text represen-
tations in survival modeling; (iii) developing slice-level attention for CT-based prognosis; and
(iv) evaluating multimodal fusion strategies in pulmonary disease prediction under rigorous

statistical validation.

Limitations

Despite these contributions, several limitations must be acknowledged.

First, most experiments rely on retrospective datasets, including single-center cohorts
for NSCLC tasks. Although partial external validation was performed for imaging mod-
els, comprehensive multi-institutional validation across geographically diverse populations
remains limited. Dataset size, particularly for pCR prediction, constrains the complexity of
deployable architectures and may limit generalizability.

Second, unstructured EHR data are heterogeneous across institutions in terms of lan-
guage, formatting, and documentation practices. The manual annotation required for NER
development is resource-intensive and may introduce annotation bias. Scalability across
healthcare systems therefore requires additional harmonization efforts.

Third, imaging data are affected by variability in acquisition protocols, reconstruction
kernels, and scanner types, which can impact robustness. While fine-tuning partially miti-
gates this issue, domain adaptation strategies require further development.

Fourth, although attention mechanisms provide structural interpretability, attention weights
should not be interpreted as causal explanations. More rigorous explainability frameworks
are needed to ensure clinical trust and transparency.

Finally, the proposed models were evaluated retrospectively and have not yet undergone
prospective validation in real-world clinical workflows. Their impact on decision-making,
treatment selection, and patient outcomes has therefore not yet been formally assessed.
Regulatory, ethical, and deployment considerations, including model drift, data privacy con-

straints, and integration within hospital I'T systems, remain open challenges.

Future Research Directions

These limitations open several important avenues for future research.

A primary direction involves prospective and multi-center clinical validation studies to
evaluate real-world utility, robustness, and clinical impact. Embedding predictive models
into clinical decision support systems and assessing their influence on treatment planning

and survival outcomes represents a critical next step.
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Second, expanding multimodal integration to include genomic, molecular, and radio-
genomic features could enhance biological interpretability and enable more precise person-
alization. Longitudinal modeling of disease trajectories using temporal EHR and imaging
sequences may further improve prognostic accuracy.

Third, self-supervised and foundation-model approaches for clinical and multimodal data
may reduce reliance on manual annotation and improve representation learning in low-data
regimes. Cross-institutional pretraining and federated learning strategies could enhance
generalizability while preserving data privacy.

Fourth, advances in uncertainty quantification, calibration, and causal inference are
needed to strengthen clinical reliability and trust. Human-in-the-loop systems integrating
clinician feedback may facilitate safe deployment.

In conclusion, this thesis demonstrates that leveraging unstructured EHR data and mul-
timodal deep learning significantly enhances prognostic modeling in NSCLC and pulmonary
diseases. By combining domain-specific NER, hierarchical attention mechanisms for text,
slice-level attention for imaging, and robust multimodal fusion strategies, this work proposes
a comprehensive framework for integrating heterogeneous clinical data into predictive model-
ing. While challenges remain in validation, scalability, and deployment, the presented results
provide strong evidence that multimodal Al can meaningfully contribute to the transforma-

tion of oncology toward more data-driven, personalized, and effective patient care.
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Appendix A

Supplementary Results for Multimodal

Pulmonary Embolism Prediction

A.1 Complete Unimodal Results

Table A.1: Performance of unimodal models across 1-, 6-, and 12-month mortality prediction
tasks. Results are reported as mean + standard deviation over five runs. Best MCC values
for each time horizon are highlighted in bold

1-Month 6-Month 12-Month
Model
MCC AUC AUPRC MCC AUC AUPRC MCC AUC AUPRC
EHR-GBM  0.258 4+ 0.059  0.926 £ 0.004 0.429 £+ 0.019 0.367 + 0.072 0.893 &+ 0.008 0.503 + 0.021 0.454 + 0.023 0.893 £ 0.002 0.561 £ 0.007
EHR-AE 0.269 + 0.013 0.790 + 0.028 0.200 + 0.014  0.352 &+ 0.016  0.817 £ 0.014 0.354 £ 0.013  0.395 £ 0.008  0.812 + 0.013 0.433 + 0.012
Report 0.242 £+ 0.008  0.837 £ 0.005 0.210 £ 0.007  0.329 £ 0.030  0.825 £ 0.003 0.402 £ 0.008 0.354 £ 0.014  0.821 + 0.007 0.481 + 0.012
Image 0.221 £+ 0.010  0.800 £ 0.003 0.173 £ 0.007  0.297 £ 0.016  0.790 £ 0.008 0.323 £ 0.010  0.304 £ 0.028  0.781 + 0.013 0.363 £ 0.013
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APPENDIX A. SUPPLEMENTARY RESULTS FOR MULTIMODAL PULMONARY
EMBOLISM PREDICTION

A.2 Complete Multimodal Results

Table A.2: Performance comparison of unimodal and multimodal models across 1-, 6-, and
12-month mortality prediction tasks. The table reports MCC, AUC, and AUPRC for each
modality and fusion scheme. Results are reported as mean + standard deviation over five
runs. Best MCC values for each time horizon are highlighted in bold.

Model 1-Month 6-Month 12-Month

MCC AUC AUPRC MCC AUC AUPRC MCC AUC AUPRC
Unimodal
EHR-GBM 0.258 £ 0.059  0.926 + 0.004 0.429 £ 0.019  0.367 £ 0.072  0.893 & 0.008 0.503 £ 0.021  0.454 + 0.023  0.893 £ 0.002 0.561 % 0.007
EHR-AE 0.269 + 0.013  0.790 &+ 0.028 0.200 + 0.014  0.352 4+ 0.016  0.817 £ 0.014 0.354 & 0.013  0.395 £ 0.008  0.812 + 0.013 0.433 £ 0.012
Report 0.242 4 0.008  0.837 £ 0.005 0.210 £ 0.007  0.329 4 0.030  0.825 4 0.003 0.402 £ 0.008  0.354 £ 0.014  0.821 & 0.007 0.481 £ 0.012
Tmage 0.221 +£ 0.010  0.800 &+ 0.003 0.173 + 0.007  0.297 4 0.016  0.790 £ 0.008 0.323 & 0.010 ~ 0.304 £ 0.028  0.781 + 0.013 0.363 £ 0.013
Early Fusion
EHR-AE, Report 0.296 + 0.014  0.845 £ 0.005 0.228 £ 0.011  0.371 £ 0.018  0.808 & 0.002 0.365 £ 0.003  0.407 £ 0.009  0.795 £+ 0.003 0.424 + 0.007
EHR-AE, Image 0.302 £ 0.011  0.842 + 0.005 0.234 £ 0.005 0.380 + 0.016  0.810 4 0.004 0.369 + 0.006  0.405 + 0.010  0.794 £ 0.003 0.423 + 0.003
EHR-TSVD, Report 0.280 = 0.027  0.846 = 0.005 0.245 £ 0.013  0.392 & 0.006  0.856 &+ 0.009 0.434 £ 0.014  0.419 £ 0.010  0.858 £ 0.005 0.490 £ 0.017
EHR-TSVD, Image 0.274 & 0.013  0.842 £ 0.012 0.212 &£ 0.024 0.376 & 0.011  0.849 4 0.011 0.402 £ 0.018  0.390 £ 0.017  0.847 & 0.004 0.477 £ 0.018
Report, Image 0.244 +£ 0.024  0.841 £ 0.001 0.231 £ 0.009  0.350 & 0.016  0.829 &+ 0.001 0.397 £ 0.003  0.366 £+ 0.012  0.828 & 0.004 0.472 £ 0.007
EHR-AE, Report, Image 0.302 £ 0.008  0.845 + 0.006 0.237 £ 0.014  0.378 + 0.014  0.810 4 0.002 0.369 + 0.003  0.398 & 0.007  0.790 £ 0.006 0.426 + 0.008
EHR-TSVD, Report, Image 0.293 + 0.009  0.861 &+ 0.006 0.239 + 0.006  0.393 & 0.008  0.857 £ 0.005 0.419 & 0.007  0.426 £ 0.008  0.853 £ 0.008 0.478 £ 0.021
Late Fusion
Reports, EHR-AE 0.286 + 0.015  0.865 £ 0.005 0.250 £ 0.011  0.388 & 0.019  0.861 £ 0.005 0.427 £ 0.011  0.424 = 0.005  0.860 £+ 0.005 0.519 £ 0.014
Reports, EHR-GBM 0.399 + 0.050 0.884 £ 0.008 0.394 &+ 0.013  0.472 £ 0.011  0.872 £ 0.008 0.473 £ 0.011  0.494 £ 0.008  0.875 + 0.004 0.551 + 0.007
Image, EHR-AE 0.297 +£ 0.017  0.846 = 0.011 0.268 £ 0.013  0.395 & 0.016  0.855 & 0.005 0.442 £ 0.009  0.426 £+ 0.004  0.852 & 0.006 0.506 £ 0.009
Image, EHR-GBM 0.374 £ 0.025  0.863 + 0.012 0.372 £ 0.019  0.467 + 0.031  0.862 & 0.011 0.500 + 0.022 0.497 + 0.011 0.871 + 0.002 0.574 + 0.011
Reports, Image 0.275 +£ 0.015  0.855 = 0.004 0.232 £ 0.005 0.375 £ 0.011  0.848 4+ 0.003 0.431 £ 0.008 0.398 £ 0.012  0.841 £ 0.003 0.502 £ 0.007
Reports, Image, EHR-AE 0.331 £ 0.014  0.875 + 0.005 0.285 + 0.012  0.409 + 0.014  0.874 & 0.002 0.477 + 0.010 ~ 0.444 + 0.008  0.871 £ 0.004 0.553 + 0.010
Reports, Image, EHR-GBM 0.362 = 0.016  0.884 £ 0.007 0.384 £ 0.016 0.479 £+ 0.011 0.878 & 0.006 0.508 £ 0.015 0.488 £ 0.002  0.879 £ 0.003 0.581 £ 0.009

Cross Fusion
EHR-TSVD — Image — Report  0.240 £+ 0.023  0.813 £ 0.004 0.189 £ 0.009  0.321 £ 0.017  0.811 £ 0.004 0.365 £ 0.012  0.351 £ 0.028  0.807 £ 0.004 0.447 £ 0.007

EHR-AE — Image — Report 0.227 + 0.011  0.808 & 0.010 0.190 + 0.019  0.327 + 0.019  0.807 # 0.014 0.351 £ 0.014  0.404 + 0.022  0.826 &+ 0.015 0.468 + 0.010
EHR-TSVD — Report 0.247 +£ 0.021  0.842 + 0.005 0.245 £ 0.027  0.350 + 0.028  0.828 4+ 0.010 0.389 £ 0.009  0.377 £ 0.035  0.831 &+ 0.007 0.470 £ 0.015
EHR-TSVD — Image 0.181 +0.024  0.772 £ 0.031 0.151 £ 0.021  0.294 + 0.063  0.798 4 0.021 0.308 £ 0.048  0.294 = 0.119  0.801 = 0.015 0.338 £ 0.051
EHR-AE — Report 0.285 + 0.032  0.845 + 0.011 0.234 £ 0.018  0.363 + 0.019  0.811 4+ 0.005 0.354 £ 0.015  0.391 + 0.039  0.801 &+ 0.015 0.434 + 0.024
Image — Report 0.236 + 0.025  0.823 + 0.008 0.189 + 0.018  0.341 + 0.016  0.820 + 0.006 0.369 + 0.014  0.361 + 0.013  0.818 & 0.002 0.459 + 0.006

EHR-TSVD — Report — Image  0.084 £ 0.032  0.651 + 0.016 0.093 £ 0.007  0.146 £ 0.052  0.623 £ 0.012 0.166 £+ 0.011  0.087 £ 0.051  0.630 £ 0.018 0.210 £ 0.018
EHR-AE — Report — Image 0.124 +£0.083  0.685 + 0.065 0.111 £ 0.031  0.204 + 0.158  0.704 4+ 0.092 0.229 £ 0.071  0.165 + 0.184  0.669 & 0.089 0.251 + 0.074
Image — Report — EHR-AE 0.305 &£ 0.007  0.835 &£ 0.005 0.214 £ 0.011  0.372 £ 0.023  0.810 & 0.007 0.352 £ 0.024  0.397 £ 0.010  0.794 &£ 0.008 0.415 £ 0.010
Image — Report — EHR-TSVD  0.250 + 0.021  0.813 £ 0.017 0.167 & 0.031  0.346 & 0.017  0.822 £ 0.005 0.333 £ 0.032  0.388 £ 0.013  0.831 + 0.004 0.426 + 0.009

Armour Fusion
EHR-TSVD, Image, Report 0.239 + 0.027  0.801 + 0.018 0.182 + 0.020  0.360 & 0.030  0.815 £ 0.013 0.341 £ 0.022  0.391 £ 0.024  0.820 £ 0.009 0.406 + 0.023
EHR-AE, Image, Report 0.284 + 0.023  0.821 4 0.006 0.191 4+ 0.007  0.372 4 0.015  0.783 & 0.008 0.341 4 0.010 ~ 0.420 £ 0.012  0.782 £ 0.007 0.415 + 0.002
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Appendix B

Implementation Detalils

This appendix provides a consolidated overview of the main implementation details, prepro-
cessing strategies, model configurations, and training settings adopted across the different
experimental chapters of this thesis. The purpose of this section is to improve transparency
and reproducibility by collecting technical details that are otherwise distributed across chap-

ters.

B.1 Named Entity Recognition (Chapter 2)

B.1.1 Text Preprocessing

e Removal of non-informative formatting artifacts

Sentence segmentation using clinical-aware tokenizer

Token-level alignment for entity span consistency

BIO tagging scheme

B.1.2 Transformer Backbone

e Model: biomedical pretrained BERT
e Maximum sequence length: 512

e Tokenizer: WordPiece
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APPENDIX B. IMPLEMENTATION DETAILS

B.1.3 Training Configuration
e Optimizer: Adam
e Learning rate: 5 x 10°
e Batch size: 8
e Number of epochs: 12
e Gradient clipping: No

e Hardware: NVIDIA GPU T4

B.1.4 Evaluation Strategy

e 10-fold cross-validation
e Entity-level micro and macro F1l-score

e Strict span matching

B.2 Survival and Treatment Response Models (Chap-
ter 3)

B.2.1 Text Representation (HEAL Architecture)

e Token embedding model: NER pretrained biomedical BERT (only NER tokens)
e Hierarchical attention:

— Token-level attention dimension: [num sentences, num tokens, 768]

— Sentence-level attention dimension: [num sentences, 768]

e Output embedding size: 768

B.2.2 Survival Modeling

e Survival framework: DeepHit-based modeling

e Loss function: Log-likelihood + ranking loss
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e Time discretization bins

e Evaluation metric: Time-dependent concordance index (C*-index)

B.2.3 pCR Prediction

e (lassifier: Multi-layer perceptron or Machine Learning model
e Loss function: Binary Cross-Entropy

e Evaluation metric: AUC

B.2.4 Training Strategy

e Data split: patient-level separation

e Cross-validation: 10-fold

B.3 Imaging-Based Survival Prediction (Chapter 4)

B.3.1 CT Preprocessing

Intensity clipping: [-1000, 400] HU

Normalization: z-score

Slice selection strategy: sampled slices (only slices with lungs)
e Lungs cropping along z axis

Resize resolution: 224 x 224

B.3.2 CNN Backbone

e Architecture: EfficientNetB0
e Pretrained weights: ImageNet

e Fine-tuning strategy: fine-tuning of the last layer
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B.3.3 Training Configuration

e Optimizer: AdamW

e Learning rate: 1 x 10~*

e Batch size: 4

e Epochs: 100

e Data augmentation: (flip and rotation within a range of 20°)
e Evaluation: 10-fold CV

e Metric: C*-index

B.4 Multimodal Fusion Models (Chapter 5)

Dataset: INSPECT dataset

B.4.1 Modalities

e Structured EHR features
e CTPA imaging

e Radiology reports

B.4.2 Text Model

e Transformer backbone: Clinical-Longformer
e Max token length: 4096 tokens

e Fine-tuned: No

B.4.3 Imaging Model

e Architecture: ResNetV2
e Pretraining: ImageNet

e Feature embedding size: 6145
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B.4.4 Fusion Strategies

e Early fusion: concatenation layer size 7041/7681
e Late fusion: decision-level averaging
e Cross-attention:

— Attention heads: 8

— Hidden dimension: 512

B.4.5 Training Settings

Split strategy: official patient-level split

Loss: Cross-Entropy

Imbalance handling: class weights

Metrics: MCC, AUC, AUPRC

B.5 Software and Environment

e Python version: 3.11.3

Framework: PyTorch 2.1.2

CUDA: 12.1.1

Transformers library version: 4.40.2

Random seed control: Enabled

Deterministic training: Yes
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